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Summary
Editing genes has become much easier since the discovery of CRISPR­Cas proteins

such as Cas9. Cas9 can be directed to cut almost any location on the genome by

supplying it with a short guide RNA (gRNA) with a nucleotide sequence that matches

the DNA target. With tools like Cas9, scientists can study disease, improve crops and

develop therapies. Despite the apparent simplicity of Cas9­based gene editing, it remains

challenging to predict if a chosen gRNA causes Cas9 to cut DNA at the intended location,

and if it risks cutting other locations too. A common strategy for Cas9 activity prediction

is to collect large datasets describing which gRNAs cause which edits in a particular

cell, and to train machine learning models on the observed patterns. However, such

empirical models rapidly lose predictive power when applied to other cellular contexts

or other experimental conditions. An alternative approach is to isolate Cas9, gRNA,

and DNA from a cell, measure their dynamics with high precision, and thus learn about

the molecular interactions that govern Cas9 activity in any context. With this molecular

knowledge, one can formulate rational and general predictions about activity across cells

and experiments.

This thesis uses biophysical modeling to translate understanding of Cas9’s molecular

mechanisms to prediction of its genome editing activity in cells. Chapter 1 introduces

CRISPR, outlining its origin as an immune system in bacteria and archaea, its transform­

ation into a DNA editing toolkit, and the wide range of genetic engineering applications it

has enabled. It discusses the main challenges to successful CRISPR applications, and

explains how biophysical models can support gRNA selection and other design choices.

Chapter 2 describes mathematically how Cas9 dynamics differ between cell­free ex­

periments (in vitro) and living cells (in vivo) due to differences in Cas9 availability and

the processes of target search and recognition. By connecting the two settings, the

framework allows the findings of later chapters to be generalized across experimental

and cellular conditions. Chapter 3 introduces CRISPRzip, a model of Cas9 target re­

cognition that integrates the physics of gRNA­DNA interactions, and thus explains the

variation in activity across gRNA and DNA sequences. Moreover, CRISPRzip incorpor­

ates the effects of Cas9 concentration and DNA twisting (supercoiling) on how Cas9

binds and cuts DNA. Because CRISPRzip adapts to gRNA sequence and to environment

conditions like concentration and supercoiling, it provides a flexible basis for gRNA

design even when the application setting deviates from the experiments used for training.

Chapter 4 presents an experimental approach to quantify the effects of DNA supercoiling

across thousands of DNA sequences. While these results can largely be explained by

CRISPRzip, they also reveal a complex interplay between supercoiling and sequence

that calls for further study. Chapter 5 extends the molecular description of Cas9 to

the scale of the full genome. Using analytical models of target search and numerical

predictions from CRISPRzip, it shows that prediction of on­target and major off­target

activity does not require explicit consideration of the surrounding genome sequence

under typical conditions. Also, it formulates a theory that connects different Cas9 delivery

ix
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strategies and shows how to balance precision and efficiency in gene editing applications.

Chapter 6 concludes the thesis by summarizing the main results and presenting an

outlook towards biophysics­supported CRISPR activity prediction in cells.



Samenvatting
Het bewerken van genen is veel eenvoudiger geworden sinds de ontdekking van CRISPR­

Cas­eiwitten zoals Cas9. Cas9 kan vrijwel elke gewenste locatie in het genoom knippen

wanneer het wordt voorzien van een korte “gids­RNA” (guide RNA, gRNA) met een

nucleotidesequentie die overeenkomt met het DNA­doelwit. Met technieken zoals Cas9

kunnen wetenschappers ziekten onderzoeken, gewassen verbeteren en therapieën

ontwikkelen. Ondanks de schijnbare eenvoud van genbewerking met Cas9, blijft het lastig

te voorspellen of een bepaalde gRNA leidt tot een succesvolle knip op de beoogde locatie,

en of het leidt tot ongewenst knippen van DNA elders. Een veelgebruikte strategie om de

activiteit van Cas9 te voorspellen is het systematisch meten van de DNA­bewerkingen

die verschillende gRNA’s veroorzaken in een bepaalde cel, en het vervolgens trainen van

machine­learning­modellen op de waargenomen patronen. Zulke empirische modellen

verliezen echter hun voorspellend vermogen wanneer ze worden toegepast in een andere

cellulaire of experimentele context. Een alternatieve benadering is om Cas9, gRNA en

DNA uit een cel te isoleren, hun dynamiek met hoge precisie te meten en zo inzicht te

krijgen in de moleculaire interacties die de universele basis vormen van Cas9­activiteit.

Met die moleculaire kennis kan men rationele en algemene voorspellingen formuleren

over Cas9­activiteit in diverse cellen en experimenten.

In dit proefschrift gebruiken we biofysische modellen om de moleculaire mechanismen

van Cas9 te vertalen naar voorspellingen over genbewerking in cellen. Hoofdstuk 1 biedt

een inleiding in CRISPR. Het beschrijft de oorsprong van CRISPR als immuunsysteem

in bacteriën en archaea, de transformatie tot een genbewerkingstechniek, en het brede

scala aan toepassingen dat hierdoor mogelijk is geworden. Het hoofdstuk behandelt

de belangrijkste uitdagingen voor succesvolle CRISPR­toepassingen en legt uit hoe

biofysische modellen ondersteuning kunnen bieden bij de selectie van gRNA’s en andere

ontwerpkeuzes. Hoofdstuk 2 is een wiskundige beschrijving van de verschillen in Cas9­

dynamiek tussen celvrije experimenten (in vitro) en experimenten in cellen (in vivo). Door

deze twee situaties met elkaar te verbinden, kunnen we in latere hoofdstukken onze

bevindingen generaliseren naar andere experimentele en cellulaire omstandigheden.

Hoofdstuk 3 introduceert CRISPRzip, een model van DNA­identificatie door Cas9, dat

de variatie in Cas9­activiteit tussen gRNA­ and DNA­sequenties verklaart aan de hand

van de fysica van gRNA­DNA­interacties. Daarnaast integreert CRISPRzip de effecten

van Cas9­concentratie en DNA­torsie op de dynamiek waarmee Cas9 DNA bindt en

knipt. Omdat CRISPRzip aangepast kan worden aan gRNA­sequentie en omgevings­

condities zoals concentratie en DNA­torsie, is het breed inzetbaar voor gRNA­ontwerp,

zelfs wanneer de toepassingscontext afwijkt van de experimenten waarop het model

getraind is. Hoofdstuk 4 presenteert een experimentele methode om de effecten van

DNA­torsie op duizenden DNA­sequenties te kwantificeren. Deze resultaten worden

grotendeels verklaard door CRISPRzip, maar ze tonen ook een complexe wisselwerking

tussen torsie en sequentie die om nader onderzoek vraagt. Hoofdstuk 5 breidt de

moleculaire beschrijving van Cas9 uit naar de schaal van het volledige genoom. We

xi
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combineren analytische modellen van DNA­verkenning met CRISPRzips numerieke

voorspellingen, en stellen vast dat men onder typische omstandigheden Cas9’s knipacti­

viteit kan voorspellen zonder rekening te houden met de sequentie van het omliggende

genoom. Daarnaast ontwikkelen we een theorie die de verschillen overbrugt tussen

Cas9­bezorgingsstrategieën, en de balans beschrijft tussen de precisie en efficiëntie van

genbewerkingstoepassingen. Hoofdstuk 6 sluit het proefschrift af met een samenvatting

van de belangrijkste resultaten en een vooruitblik richting biofysische voorspellingen van

CRISPR­activiteit in cellen.



Notation
Selected notation, in order of appearance.

symbol units name Chapter

𝑘PAM (𝑘on) s−1 PAM­binding rate

rate at which an individual PAM site gets RNP­bound

2, 3, 5

𝑘unb (𝑘off) s−1 unbinding rate

rate at which an RNP unbinds a PAM

2, 3, 5

𝑘R,𝑖 s−1 R­loop formation rate 2

𝑘clv,𝑖 s−1 effective cleavage rate

from PAM­binding and R­loop dynamics

2, 3, 5

𝑘0
a (𝑘0

on) nM−1 s−1 RNP­PAM bimolecular association rate 2, 3

𝐾𝐷 nM RNP­PAM dissociation constant 2, 3

𝑘bnd s−1 RNP­binding rate

rate at which an individual RNP binds any PAM

2, 5

𝐶 RNP copy number 2, 5

𝑁 PAM site copy number 2, 5

𝑝clv,𝑖 cleavage probability

probability to cleave site 𝑖 once PAM­bound

2, 5

𝑘f s−1 R­loop extension rate 3, 4, 5

𝑈𝑏 𝑘𝐵𝑇 CRISPRzip free­energy landscape 3, 4, 5

𝑈R
𝑏 𝑘𝐵𝑇 R­loop cost 3

𝑈P,pt

𝑏 𝑘𝐵𝑇 perfect­target protein contribution 3, 4, 5

𝑄P
𝑏 𝑘𝐵𝑇 protein mismatch penalty 3, 4, 5

𝛼 R­loop scaling factor 3, 5

𝜃 ° (degrees) R­loop step angle 3, 4

𝜑 ° (degrees) transition angle 3, 4

𝜎 superhelical density 4, 5

𝑘seed,𝑖 s−1 seed­formation rate 5

𝑘reject,𝑖 s−1 seed­rejection rate 5

𝜇𝑖 trapping capacity 5

Δ𝑈seed,𝑖 𝑘𝐵𝑇 seed stability 5

𝑝𝑗 𝑘𝐵𝑇 mismatch pattern presence 5

𝑘prod s−1 production rate 5

𝑘degr s−1 degradation rate coefficient 5

𝑘1
PAM

s−1 PAM­binding rate coefficient 5

Γ cleavage capacity 5
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2 1. CRISPR: from antiviral defense to optimized gene editing

1.1. Introduction
Since ancient times, humans have bred animals to keep and selected plants to eat, thus

shaping civilization by shaping genes. As scientists uncovered the molecular basis of

genetics in the second half of the twentieth century, a new possibility emerged: to

directly edit the DNA underlying the traits of interest. With the right molecular tools,

one would be able to edit genes throughout all forms of life, from the bacteria that

produce our yogurt to the fruits that we put in it. In medicine, these tools would enable

new treatments of disease that directly target the underlying genetics, possibly even

personalized to a patient’s unique genetic makeup [1]. To realize these future prospects,

the gene editing toolbox required a pair of molecular scissors to cut genes at the precise

location where DNA should be added, removed, or edited. Different generations of

enzymes fulfilled this role (restriction enzymes, zinc finger nucleases, TALENs), but

each required laborious redesign to target a chosen DNA site [2, 3]. In the 2010s,

a simpler and more flexible solution emerged with the discovery and adoption of

CRISPR–Cas enzymes [4].

1.2. CRISPR immune systems
The discovery of CRISPR­Cas enzymes is a triumph of modern biology. As high­tech as

the derived techniques may seem, we remain billions of years behind the simplest life

forms on Earth—bacteria and archaea—in our use of these enzymes.

1.2.1. Adaptation and interference
Throughout their existence, bacteria and archaea have been under constant attack by

viruses and other hostile mobile genetic elements. As a result of the arms race dynamic

between prokaryotes and their invaders, these organisms have equipped themselves

with a wide variety of defense mechanisms [5]. CRISPR is one class of these immune

systems, employed by 40% of bacteria and 85% of archaea [6].

Among the diverse CRISPR systems, the universal and defining feature is their

specific mechanism of “adaptation” to keep a memory of previous infections. This

memory takes the shape of the “CRISPR array” that the host bacterium or archaeon

stores on its genome (Figure 1.1). It is the remarkable nucleotide sequence of this

region, described as “Clustered Regularly Interspaced Short Palindromic Repeats”, that

gives CRISPR its name [7]. The array is built up of units, each comprising a “spacer”

corresponding to a previous invader and a “repeat” with a fixed sequence. After a host

has survived a new infection, it extends its memory: the CRISPR machinery selects a

fragment of the invading nucleic acid (the “protospacer”), and integrates a copy of it as a

new spacer with accompanying repeat in the CRISPR array [8].

When the host is infected again by a known invader, the CRISPR system carries out

its “interference” mechanism, by which it identifies hostile nucleic acid and neutralizes

the attack (Figure 1.1). Infection triggers expression of the CRISPR array, along

with cas genes that encode for CRISPR­associated (Cas) proteins [8]. The CRISPR

transcript is processed such that each spacer­repeat unit forms a “guide RNA” (gRNA),

with the repeat attaining a particular secondary structure (sometimes together with other,
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Figure 1.1: CRISPR adaptation and interference. Adaptation: after surviving a new

phage infection, the CRISPR immune system selects a PAM­flanked protospacer from the

invading nucleic acid, and extends the CRISPR array with a corresponding spacer and repeat.

Interference: upon infection by a known phage, expression of cas genes and the CRISPR array

creates Cas proteins and gRNAs that together form RNP effector complexes. RNPs recognize

invader nucleic acid by their gRNAs’ complementarity to the (PAM­flanked) protospacer, and

execute their interference functionality, for example DNA cleavage.

trans­activating RNA fragments), and the spacer being left unfolded. The co­expressed

Cas proteins, sometimes in complex with each other, bind the gRNAs by their folded

repeat region. The formed ribonucleoprotein (RNP) complexes use the spacer region of

the gRNA to recognize invaders through Watson­Crick complementarity. To do so, they

bind DNA and locally unwind the helix, such that hybrid base pairs form between the

gRNA and one of the DNA strands [8]. RNA­targeting Cas effectors also exist, which

bind messenger RNA (mRNA) to recognize transcripts of invading DNA [3]. When a Cas

effector recognizes its target, it carries out its interference functionality, which may range

from cutting its DNA or RNA target, to activating other defense mechanisms, and even

triggering cell death to protect the surrounding colony [6].

1.2.2. The protospacer-adjacent motif (PAM)
It is crucial that Cas effectors can distinguish the matches on foreign DNA from those on

the host’s own CRISPR array to prevent auto­immunity. This difference between self

and non­self is marked by a protospacer­adjacent motif (PAM), a recognition sequence
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(typically 2–5 bp long) directly flanking the target [9]. During adaptation, protospacers

are selectively acquired from the invading genome only when they are flanked by a

PAM, but in the CRISPR array itself, the neighboring PAMs are absent [8, 9]. During

interference, Cas enzymes identify their intended target as such only when a PAM

is present next to the DNA sequence that complements their gRNA. PAM motifs and

their position with respect to the target vary among CRISPR systems [10]. A canonical

example that is relevant to this thesis is the Streptococcus pyogenes CRISPR immune

system hosting the effector protein Cas9, which features a PAM sequence 5’­NGG­3’

located downstream of protospacers, with N being any nucleotide.

1.2.3. Streptococcus pyogenes Cas9 (SpCas9)
The protein Cas9 from the S. pyogenes type II­A CRISPR system (SpCas9, hereafter

Cas9) is the best­known and most widely used Cas effector for gene editing. Cas9 is a

DNA nuclease, which cleaves DNA upon target identification, creating a double­stranded

break (DSB). Structurally, it is a relatively simple effector: it comprises a single protein,

and while in nature its gRNAs are formed from multiple RNA fragments, one can

synthesize a single­guide RNA (sgRNA) with a functionally similar structure [12]. The

gRNA has a 5’ recognition sequence that is typically 20 nucleotides long. The protein

structure is characterized by two lobes [13] (Figure 1.2A). The recognition (REC) lobe

binds the gRNA and enables DNA interrogation. The nuclease (NUC) lobe contains the

two protein domains HNH and RuvC that cleave both DNA strands, as well as the

PAM­interacting (PI) domain which recognizes the presence of the NGG motif.

In its search for the target, Cas9 first associates non­specifically to DNA by weakly

binding the phosphate backbone with the positively charged regions of its PI domain

[14] (Figure 1.2B). It locally diffuses along the DNA backbone until it either identifies a

PAM or dissociates [15]. If the protein passes over an NGG motif, the PI domain may

stably bind it by establishing specific contacts with the guanine bases [16].

Cas9 can only start to interrogate the target contents after a PAM is bound [14]. Upon

PAM binding, the REC lobe closes towards the NUC lobe, which causes the DNA helix

to bend and the base pairs upstream of the PAM to melt [14]. If the exposed nucleotide

on the DNA target strand (TS) matches the 5’ target region of the gRNA, these form a

RNA:DNA hybrid base pair. This step is the first of a strand­replacement reaction, in

which the hybridization of the gRNA and TS promotes further unwinding of the DNA

helix, creating a so­called “R­loop” structure of a molten DNA helix with one DNA

strand hybridized to RNA [17] (Figure 1.2B). During the process, Cas9 undergoes

structural reconfigurations that are coordinated with the gRNA:TS hybridization [18, 19].

Eventually, the formation of a stable, complete R­loop allows the HNH domain to rotate

towards the TS while the non­target strand (NTS) is positioned in the RuvC domain [17,

20]. The HNH and RuvC active sites cleave both DNA strands between the 3rd and 4th

base pairs upstream of the PAM, leaving a blunt DSB. After cleavage, Cas9 remains

stably bound to the DNA [20].
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Figure 1.2: Streptococcus pyogenes Cas9 (SpCas9). A X­ray structure of SpCas9:gRNA in

complex with DNA target, pre­cleavage (PDB 5F9R). Right structure is rotated by 180° with

respect to left structure. Nucleic acid and protein domains are colored and labeled: sgRNA

(orange), DNA (yellow) with PAM specified (left panel); REC­I (gray), REC­II (orange), and

REC­III (beige), and Bridge­helix (magenta) of the REC lobe; RuvC (blue), HNH (green),

and PAM­interacting domain (red) of the NUC lobe. Reproduced from Bhattacharya &

Satpati (2023) [11], licensed under CC BY­NC­ND 4.0. B Schematic of Cas9 target search,

PAM recognition, R­loop formation and cleavage, with nucleic acid and protein labeled as Cas9

(green), gRNA (orange), DNA TS (light blue), DNA NTS (dark blue), PAM (yellow).

1.3. CRISPR gene editing techniques
In 2012, it was demonstrated that Cas9 can be directed to target any particular DNA site

with custom synthetic gRNAs [12]. With the introduction of this technique, programmable

DNA cleavage no longer required custom protein engineering of restriction enzymes,

zinc finger enzymes or TALENs [2], but could be achieved with simple, fast and cheap

RNA synthesis [3]. Since then, the CRISPR toolkit for genome editing has expanded

far beyond wild­type Cas9, now including diverse techniques and RNP effectors [21].

These tools have brought the prospect of precise DNA editing within tangible reach.

1.3.1. Editing techniques
One class of CRISPR techniques is DSB­based genome editing. In these, one uses a

Cas nuclease to introduce a DSB on a genomic target, which triggers the cellular DNA

repair machinery [22]. In the process of restoring the DNA helix, the repair machinery

https://doi.org/10.2210/pdb5F9R/pdb
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may create desired sequence edits to the target site [23].

The first type of DSB­based edits are gene knockouts. DSBs are often repaired by

non­homologous end joining (NHEJ), in which the DNA ends are fused together [22].

This error­prone process can introduce indel mutations, inserted or deleted base pairs,

which may render a gene dysfunctional by disrupting its reading frame, the 3­nucleotide

codon pattern [24]. Many successful gene editing applications across the life sciences

are based on gene knockout (Section 1.4). Moreover, this technique is widely used

in functional genomics, in which genotype­phenotype relations are studied based on

sequencing data [25]. Here, genome­wide CRISPR knockout screens systematically

disrupt the genome at different loci, allowing the identification of essential genes based

on cell survival [26, 27]. In techniques like Perturb­Seq [28], a knockout screen is

followed up by single­cell RNA sequencing to quantify effects on gene expression.

A second DSB­based editing method produces gene corrections or insertions. This

technique relies on the homology­directed repair (HDR) pathway, which normally

restores the original sequence around the DSB with the use of a DNA template

containing the same DNA sequence [22, 23]. By providing the HDR machinery with

a donor DNA template containing a corrected sequence or a gene knock­in, these

edits are incorporated at the DSB site. While HDR­based gene editing has been

demonstrated experimentally, its application is limited by relatively low success rates

due to poor control over HDR repair pathways [22, 23, 29] (Section 1.5.2).

Another class of CRISPR techniques is DSB­free editing, utilizing Cas enzymes only

to recognize and bind a target. These techniques use mutated Cas9 variants that

do not perform full cleavage—catalytically dead Cas9 (dCas9) or DNA­nicking Cas9

(nCas9)—which are then fused to proteins with a particular functionality. In CRISPR

interference and activation (CRISPRi/CRISPRa), dCas9 is coupled to a repressor

or activator and programmed to target a particular gene of interest, modulating its

expression [30, 31]. CRISPRi and CRISPRa are common techniques in functional

genomics [27], but they are also applied as genome engineering tools to create

phenotypic traits without permanent genetic edits [3].

The DSB­free techniques of base and prime editing do edit the genome contents [21].

In base editing, dCas9 or nCas9 is fused to a deaminase enzyme that directly converts

one nucleotide into another [32]. These nucleotide conversions are resolved through

endogenous DNA repair, resulting in the desired single point mutation in a gene. In

prime editing, nCas9 is coupled to a reverse transcriptase and equipped with a special

prime editing gRNA (pegRNA) that encodes the desired gene edits in a template at its

3’ side [33]. Upon DNA nicking, one strand hybridizes with the end of the pegRNA

template, after which the reverse transcriptase extends the DNA strand to match with

the rest of the template. Again, DNA repair resolves the incorporation of the new DNA

sequence. This system can install small insertions, deletions and point mutations. Base

and prime editing have been widely adopted as an alternative to HDR­based gene

editing, however they do not yet produce sufficiently reliable editing outcomes for some

real­world applications, particularly for therapeutics [1, 21].
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1.3.2. Cas variants and alternatives
For all of the above techniques, the protein Cas9 is a popular choice as it is

well­characterized, effective across many cell types, and widely available. However,

alternative nucleases may be preferred because they are smaller, are native to the

studied organism, have increased editing precision, or alter the DNA repair response

[21]. Also, a nuclease’s specific PAM requirement limits which DNA loci can be edited.

For example, to target a sequence that is not flanked by the motif NGG, a different

nuclease than wild­type Cas9 is required.

Well­established wild­type CRISPR nucleases beyond Cas9 include the single­protein

effector Cas12a and the protein complex Cascade [3]. Smaller Cas9 orthologues can be

found in the CRISPR immune systems of Staphylococcus aureus (SaCas9), Neisseria

meningitides (NmCas9) and Campylobacter jejuni (CjCas9), however, these enzymes

have more complex PAM requirements [3]. Recent research also presented RNA­guided

nucleases from transposons rather than CRISPR: the protein TnpB, a likely evolutionary

ancestor of Cas nucleases, [34] and Fanzors, which are widespread in eukaryotes [35,

36]. Though gene­editing efforts based on these enzymes are still experimental, they

could potentially simplify cellular delivery thanks to their small size. To target RNA, for

instance for translational regulation, the nuclease Cas13 is available [37], as well as

non­CRISPR RNA­guided RNA nucleases from the Argonaute family [38].

There are also a large number of engineered Cas9 variants with improved

performance [39]. These are obtained either by rational protein engineering, in which

the peptide sequence is adjusted, or by directed evolution, in which proteins are

repeatedly randomly mutated and selected based on performance. Many variants

exist with increased targeting precision, including the popular variants Cas9­HF1, [40]

eSpCas9 [41] and Hypa­Cas9 [42]. Alternatively, the gRNA secondary structure may be

redesigned for improved Cas9 performance [43]. Other variants are developed to relax

Cas9’s native PAM­requirement of NGG and extend the range of targetable sites. The

variant SpRYCas9 is a near­PAMless variant which stably binds all motifs NAN and

NGN, and more weakly binds motifs NCN and NTN as well [44]. Recent work has

presented a different approach to flexible PAM recognition by using machine­learning

based protein design to develop Cas9 variants with custom PAM motifs [45].

1.4. CRISPR applications
Within little more than a decade since its adoption as a genome engineering

tool, CRISPR­based gene editing has moved from proof­of­principle experiments to

widespread applications. The impact on basic research and genetics has been

particularly fast and profound: countless studies have benefited from the CRISPR

gene editing paradigm, in which genome manipulation and gene function analysis is

simple, fast and inexpensive. Meanwhile, the techniques have enabled applications

beyond fundamental research, with particularly large impact in the fields of industrial

bioengineering, plant biotechnology, and medicine and healthcare. As these applications

continue to advance rapidly, CRISPR technologies appear in more and more aspects of

our daily lives.
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1.4.1. Industrial bioengineering
Industrial bioengineering exploits the metabolism of cells to produce chemicals,

materials, fuels, enzymes, and biopharmaceuticals such as vaccines. The central

challenge in this field is to optimize metabolism and other cell processes for efficient,

robust and scalable production. Before the introduction of CRISPR technologies, this

design process was characterized by laborious low­throughput gene editing, largely

based on trial­and­error [2, 46]. Now, CRISPR screens and CRISPR gene editing or

gene regulation allow rapid modulation of cellular pathways and processes, resulting in

a workflow of fast and iterative design­build­test­learn cycles [47, 48]. Examples of

successful CRISPR applications used in industry include the production of therapeutic

antibodies and hormones by mammalian cells [49], the production of biofuels by

bacteria, fungi and microalgae [50], and the optimization of microbial fermentation [51].

1.4.2. Plant biotechnology
Humans have domesticated crops ever since the agricultural revolution, but in the

1980s plant scientists started to directly modify plant genomes in an effort to create

genetically modified (GM) crops with higher yield, nutritional value and resistance

to pests and environmental pressures. These earlier efforts included transforming

plants with foreign genes, as well as pre­CRISPR targeted gene editing [2], both with

low control, efficiency and throughput. Another approach was random, genome­wide

mutagenesis by chemicals or radiation, followed by iterative screening for desired traits

and subsequently breeding these traits into functional plants. With initially Cas9­ and

Cas12­based gene editing [52], and more recently, advanced CRISPR tools like base

and prime editing [53], rational plant editing has become increasingly feasible through

functional genomics screens and precise gene knock­outs, knock­ins, and promoter

editing [54]. CRISPR GM crops include multiple varieties of high­yield rice [53], newly

domesticated wild tomatoes with improved nutritional value [55], and maize variants with

improved drought tolerance [53]. The CRISPR gene­editing toolkit has great potential to

further stimulate future plant engineering, but commercial viability of GM crops is limited

in many countries due to restrictive legislation [56] and skeptical popular opinion [57].

1.4.3. Medicine and healthcare
CRISPR tools have diverse applications across medicine and healthcare, also beyond

human gene therapies. CRISPR gene editing has simplified the development of

personalized disease models by introducing patient­specific gene variants into stem

cells [58] and organoids [59]. Another established application is CRISPR diagnostics,

making use of the ability of Cas effectors to recognize DNA and RNA sequences of

pathogens and markers of cancer [60, 61]. Several CRISPR diagnostics platforms have

progressed beyond proof of concept, for instance for COVID­19 testing, thanks to their

minimal instrumentation requirements and rapid adaptability to new targets compared to

existing diagnostic tools [62]. In the domain of public health, CRISPR­based “gene

drive” efforts could potentially change population­level gene pools, for instance in

malaria­transmitting mosquitoes [63]. However, ecological risks, ethical concerns, and
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policy issues need to be addressed before this technology can advance from the

experimental stage to real­world applications.

Despite strict safety requirements and long development timelines, the first

CRISPR­based human gene therapies have recently received regulatory approval and

have become available [1, 64]. The most promising clinical applications to date are

treatment of genetic disorders and immune cell therapies.

Genetic disorders, particularly those with a single genetic origin, may be corrected

either by in vivo delivery of CRISPR gene editors directly to the patient’s tissue, or by

ex vivo treatment of cells extracted from the body. In 2023, the FDA approved the

first ex vivo therapy, which treats sickle cell disease by knocking out a repressor of

hemoglobin in bone marrow stem cells [65]. In 2024, the first in vivo therapy advanced to

late­stage clinical trials, treating the rare hereditary disorder amyloid transthyretin (ATTR)

amyloidosis by knocking out the pathogenic TTR gene involved in liver metabolism [66].

A second promising in vivo therapy in the liver, currently in early­stage trials, targets

hereditary angioedema (HAE) as it restores blood­plasma regulation through knock­out

of a key pathway regulator [67]. Other recent clinical trials show potential for localized

CRISPR editing in the eye to treat genetic retinal diseases [68].

Immune cell therapies involve ex vivo editing of bone marrow stem cells or T cells to

enhance the immune response to tumors or infections [69]. In oncology, early trials

have demonstrated the application of CRISPR to engineered, tumor­specific T cells to

knock out immune checkpoint genes that inhibit antitumor activity [70]. Clinical trials in

infectious disease show that CRISPR can knock out a T cell co­receptor required for

HIV entry, generating resistance to HIV infection [71].

Beyond the above applications, more experimental CRISPR­based strategies aim

to control infectious diseases by directly targeting and disabling viral genomes within

infected cells [72, 73]. Looking forward, CRISPR­based therapies are being explored for

more common diseases with a complex genetic component, including cardiovascular

and metabolic disorders [74].

1.4.4. Germline editing
One of the most controversial potential applications of CRISPR technology is germline

editing, i.e. engineering of the heritable genome in embryos or germ cells. Germline

editing creates possibilities on a spectrum from preventing heritable disease to improving

offspring cosmetically, intellectually or physically, with no clear boundary between

therapeutics and enhancement [75]. Even in a strictly therapeutic context, there is

broad scientific and ethical opposition to germline editing, as these edits can spread

across many generations, with unpredictable effects [76]. The prospect of enhancement

applications meets universal objection across scientists, policymakers, legal experts and

the general public, driven by concerns about reinforced social inequality, discrimination

and eugenic thinking. In conclusion, although proof­of­concept studies demonstrate its

technological feasibility [77, 78], germline editing remains a subject of ethical discussion

and public policy rather than active research.
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1.5. Gene editing challenges
The successful applications listed above showcase the power of CRISPR­based

gene editing, however, the toolkit comes with challenges that limit current and future

applications. CRISPR applications often require careful gRNA choice and assay design

to successfully achieve a particular edit in a particular cell. In the design of a CRISPR

experiment, there are two primary measures of editing success to be considered: the

efficiency, i.e. how effectively the intended edit is achieved, and the specificity, i.e. the

risk of unintended off­target edits. While low efficiency renders an application ineffective,

low specificity or high off­target activity can be toxic to the cell.

1.5.1. Off-target activity and its consequences
Early Cas9 experiments in human cells already established that some CRISPR

applications cause large­scale off­target cleavage across the genome [79, 80]. Off­target

cleavage typically occurs on DNA sequences that closely resemble the gRNA,

specifically when the mismatches between DNA and gRNA are located distal to the PAM

[81]. Cas9 also displays reduced activity on the non­canonical PAM motifs NGA and

NAG [10].

From an evolutionary perspective, off­target promiscuity could be beneficial for a

CRISPR immune system, as it allows recognition of viral DNA fragments that have

undergone minor mutations. However, in CRISPR applications, particularly human

therapies, off­target DSBs can have serious and harmful consequences [82]. First, there

is the risk that a Cas nuclease knocks out tumor suppressors [83] or other essential

genes [84]. These genes could also be silenced if the enzyme stably binds to them or

their promoters [85, 86]. This silencing effect requires only binding and not cleavage,

so it may go undetected in off­target cleavage screens, and it may be a risk even in

DSB­free applications. Second, high cleavage activity beyond the intended target

increases the risk of structural damage to the genome, including large insertions or

deletions, chromosomal rearrangements, and even whole chromosome loss [87–89].

1.5.2. Experimental variables
In an effort to optimize the efficiency and specificity of an assay, researchers may

consider several variables to CRISPR experiment design. This and later sections

discuss the popular nuclease Cas9, however, the design principles apply more generally

across Cas nucleases and other RNA­guided effectors.

Target site and gRNA sequence
Every application requires careful selection of a target site and corresponding gRNA,

which affect editing outcomes in multiple ways. First, the sequence of the DNA target

and gRNA affect the intrinsic cleavage activity of Cas9, independent of the cellular

context. Nucleotide sequence is a main determinant to the molecular dynamics of

R­loop formation [90]. Also, some gRNA sequences may cause unstable or deviant

gRNA folding, disrupting Cas9:gRNA complex formation and lowering overall activity

[91]. Next, the target site determines where on the genome Cas9 should operate. The



1.5. Gene editing challenges 11

local DNA environment around the target site forms an extrinsic factor to Cas9 activity

and editing outcomes, as further discussed in Section 1.5.3. Finally, gRNA sequence

determines which other sites on the genome qualify as candidates for off­target activity

by Cas9.

Nuclease delivery
The total cleavage activity scales with the total presence of functional Cas9:gRNA RNP

in the cell or nucleus. In vivo delivery strategies can be classified according to their

delivery format, either DNA or RNA encoding for Cas9 and gRNA, or preassembled

RNPs. For either option, different delivery vehicles are available, including viruses

or virus­derived vehicles, lipid nanoparticles, electroporation, microinjection, and

more [92, 93]. Different delivery strategies result in different Cas9 dosage, onset

timing, and activity duration [94]. Moreover, delivery strategies may trigger different

cellular responses, for instance immune reactions that impede nucleic acid uptake,

downregulate expression, or degrade the foreign Cas9 complexes. The delivery strategy

largely determines the global activity across the genome, such that improved delivery

often increases efficiency while decreasing specificity.

DNA repair
CRISPR engineering relies on DNA repair to incorporate edits, from the DSB­based

methods that utilize NHEJ or HDR [23], to base and prime editing in which edits in

one DNA strand cause a correction of the other strand [21]. Particularly in the context

of HDR editing in eukaryotes, researchers have explored how to exert control over

the DSB response. Repair pathways are tightly regulated as a function of cell cycle

[22]: NHEJ occurs in all cell phases, whereas HDR generally activates in the S and

G2 phases, during which the genome copies can serve as DNA templates [22, 95].

If required, experiments can enhance HDR by optimizing donor DNA delivery [96] or

suppressing the competing NHEJ pathway [97, 98]. Other factors that influence the

outcomes of DNA repair are the stability with which the RNP complex binds the DNA

site post­cleavage; the type of DSB being either blunt (as generated by Cas9) or

overhanging (as generated by Cas12a); DNA sequence and structure around the DSB;

and cellular response to delivery [22].

Nuclease choice
As discussed in Section 1.3, there are enzymes available beyond wild­type Cas9

which can improve editing success. High­fidelity variants are designed to increase

specificity, yet often at the cost of efficiency [99]. Other wild­type Cas effectors or

RNA­guided nucleases may be utilized to improve delivery (SaCas9), manipulate DNA

repair (Cas12a) or reduce the cellular response to delivery (native enzymes). Finally,

PAM­relaxed variants can be employed to access target sites that are not flanked by the

NGG motif.
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Figure 1.3: Genome accessibility and supercoiling. A Nucleosomes (light blue) bind DNA

(dark blue) to form chromatin, either tightly packed in heterochromatin or more loosely packed in

euchromatin. B Negative and positive DNA superhelicity causes under­ and overwinding of the

DNA helix, and induces supercoil formation.

1.5.3. Genome accessibility and supercoiling
Cas9 activity on a DNA site is limited by the accessibility of the genome at that

locus. In prokaryotes, the genome is largely available for protein binding, however in

eukaryotes, much of the genome is not. The structure of the eukaryotic genome is

precisely regulated in order to control gene expression and to facilitate mitosis, and

correspondingly, it varies considerably across cell types and throughout the cell cycle

[100, 101]. The chromosomes in a nucleus are present as chromatin, DNA in complex

with nucleosomes and other architectural proteins (Figure 1.3A). Chromatin can attain

different compaction levels; during interphase (outside mitosis), most of the genome

consists of less compacted and relatively accessible euchromatin (92% in humans [102])

while some regions are strongly compacted and inaccessible heterochromatin. The

accessibility of euchromatin follows from how the nucleosomes wrap DNA, a dynamic

process which involves nucleosome breathing (temporary partial DNA unwrapping), and

ongoing nucleosome repositioning [101, 103]. In interphase human cells, proteins can

bind to 2–3% of the full genome sequence [104].

The protein­accessible bare DNA regions of the genome are not always present

as a relaxed, linear helix that rotates every 10.5 bp; often they are overwound or

underwound (Figure 1.3B). This over­ and underwinding has significant impact on Cas9

dynamics, which opens and interrogates DNA faster when underwound and slower

when overwound [105, 106]. DNA overwinding and underwinding are described as

positive and negative superhelicity, respectively (rather than super­ and subhelicity), or

DNA torsion. Superhelicity causes a change in the DNA helical pitch as well as the

emergence of loops in its secondary structure, known as DNA supercoils. DNA plasmids

absorb 70% of superhelicity in supercoils and 30% in helix twist [107], but in linear
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DNA this split­up depends on tension [108, 109], and at extreme superhelical levels or

tensions, DNA strands may even separate or attain a different structure such as the

left­handed Z­form. DNA superhelicity and geometry are also affected by DNA­binding

proteins, for instance nucleosomes, each of which wraps DNA in effectively one negative

supercoil [103].

Cells employ various proteins that control superhelicity (nucleosomes, topoisomerases

[110], and SMCs [111]) in order to regulate expression and allow DNA packaging.

Prokaryotes continuously maintain a supercoiled circular genome (negative for bacteria,

negative or positive for archaea), while eukaryotes organize their genome in supercoiling

domains (topologically associated domains) with distinct superhelical levels [110, 111].

Negative superhelicity is associated with increased gene expression because RNA

polymerases can open and transcribe DNA faster when it is underwound. In turn, as

polymerases move straight along DNA during transcription, they overwind the DNA

ahead and underwind the DNA behind. This example of transcription illustrates that

superhelicity levels are in general highly dynamic, specific to the genome context, and

coupled to chromatin accessibility. Together, all these aspects make it challenging to

systematically measure local DNA state throughout the genome and across cells and

cell cycles [112, 113].

1.6. gRNA design: measuring and predicting activity
In order to choose a gRNA or design other aspects of CRISPR applications, it is

important to be able to assess how these choices determine the editing outcomes in

their cellular context. To do so, experimental platforms have been developed to measure

Cas9 activity, and models have been developed that predict activity.

1.6.1. Measuring activity in vitro and in vivo
There is a wide variety of experimental assays that register DSBs or the editing

outcomes due to a CRISPR application. Specifically, rich data is available from

high­throughput methods or cleavage “screens”, which either measure the on­target

efficiency of many gRNAs in parallel, or determine the specificity of one or few gRNAs

by measuring cleavage of all genomic off­targets in parallel.

In vitro methods isolate Cas9 and the genomic DNA in a cell­free setting, and hence

reveal Cas9’s intrinsic cleavage dynamics. Compared to in vivo screens in cells, these

are relatively simple, give fast results, and have a high sensitivity to DSBs, making

them particularly useful to detect genome­wide off­target DSBs. Popular assays include

Digenome­seq [114], CIRCLE­seq [115], SITE­seq [116], and CHANGE­seq [117].

These approaches rely on next­generation sequencing (NGS) to identify the DSB sites;

some by tagging the DSBs with DNA markers, others by aligning the cleavage products

with a reference genome.

In vivo methods measure activity in cells and hence report not only on Cas9’s internal

target specificity but also on external factors such as chromatin state and DNA repair. To

measure on­target efficiency in vivo, two approaches can be taken [118]. The first

approach reports on functional efficiency, e.g. if a gRNA causes phenotypic change
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in terms of for instance gene expression, cell survival or colony growth [119]. This

approach can also be taken to quantify the efficiency of CRISPRi/CRISPRa assays in

which the genome sequence remains intact. The second approach reports on how

efficiently the gene sequence is edited, typically by selectively sequencing the target

site with amplicon NGS and detecting the edits that were induced by DNA repair [80].

High­throughput platforms are available for both approaches [118]. To measure gRNA

specificity in vivo, one can screen the whole genome for DSBs with techniques such as

GUIDE­seq [120], BLISS [121], and DISCOVER­seq [122]. These methods use NGS to

either directly detect DSBs, to detect target edits induced by DNA repair, or to detect

repair activity in terms of DNA­repair­factor binding. While in vitro off­target screens

identify all DSBs that could possibly occur on a genome, in vivo screens reveal which of

those are likely to emerge in a cell­specific context.

1.6.2. Predicting activity in silico
Often, one wants to select a promising gRNA for gene editing purposes without carrying

out multiple laborious whole­genome screens. To do so, numerous in silico models are

available that predict Cas9’s cleavage characteristics based on large in vivo cleavage

screens. These models provide either on­target scores, estimating efficiency on a

selected target, or off­target scores, estimating the specificity [123]. Most end users

access these models through online gRNA design tools such as CRISPOR [124],

CHOPCHOP [125], and commercial platforms, where users specify a target gene and

receive a ranked list of multiple candidate gRNAs together with their on­ and off­target

metrics.

Early algorithms were based on sequence alignment or heuristic scoring rules [80], but

current state­of­the­art algorithms are based on machine learning (ML) techniques [118].

Among the ML models, the older and more well­established ones use conventional ML

methods, but more recently there has been a rapid growth of deep learning models

[126].

Conventional ML models are trained to features that are manually curated. These

features typically include an encoding of the DNA sequence around the 20­nt target,

but may also contain additional features such as specific motif presence, GC content

or gRNA stability [127]. Popular conventional ML models include Azimuth or “Rule

Set 2” (on­target scores) [119], CRISPRscan (on­target scores) [128], and Elevation

(off­target scores) [129]. These conventional ML models, alongside heuristic rules

and alignment­based scoring schemes, underlie the on­ and off­target scores that are

presented on most online gRNA design platforms.

Deep learning models use large neural networks to infer Cas9 activity patterns. These

models require no feature curation as they learn meaningful features directly from the

encoded DNA sequence during training [126]. Deep learning models can capture many

details in extensive datasets, however their training is computationally demanding and

their complexity makes them hard to interpret [118]. Current widespread models include

DeepCRISPR (on­ and off­target scores) [130] and DeepSpCas9 (on­target scores)

[131]; however, the field of deep­learning­based CRISPR activity prediction is evolving

rapidly, with new models being released frequently [126].

The performance of ML models relies heavily on their training data. For instance,
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rich data is available for wild­type Cas9 activity in human cells, so there are many

different human­specific models to assist in genome editing applications. However, ML

models poorly generalize to conditions other than those at which their training data

were obtained. To overcome this issue, some models train on multiple data sources

simultaneously, for instance across species [129, 130]. Still, repeated benchmarking

studies show that when algorithms are applied to new cell types, organisms, CRISPR

enzymes, and experimental settings, they rapidly lose performance [118, 123, 124, 127,

132]. Recent work explored the potential of transfer learning to make more generalizable

predictions [133, 134]. In this approach, one first trains a base ML model on in vitro

cleavage data to predict cell­independent activity, and then embeds the base model in a

new neural network, which is trained to smaller, context­specific in vivo cleavage data.

1.6.3. Biophysical modeling
Biophysical modeling presents an alternative approach to understanding and predicting

CRISPR activity. These models typically start from a mechanistic description of

Cas9 function, often informed by single­molecule studies. Then, using kinetics and

statistical physics, they formulate a mathematical description that captures experimental

observations and generalizes to other conditions. Biophysical models have addressed

Cas9’s target search [135–138], building upon decades of extensive theoretical work

on DNA target search by transcription factors [139–141], as well as Cas9’s target

recognition [91, 133, 142–147], building upon studies of nucleic acid energetics and

kinetics [148–154].

Physics­based models have several characteristic strengths compared to the

sequence­based, heuristic, and machine­learning models listed in Section 1.6.2.

First, they are interpretable. Biophysical models are built with physically or

mechanistically meaningful parameters, such as binding rates or folding energies.

Fitting these parameter values to experimental data reveals the underlying physical

properties of the enzyme and hence generates biological insight. Second, they are

adaptable. Interpretable parameters allow for adaptation to different conditions. For

example, a physics­based model of target binding at low RNP concentrations can

be straightforwardly adapted to high RNP concentrations, using knowledge of basic

physical chemistry that is typically unavailable in machine learning. Biophysical models

can thus successfully generalize to other contexts, provided that it is understood which

physical processes modulate the model. Third, they are universal. The dichotomy

between on­ and off­target activity prediction does not reflect that Cas9 operates on any

DNA target according to the same principles. As biophysical models directly address

these universal mechanisms of Cas9 activity, they can predict on­ and off­target activity

in a single framework. Fourth, they are quantitative. In general, the science of physics

is about making quantitative predictions. Likewise, biophysical Cas9 models predict

concrete and interpretable quantities, such as the probability to cleave a target within

the experiment duration, in clear contrast to the on­ and off­target scores produced by

other activity prediction models. With such interpretable and quantitative output, new

calculations can be done, for instance to quantify how the individual risks of off­target

DSBs accumulate to overall off­target activity.
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1.7. This thesis
This thesis uses biophysical modeling to connect the molecular mechanisms of Cas9

target recognition to its cellular editing outcomes.

Chapter 2 provides theoretical groundwork to connect the molecular and the cellular

scale. Cas9’s target recognition mechanism is best characterized in in vitro experiments,

and accordingly, these findings are most informative for Cas9 model making. However,

in vitro dynamics do not translate straightforwardly to in vivo conditions in cells. The

chapter presents a kinetic framework that unifies these two regimes, thus laying out the

general landscape in which our later chapters are located.

Chapter 3 introduces the model CRISPRzip, which provides a biophysical description

of Cas9 target interrogation as a function of gRNA and DNA nucleotide sequence.

Building upon a previous kinetic framework from Eslami­Mossallam et al. (2022) [147],

CRISPRzip considers the energetics of R­loop formation at base­pair resolution, and

hence captures how binding and cleaving kinetics vary across DNA off­targets and

gRNAs. In addition to this characterization of intrinsic Cas9 dynamics, the chapter

addresses two extrinsic variables that are essential in cells: RNP concentration and

DNA superhelicity. The model integrates both variables, and shows that both cause

heterogeneous modulation of cleavage dynamics across DNA targets. CRISPRzip

exemplifies adaptability in biophysical modeling, as it readily supports general DNA and

gRNA sequence, RNP concentration and DNA superhelicity, and allows adaptation to

other RNA­guided nucleases thanks to its explicit separation of protein and nucleic acid

contributions to R­loop dynamics. The later chapters of this thesis make repeated use of

CRISPRzip, adapting it to various cellular conditions.

Chapter 4 more closely investigates the combined effects of nucleic acid sequence

and superhelicity on Cas9 target interrogation. The chapter presents an experimental

approach to high­throughput profiling of Cas9 cleavage of negatively supercoiled DNA.

As such, it is the first report of supercoiling effects on Cas9 activity across thousands of

DNA sequences, revealing a heterogeneous response among targets. CRISPRzip

is employed to capture and rationalize the observed supercoiling effects. All in all,

the chapter spotlights DNA supercoiling as a crucial determinant of Cas9’s cellular

specificity.

Chapter 5 considers Cas9 activity across a full genome in vivo. Drawing on the

kinetic framework from the beginning of this thesis and on CRISPRzip, it predicts

general cleavage patterns that are independent of organism­specific nucleotide contents.

The chapter addresses several effects by which the genome context could modulate the

expected cleavage dynamics (Cas9 trapping on non­target sites, competitive cleavage

dynamics, background off­target cleavage), each of which strongly depends on DNA

superhelical state. The calculations show that none of these genome context effects

should affect Cas9 activity in typical cellular settings. This finding supports that Cas9

dynamics can be characterized in vitro to predict activity in vivo. Finally, a comparison

between delivery strategies introduces an abstract quantity, the cleavage capacity, that

unifies their different editing outcomes, and can assist in the optimization of efficient and

precise CRISPR application design.

Chapter 6 summarizes how all the above findings together pave the way from

molecular characterization of CRISPR proteins to predicting genome engineering
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success. It concludes the thesis by looking ahead, highlighting relevant knowledge gaps

and mapping out the next steps towards physics­based and context­aware CRISPR

activity prediction.
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2
Ageneralkineticframework
unifiesCas9applicationsin

vitroandinvivo
CRISPR­Cas9 cleavage has been studied both in cells and in cell­free assays, but these

settings often reveal different kinetics. Here we unify the two regimes with a minimal

model of Cas9 kinetics. The model considers heterogeneous R­loop formation among

target sites, and expresses PAM binding as a function of PAM and Cas9 presence.

We map out two kinetic limits that are useful to describe activity in in vitro and in vivo

experiments. Thanks to the theory of Cas9 activity presented here, we can formulate

context­specific cleavage rates in the next chapters, and generalize our findings to other

experimental conditions.
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Figure 2.1: Simple kinetic model of target cleavage. The 3­state model representing

PAM­binding (𝑘PAM), PAM­unbinding (𝑘unb), and R­loop formation and cleavage (𝑘R,𝑖) at PAM site

𝑖. The rates 𝑘PAM and 𝑘unb are assumed to be site­independent; the rate 𝑘R,𝑖 depends on the

DNA sequence of site 𝑖.

2.1. Introduction
Successful CRISPR­Cas9 applications rely on extensive characterization of its cleavage

activity. For instance, numerous in vivo Cas9 screens in human cell lines have

generated a rich source of data to understand Cas9’s dynamics and to develop activity

prediction models [1, 2]. These cleavage patterns observed in vivo reflect the complexity

of the cellular and nuclear environment, in which final editing outcomes depend on

Cas9 activity as well as chromatin state, DNA repair, cellular crowding, and more. An

opposite approach is provided by cell­free in vitro cleavage assays, which offer a high

degree of control over the experimental conditions [3–7]. While both in vivo and in vitro

approaches study the same molecular machinery, they often reveal different aspects of

Cas9 dynamics and describe them with different theoretical frameworks.

In this chapter, we study a minimal model for Cas9 activity that connects the observed

dynamics in in vitro and in vivo contexts. We formulate how cleavage depends on

PAM­binding and ­unbinding, on heterogeneous R­loop kinetics, and on the availability

of Cas9:gRNA ribonucleoprotein (RNP) and PAM sites. From our general expressions,

we recover well­known descriptions of in vivo cleavage kinetics in the “rare­binding

limit” and in vitro cleavage kinetics in the “PAM­equilibrium limit”. By charting the full

landscape of Cas9 activity and its kinetic regimes, our simplified theoretical framework

unifies the interpretation of cleavage measurements outside and inside cells.

2.2. Simple kinetic model of target cleavage
We introduce a simple model of Cas9 activity on a particular DNA site in order to

obtain general cleavage kinetics. The model, presented in Figure 2.1, comprises three

states that represent how DNA is bound, unbound and cleaved. DNA binding sites are

located directly upstream of a protospacer adjacent motif (PAM, 5’­NGG­3’), which (S.

pyogenes) Cas9 requires to initiate target interrogation. The rates 𝑘PAM and 𝑘unb quantify
how fast an individual PAM site gets bound and released. When site 𝑖 is PAM­bound,
Cas9 can form an R­loop and cleave it at a rate 𝑘R,𝑖, depending on the complementarity

between the target sequence of site 𝑖 and the gRNA. R­loop formation is a complex

multi­state process but the resulting cleavage dynamics are effectively exponential [7]

(Chapter 3), so we represent it with a single effective rate 𝑘R,𝑖. Together, the PAM and
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Figure 2.2: Rate of PAM­binding. Context dependence of 𝑘PAM according to Equation 2.2, with

𝐾𝐷 = 30 nM.

R­loop dynamics give rise to an overall effective cleavage rate of

𝑘clv,𝑖 =
𝑘PAM ⋅ 𝑘R,𝑖

𝑘PAM + 𝑘unb + 𝑘R,𝑖
, (2.1)

as we derive from first passage time theory in Suppl. Note 2.S1. Under typical

conditions, cleavage dynamics follow this single rate 𝑘clv,𝑖, but in a setting where

𝑘PAM ≈ 𝑘R,𝑖 while also 𝑘PAM ≳ 𝑘unb and 𝑘R,𝑖 ≳ 𝑘unb, one should consider the full

cleavage PDF—a hypoexponential distribution with two exponential modes (Suppl.

Note 2.S1).

Before we simplify Equation 2.1 to specific in vitro and in vivo conditions, we specify

how the PAM­binding rate 𝑘PAM depends on experimental context.

2.3. Rate of PAM-binding
The PAM­binding rate 𝑘PAM in a particular setting depends on the abundance of RNPs as

well as the number of PAM sites they interact with. We assume that on the timescales of

target cleavage (1/𝑘clv,𝑖), there is always a local equilibrium between freely diffusing

and PAM­bound RNPs. Under this assumption, the PAM­binding rate is the product

of the bimolecular association rate 𝑘0
a (units nM

−1s−1) and the equilibrium free RNP

concentration [RNPfree]eq. We obtain [RNPfree]eq in terms of the total concentrations

[RNP] and [PAM] (Suppl. Note 2.S2), yielding (Figure 2.2)

𝑘PAM = 𝑘0
a ⋅ 1

2
⎛
⎝

[RNP]−[PAM]−𝐾𝐷 +√([RNP]+[PAM]+𝐾𝐷)2 −4[RNP][PAM]⎞
⎠

.

(2.2)

Here, 𝐾𝐷 = 𝑘unb/𝑘0
a (in nM) is the dissociation constant between the RNPs and

PAM sites. The expression for 𝑘PAM is consistent with the assumption of a local RNP

equilibrium, as the equilibrium is established faster than any rate 𝑘clv,𝑖 at which a target 𝑖
gets cleaved (Suppl. Note 2.S3). The expression for 𝑘PAM remains valid when the total
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concentrations [RNP] and [PAM] evolve with time due to cleavage or other processes
that are slower than RNP equilibration.

In our derivation of the free RNP concentration, we have excluded the possibility

that Cas9 interacts with DNA beyond PAM binding. In Chapter 5, we investigate

this assumption by predicting how frequently Cas9 encounters random genomic DNA

sequences on which it forms stable partial R­loops. Also, we do not consider the effects

of DNA sliding by Cas9, by which it could shuttle between neighboring PAM sites [8].

Cas9 slides along bare DNA in a region of approximately 10 bps [9, 10] and arguably

less in vivo due to the presence of other DNA­binding proteins. These distances

are shorter than the typical 16 bp separation of PAM sites on random DNA, making

significant shuttling between neighboring PAM sites unlikely.

The expression for [RNPfree]eq simplifies when either the RNPs or PAM sites are

relatively abundant (Suppl. Note 2.S4), which yields PAM­binding rates

𝑘PAM =
⎧{
⎨{⎩

𝑘0
a [RNP] if [RNP] ≫ [PAM] + 𝐾𝐷, (2.3)

𝑘0
a (

𝐾𝐷

[PAM] + 𝐾𝐷
) [RNP] if [RNP] ≪ [PAM] + 𝐾𝐷. (2.4)

When much RNP is present, each individual DNA site is bound at a fixed rate. When

RNP is scarce, the rate 𝑘PAM depends on the genetic context, as high genome densities

[PAM] ≳ 𝐾𝐷 limit free RNP availability.

In a cellular context, where molecule counts are low, it is more appropriate to consider

discrete copy numbers rather than concentrations. Also, single­molecule experiments in

cells commonly report the microscopic rate 𝑘bnd at which an individual RNP binds any

PAM site, in contrast to the rate 𝑘PAM at which an individual PAM site 𝑖 gets bound by
any RNP. Therefore, for in vivo applications, we express Equation 2.4 in terms of RNP

and PAM copy numbers and 𝑘bnd. The copy numbers are defined as 𝐶 = [RNP] ⋅ 𝑁𝐴𝑉
RNP complexes and 𝑁 = [PAM] ⋅ 𝑁𝐴𝑉 PAM sites, with 𝑁𝐴 Avogadro’s number and

𝑉 the cellular or nuclear volume. The single­RNP binding rate 𝑘bnd is defined as

𝑘bnd = 𝑘0
a ⋅ [PAMfree]eq, similar to 𝑘PAM. Although in general not all PAMs are available for

binding ([PAMfree]eq < [PAM]), in typical in vivo conditions there is a great abundance of

PAM sites compared to RNPs, such that [PAMfree]eq ≈ [PAM] (Suppl. Note 2.S4) and
hence 𝑘bnd ≈ 𝑘0

a ⋅ [PAM] = 𝑁𝑘0
a/(𝑁𝐴𝑉 ). In terms of 𝐶, 𝑁, and 𝑘bnd, the PAM­binding

rate 𝑘PAM in the Cas9­scarce limit becomes

𝑘PAM = 𝐶
𝑁

( 1
𝑘bnd

+ 1
𝑘unb

)
−1

if 𝐶 ≪ 𝑁. (2.5)

2.4. Enzymatic limits in vivo and in vitro
Equation 2.1 of the effective cleavage rate 𝑘clv,𝑖 simplifies in various kinetic limits

(Figure 2.3). First, the diffusion­limited and the reaction­limited regimes, two canonical

limits in enzyme kinetics. In this system, cleavage becomes diffusion­limited when

R­loop formation is very fast, 𝑘R,𝑖 ≫ 𝑘unb + 𝑘PAM, such that initial PAM binding sets

the effective cleavage rate, 𝑘clv,𝑖 = 𝑘PAM. Cleavage becomes reaction­limited when
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Figure 2.3: Enzymatic limits of Cas9 activity. Illustrative phase diagram for 𝑘clv,𝑖 according to
Equation 2.1. In the white region, cleavage dynamics follow a hypoexponential distribution

(Suppl. Note 2.S1).

PAM association is very fast, 𝑘PAM ≫ 𝑘unb + 𝑘R,𝑖, such that R­loop formation sets the

effective cleavage rate, 𝑘clv,𝑖 = 𝑘R,𝑖. Below, we discuss how these canonical limits

should be extended to describe typical in vivo and in vitro conditions.

In vivo
In some cells and for some DNA targets, Cas9 activity may be diffusion­limited. For

instance, single­molecule tracking experiments suggest diffusion­limited perfect­target

cleavage in the context of E. coli. One experiment observed 𝑘unb = 60 ± 13 s−1

and 𝑘bnd = 40 ± 12 s−1 [11], suggesting that a single RNP binds a specific PAM in

1/𝑘PAM = 11.6 ± 2.3 hours on average (Equation 2.5, assuming 𝑁 = 106 PAM sites

[6]). Another experiment measured a similar time for a single dead Cas9 (dCas9) to

irreversibly bind the perfect target 𝑖, 1/𝑘clv,𝑖 = 6.2 ± 1.4 hours [6]. Together, these

results suggest that an RNP binds the PAM of the perfect target only once before it

establishes a stable R­loop, so 𝑘R,𝑖 ≫ 𝑘unb. As long as RNP copy numbers are not

extremely high (𝐶 ≪ 106 so that 𝑘PAM ≪ 𝑘unb), such direct on­target recognition implies
diffusion­limited kinetics. However, diffusion­limited cleavage is not general in vivo:

direct on­target recognition is not universal, and even when it does apply, off­target sites

in the genome have smaller 𝑘R,𝑖 and are bound repeatedly before cleavage.

The more general and useful limit of Equation 2.1 to consider in an in vivo context is

the rare­binding limit (Figure 2.3).

𝑘clv,𝑖 = 𝑘PAM ⋅ 𝑝clv,i if 𝑘PAM ≪ 𝑘unb + 𝑘R,𝑖, (2.6)

where 𝑝clv,𝑖 corresponds to the probability to cleave upon PAM­binding,

𝑝clv,𝑖 =
𝑘R,𝑖

𝑘R,𝑖 + 𝑘unb
. (2.7)
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To explicitly show dependence on RNP count 𝐶, PAM count 𝑁, and the single­RNP

binding rate 𝑘bnd, we substitute Equation 2.5 and obtain

𝑘clv,𝑖 = 𝐶
𝑁

( 1
𝑘bnd

+ 1
𝑘unb

)
−1

⋅ 𝑝clv,i

if 𝐶 ≪ 𝑁 and 𝐶 ⋅ 𝑘unb 𝑘bnd ≪ 𝑁(𝑘bnd + 𝑘unb)(𝑘unb + 𝑘R,𝑖).
(2.8)

Equations 2.6 and 2.8 apply to all targets 𝑖 that are rarely bound by Cas9: their

unbound time 1/𝑘PAM should be much longer than their bound time 1/(𝑘unb + 𝑘R,𝑖). This
condition is generally satisfied for all targets in a cell, regardless of 𝑝clv,𝑖, as RNPs are
greatly outnumbered by PAM sites and target search is slow (as illustrated by the above

values for 𝑘bnd, 𝑘unb, and 𝑁 in E. coli). The rare­binding limit excludes reaction­limited

kinetics.

The above rare­binding expressions for 𝑘clv,𝑖 are more universal than the simple

3­state model used in this chapter, so the definition of 𝑝clv,𝑖 is not limited to Equation 2.7.

In Chapter 5, we consider Cas9 activity in vivo using the rare­binding limit, with values

for 𝑝clv,𝑖 derived from a more accurate 21­state model.

In vitro
Reaction­limited kinetics apply to in vitro cleavage assays with saturating RNP

concentrations, i.e. abundant RNP to ensure that effectively every PAM site 𝑖 is

Cas9­bound. In Chapters 3 and 4, such saturating conditions allow us to measure only

R­loop kinetics. The precise concentration requirements are [RNP] ≫ [PAM] + 𝐾𝐷
(from Equation 2.3) as well as [RNP] ≫ 𝑘R,𝑖/𝑘0

a (from the reaction­limit condition).

These conditions are not always guaranteed, as the RNP concentration may be varied

[3, 5, 7], or the equilibrium constant 𝐾𝐷 may be unknown (Chapter 3).

Here, the more general and useful limit of Equation 2.1 to consider in vitro is the

PAM­equilibrium limit, which applies when PAM binding and unbinding is fast compared

to R­loop formation (Figure 2.3),

𝑘clv,𝑖 =
𝑘PAM

𝑘PAM + 𝑘unb
𝑘R,𝑖 if 𝑘PAM + 𝑘unb ≫ 𝑘R,𝑖. (2.9)

The fraction corresponds to the equilibrium occupancy of a particular PAM site 𝑖. This
PAM­equilibrium limit excludes diffusion­limited kinetics. It overlaps with the rare­binding

description of Cas9 activity when target search is slow (𝑘PAM ≪ 𝑘unb) and target

recognition is not immediate (𝑘R,𝑖 ≪ 𝑘unb). For abundant RNP (Equation 2.3), the

above expression for 𝑘clv,𝑖 may be rewritten in terms of RNP concentrations, yielding

𝑘clv,𝑖 =
[RNP]

[RNP] + 𝐾𝐷
𝑘R,𝑖

if [RNP] ≫ [PAM] + 𝐾𝐷 and [RNP] + 𝐾𝐷 ≫ 𝑘R,𝑖/𝑘0
a .

(2.10)

We use this expression in Chapter 3 to estimate the PAM dissociation constant 𝐾𝐷 in

vitro (using the biochemistry­aligned notation 𝑘0
on = 𝑘0

a , 𝑘on = 𝑘PAM and 𝑘off = 𝑘unb).
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It should be noted that the name “PAM equilibrium” refers to the equilibrium between

the unbound and PAM­bound state of a particular DNA site 𝑖, which is established at
a rate 𝑘PAM + 𝑘unb. Our previous discussion of free­RNP concentrations assumed a

different equilibrium, that between the collective of all RNPs and PAM sites, which is

established at a rate 𝑘PAM + 𝑘unb + 𝑘bnd (Suppl. Note 2.S3). These two equilibria are
typically established simultaneously, but they are not identical. For example, in an in

vivo setting with scarce RNP (𝑘PAM ≪ 𝑘unb) and very dense DNA (𝑘bnd ≫ 𝑘unb), the
RNPs may equilibrate faster than the timescale on which individual sites 𝑖 attain a PAM
equilibrium. Distinguishing these two equilibria is not merely semantic, but reflects the

fundamental property of Cas9 that it reacts with diverse DNA sites at heterogeneous

reaction rates 𝑘R,𝑖.

2.5. Conclusion
With a minimal kinetic model of Cas9 activity, we have derived how the cleavage of

a given DNA site follows from PAM binding, PAM unbinding, R­loop formation, RNP

presence and PAM presence. Our expressions of the PAM­binding rate and the effective

cleavage rate provide a general description of Cas9 cleavage while also delineating the

kinetics limit of rare binding and PAM equilibrium that respectively apply in in vivo and

in vitro environments. The theory of this chapter provides a fundament for the next

chapters of this work, each of which is set in either environments, and it allows one to

generalize the results beyond their original context.

2.6. Supplementary Notes
2.S1. Effective cleavage rate
We study 𝑇clv,𝑖, the first passage time (FPT) to the cleaved state of site 𝑖 by considering
all possible state trajectories. In Laplace space, the distributions of PAM binding, PAM

unbinding and R­loop formation are given by

𝜙PAM(𝑠) =
𝑘PAM

𝑘PAM + 𝑠
, (2.S1)

𝜙unb,𝑖(𝑠) =
𝑘unb

𝑘unb + 𝑘R,𝑖 + 𝑠
, (2.S2)

𝜙𝑅,𝑖(𝑠) =
𝑘R,𝑖

𝑘unb + 𝑘R,𝑖 + 𝑠
. (2.S3)

If Cas9, after initial association to the PAM, dissociates and re­associates exactly

𝑛 times before successful cleavage, the convolution of these 2𝑛 + 2 exponential

processes gives the FPT distribution at the cleaved state 𝜓𝑛
clv,𝑖. In Laplace space, we

multiply the individual processes to arrive at

𝜓𝑛
clv,𝑖(𝑠) = 𝜙PAM ⋅ (𝜙unb,𝑖 ⋅ 𝜙PAM)

𝑛
⋅ 𝜙𝑅,𝑖 . (2.S4)
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We consider any number 𝑛 of PAM unbinding and rebinding cycles and sum over 𝑛,

𝜓clv,𝑖(𝑠) =
∞

∑
𝑛=0

𝜓𝑛
clv,𝑖(𝑠) =

∞

∑
𝑛=0

𝜙PAM ⋅ (𝜙unb,𝑖 ⋅ 𝜙PAM)
𝑛

⋅ 𝜙𝑅,𝑖 =
𝜙PAM ⋅ 𝜙𝑅,𝑖

1 − 𝜙PAM ⋅ 𝜙unb,𝑖
, (2.S5)

where we use the closed form of a geometric sum, ∑∞
𝑛=0 𝑥𝑛 = 1/(1 − 𝑥) if |𝑥| < 1. In its

current form, 𝜓clv,𝑖(𝑠) = 𝑃(𝑠)/𝑄(𝑠) is a polynomial fraction with a linear numerator 𝑃(𝑠)
and quadratic denominator 𝑄(𝑠). We obtain the distribution of 𝑇clv,𝑖 in temporal space

𝑓clv,𝑖(𝑡) by performing fractional decomposition before inverting the Laplace transform.

𝜓clv,i(𝑠) =
𝑘PAM ⋅ 𝑘R,𝑖

𝑘1,𝑖 − 𝑘2,𝑖
⎛
⎝

1
𝑠 + 𝑘2,𝑖

− 1
𝑠 + 𝑘1,𝑖

⎞
⎠

(2.S6)

𝑓clv,𝑖(𝑡) = ℒ−1[𝜓clv,i(𝑠)] (𝑡) =
𝑘PAM ⋅ 𝑘R,𝑖

𝑘1,𝑖 − 𝑘2,𝑖
(𝑒−𝑘2,𝑖𝑡 − 𝑒−𝑘1,𝑖𝑡) , (2.S7)

where the rates 𝑘1,𝑖 and 𝑘2,𝑖 are the negative roots of 𝑄(𝑠),

𝑘1,𝑖 = 1
2

(𝑘PAM + 𝑘unb + 𝑘R,𝑖 + √(𝑘PAM + 𝑘unb + 𝑘R,𝑖)2 − 4 𝑘PAM𝑘R,𝑖) , (2.S8)

𝑘2,𝑖 = 1
2

(𝑘PAM + 𝑘unb + 𝑘R,𝑖 − √(𝑘PAM + 𝑘unb + 𝑘R,𝑖)2 − 4 𝑘PAM𝑘R,𝑖) . (2.S9)

The above PDF corresponds to a hypoexponential distribution, 𝑇clv,𝑖 ∼ Hypo(𝑘1,𝑖, 𝑘2,𝑖),
describing the convolution of two exponential processes with rates 𝑘1,𝑖 and 𝑘2,𝑖. The

distribution has a mean

⟨𝑇clv,𝑖⟩ = 1
𝑘1,𝑖

+ 1
𝑘2,𝑖

=
𝑘PAM + 𝑘unb + 𝑘R,𝑖

𝑘PAM ⋅ 𝑘R,𝑖
. (2.S10)

When 𝑘PAM ≈ 𝑘R,𝑖 while also 𝑘PAM ≳ 𝑘unb and 𝑘R,𝑖 ≳ 𝑘unb, the rates 𝑘1,𝑖 and 𝑘2,𝑖
are of similar magnitude, so one needs consider the full hypoexponential distribution

(Figure 2.3). Otherwise, there is a separation of timescales 𝑘1,𝑖 ≫ 𝑘2,𝑖, such that at

times 𝑡 ≫ 1/𝑘1,𝑖 the distribution 𝑓clv,𝑖(𝑡) reduces to a simple exponential distribution

𝑇clv,𝑖 ∼ Exp(𝑘2,𝑖). In this case, the one relevant rate 𝑘2,𝑖 corresponds to the effective

cleavage rate 𝑘clv,𝑖. From Equation 2.S10 we obtain

𝑘clv,𝑖 = 𝑘2,𝑖 ≈ 1/⟨𝑇clv,𝑖⟩ =
𝑘PAM ⋅ 𝑘R,𝑖

𝑘PAM + 𝑘unb + 𝑘R,𝑖
. (2.S11)

2.S2. RNP equilibrium concentration
We derive the free­RNP concentration under the assumption of an equilibrium between

RNP in solution and PAM­bound RNP. RNP­PAM binding is described by the reaction

RNPfree + PAMfree

𝐾𝐷⟷ RNP:PAM. (2.S12)
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The equilibrium concentrations can be expressed in terms of the equilibrium constant,

𝐾𝐷 =
𝑘unb
𝑘0
a

=
[RNPfree]eq ⋅ [PAMfree]eq

[RNP:PAM]eq
. (2.S13)

For total concentrations [RNP] = [RNPfree] + [RNP:PAM] and [PAM] = [PAMfree] +
[RNP:PAM], conservation of mass implies that

[RNP:PAM] = [RNP] − [RNPfree] (2.S14)

[PAMfree] = [PAM] − [RNP:PAM] (2.S15)

= [PAM] − ([RNP] − [RNPfree]). (2.S16)

Substituting the above expressions in the equilibrium equation creates a quadratic

equation,

0 = ([RNPfree]eq)
2 + ([PAM] − [RNP] + 𝐾𝐷) ⋅ [RNPfree]eq − [RNP]𝐾𝐷,

(2.S17)

[RNPfree]eq = 1
2

([RNP] − [PAM] − 𝐾𝐷 + √([RNP] − [PAM] − 𝐾𝐷)2 + 4[RNP]𝐾𝐷)

(2.S18)

= 1
2

([RNP] − [PAM] − 𝐾𝐷 + √([RNP] + [PAM] + 𝐾𝐷)2 − 4[RNP][PAM]),

(2.S19)

where we have selected the larger solution of the quadratic formula as it has the

appropriate range [RNPfree]eq ∈ (0, [RNP]) to be the physical solution.
The corresponding equilibrium free­PAM concentration is

[PAMfree]eq = 1
2

([PAM] − [RNP] − 𝐾𝐷 + √([RNP] + [PAM] + 𝐾𝐷)2 − 4[RNP][PAM]).
(2.S20)

2.S3. RNP equilibration rate
To derive a PAM­binding rate 𝑘PAM, we have assumed a local equilibrium between free

and PAM­bound RNPs. Here, we investigate if indeed such a local equilibrium is

established faster than the rates 𝑘clv,𝑖 at which targets get cleaved.
We first determine the full dynamics of RNP­PAM binding under the assumption that

cleavage can be neglected. The binding reaction is described by

𝑑
𝑑𝑡

⎛⎜⎜⎜
⎝

[RNPfree]
[PAMfree]

[RNP:PAM]

⎞⎟⎟⎟
⎠

=
⎛⎜⎜⎜
⎝

−𝑘0
a [RNPfree][PAMfree] + 𝑘unb[RNP:PAM]

−𝑘0
a [RNPfree][PAMfree] + 𝑘unb[RNP:PAM]

+𝑘0
a [RNPfree][PAMfree] − 𝑘unb[RNP:PAM]

⎞⎟⎟⎟
⎠

. (2.S21)
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The above can be written as a single ODE for 𝑦(𝑡) = [RNP:PAM],

𝑑𝑦
𝑑𝑡

= 𝑘0
a(𝑦 − 𝑦1)(𝑦 − 𝑦2), (2.S22)

where the fixed points 𝑦1 and 𝑦2 correspond to the solutions to the quadratic equation

formulated in Equation 2.S17,

𝑦1 = 1
2

([RNP] + [PAM] + 𝐾𝐷 + √([RNP] + [PAM] + 𝐾𝐷)2 − 4[RNP][PAM]) ,

𝑦2 = 1
2

([RNP] + [PAM] + 𝐾𝐷 − √([RNP] + [PAM] + 𝐾𝐷)2 − 4[RNP][PAM]) .

(2.S23)

The ODE is solved by separation of variables,

∫
𝑑𝑦

𝑘0
a(𝑦 − 𝑦1)(𝑦 − 𝑦2)

= ∫ 𝑑𝑡, (2.S24)

1
𝑘0
a(𝑦1 − 𝑦2)

(∫
𝑑𝑦

𝑦 − 𝑦1
− ∫

𝑑𝑦
𝑦 − 𝑦2

) = 𝑡 + constant, (2.S25)

1
𝑘0
a(𝑦1 − 𝑦2)

log (
𝑦 − 𝑦2
𝑦 − 𝑦1

) = 𝑡 + constant, (2.S26)

𝑦 = 𝑦2 + (𝑦 − 𝑦1) exp (−𝑘0
a(𝑦1 − 𝑦2)𝑡) × constant. (2.S27)

Solving the integration constant for 𝑦(0) = 0 results in

𝑦(𝑡) = [RNP]−([RNP]−[RNPfree]eq)⎛
⎝

1−
𝑘eq𝑒−𝑘eq𝑡

𝑘eq+𝑘0
a([RNP]−[RNPfree]eq)(1−𝑒−𝑘eq𝑡)

⎞
⎠

.

(2.S28)

with a characteristic rate

𝑘eq = 𝑘0
a ⋅ √([RNP] + [PAM] + 𝐾𝐷)2 − 4[RNP][PAM] (2.S29)

= 𝑘0
a ⋅ ([RNPfree]eq + [PAMfree]eq + 𝐾𝐷) (2.S30)

= 𝑘PAM + 𝑘bnd + 𝑘unb. (2.S31)

Here we have used the single­RNP binding rate 𝑘bnd = 𝑘0
a ⋅ [PAMfree]eq that describes

how fast a single RNP binds any PAM site. The RNP­equilibration rate 𝑘eq is larger than
the rate 𝑘PAM at which individual PAMs get bound, and so it is larger than the rate at

which DNA sites get cleaved,

𝑘eq > 𝑘PAM >
𝑘R,𝑖

𝑘PAM + 𝑘unb + 𝑘R,𝑖
𝑘PAM = 𝑘clv,𝑖. (2.S32)

In many settings, one can even safely assert that 𝑘eq ≫ 𝑘clv,𝑖. For instance, PAM
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abundance [PAM] ≫ [RNP] implies [PAMfree]eq ≫ [RNPfree]eq such that 𝑘bnd ≫ 𝑘PAM
and accordingly 𝑘eq ≫ 𝑘PAM. At the other extreme, we get 𝑘eq ≈ 𝑘clv,𝑖 when RNP is

abundant ([RNP] ≫ [PAM] + 𝐾𝐷 such that 𝑘eq ≈ 𝑘PAM) and R­loop formation is fast

(𝑘R,𝑖 ≫ 𝑘PAM + 𝑘unb such that 𝑘PAM ≈ 𝑘clv,𝑖). Even in this limit, our expression for 𝑘PAM
is valid: due to the RNP abundance, the free RNP concentration is always effectively

equal to the total RNP concentration (Equation 2.S35) regardless of whether a local

equilibrium is achieved.

In conclusion, our definition of 𝑘PAM is consistent with our approach of deriving RNP

availability from an assumed local RNP­PAM equilibrium.

2.S4. Equilibrium concentrations for abundant and scarce RNP
and PAM

The equilibrium free­RNP concentration [RNPfree]eq simplifies in the limits of either RNP
or PAM abundance. Rewriting Equation 2.S19 in terms of the dimensionless variables

𝑞 = [RNPfree]eq/[RNP], 𝑥 = [PAM]/[RNP] and 𝑧 = (𝐾𝐷 + [PAM])/[RNP], we obtain

𝑞 = 1
2

(1 − 𝑧 + √(1 + 𝑧)2 − 4𝑥) . (2.S33)

This formula can be simplified for small and large 𝑧 by taking into account that 𝑥 < 𝑧.
This yields

𝑞 =
⎧
⎨⎩

1 if 𝑧 ≪ 1,
𝑥/𝑧 if 𝑧 ≫ 1.

(2.S34)

Re­expressing this in terms of the original parameters, we find

[RNPfree]eq =
⎧{
⎨{⎩

[RNP] if [RNP] ≫ [PAM] + 𝐾𝐷, (2.S35)

𝐾𝐷

[PAM] + 𝐾𝐷
⋅ [RNP] if [RNP] ≪ [PAM] + 𝐾𝐷. (2.S36)

As RNP­PAM binding is symmetric, the same derivation applies to [PAMfree]eq, such
that Equation 2.S20 simplifies to

[PAMfree]eq =
⎧{
⎨{⎩

[PAM] if [PAM] ≫ [RNP] + 𝐾𝐷, (2.S37)

𝐾𝐷

[RNP] + 𝐾𝐷
⋅ [PAM] if [PAM] ≪ [RNP] + 𝐾𝐷. (2.S38)
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3
CRISPRzipexplainsandpredicts

sequence-andcontext-
dependentCas9activity

Hidde S. Offerhaus, Ieva Jaskovikaitė, StephenK. Jones,
Martin Depken

Accurate prediction of CRISPR­based gene editing remains challenging since existing

models often fail to generalize across experimental and cellular contexts. We

introduce CRISPRzip, a mechanistic kinetic model that quantitatively links nucleotide

sequence and environmental conditions to target interrogation. The model describes

R­loop formation as movement through a sequence­dependent free­energy landscape,

combining nearest­neighbor nucleic­acid energetics with protein specific contributions

inferred from high­throughput binding and cleavage kinetics. Applying CRISPRzip to

SpCas9, we predict the activity across diverse DNA targets and guide RNAs, and

validate with independent single­molecule FRET and torque spectroscopy experiments.

By explicitly incorporating Cas9 concentration and DNA superhelicity, the framework

predicts heterogeneous, context­dependent editing outcomes and rationalizes how

physical constraints modulate cleavage dynamics. Our results provide a transferable,

physics­based foundation that unifies mechanistic insight and predictive power, enabling

robust characterization of CRISPR effectors and prediction of their activity across

environmental contexts.

This chapter is under preparation for submission. A preprint is available on bioRxiv.
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3.1. Introduction
RNA­guided nucleases (RGNs) from CRISPR immune systems are quintessential tools

for genome editing [1], with applications ranging from GMO crops [2] to therapeutics

[3–5]. Their specific activity is programmed by binding a guide RNA (gRNA) that

complements the intended DNA target [6]. When the effector protein recognizes its

target, it creates a double­stranded break (DSB) that can cause various edits as the cell

repairs the DNA [7–9].

Not all gRNAs produce successful edits, either because they lack activity on the

intended target or because they cause undesired edits on off­target sites [10–14]. These

variable outcomes arise from a complex interplay between intrinsic factors such as the

enzyme, gRNA, and target, and extrinsic factors such as delivery efficacy, cell­cycle and

genomic state, and DNA repair pathways. Numerous models exist that predict the on­

and off­target activity based on gRNA sequence, with the number of deep­learning

models growing particularly fast [15–19]. These models are trained in a specific cellular

context, and rapidly lose predictive power at other conditions [10, 16, 20]. This limited

generalizability is a serious weakness given the diversity of CRISPR applications and of

relevant experimental and therapeutic conditions.

Eslami­Mossallam et al. (2022) [21] introduced a kinetic model that makes quantitative

activity predictions when trained on Streptococcus pyogenes Cas9 (SpCas9) data. It

describes Cas9 dynamics in terms of the free­energy landscapes that govern target

interrogation. The underlying physical parameters can be inferred from kinetic data of

Cas9 binding and cleaving a large library of DNA targets. While this model deliveres

considerable predictive power on the basis of mismatch positions alone, its insensitivity

to nucleotide sequence renders it unable to capture the full variation in activity between

DNA targets and RNA guides.

Here we present CRISPRzip, a general kinetic RGN framework that we apply

to SpCas9, which integrates gRNA­ and DNA­sequence dependence and captures

variable nuclease concentration and DNA superhelicity.

CRISPRzip incorporates the free­energy cost of the strand­replacement reaction by

which Cas9 establishes an R­loop between the gRNA and the target DNA. Previous

biophysical models correlated the stability of a complete R­loop with Cas9 activity

[22–25]. However, the R­loop reaction need not equilibrate before cleavage [26, 27], so

the full kinetic pathway should be accounted for [28]. In doing so, we capture Cas9

activity across DNA and gRNA sequences, and identify anomalous DNA targets on

which Cas9:gRNAmay form sequence­specific interactions beyond the R­loop hybrid.

Our predicted landscapes explain dynamics across experimental modalities, which

allows us to validate CRISPRzip by comparison to Förster resonance energy transfer

(FRET) assays and single­molecule torque spectroscopy measurements. The model

captures the effects of Cas9:gRNA concentration and DNA superhelicity in physically

meaningful parameters, and predicts and rationalizes a heterogeneous response to both

these extrinsic conditions. CRISPRzip’s sequence sensitivity and ability to adapt to

environments showcase its capacity to assist in gRNA design and advance CRISPR

applications.
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3.2. Results
3.2.1. Model definition
CRISPRzip represents the interrogation of a DNA target by the Cas9:gRNA complex in

22 partial R­loop states (Figure 3.1A). The complex initially binds to DNA by specifically

interacting with the protospacer­adjacent motif (PAM) 5’­NGG­3’ next to a target (the

“PAM” state, with 𝑏 = 0 hybrid base pairs) [29]. Next, Cas9 catalyzes the formation

of an R­loop between its gRNA and the target DNA. During this process, the dsDNA

separates into a displaced non­target strand (NTS) [30–32] and a target strand (TS)

that hybridizes with the gRNA. The R­loop forms in a zipper­like manner by stepwise

and reversible strand replacement, starting directly upstream of the PAM. After the first

dsDNA base pair is broken to form one hybrid base pair (hybrid size 𝑏 = 1), the hybrid
can either be reversed or extended. If extended, the process repeats and a longer

hybrid (𝑏 = 2, 3, … , 20) can be formed [32–34]. We model R­loop extension from

state 𝑏 − 1 to 𝑏 with a single forward rate 𝑘f (Table 3.S1), and take R­loop recession
from 𝑏 to 𝑏 − 1 to occur at a rate 𝑘f exp(−Δ𝑈𝑏/𝑘𝐵𝑇 ), where Δ𝑈𝑏 = 𝑈𝑏 − 𝑈𝑏−1 is the

free­energy difference between the states. As the R­loop is completed, Cas9 undergoes

a structural reconfiguration that exposes the active sites cleaving the TS and NTS [35,

36]. Experimental work shows that cleavage occurs with a rate of at least 𝑘cat = 4.0 s−1
[37, 38]. We simulate it as an irreversible transition from the fully opened R­loop state

(𝑏 = 20) to the cleaved state, and adopt the above 𝑘cat value as a model constant

(Table 3.S1). With the above parametrization, we can simulate R­loop kinetics at base

pair resolution once we determine the unknown values of the free­energy landscape

𝑈𝑏 = (𝑈1, … , 𝑈20) and the R­loop extension rate 𝑘f (Methods 3.4).
Our model assumes that a free­energy landscape 𝑈𝑏 can be split into the

sequence­dependent stability of an isolated R­loop in solution (the R­loop cost 𝑈R
𝑏 ),

and a sequence­independent contribution due to interactions with Cas9 (the protein

contribution 𝑈P
𝑏 , Figure 3.1B),

𝑈𝑏 = 𝑈R
𝑏 + 𝑈P

𝑏 . (3.1)

The R­loop cost 𝑈R
𝑏 of forming an R­loop intermediate of length 𝑏 is estimated based

on nearest­neighbor parameters determined from nucleic­acid melting experiments

(Figure 3.S1, Methods 3.4) [39–43]. We follow the procedure from Alkan

et al. (2018) [23] to estimate the stability of mismatching hybrid base pairs at standard

conditions. The R­loop cost at lower salt levels [44, 45] and variable temperature

[39] can be derived by uniformly scaling the standard­condition parameters by a

context­dependent factor 𝛼.
The protein contribution 𝑈P

𝑏 represents the total of sequence­independent interactions

between Cas9 and the R­loop, including interactions with the DNA backbone and

reorganizations of the protein structure that are coupled to R­loop dynamics. With a

perfect (gRNA­matching) target, the protein contribution takes on the value 𝑈P,pt

𝑏 . A

mismatch at position 𝑚 in the R­loop adds a protein mismatch penalty 𝑄P
𝑚 to 𝑈P,pt

𝑏 at all

states 𝑏 ≥ 𝑚 (Figure 3.1B, Methods 3.4). Unlike the R­loop cost, the values of 𝑈P,pt
𝑏

and 𝑄P
𝑏 are unknown and must be inferred from experimental data (Table 3.S1).
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Figure 3.1: CRISPRzip model definition and training. A A 22­state kinetic model describes

how Cas9 progressively forms an R­loop of 𝑏 = 0, … , 20 hybrid base pairs, followed by DNA

cleavage. B Illustration of free­energy landscape contributions by different targets. Each

landscape is split up into a known R­loop cost and an unknown protein contribution, according to

𝑈𝑏 = 𝑈R
𝑏 + 𝑈P

𝑏 , with 𝑈P
𝑏 = 𝑈P,pt

𝑏 for the perfect­target landscape (blue). The landscape of the

off­target (blue + red) with a mismatch at position 11 has a higher R­loop cost compared to the

perfect target (red, hatched), as well as a protein mismatch penalty 𝑄𝑃
11 that is included in

the protein contribution 𝑈P
𝑏 at all positions 𝑏 ≥ 11 (red). C A graphic overview of the training

procedure for CRISPRzip’s parameters. 1. Landscapes are created for all targets in the training

set on the basis of the current set of parameters. 2. From the predicted free energy landscapes,

binding and cleavage dynamics are simulated. 3. Each binding and cleavage curve is scored on

its fit quality, and all scores are weighed and added up to a total cost. 4. On the basis of the total

cost, the parameter set can be accepted or rejected according to simulated annealing. Steps 1–4

are repeated with newly updated parameter sets until convergence.

3.2.2. Obtaining training data with high-throughput kinetic
assays

We measured how DNA targets are cleaved by Cas9 and bound by catalytically dead

Cas9 (dCas9). To observe gRNA sequence effects, we performed high­throughput

experiments on two distinct DNA libraries derived from DNA targets λ1 and λ2 of the

λ­phage genome [46, 47], hereafter called target 1 and 2. Both libraries included the

perfect target and all 1770 targets with one or two point mutations relative to the

perfect target (Table 3.S1). To measure cleavage activity, we incubated each DNA

library with Cas9:gRNA ribonucleoprotein (RNP) for durations from 10 seconds to 1000

minutes (logarithmically spaced) and quantified the cleaved fraction 𝑓clv(𝑡) of each

target with next­generation sequencing (NGS; Methods 3.4, Table 3.S1). To measure

binding by dCas9, we implemented a filtration assay [48] that separated PAM­bound

targets from targets bound via sufficient R­loop formation. We incubated each DNA

library with RNP at the same durations as above and quantified the bound fractions
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𝑓bnd(𝑡) by performing NGS on the filtrate (Methods 3.4). Our active RNP concentration

(62.5 nM) was large enough to assume saturation, ensuring that effectively each library

member was Cas9­bound. Experiments were carried out at room temperature and

physiological salt levels (Methods 3.4), for which we estimate an R­loop scaling factor

of 𝛼 = 0.7 ± 0.2 (Figure 3.S2) based on DNA:RNAmelting experiments at similar salt

concentrations [45].

The CRISPRzip parameters 𝑈P,pt

𝑏 , 𝑄P
𝑏 and 𝑘f can be inferred by minimizing the total

least­squared errors between our predictions and the observed bound and cleaved

fractions at all measured time points (Figure 3.1C, Methods 3.4). The training set

consists of the perfect target, all single mismatch off­targets, and 90% of the double

mismatch off­targets in a library. The model performance is evaluated with a test set

consisting of the excluded 10% of all double mismatch off­targets, selected by stratified

sampling.

3.2.3. Establishing a single model for variable-gRNA activity
prediction

Before we establish our definitive parameter values, we validate if the R­loop cost

improves predictions across multiple DNA and gRNA sequences. Next, based on

our training results, we construct a single parameter set that generates smooth and

interpretable free­energy landscapes while maintaining performance.

Calculated R­loop costs may explain the variations among targets given a single

gRNA—for instance, between two off­targets with different mismatched bases at the

same position. In order to assess CRISPRzip’s capacity to capture mismatched­base

effects, we set up a sequence­agnostic control model (Figure 3.2A). The control model’s

landscapes 𝑈𝑏 do not contain an R­loop cost 𝑈R
𝑏 , and its protein contribution 𝑈P

𝑏 is

trained to capture the average effects of mismatches based on their positions. This

approach is identical to that presented in Eslami­Mossallam et al. (2022) [21]. The

training results show that with no additional fit parameters, including R­loop costs

reduces the total fit cost by 28% and 36% for library 1 and 2, respectively (Figure 3.2B).

The obtained parameters (Figure 3.S3) perform comparatively in the test sets and the

training sets (Figure 3.S4A), demonstrating their general validity.

To test how far our model performance extends beyond the experimental modality

used for training, we compare our models to an independent dataset of Cas9 dynamics

from Aguirre Rivera et al. (2024) [49]. Here, single­molecule FRET was combined with

NGS to monitor R­loop completion by Cas9 on all 256 possible sequence variations

of the four most PAM­distal DNA bases (Figure 3.2C). The gRNA used in these

experiments is nearly identical to our gRNA 1, so we use our library 1­trained parameter

set to calculate R­loop formation probabilities on their DNA target library (Methods 3.4).

CRISPRzip predicts the experimental results considerably better than the control model

(Figure 3.2D), showing that model improvements persist across experimental modalities.

Moreover, our Pearson correlation coefficient 𝑟 = 0.81 approaches the correlation

between repeated FRET measurements (𝑟 = 0.88), showing that our model explains the
majority of the variation observed beyond experimental noise.

Next, we test if including the R­loop cost also allows us to predict across gRNA
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Figure 3.2: Establishing a single model for variable­gRNA activity prediction. A Example

hybridization landscapes for the perfect target 2 (black) and three off­targets with mismatches at

position 6, obtained by the reference model (top row) and with CRISPRzip (bottom row). B

Results of training on the library 1 and 2 datasets with the control model (without R­loop cost)

and CRISPRzip (with R­loop cost). Bars show average fit cost (train + test set) of the top 50%

results from 200 optimization runs, error bars show 95% confidence interval. C Illustration of the

high­throughput single­molecule FRET experiments performed by Aguirre Rivera et al. (2024) [49].

The target DNA is fluorescently labeled (Cy3 on the TS at 𝑏 = 6 and Cy5 on the NTS at 𝑏 = 16)
such that the FRET signal drops upon R­loop completion (𝑏 ≥ 16). Single­molecule FRET traces

are obtained for all sequence variations of the four most PAM­distal DNA bases (blue) and a

single gRNA (orange) close to our gRNA 1. D Correlations between 𝑃(𝑏 ≥ 16), the predicted

probability to attain an R­loop of size 𝑏 ≥ 16, and 𝑃(low FRET), the measured occupancy of

the low­FRET state. Dots represent the 256 DNA library members, each with a different 4­nt

PAM­distal target sequence. Pearson correlation coefficient 𝑟 is reported.

sequences with a single model. We train CRISPRzip on libraries 1 and 2 simultaneously,

and obtain parameter sets predicting perfect­target landscapes that vary with gRNA

sequence (Figure 3.3A, 3.S3). The performance after joint training approaches that after

isolated training (Figure 3.3B) and is similar for the train and test targets (Figure 3.S4B).

As a control, we apply the library 1 trained parameters to predict the library 2 data, and

vice versa. This cross­prediction yields significantly worse­scoring fits (Figure 3.3B).
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Figure 3.3: Establishing a single model for variable­gRNA activity prediction. A Joint

training on library 1 and 2 predicts different R­loop landscapes for perfect target 1 (blue) and 2

(green). B Results of training on library 1 (blue), 2 (green), joint 1 and 2 (orange), and results of

parameter simplification after joint training (light orange). Bars show average fit cost (train + test

set) of the top 50% results from 200 optimization runs, error bars show 95% confidence interval.

C Grid optimization of the R­loop scaling factor 𝛼. Parabolic interpolation approximates the

optimum parameter value. D Simplification of parameters by first taking the median of 𝑈P,pt

𝑏
(perfect­target protein contribution) and 𝑄P

𝑏 (protein mismatch penalties) from the the top­50%

joint training results, and then re­optimizing the rate 𝑘f. Orange lines and dots show 10 random

individual training results, shaded region and error bar show the 25%, 50%, and 75% quartiles,

black dots show the simplified parameter set.

Together, these observations indicate that training on multiple gRNAs increases the

general applicability of the model without losing its predictive power for specific gRNAs.

Where we previously estimated the value of the R­loop scaling factor 𝛼 on the basis

of physiological­salt DNA:RNAmelting experiments (Figure 3.S2), we now co­optimize

it together with the jointly­trained model parameters. We perform grid optimization at

𝛼 ∈ [0.5, 1.0] and estimate the optimum parameter value by parabolic interpolation

(Methods 3.4). The optimal R­loop scaling factor 𝛼 = 0.71 ± 0.09 (Figure 3.3C) closely

agrees with our previous estimate, supporting the validity of the above parameter sets.

Most joint trainings consistently reproduce local energy minima in the perfect­target

protein contribution 𝑈P,pt

𝑏 at position 0, 11 and 20 (the “PAM”, “intermediate” and “open

R­loop” states), but show considerable variation elsewhere (Figure 3.3D, 3.S3). As our

experiments cannot resolve individual R­loop steps, the measured effective transition

dynamics between the metastable states can be realized by a variety of intervening

barrier regions. Among the diversely shaped barrier regions in our training results, those
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Figure 3.4: Free­energy landscapes explain variation in cleavage and binding dynamics.

Predicted landscapes and kinetics (orange) of several off­targets, with perfect­target landscapes

(gray) for reference. Experimental data (blue) with error bars indicating standard deviation and

with exponential fit curve (dotted line). Fit cost 𝐶𝑖 for a target 𝑖 is the sum of squared errors of

the CRISPRzip predictions compared to that of the exponential fit curve.

with high peaks are generally accompanied by large 𝑘f values. To reveal common

features across landscapes, we take the median of the model parameters 𝑈P,pt

𝑏 and 𝑄P
𝑏

from the 50% best­scoring solutions (Figure 3.3D). As this median landscape is less

peaked than the trained landscapes, we retrain the R­loop rate 𝑘f (Figure 3.3D). The
resulting simplified parameter almost completely maintains performance relative to the

joint trainings (Figure 3.3B), only increasing the fit cost for binding double­mismatched

library 1 targets (Figure 3.S4B). As we will argue below, our model’s inability to capture

the activity on these targets may arise from anomalous interactions beyond R­loop

stability. All future analyses use this simplified parameter set because it makes

consistent predictions while its smooth landscapes give visual insight into the effect of

mismatches on R­loop dynamics.

3.2.4. Free-energy landscapes explain variation in cleavage and
binding dynamics

The DNA targets in our libraries show a wide variety of binding and cleavage dynamics,

much of which can be understood with CRISPRzip’s predicted landscapes. The

double­barrier structure of the protein contribution 𝑈P
𝑏 generally carries over to the

total R­loop landscape 𝑈𝑏. For many and diverse targets, the R­loop kinetics can be
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Figure 3.5: Free­energy landscapes explain variation in cleavage and binding dynamics.

Correlations between the kinetic data and CRISPRzip predictions. Cleavage dynamics (top row)

are expressed in terms of the effective cleavage rate 𝑘clv, binding dynamics (bottom row) are

summarized by the relative area under the curve (AUC; Methods 3.4). Values of 𝑘clv outside the
dynamic range [10−5, 10−1] are collapsed to the gray border region. Colors indicate fit costs 𝐶𝑖 of

binding or cleavage fit curves. The total weighted sum of fit costs ∑𝑗 𝑤𝑗𝐶𝑗 is reported for each

of the four datasets. The Pearson correlation coefficient 𝑟 is reported for the cleavage data (𝑘clv
trimmed to the dynamic range), but not for the binding data because its near­bimodal AUC

distributions violate the coefficient’s requirement of approximate normality. Spearman’s rank

correlation coefficient 𝜌 is reported for all data (with 𝑘clv clipped to the dynamic range). Circles
highlight the 16 selected targets for which example landscapes, binding curves and cleavage

curves are shown (Figure 3.4, 3.S5).

explained by simple landscape features: the height of both barriers and the stability of

the intermediate and final (open R­loop) state (Figure 3.4).

We assess CRISPRzip’s capacity to capture the experimental variation by visualizing

its activity predictions on the full target libraries (Figure 3.5). The cleavage kinetics are

summarized in terms of the effective cleavage rate 𝑘clv, which is fit to the experimental
and simulated data (Methods 3.4). The binding kinetics are summarized in terms of the

area under the curve (AUC) of fit functions to the experimental and simulated data,

which reflect both the rate of binding 𝑘bnd and the final binding level 𝜙bnd (Methods 3.4).

In the supplementary figures, a representative selection of targets is presented in

closer detail to illustrate the relation between the R­loop landscapes and the predicted

binding and cleavage kinetics (Figure 3.S5). The predictions generally correlate

well to the kinetic data, reproducing cleavage and binding dynamics across a wide
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range of timescales. Standard correlation metrics do not accurately represent model

performance, as Pearson’s 𝑟 excludes the many 𝑘clv values outside the dynamic range
and is invalid for the bimodal AUC distributions, and Spearman’s 𝜌 is dominated by

boundary clusters and is insensitive to the linear relation between model and data

values. Instead, the weighted total fit cost Σ𝑗𝑤𝑗𝐶𝑗 provides the best indicator of

quantitative agreement between predicted and experimental 𝑘clv and AUC values.

For a group of 441 targets in library 1, making up 25% of the library, CRISPRzip

consistently underestimates the binding level 𝜙bnd (Figure 3.S6A,B). 92% of these

targets are characterized by one of 17 specific mutations at positions 2–10 (G02C/T,

C03A/T, A04T, G05A/T, A06G, G07A, T08A/C, T08G, A09C/G, G10A/C/T), followed by

any mismatch at position 11–20 (Figure 3.S6C). Among targets with this pattern, 80% is

part of the underestimated­binding group. Interestingly, we correctly reproduce the

cleavage dynamics of all anomalous targets, with the exception that targets with the

mutation A06G are cleaved faster than predicted. We hypothesize that these mutations

stabilize the intermediate state through protein­sequence interactions not captured by

CRISPRzip.

3.2.5. CRISPRzip adapts to low Cas9 concentrations
Although our landscapes are trained with saturating Cas9 concentrations, we can

generalize CRISPRzip to describe the dynamics at lower concentrations. We extend

our 22­state model with an initial state representing an unbound DNA target. The

kinetics of PAM­binding and ­unbinding are described by the rates 𝑘on = 𝑘0
on ⋅ 𝑐 and

𝑘off respectively, with 𝑐 denoting RNP concentration and 𝑘0
on the molar PAM­binding

rate. In order to determine the PAM dissociation constant 𝐾D = 𝑘off/𝑘0
on, we performed

cleavage assays on three library­1 targets (perfect target (PT), G5A, C3T) at 7 RNP

concentrations, ranging from 0.1 nM to 2μM (Methods 3.4). We globally fit CRISPRzip

predictions to the cleaved fractions and obtain a value of 𝐾D = 29.7 ± 4.3 nM
(Figure 3.6A). These findings are implemented in CRISPRzip with the parameters

values 𝑘0
on = 3.4 ⋅ 10−2 nM−1 s−1 and 𝑘off = 1.0 s−1 (Table 3.S1), in line with the

PAM­bound Cas9 dwell times observed in in vitro single­molecule FRET experiments

[34].

When we predict the effective cleavage rate 𝑘clv for all single­mismatch targets in

library E, we see that Cas9 concentrations do not affect targets equally (Figure 3.6B).

For the targets with mismatches at positions 1–7 (including PT, G5A and C3T), cleavage

follows Michealis­Menten kinetics (Chapter 2, Equation 2.10),

𝑘clv(𝑐) = 𝑐
𝐾D + 𝑐

⋅ 𝑘max
clv

. (3.2)

Their first landscape barriers dominate the R­loop kinetics, hence 𝑐 modulates their
cleavage rate 𝑘clv through the level of PAM­binding. Mismatches present at positions
12–16 create a rate­limiting PAM­distal barrier, where occupancy of the intermediate

state, instead of the PAM state, defines the cleavage rates. Targets with single

mismatches at positions 8–11 or 17–20 display intermediate concentration dependence

as neither barrier dominates.
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Figure 3.6: CRISPRzip adapts to low Cas9 concentrations. A A global fit to the cleavage of

the perfect target (PT) and off­targets G5A and C3T from library 1 at various RNP concentrations

𝑐. Dots show data from filtration assay, lines show CRISPRzip predictions. B Simulated

values of effective cleavage rate 𝑘clv as a function of RNP concentration for the perfect

target and all single­mismatch targets in library E. All 𝑘clv values are shown relative to the

maximum cleavage rate 𝑘max
clv

at saturating concentrations. Bottom dashed curve corresponds to

Equation 3.2, top dashed curve shows the same relation for the effective dissociation constant

𝐾eff
D

= 𝑘off/𝑘0
on ⋅ (∑13

𝑏=10 exp (−𝑈𝑏/𝑘𝐵𝑇 ))−1 = 0.8 nM, indicating the maximum intermediate state

stability. Example landscapes are shown for each mismatch region.

3.2.6. CRISPRzip adapts to DNA superhelicity
DNA superhelicity alters Cas9’s capacity to cleave and bind targets [50]. Thanks to the

physical basis of CRISPRzip, we can adapt it to capture the energetic effects of DNA

superhelicity on R­loop formation (Figure 3.7A). To simulate the effects of a torque 𝜏 on
a DNA target, the free­energy landscape 𝑈𝑏 includes the work to extend the R­loop by

one base pair, which requires helix unwinding over an angular distance 𝜃 (Methods 3.4).
The torque may affect the R­loop extension rates too, so these are updated according to

the work to reach the transition state between states 𝑏 and 𝑏 + 1 at an angle 𝜑.
In Ivanov et al. (2020) [47], magnetic tweezers experiments reveal the single­molecule

kinetics of Cas9 on perfect target 1 at variable torque levels. The experiments indicate

that R­loop formation requires full B­DNA unwinding, yielding 𝜃 = 34° (Figure 3.S7).

Next, the study reports the effective rates between the PAM state “P” (𝑏 = 0), the
intermediate state “I” (𝑏 = 11), and the open R­loop state “O” (𝑏 = 20) (Figure 3.7B).
When we fit our model to the measurements at variable torque (Methods 3.4), we obtain

a transition state angle of 𝜑 = 50 ± 5°. The large value of 𝜑 compared to 𝜃 suggests
that extending the R­loop requires temporary melting of the DNA also beyond the new

hybrid base pair. As a consequence, the forward and backward rates between the

R­loop states both slow down with positive torque and speed up with negative torque.

With only one new fit parameter, CRISPRzip largely reproduces the data and captures
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Figure 3.7: CRISPRzip adapts to DNA superhelicity. A Energetic effects of torque on the

free­energy landscape 𝑈𝑏 and its transition barriers. Lilac and pink lines illustrate torque­free

and positive­torque landscapes, respectively. B Illustration of the observed metastable states

and their effective transition rates. R­loop formation may be coupled to an increase in torque,

depending on the DNA substrate. C Fitting the single­molecule twisting experiments of Ivanov

et al. (2020) [47]. Experimental data is displayed as blue dots, the CRISPRzip fit is shown as a

red line. The x­axis reports torque 𝜏0 on unopened DNA, which increases by up to 2.8 pNnm

during R­loop formation. D Energy landscapes 𝑈𝑏 and R­loop rate 𝑘f for perfect target 1 (light
gray) and its A13T off­target at constant torque 𝜏 = +7.2 pNnm (pink), at zero torque (gray), and

at 𝜏 = −7.2 pNnm (purple), with the latter corresponding to bacterial genomes at superhelical

density 𝜎 = −0.05. E Predictions of cleavage activity (𝑘clv) on all library­1 targets, comparing

relaxed DNA (𝜏 = 0 pNnm) to DNA under negative (𝜏 = −7.2 pNnm, purple) and positive torque

(𝜏 = +7.2 pNnm, pink).

the nonlinear dependence on torque (Figure 3.7C). This nonlinear effect arises from

shifting the position of the highest barrier between the metastable states as torque

increases (Figure 3.7D).

With these torsion parameters, we predict cleavage activity on the library­1 targets

at an estimated bacterial genome torque of 𝜏 = −7.2 pNnm (Methods 3.4) and at a

positive torque of 𝜏 = +7.2 pNnm. Our results show that torque alters cleavage rates

𝑘clv heterogeneously (Figure 3.7E). For instance, negative torque accelerates the

cleavage of targets with a factor 100–30,000, depending on the relative height of the two

landscape barriers.
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3.3. Discussion
CRISPRzip is a kinetic model that mechanistically captures the effects of nucleotide

sequence and experimental context on RGN target recognition. By accounting for

the progressive cost to form an R­loop, it quantitatively captures the variation across

different DNA target and gRNA sequences when trained to SpCas9 binding and cleavage

data. We validate the model across experimental modalities. CRISPRzip generates

interpretable free­energy landscapes that illustrate target interrogation kinetics, and we

isolate anomalous targets where Cas9 may interact specifically with the nucleic acid

beyond R­loop base pairing. The environment heterogeneously affects Cas9’s cleavage

dynamics, as we demonstrate for both variable Cas9 concentration and variable DNA

superhelicity. Adaptation to these extrinsic factors exemplify CRISPRzip’s ability to

model and predict activity in diverse applications.

A central advantage of CRISPRzip is that it does not only predict activities, but also

returns protein­specific interaction­energy readouts that summarize how the protein

shapes the R­loop formation pathway. In particular, the protein contribution provides an

interpretable decomposition into on­target efficiency and off­target discrimination along

R­loop formation (Figure 3.3D). These quantities can serve as context­independent

selection criteria or engineering objectives, as variants may be benchmarked by how

they increase mismatch penalties without compromising productive R­loop progression

on targets.

Our capacity to capture sequence­specific effects relies on several factors. First, we

need accurate nearest­neighbor parameters to calculate the true R­loop cost. Currently,

we uniformly scale standard­condition parameters to estimate nucleic acid stability at

physiological salt levels, but this simple scaling disregards the details of how base

pair stabilities change with salt [51]. Optimal model performance would require that

free energies of matching DNA:DNA and mismatching RNA:DNA duplexes would be

determined at these conditions in nucleic­acid melting experiments. Alternatively,

molecular dynamics could estimate these parameters [52, 53], and reveal how the

presence of the Cas9 protein modifies the sequence­specific R­loop cost, as Cas9

bends DNA [35, 54, 55], holds the gRNA­TS hybrid in A­form [31], fixes the NTS

backbone [35] and sterically constrains the nucleic acids.

Second, to obtain the protein contributions to the free energy landscapes, we should

train on a set of gRNAs and DNA targets that more broadly capture the sequence space.

While our current data sets comprise many DNA sequences, it would be informative

to train on more than two gRNAs, especially if they have sequence features like

GC­content that differs from our gRNAs 1 and 2 (Figure 3.S8). Previous work presented

a method to quantify Cas9 binding and cleavage dynamics for many gRNAs in parallel

[56], however we could not reproduce the reported gRNA 1 and 2 kinetics and thus did

not train with it.

Third, we need experimental verification that sequence­specific R­loop costs translate

to changes in the total free energy landscape of target interrogation. Single­molecule

assays probe the stabilities of semi­stable landscape states for Cas9 and other Cas

nucleases [34, 47, 57–59], with recent single­molecule work revealing the full energy

landscape of R­loop formation by Cascade [60]. With these techniques, one can directly

observe the influence of DNA and gRNA sequence on Cas9 kinetics, and hence provide
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a direct test for an energetic model of sequence effects. For instance, these approaches

could indicate if the anomalous binding patterns that we observed arise from non­local

mismatch effects.

Although the R­loop stability is a major contributor to sequence dependence, the

Cas9 protein can also specifically interact with the DNA and gRNA sequence when

bases form contacts with the protein structure or when the R­loop geometry is distorted

[55, 61]. These interactions may sometimes dominate the target interrogation dynamics

but currently lie beyond CRISPRzip’s scope. Still, CRISPRzip may be complemented

with neural networks to recognize such sequence features and correct its predictions

accordingly. Other off­target features that CRISPRzip does not account for include

non­canonical PAMs [25, 62–64] and off­targets with missing or added base pairs

in comparison to the perfect target [63]. These effects could be captured with a

mechanistically motivated extension to the model. However, such an extension should

balance parameter expansion with increased model performance and retained clarity.

With our explicit consideration of extrinsic factors and their physical effects, we

contribute to a molecular understanding of the complex cellular processes that determine

editing outcomes. For instance, Cas9 activity is expected to be strongly influenced by

the local torsion state in a genome: transcription induces negative supercoiling [65],

which correlates with increased Cas9 efficiency [50]. In Chapter 4, we present the

target 1 and 2 libraries on supercoiled plasmids and quantify how Cas9 cleaves these.

CRISPRzip simulates and rationalizes these results thanks to its torque dependence.

Additionally, Cas9 delivery impacts editing outcomes due to the interplay between

delivery strategies and cellular transport pathways [66]. By combining our mechanistic

model with quantitative studies of cellular Cas9 delivery [67], we expect that editing

outcomes can be explained in physical terms such as the nuclear RNP concentration

profile as a function of time. Lastly, Moreb and Lynch (2020) [68] proposed that genetic

context is a major determinant of activity, as many partially matching DNA sites may trap

Cas9 and delay target search [10]. When applied over a whole genome, CRISPRzip can

estimate targets’ trapping capacities and predict their collective impact, again advancing

insight into genome­scale phenomena from the bottom up.

In terms of activity prediction, we have previously demonstrated that universal

mechanistic insight into the dynamics of Cas9 enables powerful and general off­target

classification [21]. CRISPRzip also offers Cas9 activity prediction that can be applied to

any genome. It is made publicly available as a graphical user interface [69], where users

can provide gRNA and DNA sequences to inspect the predicted energy landscapes

and binding and cleavage kinetics. We also provide a standalone Python package

[70], which can form a biophysical foundation for more complex machine learning

models. Recent computational work [71] demonstrated the promise of integrating

kinetic models in a deep learning scheme to account for sequence­specific effects

and cellular intricacies that are not feasible to capture mechanistically. Moreover, our

model’s applications could extend beyond wild­type SpCas9, to other Cas nucleases

[72], engineered high­fidelity Cas9 variants [73], relaxed­PAM variants [74], and (d)Cas9

chimera like base and prime editors [1], provided sufficient data is available to train the

protein contribution to the free­energy landscape. We believe that CRISPRzip provides

a concrete solution for reliable gRNA design, and facilitates the development of safe and

effective CRISPR applications.
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3.4. Methods
3.4.1. Kinetic model
CRISPRzip derives the target interrogation kinetics from the free energy landscape

of R­loop formation (Figure 3.1A). In total, there are 23 states 𝑏 ∈ {−1, … , 21} that

each DNA target can occupy: the unbound state (𝑏 = −1), PAM­bound state (𝑏 = 0),
the partial R­loop states (𝑏 ∈ {1, … , 20}) and the cleaved state (𝑏 = 21). At saturating
Cas9 concentrations, the unbound state may be omitted from the system. Given

the rates between the above states, we can solve the dynamics of R­loop formation.

We parametrize these rates with an approach adopted from Eslami­Mossallam

et al. (2022) [21]. The rates of PAM binding (from state ­1 to 0), PAM unbinding (from 0

to ­1) and strand cleavage (from 20 to 21) are defined directly as 𝑘on, 𝑘off and 𝑘cat.
The PAM­binding rate 𝑘on = 𝑘0

on ⋅ 𝑐 follows from the molar PAM­binding rate 𝑘0
on (units

nM−1 s−1) and the Cas9 concentration 𝑐 (units nM). The rates of R­loop opening and
closing between states 𝑏 ∈ {0, … , 20} are defined in terms of the free­energy landscape

𝑈𝑏,

𝑈𝑏 = 𝑈R
𝑏 + 𝑈P,pt

𝑏 +
𝑏

∑
𝑚=0

𝑄P
𝑚 ⋅ 𝛿𝑚, (3.3)

where 𝑈R
𝑏 is the R­loop cost, 𝑈P,pt

𝑏 are the perfect­target protein contributions and 𝑄P
𝑏

are the protein mismatch penalties. The mismatch indicator 𝛿𝑚 takes on the value

𝛿𝑚 = 0 in absence of a mismatch at position 𝑚, and 𝛿𝑚 = 1 in presence of a mismatch,

such that in the latter case the penalty 𝑄P
𝑚 is added to all states 𝑏 ≥ 𝑚. R­loop

extension (from state 𝑏 to 𝑏 + 1) takes place at a constant rate 𝑘f. The R­loop recession
rates (from 𝑏 to 𝑏 − 1) follow from the free energy difference Δ𝑈𝑏 = 𝑈𝑏 − 𝑈𝑏−1. Together,

these parameters yield a Markov model described by the forward and backward rates

𝑘𝑏→(𝑏+1) =
⎧{
⎨{⎩

𝑘0
on ⋅ [Cas9] if 𝑏 = −1,

𝑘f if 𝑏 ∈ {0, … 19},
𝑘cat if 𝑏 = 20,

(3.4)

𝑘𝑏→(𝑏−1) =
⎧{
⎨{⎩

𝑘off if 𝑏 = 0,
𝑘f exp (Δ𝑈𝑏/𝑘𝐵𝑇 ) if 𝑏 ∈ {1, … 20},
0 if 𝑏 = 21.

(3.5)

These rates form the 23 × 23 transition rate matrix 𝐊 of the system, defined as

𝐾𝑖𝑗 =
⎧
⎨⎩

𝑘𝑖→𝑗 if 𝑖 ≠ 𝑗,
− ∑𝑚 𝑘𝑖→𝑚 if 𝑖 = 𝑗.

(3.6)

The occupancy of all states 𝐏(𝑡) = (𝑃−1(𝑡), … , 𝑃21(𝑡)) follows from the Master

Equation 𝑑𝐏/𝑑𝑡 = 𝐊 ⋅ 𝐏 with the initial condition that 𝐏(0) = (1, 0, … , 0). The Master
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Equation is solved by

𝐏(𝑡) = exp (𝐊𝑡) ⋅ 𝐏(0)

= exp (𝐔 ⋅ diag(𝜆1𝑡, … , 𝜆23𝑡) ⋅ 𝐔−1) ⋅ 𝐏(0)

= 𝐔 ⋅ diag(𝑒𝜆1𝑡, … , 𝑒𝜆23𝑡) ⋅ 𝐔−1 ⋅ 𝐏(0).

(3.7)

The matrix exponential is sped up by the diagonalization of the transition rate matrix 𝐊,

writing its eigenvalues as {𝜆1, … , 𝜆23} and its eigenvectors as the column vectors that
make up 𝐔. CRISPRzip’s model definition and kinetic simulations are publicly available

as a Python package [70].

3.4.2. R-loop cost
To calculate the R­loop cost, we follow the approach of Alkan et al. (2018) [23]. and

sum over nearest­neighbor stability parameters for matching DNA:DNA base pairs

[39], matching [40] and a few mismatching [41, 42] RNA:DNA base pairs. For the

remaining mismatching RNA:DNA basepairs, the stabilities are estimated with an

interpolation between DNA:DNA [39] and RNA:RNA [43] nearest­neighbor parameters.

All nearest­neighbor contributions to the R­loop cost are taken at standard conditions

(37 °C, 1M NaCl), multiplied by the R­loop cost scaling factor 𝛼, and converted to units
𝑘𝐵𝑇 (at room temperature 𝑇 = 22 °C). Our calculations of intermediate R­loop costs
take into account that there is a lag between DNA base stack opening and hybrid base

stack formation (Figure 3.S1); to extend an R­loop from size 𝑏 − 1 to size 𝑏, the base
stack between DNA bps 𝑏 − 1 and 𝑏 are broken up and the base stack between hybrid
bps 𝑏 − 2 and 𝑏 − 1 is formed. Similarly, to initiate R­loop formation (𝑏 = 1), two
DNA base stacks are broken up with no hybrid base stack in return. Our R­loop cost

calculations are available in the Python package [70].

3.4.3. Library preparation, cleavage and binding assays
The libraries 1 and 2 were designed as described in Hawkins et al. (2018) [75] and

Jones et al. (2021) [63], and contain on­target sequences, non­target control sequences

and thousands of off­target sequences with alternative PAMs or single and double

mismatches, insertions, or deletions, when compared to the sgRNA. Each member

has a unique barcode on each side, designed such that each cleavage product could

be identified during sequencing. Each library was synthesized as pooled ssDNA

oligonucleotides (GenScript), then amplified via PCR (Phusion Plus polymerase, Thermo

Scientific; Table 3.S4, primers Pr6.29/Pr6.30, Azenta Life Sciences).

For NucleaSeq cleavage experiments, described in Chapter 4 (Methods 4.4)

unmodified sgRNAs (Table 3.S3) were purchased from Synthego or GenScript, and

Cas9 and dCas9 from NEB. The sgRNA, (d)Cas9 and library DNAs were diluted

in 100mM NaCl, 50mM Tris­HCl, 10mM MgCl2, 100μgmL−1 recombinant albumin,
pH=7.9 (r3.1 buffer, NEB). RNP complex was formed by incubating Cas9 and sgRNA

at 22 °C for 15 minutes, and then library DNA was added (sgRNA:Cas9:DNA of

187.5:62.5:6.25 nM, respectively) to initiate the cleavage experiment at 22 °C. The
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reaction was sampled and quenched periodically (0, 0.2, 0.5, 1, 3, 10, 30, 100, 300 and

1000 min) in stop buffer (60mM EDTA, 1U Proteinase K, Thermo Scientific) for 30

minutes at 37 °C.

Binding affinity experiments combine elements of NucleaSeq library design and data

processing with a previously described massively­parallel filter binding assay [48, 63].

The RNPs were formed and mixed with library DNA as in the cleavage experiments.

The reaction was sampled at the same periodicity and stopped by passing through a

0.45μM nitrocellulose filter (Cytiva) under vacuum.

DNA samples from cleavage and binding affinity experiments were prepared and

sequenced by first appending time barcodes (indexes) with NGS prep (NEBNext,

NEB), size­selecting for targets with magnetic beads (beads:DNA 0.9:1.0; AMPure XP,

Beckman Coulter) and running on capillary electrophoresis (BioAnalyzer 2100, Agilent)

to confirm size and purity of samples. The sample DNAs were sequenced along with

10% PhiX DNA (to ensure sequence diversity) at the EMBL GeneCore (Heidelberg, DE)

on a NextSeq2000 using P2 100bp PE or P3 100bp PE chemistry.

3.4.4. Determination of binding and cleavage kinetics
Read counts are determined for each library member as previously described [63]

(Chapter 4, Methods 4.4). In brief, each pair of reads from the sequencing reaction are

merged, and then filtered by quality, agreement between member components, and size

(to separate cut and uncut DNAs). The collated read counts 𝑐𝑗(𝑡) of library member 𝑗
are expressed relative to its initial counts 𝑐𝑗(0), and are normalized to changes in library
composition over time (using non­target member counts, as they are not cut by Cas9).

Hence, the fraction 𝑓𝑗(𝑡) of which library member 𝑗 is bound or cleaved is calculated as

𝑓𝑗(𝑡) = 1 −
𝑐𝑗(𝑡)/𝑐𝑗(0)

⟨𝑐0(𝑡)/𝑐0(0)⟩
(3.8)

where ⟨𝑐0(𝑡)/𝑐0(0)⟩ is the mean number of non­target counts relative to 𝑡 = 0. All library
members (including non­targets) with fewer than 50 initial counts are excluded from

analysis. The errors in 𝑓𝑗(𝑡) are estimated by assuming Poisson distributed counts 𝑐𝑗
with inferred standard deviation 𝜎̂ = max (1, √𝑐𝑗) and propagating the errors from all

four count terms in Equation 3.8. Errors of 𝑓𝑗(0) are zero by definition. When multiple

library members 𝑗 contain the same target sequence 𝑖, we calculate the target bound or
cleaved fraction 𝑓𝑖(𝑡) and its error by taking an error­weighted average of the fractions
𝑓𝑗(𝑡) and their errors. Finally, we fit exponential curves to the binding and cleavage data,

𝑦bnd,𝑖(𝑡) = 𝜙bnd,𝑖 (1 − exp (−𝑘bnd,𝑖 ⋅ 𝑡)) , (3.9)

𝑦clv,𝑖(𝑡) = 1 − exp (−𝑘clv,𝑖 ⋅ 𝑡), (3.10)

and express their fit quality in terms of residual sum of squares RSS𝑖 =
∑𝑡 (𝑦(𝑡) − 𝑓𝑖(𝑡))2.
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3.4.5. CRISPRzip training
We optimize CRISPRzip’s parameters to fit the experimentally obtained binding and

cleavage kinetics. The binding and cleavage data are split into a train and test set, with

the test set comprising 10% of double­mismatch targets, obtained by stratified sampling

of 𝜙bnd,𝑖 and 𝑘bnd,𝑖 (binding) or 𝑘clv,𝑖 (cleavage). The 41 model parameters comprise 20
perfect­target protein contribution differences (Δ𝑈P,pt

𝑏 = 𝑈P,pt

𝑏 − 𝑈P,pt

𝑏−1, 𝑏 ∈ {1, … , 20}),
20 protein mismatch penalties (𝑄P

𝑏 , 𝑏 ∈ {1, … , 20}) and the forward rate 𝑘f. At each
optimization step, an updated set of parameters predicts bound and cleaved fractions

̂𝑓bnd,𝑖(𝑡) and ̂𝑓clv,𝑖(𝑡) for each target 𝑖 in the training set. The accuracy of the predictions
is summarized in the cost function,

𝐶 = ∑
𝑖

𝑤𝑖 (∑
𝑡

( ̂𝑓bnd,𝑖(𝑡) − 𝑓bnd,𝑖(𝑡))
2

− RSSbnd,𝑖) +

∑
𝑖

𝑤𝑖 (∑
𝑡

( ̂𝑓clv,𝑖(𝑡) − 𝑓clv,𝑖(𝑡))
2

− RSSclv,𝑖) .
(3.11)

Here, the residual sum of squares between ̂𝑓𝑖(𝑡) and 𝑓𝑖(𝑡) are expressed relative to the
RSS𝑖 of the exponential fits 𝑦𝑖(𝑡) to the data. The subtraction of these constants does
not affect training but helps to interpret the contributions to cost function. The targets are

weighed such that for either the set of perfect targets (a singleton), single mismatches,

or double mismatches, the weights 𝑤𝑖 of all member targets 𝑖 add to 1. Given the 90/10
train­test split of double­mismatched targets, the weights are

𝑤𝑖 =
⎧{
⎨{⎩

1 perfect target,
1/60 1 mismatch,
1/1539 2 mismatches (train).

(3.12)

Optimization is performed with generalized simulated annealing [76], with initial

temperature 𝑇0 = 300, visiting parameter 𝑞𝑉 = 2.5, and acceptance parameter 𝑞𝐴 = −5.
We optimize for 1000 iterations, in each of which the parameters are changed

individually in 41 update steps. We carry out 200 independent training runs on the

DelftBlue high­performance computer [77], and select the top­50% for further analysis.

For optimization of the R­loop scaling factor 𝛼, we carry out 25 independent training
runs at fixed values 𝛼 = 0.5, 0.6, … , 1.0 and obtain the expected optimum value by

parabolic interpolation through the median fit scores.
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3.4.6. Binding kinetics analysis
The Area Under the Curve (AUC) is calculated for binding fit curves 𝑦bnd,𝑖(𝑡) versus ln 𝑡
in the experimental time frame 𝑡 ∈ [𝑡1, 𝑡2],

AUC𝑖 = ∫
ln 𝑡2

ln 𝑡1

𝑦bnd,𝑖(𝑡) 𝑑(ln 𝑡) = ∫
𝑡2

𝑡1

𝑦bnd,𝑖(𝑡)
𝑡

𝑑𝑡

= 𝜙bnd,𝑖 (ln (
𝑡2
𝑡1

) + 𝐸1(𝑘bnd,𝑖 𝑡2) − 𝐸1(𝑘bnd,𝑖 𝑡1)) .
(3.13)

The solution is expressed in terms of the exponential integral 𝐸1(𝑥) =
∫∞
𝑥 exp(−𝑥′) 𝑑𝑥′/𝑥′. The value of AUC𝑖 is reported relative to its maximum value,

ln(𝑡2/𝑡1).

3.4.7. Simulation of single-molecule FRET experiments
Aguirre Rivera et al. have provided us with the average FRET values for each of the 256

DNA library members in their assay [49]. The FRET histograms in their work follow a

double Gaussian distribution, 𝑝𝐿𝒩(𝜇𝐿, 𝜎𝐿) + 𝑝𝐻𝒩(𝜇𝐻, 𝜎𝐻), where the low and high

FRET peaks are located at 𝜇𝐿 = 0.386 and 𝜇𝐻 = 0.690, and where 𝑝𝐿 and 𝑝𝐻 are

the weights of the low and high FRET populations, defined such that 𝑝𝐿 + 𝑝𝐻 = 1.
Accordingly, given the average FRET signal 𝑥𝑖 on a DNA target 𝑖 , we estimate the

probability to attain the low FRET state by interpolation between 𝜇𝐿 and 𝜇𝐻,

̂𝑝𝐿,𝑖 = min (max (
𝜇𝐻 − 𝑥𝑖
𝜇𝐻 − 𝜇𝐿

, 0) , 1) , (3.14)

where the min and max operations guarantee probabilities in the range ̂𝑝𝐿,𝑖 ∈ [0, 1].
We select the best­scoring parameter sets from our library­1 trainings of CRISPRzip

and the reference model. Correcting for the two point mutations in the gRNA sequence

(U instead of C, at 𝑏 = 16 and 𝑏 = 18), free energy landscapes are generated for each
of the DNA sequences. By assuming equilibrium over all states, we obtain the state

occupancies 𝑝𝑏 from Boltzmann statistics,

𝑝𝑏 =
exp(−𝑈𝑏/𝑘𝐵𝑇 )

∑20
𝑚=0 exp(−𝑈𝑚/𝑘𝐵𝑇 )

. (3.15)

The low FRET state is chosen to correspond with R­loops of size 16,

𝑃(𝑏 ≥ 16) = ∑20
𝑏=16 𝑝𝑏, because of the position of the Cy5 label at that position. Also,

the requirement that 𝑏 ≥ 16 for low FRET signal results in a maximal correlation

coefficient 𝑟 for both the reference model and CRISPRzip predictions compared to the
experimental data.

3.4.8. PAM-binding experiments
Perfect target 1 (Table 3.S4, Pr2.21, Azenta Life Sciences) and empty plasmid vector

(Table 3.S4, Pl0.63) were PCR amplified (Phusion Plus polymerase, Thermo Scientific;
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Table 3.S4, primers Pr6.29/Pr6.30 and Pr6.31/Pr6.32, Azenta Life Sciences) and then

column purified (GeneJET PCR purification kit, Thermo Scientific). Perfect target 1

was inserted into empty plasmid vector via HiFi assembly (NEB) and electroporated

(ECM630, BTX) into homemade E. coli cells (TOP10 competent cells, Invitrogen).

Assembled ”Perfect target 1” plasmid (Table 3.S4, Pl1.70) was purified from successful

transformants (GeneJET plasmid miniprep kit, Thermo Scientific) and confirmed via

sequencing (SeqVision UAB).

Two additional plasmids were made by site directed mutagenesis: one has a T instead

of a C in position 3 of the target sequence (C3T), and the other has an A instead of a G

in position 5 in Cas9 target sequence (G5A) (Table 3.S4). Primers with the desired

substitutions (Table 3.S4, Pr7.77­Pr7.80) are used to PCR amplify DNA off the template

plasmid (Phusion Plus Polymerase; Table 3.S4, Pl1.70). Each reaction was exposed

to DpnI to remove template (Thermo Scientific) and then electroporated into E. coli

cells (TOP10, homemade). Several randomly picked colonies were purified (GeneJET

plasmid miniprep kit, Thermo Scientific) and their sequence was confirmed (SeqVision

UAB). DNA targets – perfect target, C3T, G5A – were amplified from their plasmids via

PCR (Phusion Plus Polymerase; Table 3.S4, Pr6.29, Pr6.30) and purified (GeneJET

column purification kit, Thermo Scientific). Amplicon size and purity is confirmed with

agarose gel electrophoresis in 1X TBE buffer (90mM Tris­base, 90mM boric acid, 2mM

EDTA, pH8).

The kinetics of PAM­ binding and ­unbinding were determined over a range of RNP

concentrations (128 pM, 640 pM, 3.2 nM, 16 nM, 80 nM, 400 nM, 2μM) This study used
gRNA (Table 3.S3) made by GenScript, diluted in 1mM Tris, 0.1mM EDTA, pH 8.0

upon arrival. Efficient RNP assembly was ensured by mixing Cas9 with excess sgRNA 1

(2μM, 2.4μM, respectively; Table 3.S3) in r3.1 buffer, and incubating at 22 °C for 15

minutes. This RNP was also diluted to concentrations of 400 nM, 80 nM, and 16nM.

For the other concentrations, Cas9 was mixed with excess sgRNA (3.2 nM, 12.8 nM,

respectively) in r3.1 buffer, and also diluted to RNP concentrations of 640 pM and

128pM. Each RNP solution was combined with DNA at a final reaction concentration

of 30 pM. The reactions were sampled and quenched periodically (0, 0.16, 0.5, 1, 3,

10, 30, 100 min) in stop buffer for 30 minutes at 37 °C. DNA cleavage was visualized

on 6% Native PAGE and band intensity was quantified (GelAnalyzer 19.1, excluding

background by rolling ball method, peak width tolerance = 20% of lane profile length).

3.4.9. DNA superhelicity effects on Cas9 dynamics
We estimate the work done by Cas9 to unwind the DNA helix on the basis of a single

molecule data from Ivanov et al. (2020) [47]. In the study, magnetic tweezers twist a

linear DNA substrate containing a target that perfectly or partially matches gRNA 1. A

rotor bead reveals the transition rates 𝑘𝑖𝑗 between the R­loop states 𝑖 ∈ {P, I,O}, with
“P” the PAM state, “I” the intermediate state, and “O” the open R­loop state. The torque 𝜏
follows from the total DNA twist 𝜓 imposed by the magnetic tweezers, and the angle 𝜔
by which Cas9 locally unwinds DNA for R­loop formation, leading to overwinding of the

tether. It is calculated as

𝜏 = 𝜅 ⋅ (𝜓 + 𝜔), (3.16)
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with the parameters defined such that positive and negative 𝜓 and 𝜏 respectively reflect
over­ and underwound DNA, and 𝜔 ≥ 0 by definition. The observed torsional stiffness of

𝜅 = 1.48 pNnm rot−1 (Figure 3.S7) is expected for a 5 kb tether with a twist persistence

length 𝐶 = 100 nm for linear DNA under a tension of 5 pN [78, 79]. R­loop completion

corresponds to full B­DNA unwinding, 𝜔 = 681° ≈ 20 × 34° (Figure 3.S7).

In CRISPRzip, we assume constant DNA helix unwinding with angular distances 𝜑 to

the transition states and 𝜃 between the R­loop states (Figure 3.7A). For DNA under

a torque 𝜏0 = 𝜅 ⋅ 𝜓 in its unopened state, the free­energy landscape 𝑈𝑏(𝜏0) can be

obtained from the landscape 𝑈𝑏(0) on unconstrained DNA by including the angular work

to extend the R­loop,

𝑈𝑏(𝜏0) = 𝑈𝑏(0) + ∫
𝑏𝜃

0
𝜏𝑑𝜔

= 𝑈𝑏(0) + 𝜏0 ⋅ 𝑏𝜃 + 1
2

𝜅 (𝑏𝜃)2.
(3.17)

Similarly, the R­loop extension rates 𝑘𝑏→𝑏+1 change according to the work to reach the

next transition state,

𝑘𝑏→𝑏+1(𝜏0) = 𝑘f ⋅ exp (− 1
𝑘𝐵𝑇

∫
𝑏𝜃+𝜑

𝑏𝜃
𝜏𝑑𝜔)

= 𝑘f ⋅ exp ⎛⎜
⎝

−
𝜏0 ⋅ 𝜑 + 𝜅 𝑏𝜃 𝜑 + 1

2
𝜅𝜑2

𝑘𝐵𝑇
⎞⎟
⎠

.
(3.18)

If the DNA substrate has significant torsional stiffness 𝜅, the R­loop extension rates are
no longer constant across all states 𝑏.
We fix the value 𝜃 = 34° on the basis of the observed full B­DNA unwinding.

The transition angle 𝜑 is estimated by fitting transition rates 𝑘̂𝑖𝑗 on perfect target 1

to experimental data (measured with twist cycling of 3 rpm and 15 rpm). For the

PAM­intermediate transitions (𝑘PI and 𝑘IP), kinetic data is added from the off­target with

mismatches from position 𝑏 = 13 on. To calculate 𝑘̂𝑖𝑗 in CRISPRzip, we 1) assume a

position 𝑏 of state “I”; 2) calculate the arrival time distributions between states “P”, “I”
and “O”; and 3) fit exponential functions to these distributions with fit rates 𝑘̂𝑏

PI
, 𝑘̂𝑏

IP
, 𝑘̂𝑏

IO

and 𝑘̂𝑏
OI
. This process is carried out for assumed intermediate states 𝑏 ∈ {9, … , 13},

after which we determine the final effective rates according to Boltzmann statistics of the

intermediate states,

𝑘̂𝑖𝑗 =
∑13

𝑏=9 exp(−𝑈𝑏/𝑘𝐵𝑇 ) ⋅ 𝑘̂𝑏
𝑖𝑗

∑13
𝑏=9 exp(−𝑈𝑏/𝑘𝐵𝑇 )

. (3.19)

We perform a log­least­squares fit of the transition angle 𝜑 to the experimental rates 𝑘PI,
𝑘IP, 𝑘IO and 𝑘OI as well as their ratios 𝑘PI/𝑘IP and 𝑘IO/𝑘OI, the latter of which are added
to assign extra weight to the relative state stabilities in the optimization.

In a genome, the torsion on DNA follows from the superhelical density 𝜎, which
quantifies how much the helix is overwound (𝜎 > 0) or underwound (𝜎 < 0) compared
to its relaxed state. For an E. coli genome with 𝜎 = −0.05, the DNA helix makes 5%
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fewer turns than it would at its natural helix repeat of ℎ0 = 10.5 bp = 3.6 nm. The torque
on a genome is given by 𝜏 = 𝐶eff 2𝜋 𝜎 𝑘𝐵𝑇 /ℎ0, where 𝐶eff = 20 nm is the effective twist

persistence length of plectonemic, tensionless DNA [78, 79]. These values predict a

torque of 𝜏 = −7.2 pNnm on supercoiled bacterial genomes at 𝜎 = −0.05. Due to the
large sizes of genomes (5 Mb for E. coli), their torsional stiffness is negligibly small

(𝜅 ≈ 10−4 𝑘𝐵𝑇 rot−1) and a constant torque 𝜏 = 𝜏0 can be assumed.
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3.8. Supplementary Figures

Figure 3.S1: Calculation of the R­loop cost. At each R­loop extension step, a DNA:DNA

base pair is broken up and an RNA:DNA base pair is established. The nearest neighbor

parameters describe the stability of a stack of two neighboring base pairs, e.g. the base stack

5’­GT­3’ / 3’­CA­5’ (or equivalently, 5’­AC­3’ / 3’­TG­5’) at position 𝑏 = 1 has a free energy

Δ𝐺∘
37(dGT/dCA). Alkan et al. (2018) [23] prescribes a collection of nearest­neighbor parameters

and a methodology to add them, accounting for the presence of mismatches between the DNA

and gRNA sequence. The total R­loop cost under standard conditions is calculated as a

progressive sum over all nearest­neighbor parameters.

Figure 3.S2: Influence of temperature and salt on the base stack exchange cost. The

base exchange cost Δ𝐺RNA:DNA − Δ𝐺DNA:DNA represents the work required to replace a dsDNA

base stack by a hybrid RNA:DNA base stack. No mismatching base pairs are included. The

notation rGU/dCA indicates replacing 5’­GT­’3 / 3’­CA­5’ dsDNA base pairs with 5’­GU­3’ /

3’­CA­5’ hybrid base pairs. Parameters at standard conditions (1MNaCl, 37 °C) are from

SantaLucia & Hicks (2004) [39] (dsDNA) and Sugimoto et al. (1995) [40] (RNA:DNA). Parameters

at physiological salt (100mM NaCl) and room temperature (22 °C) are from SantaLucia &

Hicks (2004) [39] and Banerjee et al. (2020) [45].
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Figure 3.S3: Obtained parameter sets. Example parameter sets as obtained from different

training settings. For each, 200 optimization runs are performed at fixed 𝛼 = 0.7. The parameter
sets consist of 20 perfect­target protein contributions 𝑈P,pt

𝑏 , 20 protein mismatch penalties 𝑄P
𝑏 and

the R­loop rate 𝑘f. Solid, dotted line shows best­scoring parameter set, light lines show the 5

next­best scoring parameter sets (shown as large and small dots in the right panels). White line

indicates median of the top 50% solutions, light gray region shows their 50% confidence intervals

(shown as error bars in the right panels).
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Figure 3.S4: Fit scores on data subsets. A Partial fit costs 𝐶 on the perfect target (PT), single

mismatch off­targets (1 mm) and double mismatch off­targets (2 mm), split according to the train

and test group (90%/10% data split). Bars show average fit cost of the top 50% results from 200

optimization runs, error bars show 95% confidence interval. A sum of all partial fit costs 𝐶
weighted according to their group size (Equation 3.12) results in the total fit score (Figure 3.2B).

B Total and partial fit costs of the top­50% parameter sets from training on library 1 and 2

in isolation (blue, green) and simultaneously (orange), together with the performance of the

simplified parameter set (Figure 3.3B).
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Figure 3.S5: CRISPRzip predictions Predicted landscapes and kinetics (orange) for several
targets in libraries 1 and 2, made with the simplified parameter set. Perfect target landscapes
(light gray) are shown for reference. Experimental data shown (blue) with error bars indicating
standard deviation and with exponential fit curve (dotted line). Curve fit scores 𝐶𝑖 reported next
to binding and cleavage predictions.
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Figure 3.S6: Anomalously binding library 1­targets. A Selection of 441 targets in library 1 that

display anomalously stable binding. B Correlating the parameters of exponential fit curves to the

experimental and simulated data: the maximum bound fractions 𝜙bnd, binding rates 𝑘bnd and
cleavage rates 𝑘clv. C Inspection of the sequences of the 441 targets. Top panel: total occurrence

of specific mismatches, by base type. Center and bottom panel: occurrence of mismatch

positions, in isolation (center) or in pairs (bottom). The selection includes at most 3 targets with a

single mismatch at a particular position (center) and at most 9 targets with a mismatch pair at a

particular position (bottom). See Figure 3.S5 for targets A06G A19C and G10C G20C.

Figure 3.S7: Torsional stiffness in single­molecule twisting experiments. The torsional

stiffness 𝜅 = 𝜏/𝜓 of the full DNA tether is determined with a linear fit to the torque­twist curve.
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Figure 3.S8: Lower and upper bounds to R­loop stability. Free energy landscapes on the

most stable (poly­G target) and least stable (poly­T target / poly­U gRNA) R­loops according to

nearest­neighbor parameters. Target­1 and ­2 landscapes are shown for reference.

3.9. Supplementary Data

parameter(s) name value source

𝑈𝑃,pt
1 , … , 𝑈𝑃,pt

20 perfect­target protein contribution free

𝑄𝑃
1 , … , 𝑄𝑃

20 protein mismatch penalties free

𝑈𝑅
1 , … , 𝑈𝑅

20 R­loop cost sequence­dependent Alkan et al. (2018) [23]

𝛼 R­loop scaling coefficient 0.7 This work

𝑘f R­loop extension rate free

𝑘cat catalysis rate 4.0 s−1 Gong et al. (2018) [37]

𝑘0
on PAM­binding rate 3.4 ⋅ 10−2 nM−1 s−1 This work

𝑘off PAM­unbinding rate 1.0 s−1 This work

𝜃 R­loop step angle 34° Ivanov et al. (2020) [47]

𝜑 transition angle 50° This work

Table 3.S1: Free and fixed parameters in CRISPRzip.
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parameter value (𝑘𝐵𝑇)

𝑈P,pt

1 1.344

𝑈P,pt

2 1.546

𝑈P,pt

3 1.766

𝑈P,pt

4 2.194

𝑈P,pt

5 1.990

𝑈P,pt

6 2.697

𝑈P,pt

7 2.065

𝑈P,pt

8 0.225

𝑈P,pt

9 ­0.818

𝑈P,pt

10 ­2.991

𝑈P,pt

11 ­4.022

𝑈P,pt

12 ­2.582

𝑈P,pt

13 ­1.101

𝑈P,pt

14 0.193

𝑈P,pt

15 ­1.401

𝑈P,pt

16 ­2.889

𝑈P,pt

17 ­3.552

𝑈P,pt

18 ­4.464

𝑈P,pt

19 ­6.045

𝑈P,pt

20 ­11.154

parameter value (𝑘𝐵𝑇)

𝑄P
1 4.445

𝑄P
2 2.097

𝑄P
3 1.548

𝑄P
4 2.048

𝑄P
5 1.750

𝑄P
6 3.657

𝑄P
7 4.839

𝑄P
8 2.566

𝑄P
9 3.237

𝑄P
10 2.816

𝑄P
11 2.703

𝑄P
12 1.851

𝑄P
13 3.164

𝑄P
14 3.691

𝑄P
15 3.625

𝑄P
16 3.910

𝑄P
17 2.382

𝑄P
18 2.282

𝑄P
19 2.444

𝑄P
20 2.233

parameter value (s−1)

𝑘f 292.6

Table 3.S2: Simplified parameter set.
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Name RNA sequence (5’ to 3’)

sgRNA 1 GUUUUAGAGCUAGAAAUAGCAAGUUAAAAUAAGGCUAGUC

CGUUAUCAACUUGAAAAAGUGGCACCGAGUCGGUGCUUUU

GACGCAUAAAGAUGAGACGC

sgRNA 2 GUUUUAGAGCUAGAAAUAGCAAGUUAAAAUAAGGCUAGUC

CGUUAUCAACUUGAAAAAGUGGCACCGAGUCGGUGCUUUU

GUGAUAAGUGGAAUGCCAUG

Table 3.S3: gRNA used in the study. Target­matching sequences are highlighted in red.

Name DNA sequence (5’ to 3’)

Pr2.21

Perfect target 1

ATAACTAATTGAGCTGAACGCACCAACGTGGTACTCTGTGCA

GATTTTAGACGCATAAAGATGAGACGCTGGTGATCGTCTTAG

AGACAAGCACAGTCTCTCCACGAAGCATTACTCTAGCACAAC

TACACGACTATTCAG

Pl0.63

Empty plasmid vector

ACGCGTCGCGAGGCCATATGGGTTAACCCATGGCCAAGCTT

GCATGCCTGCAGGTCGACGGGCCCGGGAATGATACGGCGA

CCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCCGA

TCTAACCGCCGAATAACAGAGTGTACAGTGTGCGAGGCGTT

CTTAGATCGGAAGAGCACACGTCTGAACTCCAGTCACTTGTT

CTTTTGCACTACCGTCAGGTAATCTCGTATGCCGTCTTCTGC

TTGCCCGGGTTTAAACACATGTGTTTTTCCATAGGCTCCGCC

CCCCTGACGAGCATCACAAAAATCGACGCTCAAGTCAGAGG

TGGCGAAACCCGACAGGACTATAAAGATACCAGGCGTTTCC

CCCTGGAAGCTCCCTCGTGCGCTCTCCTGTTCCGACCCTGC

CGCTTACCGGATACCTGTCCGCCTTTCTCCCTTCGGGAAGC

GTGGCGCTTTCTCATAGCTCACGCTGTAGGTATCTCAGTTCG

GTGTAGGTCGTTCGCTCCAAGCTGGGCTGTGTGCACGAACC

CCCCGTTCAGCCCGACCGCTGCGCCTTATCCGGTAACTATC

GTCTTGAGTCCAACCCGGTAAGACACGACTTATCGCCACTG

GCAGCAGCCACTGGTAACAGGATTAGCAGAGCGAGGTATGT

AGGCGGTGCTACAGAGTTCTTGAAGTGGTGGCCTAACTACG

GCTACACTAGAAGGACAGTATTTGGTATCTGCGCTCTGCTGA

AGCCAGTTACCTTCGGAAAAAGAGTTGGTAGCTCTTGATCCG

GCAAACAAACCACCGCTGGTAGCGGTGGTTTTTTTGTTTGCA

AGCAGCAGATTACGCGCAGAAAAAAAGGATCTCAAGAAGAT

CCTTTGATCTTTTCTACGTTACGCCCCGCCCTGCCACTCATC

GCAATACTGTTGTAATTCATTAAGCATTCTGCCGACATGGAA

GCCGTCACAGACGGCATGATGAACCTGAATCGCCAGCGGCA

TCAGCACCTTGTCGCCTTGCGTATAATATTTGCCCATGGTGA

AAACGGGGGCGAAGAAGTTGTCCATATTGGCCACGTTTAAA

TCAAAACTGGTGAAACTCACCCAGGGATTGGCTGAGACGAA

AAACATATTCTCAATAAACCCTTTAGGGAAATAGGCCAGGTT

TTCACCGTAACACGCCACATCTTGCGAATATATGTGTAGAAA

CTGCCGGAAATCGTCGTGGTATTCACTCCAGAGCGATG...
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Name DNA sequence (5’ to 3’)

Pl0.63

Empty plasmid vector

(continued)

...AAAACGTTTCAGTTTGCTCATGGAAAACGGTGTAACAAGG

GTGAACACTATCCCATATCACCAGCTCACCGTCTTTCATTGC

CATACGGAATTCCGGATGAGCATTCATCAGGCGGGCAAGAA

TGTGAATAAAGGCCGGATAAAACTTGTGCTTATTTTTCTTTAC

GGTCTTTAAAAAGGCCGTAATATCCAGCTGAACGGTCTGGTT

ATAGGTACATTGAGCAACTGACTGAAATGCCTCAAAATGTTC

TTTACGATGCCATTGGGATATATCAACGGTGGTATATCCAGT

GATTTTTTTCTCCATACTCTTCCTTTTTCAATATTATTGAAGCA

TTTATCAGGGTTATTGTCTCATGAGCGGATACATATGGGTT

Pl1.70

Perfect target 1 plasmid

ACGCGTCGCGAGGCCATATGGGTTAACCCATGGCCAAGCTT

GCATGCCTGCAGGTCGACGGGCCCGGGAATGATACGGCGA

CCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCCGA

TCTATAACTAATTGAGCTGAACGCACCAACGTGGTACTCTGT

GCAGATTTTAGACGCATAAAGATGAGACGCTGGTGATCGTCT

TAGAGACAAGCACAGTCTCTCCACGAAGCATTACTCTAGCAC

AACTACACGACTATTCAGAGATCGGAAGAGCACACGTCTGA

ACTCCAGTCACTTGTTCTTTTGCACTACCGTCAGGTAATCTC

GTATGCCGTCTTCTGCTTGCCCGGGTTTAAACACATGTGTTT

TTCCATAGGCTCCGCCCCCCTGACGAGCATCACAAAAATCG

ACGCTCAAGTCAGAGGTGGCGAAACCCGACAGGACTATAAA

GATACCAGGCGTTTCCCCCTGGAAGCTCCCTCGTGCGCTCT

CCTGTTCCGACCCTGCCGCTTACCGGATACCTGTCCGCCTT

TCTCCCTTCGGGAAGCGTGGCGCTTTCTCATAGCTCACGCT

GTAGGTATCTCAGTTCGGTGTAGGTCGTTCGCTCCAAGCTG

GGCTGTGTGCACGAACCCCCCGTTCAGCCCGACCGCTGCG

CCTTATCCGGTAACTATCGTCTTGAGTCCAACCCGGTAAGAC

ACGACTTATCGCCACTGGCAGCAGCCACTGGTAACAGGATT

AGCAGAGCGAGGTATGTAGGCGGTGCTACAGAGTTCTTGAA

GTGGTGGCCTAACTACGGCTACACTAGAAGGACAGTATTTG

GTATCTGCGCTCTGCTGAAGCCAGTTACCTTCGGAAAAAGA

GTTGGTAGCTCTTGATCCGGCAAACAAACCACCGCTGGTAG

CGGTGGTTTTTTTGTTTGCAAGCAGCAGATTACGCGCAGAAA

AAAAGGATCTCAAGAAGATCCTTTGATCTTTTCTACGTTACG

CCCCGCCCTGCCACTCATCGCAATACTGTTGTAATTCATTAA

GCATTCTGCCGACATGGAAGCCGTCACAGACGGCATGATGA

ACCTGAATCGCCAGCGGCATCAGCACCTTGTCGCCTTGCGT

ATAATATTTGCCCATGGTGAAAACGGGGGCGAAGAAGTTGT

CCATATTGGCCACGTTTAAATCAAAACTGGTGAAACTCACCC

AGGGATTGGCTGAGACGAAAAACATATTCTCAATAAACCCTT

TAGGGAAATAGGCCAGGTTTTCACCGTAACACGCCACATCTT

GCGAATATATGTGTAGAAACTGCCGGAAATCGTCGTGGTATT

CACTCCAGAGCGATGAAAACGTTTCAGTTTGCTCATGGAAAA

CGGTGTAACAAGGGTGAACACTATCCCATATCACCAGCTCA

CCGTCTTTCATTGCCATACGGAATTCCGGATGAGCATTCATC

AGGCGGGCAAGAATGTGAATAAAGGCCGGATAAAACTTGTG

CTTATTTTTCTTTACGGTCTTTAAAAAGGCCGTAATATCCAG...
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Name DNA sequence (5’ to 3’)

Pl1.70

Perfect target 1 plasmid

(continued)

...CTGAACGGTCTGGTTATAGGTACATTGAGCAACTGACTGA

AATGCCTCAAAATGTTCTTTACGATGCCATTGGGATATATCAA

CGGTGGTATATCCAGTGATTTTTTTCTCCATACTCTTCCTTTT

TCAATATTATTGAAGCATTTATCAGGGTTATTGTCTCATGAGC

GGATACATATGGGTT

Pr6.32

HiFi forward (vector)

AGATCGGAAGAGCACACGTC

Pr6.31

HiFi reverse (vector)

AGATCGGAAGAGCGTCGTGT

Pr6.29

HiFi forward (insert)

ACACGACGCTCTTCCGATCTATAACTAATTGAGCTGAACGCA

C

Pr6.30

HiFi reverse (insert)

GACGTGTGCTCTTCCGATCTCTGAATAGTCGTGTAGTTGTGC

T

Pr7.77

SDM C3T forward

GACGCATAAAGATGAGATGCTGGTGATCGTC

Pr7.78

SDM C3T reverse

GACGATCACCAGCATCTCATCTTTATGCGTC

Pr7.79

SDM G5A forward

GACGCATAAAGATGAAACGCTGGTGATCGTC

Pr7.80

SDM G5A reverse

GACGATCACCAGCGTTTCATCTTTATGCGTC

Table 3.S4: Plasmids, DNA targets and their primers used in the study.
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Ieva Jaskovikaitė, Hidde S. Offerhaus, Marius
Vinogradovas, Ursule Barkauskaitė, Martin Depken,

StephenK. Jones

Programmed with an RNA guide, Cas9 directs double­stranded DNA cleavage via

its two nuclease domains. However, Cas9 sometimes falsely identifies DNA targets

by binding and cleaving DNA that does not match its PAM and gRNA sequence

requirements. Cas9’s specificity is often affected by DNA topology, as DNA negative

supercoiling can increase off­target activity while positive supercoiling can even prevent

on­target activity. Such dramatic DNA topological changes routinely occur in cells

as a result of transcription and replication, making Cas9’s specificity a challenge for

gene editing. To determine how Cas9 imparts its specificity across sequences and

topologies, we directly mapped kinetic cleavage rates and sites for thousands of

relaxed and negatively­supercoiled target sequences via NucleaSeq. We find that

negative supercoiling accelerates off­target cleavage up to a thousand­fold, and can

shift cleavage sites by two nucleotides. Guide­target mispairs differentially impacts

RuvC and HNH domains, which can lead to topology­dependent nicking by Cas9.

Finally, we predict these variations in Cas9 cleavage activity with a biophysical model

that accounts for DNA topological state. These efforts expose Cas9’s strand­specific

off­target cleavage activity and will improve off­target identification for more predictable

and safer gene editing.

H.S.O. contributed to this chapter through modeling and data analysis; all experimental work was carried

out by other authors. See Author contributions (Section 4.5).

This chapter is under preparation for submission. A preprint is available on bioRxiv.
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4.1. Introduction
The Streptococcus pyogenes Clustered Regularly Interspaced Short Palindromic

Repeats (CRISPR)–associated 9 (Cas9) nuclease forms a ribonucleoprotein (RNP)

complex with a guide RNA (gRNA; made of CRISPR­RNA and trans­activating RNA) [1],

that is capable of recognizing target DNAs [2]. Upon locating an NGG protospacer

adjacent motif (PAM), Cas9 forms an R­loop by melting the adjacent DNA and pairing it

with its gRNA [2–4]. Given sufficient complementarity, the two nuclease domains, HNH

and RuvC, cleave target and non­target DNA strands, respectively [5, 6]. Due to simple

gRNA reprogramming of Cas9 to different targets, the nuclease is widely used in the lab

and attractive for the clinic [7–9].

Cas9 occasionally operates on partially­matched targets, which can trigger edits at

unintended locations and even chromosomal rearrangements [10, 11]. Such lack of

specificity includes accepting non­canonical PAM sequences (i.e. NGA and NAG) [12,

13] and mispairs within the 20­nucleotide target [14–20]. Cas9 tolerates gRNA­relative

mispairs in vitro and in vivo [14–20], with greater tolerance for PAM­distal mispairs

than for PAM­proximal “seed” mispairs (positions ~5–10) [17]. Cas9’s cumulative

activity across off­targets can be as frequent as it is for on­targets [15, 16, 21]. For

gRNAs tested on the human genome, single base mismatches are most prevalent

within off­targets [21], even within off­targets containing other mispairs (gRNA­relative

deletions or insertions) [15]. Concerns about off­targets have motivated investigations

into off­target binding patterns [14, 22], cleavage patterns [14, 16], and their relation to

gRNA sequence [23–25]. These studies, and the models built upon them [26–32], help

make genome editing safer by pinpointing, predicting and avoiding Cas9’s promiscuity.

Unfortunately, current in silico prediction models still miss bona fide off­targets, and

would benefit from including additional variables that impact Cas9 activity.

Recent studies show that DNA topology—specifically negative supercoiling

(nSC)—can increase Cas9 off­target cleavage [16, 33, 34], and processes like

transcription induce such topological changes [35]. Negative supercoiling induces

transient DNA unwinding [36, 37] and increases Cas9’s propensity for cleaving genomic

off­targets [16]. Here, negative torque on the DNA stabilizes R­loop intermediates

for genomic off­targets with PAM­distal mispairs, encouraging cleavage. However,

PAM­proximal mispairs discourage R­loop intermediate formation, and negative torque

provides insufficient assistance to overcome them [33]. Similarly, catalytically “dead”

Cas9 (dCas9) can dwell longer on off­targets that are underwound [33, 34]. Yet, we still

miss a clear understanding of the role that supercoiling plays across Cas9 binding

and cleavage in the wider off­target space (in relation to mispair types, identities

and positions), rather than mismatch mispairs alone [38]. We also understand that

Cas9 cuts relaxed targets at different positions (and even trims ends) depending on

target sequence [6, 14, 39], but similarly miss whether supercoiling changes cleavage

positions within off­targets. This is especially critical, as changes in cleavage position

alter editing outcomes with Cas9 [40].

In this high­throughput study, we investigate how supercoiling impacts where

and how quickly Cas9 cleaves off­targets. Our results offer genome­agnostic,

nucleotide­resolution kinetics and DNA end analysis for supercoiled libraries of

systematically­mispaired off­targets. By expanding application of the NucleaSeq method



4.2. Results 81

[14] to supercoiled targets, we directly relate our results to our previous study on relaxed

DNA. We show that Cas9’s ability to cleave targets depends on the mispairs present and

the target’s topology. Supercoiling increases Cas9’s cleavage kinetics for off­targets with

seed­region mispairs, but cleaves off­targets with PAM­distal mispairs similarly whether

supercoiled or not. We observe that active Cas9 either nicks or repositions cleavage of

some off­targets with PAM­proximal indel mispairs. Finally, we use our biophysical

CRISPRzip model (Chapter 3) to rationalize the effects we observed in supercoiled

target experiments. The model allows us to predict Cas9 cleavage kinetics across target

sequences and supercoiling levels. Together, our data and model show the range of

Cas9 activity users can expect across the DNA topologies found in our genome.

4.2. Results
4.2.1. NucleaSeq captures Cas9 cleavage kinetics on supercoiled

DNA
The NucleaSeq method measures nuclease cleavage kinetics and cleavage position for

relaxed, linear DNAs [14]. However, negative supercoiling (nSC) plays an important

role in Cas9 targeting specificity [16, 33, 34], so we adapted NucleaSeq to capture

its effect on nuclease specificity during cleavage (Figure 4.1A). Our libraries [14, 41]

included targets that perfectly matched Cas9’s PAM and gRNA sequences gRNA1 and

gRNA2 (as used in [14, 22, 33, 42–45]) those with alternative PAMs, non­target control

sequences, and thousands of off­target sequences with gRNA­relative single or double

mismatches, insertions and deletions (Figure 4.1B). Each target sequence was flanked

by unique barcodes for post­cleavage identification.

We inserted each of our libraries’ members into a minimal 1.6kb plasmid vector and

transformed them into E. coli. Purified plasmid libraries were negatively supercoiled,

with a superhelical density of 𝜎 = −0.033 ± 0.007 (Figure 4.S1) [46]. For nSC

cleavage kinetics via NucleaSeq, we exposed each plasmid library to the Cas9

ribonucleoprotein complex (RNP) at 22 °C, periodically quenching samples from

the reaction (Methods 4.4). After removing the plasmid vector (Figure 4.1D), we

appended time­associated barcodes (e.g. sequencing indices) during preparation for

next generation sequencing (NGS). Samples were pooled together and sequenced

(Figure 4.1C). Sequencing read counts for each library member and timepoint were

normalized (as described in Jones et al. (2021) [14]) and fit to exponential functions to

determine effective cleavage rates (Figure 4.1E,F).

4.2.2. Mispairs affect Cas9 target cleavage rate and position
To investigate Cas9 specificity across targets when cleaving nSC DNA, we investigated

off­targets with three mispair types – mismatches, insertions or deletions (when

comparing target DNA to the gRNA used; Figure 4.2, 4.3). Mismatches can involve

non­canonical base pairing, while insertions and deletions can introduce nucleotide

bulges and base skipping [47]. Our previous NucleaSeq results used the same libraries

and analysis as present [14], enabling direct comparisons between relaxed and nSC

DNA cleavage kinetics. Relaxed DNA off­targets experience very slow cleavage by
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Figure 4.1: Adapting NucleaSeq for plasmid cleavage rate and site determinations. A Cas9

typically cleaves on­target DNA between the 3rd and 4th bases of the target (TS) and non­target

(NTS) strands (black arrows). Some on­targets experience non­target strand (NTS) cleavage

between the 4th and 5th bases (grey arrow). B Composition of targets in plasmid libraries for

gRNA 1 and 2. Both libraries include fully­matched (gRNA and PAM) on­targets, off­targets with

alternative PAMs, and off­targets with one or two mismatches, insertions and deletions relative to

the gRNA. C The updated NucleaSeq workflow assays plasmid cleavage. Plasmid library is

exposed to Cas9 for increasing times (Δt = 0, 0.16, 0.5, 1, 3, 10, 30, 100, 300, 1000 min) before

quenching (Stop). The quenched reactions contain cleaved and intact targets. Then, samples

are restricted with SapI and the plasmid vector is removed from library targets based on size.

DNAs remaining in each sample receive a time barcode during NGS preparation, and are finally

sequenced by short­read NGS. D A diagram shows individual cut (green) and intact (yellow)

DNAs from a supercoiled target library before (left) and after (right) NGS prep. Initially, two

unique barcodes (Left BC, Right BC) and SapI sites (hatch) flank each target. Cas9 cleavage

(arrows indicate site) separate one side’s unique barcode and SapI site from the other side’s.

Whether cut or intact, each piece of DNA receives a time barcode (Time BC) during the adapter

ligation step of NGS preparation. E Fraction of DNA remaining intact upon Cas9 exposure over

time for gRNA and PAM­matched on­target (Matched, purple) and two off­targets (9G10, green;

C3G, orange). Read counts (circles; intense colors=nSC while matched pastel colors=Rel) are

normalized at each time point to non­target controls, and then to the t=0 read counts. Exponential

functions are fit to read normalized counts from supercoiled DNA (solid lines) or relaxed DNA

(dashed lines). F Library­wide comparisons of cleavage rates for supercoiled versus relaxed

target DNA. Blue: Library 1 for gRNA 1. Grey: Library 2 for gRNA 2. Dashed line shows x=y.
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Cas9 when containing PAM­proximal “seed” mispairs as opposed to PAM­distal mispairs

(Figure 4.2). Here, Cas9 cleaved these same off­targets much faster when negatively

supercoiled, regardless of whether mispairs were proximal or distal, in agreement with

a prior study [38], and across our target libraries (Figure 4.2). Cas9 cleaved nSC

off­targets with single mismatches in the seed region up to 100­fold faster than relaxed

counterparts, while rates for most PAM­distal nSC off­targets were so fast as to be

indistinguishable from the on­target rate. Surprisingly, off­targets with a single deletion

mispair in the first 4 PAM­proximal positions were cleaved slower when supercoiled

than relaxed. Such unpaired bases may misalign the target DNA with Cas9’s cleavage

domains, and supercoiling could exacerbate this misalignment [47]. Off­targets with

insertions at positions 6–10 showed much faster cleavage on supercoiled DNA than

relaxed DNA, but not so for off­targets with insertions at positions 11–17—a region

where hybridization licenses Cas9 cleavage [48]. Among single mispair off­targets, the

difference between nSC and relaxed DNA cleavage rates was greatest for insertion

mispairs: some were cleaved >10k­fold faster when supercoiled. For some off­targets

with multiple (2+) mispairs, Cas9 still cleaves them, in agreement with cell­based

experiments [18]. These results highlight that Cas9 effectively “queries” DNA topology

when discriminating off­targets.

Finally, we analyzed differences in Cas9 cleavage sites library­wide, with respect

to supercoiling. Cas9 typically cleaves on­target DNAs between the third and fourth

nucleotides from the PAM, or occasionally the fourth and fifth on the non­target strand

(depending on the gRNA) [3, 14]. Similarly, mispairing and supercoiling might alter the

orientation of each DNA strand to its nuclease domain, thereby shifting cleavage sites.

We found that nSC off­targets with single mismatches were largely cleaved at the same

positions as their relaxed counterparts, and similarly to the on­target (Figure 4.3) [14].

However, for off­targets with PAM­proximal deletions, Cas9 often cleaved one nucleotide

closer (on the target strand; TS) or further (on the non­target strand; NTS) from the PAM,

independent of supercoiling. Off­targets with single PAM­proximal insertions showed the

greatest topology sensitivity: upon supercoiling, target strand cleavage shifted as much

as two nucleotides further from the PAM. This may result from downstream R­loop

hybridization more strongly impacting nucleotide positioning than PAM­PID interactions.

We investigated whether this extended to off­targets with two PAM­proximal insertions,

and found that indeed for some, TS cleavage sites were shifted an additional nucleotide

further away. Thus, while Cas9 slowly cleaves off­targets with PAM­proximal mispairs,

they nonetheless experience the greatest shift in cleavage sites relative to supercoiling.

4.2.3. Cleavage site-adjacent mispairs disrupt Cas9 nuclease
activity

Mispairing between the gRNA and target strand DNA distorts the heteroduplex structure

within Cas9 [49]. Supercoiled off­targets (with PAM­proximal insertion mispairs)

can experience Cas9 cleavage further from the PAM (Figure 4.3C) indicating that

supercoiling further distorts the heteroduplex. We hypothesized that this distortion

impacts cleavage by Cas9’s RuvC and HNH nuclease domains differently, which cannot

be detected via dsDNA cleavage alone. We selected three off­targets for deeper

investigation: “C3G”, “Δ3”, and “3A4” (DNA with G­C replacing C­G at position 3, no
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Figure 4.2: Supercoiling affects Cas9 cleavage rates in a mispair­dependent manner. Fitted

Cas9 cleavage rates for targets with one PAM­ or gRNA1­relative mismatch (A), deletion (B), or

insertion (C). Hollow circles: relaxed target values. Filled circles: supercoiled target values.

Targets with fewer than 30 reads at t=0 were omitted. Error bars: SD based on 50 rounds of

bootstrapping with replacement. X axis labels: NTS nucleotides and positions in relation to the

PAM and gRNA1. Grey box: approximate seed region. Dashed lines: on­target cleavage rate

(nSC and Rel). Solid lines: detection limits. Hatched regions contain fit values exceeding the

adjacent detection limit.

position 3 base pair, or an extra A­T between base pairs 3 and 4, with respect to the

gRNA­matched DNA sequence) (Figure 4.3). For Δ3 and 3A4, Cas9 nicked—but did not

cut—the DNA (Figure 4.4A,B). This suggests that at least one nuclease domain loses

its cleavage capacity where “extra” DNA or gRNA bases distort local pi­stacking and

structure, a phenomenon not observed with just a single mismatch [50] (Figure 4.4A,B).

To pinpoint which Cas9 cleavage domain becomes impaired—HNH or RuvC, we
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Figure 4.3: Supercoiling affects Cas9 cleavage positions in a mispair­dependent manner.

Cas9 cleavage positions for targets with one PAM­ or gRNA1­relative mismatch (A), deletion (B),

or insertion (C). Supercoiled (filled circles) or relaxed (hollow circles) target cleavage positions

are shown for the target strand (TS, top) and non­target strand (NTS, bottom). Indicated

cleavage positions were found in ≥10% of cut reads for one or more timepoints. Cleavage

positions are calculated away from the PAM. X axis labels: NTS nucleotides and positions in

relation to the PAM and gRNA1.

quantified single and double nicking events by WT Cas9 and HNH­ or RuvC­active

only Cas9 nickases on supercoiled Δ3 and 3A4 off­targets (Figure 4.4C–F). Then, we

measured HNH and RuvC behavior individually by performing these experiments with

relaxed, fluorescently­labeled DNAs (Figure 4.4C–F).

Wild­type Cas9 (WT Cas9) only nicked nSC Δ3 (Figure 4.4C) off­target plasmid

once, with no detectible second nick activity (Figure 4.4D). When investigating this

nSC plasmid with nickase RNPs, only the RuvC­active Cas9 generated a nick. This

suggested that WT Cas9’s RuvC operates on this target, but its HNH does not. When

investigating Cas9 activity with fluorescently labelled DNA (Figure 4.4C), both domains

generated cleavage products, albeit only faintly for HNH (Figure 4.4D). This activity

agrees with Cas9’s known topology­independent nicking activity [38, 50, 51]. When

investigating our off­target with an unpaired gRNA nucleotide at the typical cleavage site

(target 3A4, Figure 4.4E), we observed topology­dependent nicking: HNH activity only

occurred when the target was supercoiled (Figure 4.4F). Thus, a target’s sequence and

topological state together convert Cas9 from a nuclease to a nickase.
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Figure 4.4: Cleavage site­adjacent mispairing differentially inhibits Cas9 nuclease domains.

Cas9 cleavage (A) and nicking (B) of supercoiled or relaxed plasmids containing off­targets with

mispairs at position 3. Single exponential functions were fit to lane­normalized agarose gel band

intensities for supercoiled DNA (solid lines) or relaxed DNA (dashed lines). N=1. C Schematics

for off­target Δ3 DNAs used in D. D Fit nicking rates for off­target Δ3 (gRNA1­relative deletion)

when present in supercoiled plasmid DNA or relaxed linear DNA. WT Cas9, ΔH840A Cas9

nickase (active RuvC) or D10A Cas9 nickase (active HNH) were used as indicated. Single

exponential functions were fit to lane­normalized agarose gel band intensities for all samples

with detectable cut DNA in at least the last two timepoints (300 min and 1000 min). Relaxed

linear DNAs were co­labeled with a Cy5 fluorophore on the non­target strand (NTS) and a Cy3

fluorophore on the target strand (TS). Solid line: detection limit. Mean±SD. N≥3. * p≤0.05 with

Tukey’s post­hoc test, after testing for normality. E Schematics for off­target 3A4 DNAs used in

F. F Fit cleavage or nicking rates for off­target 3A4 (gRNA1­relative insertion) when present

in supercoiled plasmid DNA or relaxed linear DNA. WT Cas9, ΔH840A Cas9 nickase (active

RuvC indicated) and D10A Cas9 nickase (active HNH indicated) were used. Single exponential

functions were fit to lane­normalized agarose gel band intensities for all samples with detectable

cut DNA in at least the last two timepoints (300 min and 1000 min). Relaxed linear DNAs were

individually labeled with a Cy5 fluorophore on the non­target strand (NTS) or a Cy3 fluorophore

on the target strand (TS). Solid line: detection limit. Mean±SD. N≥3. * p≤0.05 with Tukey’s

post­hoc test, after testing for normality.
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Figure 4.5: Modeling the mechanistic effects of supercoiling. A The CRISPRzip model

simulates the kinetics of R­loop formation at base pair resolution. At state 𝑏, where 𝑏 hybrid

DNA:RNA base pairs are established, the free­energy difference with the neighboring states

𝑏 + 1 and 𝑏 − 1 respectively determine the rates of R­loop extension and recession. B Modeled

free­energy landscapes of R­loop formation for off­target T14C DNA when relaxed (yellow) or

supercoiled (brown). Free­energy landscapes for the on­target are shown for reference (grey).

Negative supercoiling effectively tilts the landscapes down. C Cleavage of target T14C, as

measured experimentally (circles) and as predicted with CRISPRzip (solid lines). The negative

landscape tilt results in accelerated cleavage. Error bars: SD based on propagated uncertainty

from Poisson­distributed initial read counts. D Measured vs CRISPRzip­predicated cleavage

rates 𝑘clv, after training CRISPRzip on the library­1 nSC cleavage data, which resulted in a fitted

plasmid torque of 𝜏0 = −3.6 ± 1.1 pNnm. Circles: data points for targets from library 1. Colors

indicate fit cost of that target.

4.2.4. A biophysical model captures the impact of supercoiling
on Cas9 specificity

To obtain physical insight into our observed effects of supercoiling on Cas9 specificity

(Figure 4.1, 4.2), we applied our mechanistic “CRISPRzip” model (Chapter 3).

CRISPRzip incorporates the effects of torque on Cas9 activity as previously

demonstrated on single molecules [33]. This model leverages the fact that Cas9’s R­loop

forms progressively during target interrogation (Figure 4.5A). CRISPRzip simulates the

kinetics of this process as stochastic progress through sequence­dependent free­energy

landscapes (Figure 4.5B,C). We obtained the underlying landscape parameters by

training on (d)Cas9 (binding) cleavage dynamics for relaxed targets with up to 2 point

mutations (library­1, Figure 4.S2, Methods 4.4). We integrated the effect of torque [33]

by letting DNA underwinding reduce the work needed to extend the R­loop, effectively

tilting R­loop landscapes downward and accelerating cleavage (Figure 4.5B,C). DNA

overwinding does the opposite.

To assess if our high­throughput kinetic data can be explained mechanistically,

we trained the torque level in CRISPRzip to the nSC cleavage kinetics measured

across library 1, as it contained the largest target set (Figure 4.1B). The obtained

estimate for the plasmid torque (𝜏0 = −3.6 ± 1.1 pNnm) corresponds to plasmids

with superhelical density 𝜎 = −0.03 ± 0.01 (Chapter 3), which agrees well with our

supercoiling estimates from gel electrophoresis (Figure 4.S1). Visualizing the predicted
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Figure 4.6: CRISPRzip predicts the mispair­dependent role of supercoiling in Cas9 binding

and cleavage. A CRISPRzip predicts the probability that dCas9 binds (𝑝bnd) and Cas9 cleaves
(𝑝clv) all targets with 0–2 mismatches after 15 minutes of exposure to 20 nM RNP. Tails (gray)

show each target’s sensitivity to supercoiling as changes in 𝑝bnd and 𝑝clv over 𝜎 + 0.001 to 𝜎,
where 𝜎 is the superhelical density. B CRISPRzip predicts Cas9 activity for negative and positive

DNA supercoiling, as found across genomes and cellular processes. C High­throughput in vitro

studies provide greater resolution and context to results from lower­throughput studies that

describe how DNA organization impacts Cas9 specificity and utility for genome editing.

and measured cleavage rates shows that CRISPRzip reproduces the cleavage kinetics

of most targets, spanning the full dynamic range (Figure 4.5D). The remaining variation

may be due to sequence­specific responses to supercoiling that are outside the model

scope.

We next leveraged CRISPRzip to understand the relationship between Cas9 off­target

binding and cleavage upon increased negative supercoiling. While binding is necessary

for cleavage to occur, even transient binding suffices. Weakly­bound off­targets may be

cleaved, just as well­bound targets may not be (Chapter 3). CRISPRzip modeling

indicates that “fast­cleaved but weakly­bound” targets become more stably bound with

increased negative supercoiling (Figure 4.6A; targets in the top left clear sooner upon

nSC). Further, CRISPRzip predicts the impact that positive supercoiling has on Cas9

activity (Chapter 3)—as seen during replication, transcription and in archaeal genomes

(Figure 4.6B).
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4.3. Discussion
Here, we investigated Cas9 off­target discrimination in a genome­agnostic manner,

exposing its intrinsic binding and cleavage specificity, and its dependence on target

supercoiling. We used the biophysical model CRISPRzip for a kinetic understanding

of (d)Cas9’s supercoiling sensitivity. Our work complements existing studies, which

typically investigate Cas9 specificity in cellular environments or on extracted genomes

(human, mouse, etc.) [52, 53]. Such results capture the impact of unique genome

characteristics like chromatin accessibility and transient topologies on Cas9 specificity.

Thus, off­target models built on these results exchange robust application across

genomes for accuracy within the genome used for training [52, 54]. Indeed, differential

gene expression across cell cycle phases and types dramatically impacts editing

efficiency, editing outcomes and off­target activity [53, 55, 56]. Our use of synthesized

libraries profiles Cas9 specificity with challenging yet comprehensive target sets that

exceed any individual genome’s contents.

Supercoiling represents a basic, nearly­universal aspect of topological DNA

organization, yet is the highest topological level for which high­throughput biochemical

Cas9 specificity studies are available (Figure 4.6C). The next step is compaction upon

nucleosomes. Available in vitro studies have examined extremely tight nucleosome

wrapping, which effectively prevents Cas9 access [57–59]. However, natural

nucleosome breathing (and chromatin remodeling) reveals targets, where cleavage

rates become equivalent to naked DNA targets [59, 60]. Further, Cas9 dwells on cellular

targets for several minutes after cleavage [61] but experiences dislocation by other

factors [62], thereby operating in a multiple­turnover regime. Thus, understanding how

nucleosome positioning and movement impacts Cas9 activity and specificity remains a

critical, but largely under­defined, factor that limits predictable action in the cell.

Target­gRNA mispair tolerance is also observed across other CRISPR­Cas enzymes:

CRISPR­Cas12a cleaves off­targets with mispairs and non­canonical PAMs [14, 63],

as does Cas12b, Cas12j, and Cas9 variants. For Cas12a, R­loop propagation and

cleavage rates across off­targets strongly correlate, as its mechanism relies heavily on

full R­loop propagation for successful dsDNA cleavage [64]. Even so, Cas12a shows

promiscuous and accelerated cleavage for supercoiled targets [65–67], while Cascade

shows very low binding and cleavage activity on relaxed targets [68–70]. Within the

Cas9 family, for archaeal AtCas9 and AhCas9, supercoiling nearly abolishes PAM

requirements for supercoiled targets, but not for relaxed ones [71]. Enzymes from other

defense systems, like Gabija, also show preference for supercoiled DNA for its cleavage

[72]. Thus, Cas9’s mispair tolerance reflects a typical, rather than exceptional, feature

found in defense systems.

Our results show two “proofs­of­concept” where Cas9 could be developed: as a

supercoiling detector, or a mutation­free nickase. We reported that some off­targets

experience a massive increase in Cas9 cleavage rate when negatively supercoiled (e.g.

9G10; Figure 4.3, Figure 4.S3). By programming Cas9 with a gRNA that recreates

such a mispair, one would effectively convert DNA cleavage into a sensor for DNA

torque. This could offer a simple and targeted alternative to intercalator assays [46]. We

also reported that mispairing (3A4, Δ3; Figure 4.4D,F) can suppress HNH domain

activity, converting WT Cas9 into a nickase. Base and prime editing are both enhanced



90 4. Supercoiling twists Cas9 off­target discrimination when binding, nicking and cleaving

by nicking, where prime editing uses HNH­inactive Cas9 [73, 74]. Thus, mispairing

gRNAs may offer reinforcement, or even replacement, of inactivating mutations in these

applications.

4.4. Methods
4.4.1. sgRNAs
All sgRNAs used in this study were purchased from Synthego or GenScript and diluted

in 1 mM Tris, 0.1 mM EDTA, pH 8.0 (Table 4.S1).

4.4.2. Plasmid library construction
This study used barcoded target libraries (GenScript) [14, 41] amplified by PCR (Phusion

Plus polymerase, Thermo Scientific, Table 4.S2, primers Pr6.29/Pr6.30 for library 1;

Pr7.26/Pr7.27 for library 2) with 25 cycles or less to maintain library diversity and then

column purified (GeneJET PCR purification kit, Thermo Scientific). Plasmid backbone

(Table 4.S2, Pl0.63) was similarly amplified with 20 cycles or less with Pr6.31/Pr6.32

for library 1 and Pr7.28/Pr7.29 for library 2 (Table 4.S2), then column purified. Both

libraries were inserted into empty plasmid backbone via HiFi assembly (NEB), using a

5:1 ratio of library to backbone.

4.4.3. Plasmid library transformation and extraction
HiFi­assembled libraries were electroporated (ECM630, BTX; 1.8kV) into TOP10 E. coli

cells (Invitrogen). To ensure efficient transformation and sufficient library representation,

104­fold dilutions were plated on Lb Agar + chloramphenicol (25μg/mL) and grown at 37

°C for 20h. Target libraries 1 and 2 had ≥120 and ≥90 colonies per library member

collected from one or more transformations. Transformed cells were plated on 3+

150mm Lb agar plates with chloramphenicol (25μg/mL). After growing the cells at 30 °C

for 20­22h, the plates were scraped with 3mL LB media a total of three times, and then

purified (Pure II Plasmid Midiprep kit, Zymo Research, D4201).

4.4.4. Superhelical density determination
To determine the superhelical density of purified plasmids, a previous protocol

was modified [46] to accommodate our compact plasmid (1.7 kb). A subset of

purified plasmids was relaxed with Topoisomerase I (NEB). Supercoiled and relaxed

plasmids (0.5μg each) were ran on a 1% agarose gel (TBE, 2.4μg/mL of chloroquine

diphosphate (Fisher Scientific) in the gel and the buffer) at 3V/cm for 4 hours, then

post­stained with SYBR Safe (Invitrogen). We calculated band intensity profiles using

GelAnalyzer 19.1. The change in linking number distribution (ΔLk) was calculated

by counting bands from the middle of relaxed DNA to the middle of supercoiled DNA

bands (Figure 4.S1), and then superhelical density was calculated as described in

Martínez­García et al. (2018) [46].
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4.4.5. NucleaSeq
The reaction components—sgRNA (Table 4.S1, Cas9 (NEB), plasmid library—were

diluted in 100 mM NaCl, 50 mM Tris­HCl, 10 mM MgCl2, 100 µg mL−1 recombinant

albumin, pH=7.9 (r3.1 buffer, NEB), to the final reaction concentrations of 187.5nM,

62.5nM, 6.25nM, respectively. First, diluted sgRNA and Cas9 were mixed to form an

RNP for 15 minutes at 22°C. After the addition of the plasmid library, small aliquots of

the reaction were removed at different timepoints—0, 0.2, 0.5, 1, 3, 10, 30, 100, 300 and

1000 min—and added to the STOP solution (60mM EDTA, Carl Roth; 1U Proteinase K,

Thermo Scientific), then incubated at 37 °C for 30 minutes. Timepoint 0 was treated with

STOP solution before the addition of DNA. Each timepoint sample was then ethanol

precipitated.

The cleaned timepoint samples had their backbones cut out with an excess of SapI

(NEB). The resulting reactions were measured with High Sensitivity Assay (Qubit)

and half of each reaction was used for appending time indexes with NGS prep

(NEBNext, NEB). Barcoded samples were size­selected with AMPure XP magnetic

beads (Beckman Coulter) using 0.9X bead:DNA ratio, ran on capillary electrophoresis

(BioAnalyzer 2100, Agilent) and then sequenced on a NextSeq2000 (P2 100bp PE or

P3 100bp PE chemistry) at the EMBL GeneCore (Heidelberg, DE) with 10% PhiX spike

to increase sequence diversity.

4.4.6. NGS data analysis: identification, normalization and rate
fitting

Read counts for each library member were tabulated as previously described [14].

Briefly, paired NGS reads were merged, then filtered by quality and size. Acceptable

reads for intact DNAs required correct matching to both barcodes and the target for a

single library member, while cut DNAs required correct matching to a single barcode

and the portion of the remaining target. After assigning reads to their matching library

member, all read counts were scaled to the median non­target read count for each time

point. For library members with 30 initial read counts (𝑡 = 0), read counts for each

timepoint were normalized to the initial read counts. Standard deviations in read counts

were obtained by assuming Poisson­distributed read counts and propagating errors.

The experimental floor (defined as the median final timepoint value for all on­target

controls) was first subtracted from all normalized read counts. Next, these adjusted

normalized read counts were fit to a single exponential function to determine a cleavage

rate for each library member 𝑖 (𝑘clv,𝑖): 𝑦clv,𝑖(𝑡) = exp(−𝑘clv,𝑖 ⋅ 𝑡). Error in the fit was

estimated by 50 rounds of bootstrapping with replacement.

4.4.7. Single targets construction
Target sequences (Azenta, Table 4.S3 primers Pr2.21, Pr6.77, Pr6.79, Pr7.09, Pr7.32)

were amplified with Phusion Plus polymerase (Table 4.S2 primers Pr6.29 and Pr6.30).

Vector (Table 4.S2 Pl0.63) was the same for each target and was PCR amplified

(Phusion Plus polymerase, Table 4.S2 primers Pr6.31 and Pr6.32). All reactions were

column­purified (GeneJet column purification kit). Targets Δ3 and 3A4 had Cy3 and

Cy5 labels added via PCR (Phusion Plus polymerase, Table 4.S3 primers Pr7.50 and
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Pr8.27). Δ3 had both Cy3 and Cy5 simultaneously, while 3A4 had either one added at a

time. Cy3 was always placed on a target strand and Cy5 on a non­target strand. All

reactions were column­purified (GeneJet column purification kit).

Plasmids were assembled using HiFi assembly (NEB, 5:1 insert to vector ratio) and

electroporated (TOP10 competent cells, homemade). The plasmids were extracted from

several randomly picked colonies (GeneJet plasmid miniprep kit, Thermo Scientific;

Monarch plasmid miniprep kit, NEB) and sent out for sequencing (SeqVision UAB).

Colonies with the correct assemblies were amplified (ZymoPURE II plasmid midiprep kit,

Zymo Research).

Target C3G was made from “perfect” on­target plasmid (Table 4.S3, Pl1.70) by

site­directed mutagenesis (Phusion Plus polymerase, 56 °C annealing, Table 4.S3

primers Pr8.54 and Pr8.55). The resulting reaction was treated with DpnI (Thermo

Scientific) and electroporated (TOP10 competent cells, homemade). The plasmids

were extracted from several randomly picked colonies (GeneJet plasmid miniprep kit,

Thermo Scientific; Monarch plasmid miniprep kit, NEB) and sent out for sequencing

(SeqVision UAB). Colonies with the correct assemblies were amplified (ZymoPURE II

plasmid midiprep kit, Zymo Research). Half of each plasmid sample was relaxed with

Topoisomerase I (NEB) or Nb. BsrDI (NEB). The relaxation was confirmed on a 1%

Agarose gel electrophoresis in TBE buffer and the plasmids were then ethanol purified.

4.4.8. Single target nicking and cleavage assays and analysis
The assays were performed on three types of DNA topologies for each of the selected

single targets—supercoiled plasmid, relaxed plasmid, and linear PCR product. The

assay was performed with Cas9 (NEB), gRNA (Table 4.S1, R11) and DNA diluted in

100 mM NaCl, 50 mM Tris­HCl, 10 mM MgCl2, 100 µg mL−1 recombinant albumin,

pH=7.9 (r3.1 buffer, NEB). After the RNP was formed by incubating Cas9 with an excess

of gRNA for 15 minutes at room temperature, DNA was exposed to it for different

amounts of time (0, 0.2, 0.5, 1, 3, 10, 30, 100, 300, ≥1000 min) before the reaction was

stopped (60mM EDTA, 1U Proteinase K), and incubated at 37 °C for 30 minutes. Some

additional replicates omitted two final timepoints. The cleavage products were then

visualized on 1% agarose (plasmid cleavage and nicking), 10% native PAGE (linear

DNA cleavage) or 12% Urea PAGE in TBE buffer (linear DNA nicking).

To obtain cleavage rates from the gels, each gel was analyzed with GelAnalyzer

19.1 to quantify DNA band intensity. For fluorescently labelled targets, we quantified

bands (~200–180 bp) and cut products (~90–68bp) after subtracting bands (~90–85bp)

present in the control. The parameters used on the program included background

removal by a rolling ball with a peak width tolerance in 20% of lane profile length. Then,

the values were normalized per lane and timepoint, and scaled to 𝑡 = 0. Finally, we
obtained cleavage rate 𝑘clv,𝑖 by fitting a single exponential function to the diminishing
population of intact or nicked DNA: 𝑦clv,𝑖(𝑡) = exp(−𝑘clv,𝑖 ⋅ 𝑡). We similarly obtained

nicking rate 𝑘nck,𝑖 by fitting a function to the diminishing population of intact DNA only:

𝑦nck,𝑖(𝑡) = exp(−𝑘nck,𝑖 ⋅ 𝑡).
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4.4.9. Statistics
After obtaining cleavage rates, each set of single target assay replicates were tested

for normal distribution using Shapiro­Wilk test, and the significance between tested

conditions were analyzed using One­Way ANOVA and Tukey’s multiple comparison

post­hoc test with Past v4.03 [75]. If no cleaved products appeared in the last two

timepoints, no cleavage rate was assigned to that target.

4.4.10. Model methods
We fitted the mechanistic model CRISPRzip to the cleavage kinetics in library 1, as

follows: first, we established a parameter set for this library on linear DNA, following

the procedure described in Chapter 3. The landscape parameters (𝑈P,pt

𝑏 , 𝑄P
𝑏 and 𝑘f)

were trained to the relaxed­DNA cleavage and binding kinetics for all 1770 targets with

up to 2 mismatches in 200 independent training runs. From the 50% best­scoring

results, we calculated the median protein contributions (𝑈P,pt

𝑏 and 𝑄P
𝑏 ), and determined

the corresponding R­loop extension rate (𝑘f) by optimization (Figure 4.S2). Next,

we estimated the plasmid torque level 𝜏0 on the basis of the CRISPRzip torque

parameters 𝜃 = 34° and 𝜙 = 50° estimated from torque spectroscopy [33] (Chapter 3).

This torque­aware CRISPRzip version was trained to all supercoiled library­1 targets

with ≥50 initial counts (1/1 perfect target, 60/60 single­mismatch targets, 851/1709

double­mismatch targets). Our modeling explicitly considered the coupling between the

total R­loop opening angle 𝜔 and the plasmid torque 𝜏,

𝜏 = 𝜏0 + 𝜅 ⋅ 𝜔 (4.1)

where 𝜏0 is the initial plasmid torque (𝜏0 < 0 for negative supercoils), and

𝜅 is the plasmid’s torsional stiffness. For our 1.7­kb plasmids (length

𝐿 = 578 nm) with effective torsional persistence length 𝐶eff = 20 nm [76] we used

𝜅 = 𝐶eff/𝐿 𝑘𝐵𝑇 = 0.035 𝑘𝐵𝑇 rot−1 = 0.9 pNnm rad−1. We performed a weighted

least­squares fit of the plasmid torque 𝜏0 to the kinetic cleavage data, with cost function

𝐶 = ∑
𝑖

𝑤𝑖 𝐶𝑖 = ∑
𝑖

𝑤𝑖 ∑
𝑡

(( ̂𝑓clv,𝑖(𝑡) − 𝑓clv,𝑖(𝑡))
2 − RSSclv,𝑖) . (4.2)

Here, 𝐶𝑖 is the partial fit cost to target 𝑖, which scores the fit between the predicted

cleaved fraction ̂𝑓clv,𝑖(𝑡) and the measured cleaved fraction 𝑓clv,𝑖(𝑡). The value 𝐶𝑖
compares this score to RSSclv,𝑖, the residual sum of squares of individual exponential

fit curves 𝑦clv,𝑖 = 1 − exp(−𝑘clv,𝑖 ⋅ 𝑡) to each target 𝑖. The target weights 𝑤𝑖 were

defined such that the perfect target (𝑤𝑖 = 1), single­mismatches (𝑤𝑖 = 1/60) and
double­mismatches (𝑤𝑖 = 1/851) all contributed equally to the fit cost. After obtaining a
fit value for 𝜏0, we expressed the corresponding cleavage predictions in terms of the

effective cleavage rates 𝑘clv,𝑖 obtained with an exponential fit to the predicted cleavage
curves.
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4.6. Supplementary Figures
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Figure 4.S1: Gel­based superhelical density determination. Illustration of supercoiling

quantification method for Target­1 plasmids. The supercoiled and relaxed plasmid DNA inputs

were ran on an agarose gel mixed with 2.4 μg/mL of chloroquine in TBE buffer with the same

concentration of chloroquine (Methods 4.4). Band positions in the gel arise from the linking

number differences at the experimental chloroquine level, ΔLkCQ = ΔLk + 𝑓 ([CQ]). Here, the
original linking number difference ΔLk = Lk − 𝐿/ℎ0 applies to a plasmid of length 𝐿 = 1.7 kbp
and B­DNA pitch ℎ0 = 10.5 bp in absence of chloroquine. The function 𝑓([CQ]) captures how
chloroquine increases DNA pitch beyond ℎ0. In the lane with the originally relaxed plasmids,

the center of the intact­plasmid bands (labeled “intact”) revealed ΔLk = 0, and the nicked

plasmids in the population (labeled “nicked”) showed ΔLkCQ = 0. Based on the total band count,
we estimated 𝑓 ([CQ]) ≈ 8. With this value, each band in the supercoiled (nSC) population

corresponded to two possible ΔLk values, as 1D electrophoresis cannot discern positive and

negative supercoiling [46]. In line with previously measured 𝜎 = −0.032 ± 0.005 for 2–50 kb

plasmids in E. coli [77], we chose the lower value for ΔLk. Next, we obtained the band intensity

profiles (see Methods 4.4) and estimated the distribution mean and standard deviation by

maximum likelihood estimation. This approach resulted in ΔLk = −5.29 ± 1.15 for Target 2,

ΔLk = −4.77 ± 1.14 for Library 2, and ΔLk = −5.28 ± 1.31 for Target 1. A weighted average of

these three results yielded a superhelical density of 𝜎 = ΔLk/(𝐿/ℎ0) = −0.033 ± 0.007.
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A B C

Figure 4.S2: Custom CRISPRzip parameter set. Library­1­specific CRISPRzip parameter

values obtained for this study (blue; Methods 4.4), alongside original parameter values (gray).

The parameter sets comprise 20 perfect­target protein parameters 𝑈P,pt

𝑏 (A), 20 protein penalties

𝑄P
𝑏 (B) and 1 R­loop extension rate 𝑘f (C).
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Figure 4.S3: Gel­obtained cleavage rates of supercoiled vs relaxed on­ and off­targets.

Data is present as mean±SD, N=5 in each group. One­Way ANOVA with Tukey’s post­hoc test.
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4.7. Supplementary Data

Name RNA sequence (5’ to 3’)

Target 1 (R11) GUUUUAGAGCUAGAAAUAGCAAGUUAAAAUAAGGCUAGUC

CGUUAUCAACUUGAAAAAGUGGCACCGAGUCGGUGCUUUU

GACGCAUAAAGAUGAGACGC

sgRNA 2 GUUUUAGAGCUAGAAAUAGCAAGUUAAAAUAAGGCUAGUC

CGUUAUCAACUUGAAAAAGUGGCACCGAGUCGGUGCUUUU

GUGAUAAGUGGAAUGCCAUG

Table 4.S1: sgRNAs used in the study. Target sequence in red, scaffold in black.

Name DNA sequence (5’ to 3’)

Pr7.26_Target 2 library

forward

GCTCTTCCGATCTAACCGCCGAATAACAGAGT

Pr7.27_Target 2 library

reverse

TCTTCCGATCTAAGAACGCCTCGCACACT

Pr7.29_Vector 2

forward

GGCGTTCTTAGATCGGAAGAGCACACGTC

Pr7.28_Vector 2

reverse

GGCGGTTAGATCGGAAGAGCGTCGTGT

Pr6.29_Target 1 library

forward

ACACGACGCTCTTCCGATCTATAACTAATTGAGCTGAACGCA

C

Pr6.30_Target 1 library

reverse

GACGTGTGCTCTTCCGATCTCTGAATAGTCGTGTAGTTGTGC

T

Pr6.32_Vector 1

forward

AGATCGGAAGAGCACACGTC

Pr6.31_Vector 1

reverse

AGATCGGAAGAGCGTCGTGT

Pl0.63_Vector AGATCGGAAGAGCACACGTCTGAACTCCAGTCACTTGTTCTT

TTGCACTACCGTCAGGTAATCTCGTATGCCGTCTTCTGCTTG

CCCGGGTTTAAACACATGTGTTTTTCCATAGGCTCCGCCCCC

CTGACGAGCATCACAAAAATCGACGCTCAAGTCAGAGGTGG

CGAAACCCGACAGGACTATAAAGATACCAGGCGTTTCCCCC

TGGAAGCTCCCTCGTGCGCTCTCCTGTTCCGACCCTGCCGC

TTACCGGATACCTGTCCGCCTTTCTCCCTTCGGGAAGCGTG

GCGCTTTCTCATAGCTCACGCTGTAGGTATCTCAGTTCGGTG

TAGGTCGTTCGCTCCAAGCTGGGCTGTGTGCACGAACCCCC

CGTTCAGCCCGACCGCTGCGCCTTATCCGGTAACTATCGTC

TTGAGTCCAACCCGGTAAGACACGACTTATCGCCACTGGCA

GCAGCCACTGGTAACAGGATTAGCAGAGCGAGGTATGTA...
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Name DNA sequence (5’ to 3’)

Pl0.63_Vector

(continued)

...GGCGGTGCTACAGAGTTCTTGAAGTGGTGGCCTAACTACG

GCTACACTAGAAGGACAGTATTTGGTATCTGCGCTCTGCTGA

AGCCAGTTACCTTCGGAAAAAGAGTTGGTAGCTCTTGATCCG

GCAAACAAACCACCGCTGGTAGCGGTGGTTTTTTTGTTTGCA

AGCAGCAGATTACGCGCAGAAAAAAAGGATCTCAAGAAGAT

CCTTTGATCTTTTCTACGTTACGCCCCGCCCTGCCACTCATC

GCAATACTGTTGTAATTCATTAAGCATTCTGCCGACATGGAA

GCCGTCACAGACGGCATGATGAACCTGAATCGCCAGCGGCA

TCAGCACCTTGTCGCCTTGCGTATAATATTTGCCCATGGTGA

AAACGGGGGCGAAGAAGTTGTCCATATTGGCCACGTTTAAA

TCAAAACTGGTGAAACTCACCCAGGGATTGGCTGAGACGAA

AAACATATTCTCAATAAACCCTTTAGGGAAATAGGCCAGGTT

TTCACCGTAACACGCCACATCTTGCGAATATATGTGTAGAAA

CTGCCGGAAATCGTCGTGGTATTCACTCCAGAGCGATGAAA

ACGTTTCAGTTTGCTCATGGAAAACGGTGTAACAAGGGTGAA

CACTATCCCATATCACCAGCTCACCGTCTTTCATTGCCATAC

GGAATTCCGGATGAGCATTCATCAGGCGGGCAAGAATGTGA

ATAAAGGCCGGATAAAACTTGTGCTTATTTTTCTTTACGGTCT

TTAAAAAGGCCGTAATATCCAGCTGAACGGTCTGGTTATAGG

TACATTGAGCAACTGACTGAAATGCCTCAAAATGTTCTTTAC

GATGCCATTGGGATATATCAACGGTGGTATATCCAGTGATTT

TTTTCTCCATACTCTTCCTTTTTCAATATTATTGAAGCATTTAT

CAGGGTTATTGTCTCATGAGCGGATACATATGGGTTACGCGT

CGCGAGGCCATATGGGTTAACCCATGGCCAAGCTTGCATGC

CTGCAGGTCGACGGGCCCGGGAATGATACGGCGACCACCG

AGATCTACACTCTTTCCCTACACGACGCTCTTCCGATCT

Table 4.S2: Primers and plasmid backbone used. From Metabion or Azenta.
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Name DNA sequence (5’ to 3’)

Pr.2.21_Perfect target 1 ATAACTAATTGAGCTGAACGCACCAACGTGGTACTCTGTGCA

GATTTTAGACGCATAAAGATGAGACGCTGGTGATCGTCTTAG

AGACAAGCACAGTCTCTCCACGAAGCATTACTCTAGCACAAC

TACACGACTATTCAG

Pr6.77_T14C ATAACTAATTGAGCTGAACGCACGCGCTTGGTATCTTGCCCA

GATATTAGACGCACAAAGATGAGACGCTGGTGATCGTCTTA

GAGACAAGCACAGTCTCTCCTCTTCTATTGATGTCAGCACAA

CTACACGACTATTCAG

Pr6.79_9G10 ATAACTAATTGAGCTGAACGCACGTGCCGTACCTGTTGCTCA

GATTTTAGGACGCATAAAGGATGAGACGCTGGTGATCGTCTT

AGAGACAAGCACAGTCTTTGACGCGAACGAGAGCAGCACAA

CTACACGACTATTCAG

Pr7.09_Δ3 ATAACTAATTGAGCTGAACGCACCGGACTAGGAGAGAGAGC

AGATTTTAGACGCATAAAGATGAGAGCTGGTGATCGTCTTAG

AGACAAGCACAGTCTCTGCGGATCTTGACTGCATTAGCACAA

CTACACGACTATTCAG

Pr7.32_3A4 ATAACTAATTGAGCTGAACGCACTCAAGACAAGACGCTGGC

AGATTATTAGACGCATAAAGATGAGAACGCTGGTGATCGTCT

TAGAGACAAGCACAGTCTGAATCCATCGAGAACTGAGCACA

ACTACACGACTATTCAG

Pr8.54_SDM C3G

forward

GACGCATAAAGATGAGAGGCTGGTGATCGTC

Pr8.55_SDM C3G

reverse

GACGATCACCAGCCTCTCATCTTTATGCGTC

Pr7.50_Cy5 labeled

forward

/5ATTO647NN/ACACGACGCTCTTCCGATCTATAACTAATTGA

GCTGAACGCAC

Pr8.27_Cy3 labeled

reverse

/Cy3/GACGTGTGCTCTTCCGATCTCTGAATAGTCGTGTAGTT

GTGCT

Pl1.70_Perfect target 1 ACGCGTCGCGAGGCCATATGGGTTAACCCATGGCCAAGCTT

GCATGCCTGCAGGTCGACGGGCCCGGGAATGATACGGCGA

CCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCCGA

TCTATAACTAATTGAGCTGAACGCACCAACGTGGTACTCTGT

GCAGATTTTAGACGCATAAAGATGAGACGCTGGTGATCGTCT

TAGAGACAAGCACAGTCTCTCCACGAAGCATTACTCTAGCAC

AACTACACGACTATTCAGAGATCGGAAGAGCACACGTCTGA

ACTCCAGTCACTTGTTCTTTTGCACTACCGTCAGGTAATCTC

GTATGCCGTCTTCTGCTTGCCCGGGTTTAAACACATGTGTTT

TTCCATAGGCTCCGCCCCCCTGACGAGCATCACAAAAATCG

ACGCTCAAGTCAGAGGTGGCGAAACCCGACAGGACTATAAA

GATACCAGGCGTTTCCCCCTGGAAGCTCCCTCGTGCGCTCT

CCTGTTCCGACCCTGCCGCTTACCGGATACCTGTCCGCCTT

TCTCCCTTCGGGAAGCGTGGCGCTTTCTCATAGCTCACGCT

GTAGGTATCTCAGTTCGGTGTAGGTCGTTCGCTCCAAGC...
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Name DNA sequence (5’ to 3’)

Pl1.70_Perfect target 1

(continued)

...TGGGCTGTGTGCACGAACCCCCCGTTCAGCCCGACCGCT

GCGCCTTATCCGGTAACTATCGTCTTGAGTCCAACCCGGTAA

GACACGACTTATCGCCACTGGCAGCAGCCACTGGTAACAGG

ATTAGCAGAGCGAGGTATGTAGGCGGTGCTACAGAGTTCTT

GAAGTGGTGGCCTAACTACGGCTACACTAGAAGGACAGTAT

TTGGTATCTGCGCTCTGCTGAAGCCAGTTACCTTCGGAAAAA

GAGTTGGTAGCTCTTGATCCGGCAAACAAACCACCGCTGGT

AGCGGTGGTTTTTTTGTTTGCAAGCAGCAGATTACGCGCAGA

AAAAAAGGATCTCAAGAAGATCCTTTGATCTTTTCTACGTTAC

GCCCCGCCCTGCCACTCATCGCAATACTGTTGTAATTCATTA

AGCATTCTGCCGACATGGAAGCCGTCACAGACGGCATGATG

AACCTGAATCGCCAGCGGCATCAGCACCTTGTCGCCTTGCG

TATAATATTTGCCCATGGTGAAAACGGGGGCGAAGAAGTTGT

CCATATTGGCCACGTTTAAATCAAAACTGGTGAAACTCACCC

AGGGATTGGCTGAGACGAAAAACATATTCTCAATAAACCCTT

TAGGGAAATAGGCCAGGTTTTCACCGTAACACGCCACATCTT

GCGAATATATGTGTAGAAACTGCCGGAAATCGTCGTGGTATT

CACTCCAGAGCGATGAAAACGTTTCAGTTTGCTCATGGAAAA

CGGTGTAACAAGGGTGAACACTATCCCATATCACCAGCTCA

CCGTCTTTCATTGCCATACGGAATTCCGGATGAGCATTCATC

AGGCGGGCAAGAATGTGAATAAAGGCCGGATAAAACTTGTG

CTTATTTTTCTTTACGGTCTTTAAAAAGGCCGTAATATCCAGC

TGAACGGTCTGGTTATAGGTACATTGAGCAACTGACTGAAAT

GCCTCAAAATGTTCTTTACGATGCCATTGGGATATATCAACG

GTGGTATATCCAGTGATTTTTTTCTCCATACTCTTCCTTTTTC

AATATTATTGAAGCATTTATCAGGGTTATTGTCTCATGAGCG

GATACATATGGGTT

Table 4.S3: Single targets construction primers.
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5
FrommolecularCas9kinetics

togenome-widecleavage
patternsincells

CRISPR­Cas9 is widely used for genome editing, yet predicting its dynamics in vivo

remains challenging due to the great number of genomic sites that it can potentially

bind and cleave. In this chapter, we assess how heterogeneous genome interactions

influence the kinetics of target search and cleavage dynamics. Using CRISPRzip, a

mechanistic R­loop model trained in vitro, we make general predictions how Cas9

interrogates and cleaves genomic targets, depending on DNA supercoiling state. Our

predictions show that one can often neglect the influence of genome sequence on the

expected cleavage dynamics, whether due to target search delay, competitive cleavage

dynamics, or background cleavage activity. We introduce the cleavage capacity

as an abstract quantity that unifies editing outcomes across delivery strategies and

experimental implementations. Overall, our work demonstrates how molecular­scale

measurements of CRISPR nucleases can be translated to genome­wide predictions,

providing a biophysically grounded framework for CRISPR applications.
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5.1. Introduction
Much research has been conducted to map out Cas9’s on­ and off­target cleavage

activity as a function of gRNA choice, as summarized in Chapter 1. Most of these efforts

adopt a top­down strategy, studying the cleavage patterns that emerge from different

gRNAs in specific cellular contexts [1–4]. This strategy has resulted in a wide range of

activity prediction algorithms that are valuable to gRNA design, however, these models

generally lack predictive power outside the context of the original experiments [1, 5–8].

In contrast, in vitro and single­molecule studies pursue a bottom­up strategy, isolating

the molecular mechanisms of Cas9 under controlled conditions. Thanks to these efforts,

we understand in detail how Cas9 interacts with individual DNA targets, in terms of

target search in vivo [9–12] and in vitro [13–15], target interrogation [16–20], and

effects of DNA state [21, 22]. Meanwhile, high­throughput assays [23–26] have greatly

increased the number of sequences for which high­quality kinetic data is available.

Using these molecular insights, biophysicists have constructed models that reveal

the universal principles of RNA­guided target search, and as such do generalize to

different experimental conditions. Some biophysical models assume a rapid binding

equilibrium on the genome, such that cleavage of a site directly follows from the free

energy cost for Cas9 to bind that site [27–29]. However, in vivo experiments show that

DNA dissociation is not fast enough to guarantee such an equilibrium [10–12] and it has

been demonstrated that discrimination between DNA targets depends more strongly on

the energetic barrier to specific target binding than on the final binding stability [30].

These observations indicate a need for kinetic models of target search [31]. Efforts to

construct kinetic models include those by Shvets and Kolomeisky, using a first­passage

time approach [32], Lu and Pigoletti, applying the facilitated diffusion framework [33,

34], and Zhang et al., employing the King­Altman method [35]. However, a special

and defining feature of Cas9 reaction kinetics is how it heterogeneously interacts with

the many and diverse binding sites in a genome, and the existing models give little

insight into this aspect of its dynamics. The Lu and Pigoletti model considers variable

PAM binding but no R­loop formation beyond the intended target [34], the Shvets and

Kolomeisky model assumes a uniform off­target cleavage rate [32], and the Zhang et al.

model uses neural networks to predict off­target heterogeneity and to generalize from in

vitro to in vivo, which lacks biophysical or mechanistic support [35].

This work presents a kinetic model of Cas9 activity in vivo that explicitly considers

Cas9’s heterogeneous interactions with the whole genome. We use CRISPRzip, a

mechanistic model of Cas9 target recognition (Chapter 3), to predict heterogeneous

R­loop kinetics, and we translate its in vitro predictions to an in vivo context (Chapter 2).

Crucially, CRISPRzip explicitly considers how DNA torque or superhelical density affects

target recognition, which we here show to be a major determinant of its in vivo kinetics.

First, we investigate if the contents of the genome modulate the cleavage dynamics

of particular DNA targets. One potential effect due to genome contents is target

search delay due to partially matching DNA sites that trap Cas9. Such slowdown has

been experimentally demonstrated for synthetic genomes [36], but we show that this

phenomenon does not likely occur in wild­type genomes. Another hypothetical effect

occurs when the genome contains many potential targets, each of which Cas9 can

cleave fast and remain stably bound to, giving rise to complex competition­like DSB
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dynamics. We predict the magnitude of this effect and argue it is irrelevant compared to

Cas9 degradation rates in human cells.

Second, having arrived at a simple model that ignores the genetic background, we

predict DSB dynamics in human cells due to either exogenous Cas9 expression or

nuclear Cas9 delivery. The different editing outcomes in these settings can be unified

with a single quantity, the “cleavage capacity” of an assay. Finally, we explore which

DNA sites contribute most to the total off­target cleavage: the many weak off­targets, or

the few strong off­targets in a genome. There is a balance between off­target presence

and strength that shifts with time and depends on assay conditions, and this balance

generally favors the few strong off­targets in a genome. Accordingly, we expect no

significant background cleavage, i.e., many rare DSBs that would go undetected in

cleavage assays.

In summary, this work shows that genome contents do not affect expected cleavage

dynamics and do not give rise to many, hardly predictable background DSBs. In addition,

it introduces the cleavage capacity as an abstract quantity to predict editing outcomes

independent of experimental implementation. Together, these findings support the use

of in vitro data and models to make direct predictions about in vivo Cas9 applications,

and help to connect our molecular understanding of CRISPR­Cas nucleases to the

complex reality of the genome.

5.2. Results
5.2.1. Genomes typically contain too few partial matches to

delay target search
The time for Cas9 to locate its target in a cell depends on the surrounding genome.

Intuitively, larger genomes take longer to explore, but it is unclear if the genome

sequence affects target search time as well. It has been proposed that partially

matching non­target sites can temporarily trap Cas9 complexes and hence delay their

arrival at the target site [36, 37]. We explore the collective trapping capacity of these

non­target sites according to a kinetic target search model. This non­target trapping

effect is separate from the effects of cleavage on Cas9 availability and target­search

time; here, we study trapping for a binding­only Cas9 system, and in Section 5.2.3, we

investigate cleavage effects.

We represent the process of target search by Cas9 in a Markov model and solve the

first­passage time (FPT) problem of a single Cas9 complex arriving at one particular

PAM site 𝑖 (Figure 5.1A). A single free Cas9 ribonucleoprotein (RNP) binds any PAM

site on the genome at a rate 𝑘bnd and unbinds it at a rate 𝑘unb. In a genome containing 𝑁
PAM sites, a free RNP complex binds an individual PAM site at a rate 𝑘bnd/𝑁. Because

we currently study non­target trapping as an isolated binding­only effect, we assume all

sites are non­targets that cannot be cleaved by Cas9. If Cas9 forms a partial R­loop on a

non­target, it does so on the first ~8 bp, comprising the so­called “seed”. The processes

of R­loop formation and subsequent rejection of the seed take place at rates 𝑘seed,𝑖 and

𝑘reject,𝑖. The large majority of DNA sites have too little complementarity with the gRNA to

allow for partial R­loop formation, implying that their 𝑘seed,𝑖 is negligable. We derive the
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Figure 5.1: Genomes typically contain too few partial matches to delay target search. A

Kinetic model of target search by a single Cas9 complex in presence of partially matching

non­target sites 𝑖 that can delay arrival at the target PAM. B Free­energy landscape predicted by

CRISPRzip for a site with a mismatching bp located at position 12 (blue) compared to the

perfect­target landscape (gray). At a superhelical density of 𝜎 = −0.05, the energy landscape
and the R­loop extension rate change (cyan), promoting R­loop formation. C Contributions ⟨𝜇⟩𝑚𝑠
to the genome’s total trap capacity ⟨𝜇⟩ of all patterns with 𝑚s = 0, 1, 2 seed mismatches (purple,

violet, pink). The perfect­seed contribution ⟨𝜇⟩0 makes up the largest contribution to the total trap

capacity of the full genome, and accordingly dominates the target search delay.

average FPT of a single RNP at a particular PAM 𝑖 (Suppl. Note 5.S1) and find

⟨𝑇 1
PAM

⟩ = 𝑁 ⎛
⎝

1
𝑘bnd

+ 1
𝑘unb

+ 1
𝑘unb

1
𝑁

𝑁

∑
𝑖=1

𝑘seed,𝑖

𝑘reject,𝑖
⎞
⎠

. (5.1)

This expression is identical to the expected target search time in absence of traps

(Chapter 2, Equation 2.5 with ⟨𝑇 1
PAM

⟩ = 1/𝑘PAM and 𝐶 = 1) apart from the presence of

the last term within parentheses. Only when this last term becomes significantly larger

than the first two, target search is delayed due to trapping by non­targets. We define the

fraction between the seed­binding and ­rejecting rates as the “trapping capacity” 𝜇𝑖 of

non­target 𝑖. It can be associated with the effective stability of the non­target’s partial
R­loop state Δ𝑈seed,𝑖 through the Boltzmann factor

𝜇𝑖 =
𝑘seed,𝑖

𝑘reject,𝑖
= exp ⎛

⎝
−

Δ𝑈seed,𝑖

𝑘𝐵𝑇
⎞
⎠

. (5.2)

Using this definition, we rewrite Equation 5.1 as an explicit condition for trapping to

cause target search delay, yielding

⟨𝜇⟩ = 1
𝑁

𝑁

∑
𝑖=1

𝜇𝑖 ≳ 1 +
𝑘unb
𝑘bnd

. (5.3)
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This condition shows that delay follows from the average trapping capacity ⟨𝜇⟩ of all
PAM sites. Hence, while the total search time ⟨𝑇 1

PAM
⟩ scales with genome length 𝑁,

the relative delay due to trapping does not. Although longer genomes contain more

non­targets that collectively trap Cas9 more strongly, they equally contain more sites on

which Cas9 only interacts with the PAM, so their average trapping capacity ⟨𝜇⟩ remains
the same as for shorter genomes.

We quantify the total trapping strength of a genome with the mechanistic model

CRISPRzip (Chapter 3). CRISPRzip predicts the target interrogation dynamics of

Cas9 based on the free­energy landscapes of R­loop formation at base pair resolution

(Figure 5.1B). It explicitly accounts for DNA superhelicity, which is a major determinant

of a site’s trapping capacity as negative supercoiling stabilizes partial R­loops. The

original model is trained to consider the effects of nucleotide sequence on R­loop

kinetics. Here however, we disregard such details and consider average predictions

based on mismatch positions alone. Such sequence­average predictions allow us

to estimate general R­loop dynamics for all possible gRNA­DNA sequences, and to

consider many DNA sites while staying within computational limitations. We establish a

sequence­average parameter set for CRISPRzip by training the adjusted model on the

original dataset (Methods 5.4, Figure 5.S1).

Next, we calculate the expected presence of different non­targets on the genome.

Rather than counting individual sites 𝑖, we consider mismatch patterns 𝑗, where each
pattern is a particular sequence of 20 gRNA­DNA matching or mismatching base

pairs. This definition is consistent with our sequence­average CRISPRzip model, which

predicts R­loop dynamics based on such mismatch patterns. Each DNA site 𝑖 is
characterized by a mismatch pattern 𝑗, and each mismatch pattern 𝑗 may be present in
multiple sites 𝑖 on the genome. To calculate the expected presence of pattern 𝑗, we
consider a random genome in which all nucleotides are equally represented. Bernoulli

statistics dictates the probability 𝑝𝑗 that a random site has a mismatch pattern 𝑗 with in
total 𝑚 mismatches: each nucleotide has an independent probability of 1/4 to match

and 3/4 to mismatch the guide RNA, so

𝑝𝑗 = (3
4

)
𝑚

(1
4

)
(20−𝑚)

. (5.4)

The expected presence of pattern 𝑗 on a genome with 𝑁 PAM sites is 𝑁𝑝𝑗.

To estimate the total trapping capacity ⟨𝜇⟩ of a genome, we first inspect the patterns 𝑗
that trap Cas9 most strongly because they have few seed mismatches (in bps 1–8 of

the target). With CRISPRzip, we estimate the individual trapping capacities 𝜇𝑗 of all

151,552 patterns 𝑗 with ≤2 seed mismatches (𝑚s ∈ {0, 1, 2}), at variable supercoiling
levels (Methods 5.4). Combining these values 𝜇𝑗 with the pattern probability 𝑝𝑗, we find

the collective trapping contribution ⟨𝜇⟩𝑚s
of all patterns 𝑗 with 𝑚s seed mismatches:

⟨𝜇⟩𝑚s
= ∑𝑗′ 𝑝𝑗′𝜇𝑗′, summing only over patterns 𝑗′ with 𝑚s seed mismatches. With this

definition, the genome’s total trapping capacity is split up according to ⟨𝜇⟩ = ∑𝑚s
⟨𝜇⟩𝑚s

.

Figure 5.1C shows that, at any considered superhelical density 𝜎, the perfect­seed
non­targets contribute most to the genome’s total trap capacity, ⟨𝜇⟩0 ≫ ⟨𝜇⟩1, ⟨𝜇⟩2.

Although the non­targets with 1 or 2 seed mismatches outnumber the perfect­seed

non­targets by a factor 8 and 28, the presence of seed mismatches reduces their trap
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capacities 𝜇𝑗 more strongly. These findings suggest that a genome’s total trap capacity

⟨𝜇⟩ can be estimated from the expected perfect­seed non­targets only, ⟨𝜇⟩ ≈ ⟨𝜇⟩0.

According to Equation 5.3, the total trap capacity ⟨𝜇⟩ should be at least of order unity
to delay target search. We observe that ⟨𝜇⟩0 meets this condition only at high levels of

negative supercoiling 𝜎 < −0.06 (Figure 5.1C). We expect that genomes are typically

not maintained at such uniformly high supercoiling levels. Experimental studies on wild

type Escherichia coli (E. coli) measured genome­average values of 𝜎 between −0.03
and −0.05 [38–40] (Chapter 4). The DNA helicity of eukaryotic genomes is controlled in

separate domains [41–43], and while some domains are maintained at unknown levels

of negative supercoiling and could hypothetically trap Cas9, other domains are positively

supercoiled and reduce the genome’s average trapping capacity ⟨𝜇⟩. In conclusion, we
predict that non­targets do not significantly trap Cas9 and hence its target search time is

unaffected by genome contents.

5.2.2. Modeling Cas9 trapping experiments in E. coli
We validate our predictions about delayed target search with experimental data in E. coli

from Moreb et al. (2020) [36]. In these experiments, E. coli strains expressed Cas9 and

gRNAs targeting different native genes in the host’s own genome. Hence, successful

target cleavage resulted in autoimmunity and was observable as reduced colony fitness.

The bacteria were transformed with a plasmid containing 1–15 non­target sites that

matched the first 8 bps of the intended target and partially matched the following 4

bps (Figure 5.2A). The presence of these plasmids at around 400 copies per cell

could rescue colonies from autoimmunity depending on the total number of non­targets

(Figure 5.2B).

We formulate a survival condition for these experiments based on Equation 5.3. This

condition is expressed in terms of the effective stability of Cas9 after forming the 8­bp

seed, Δ𝑈seed,𝑗 = log(𝑘reject,𝑗/𝑘seed,𝑗)𝑘𝐵𝑇, which on the selected targets corresponds to
a partial 9–12 bp R­loop (Figure 5.2A). If 𝑁𝑇 non­targets should delay target search by

a factor 𝜆 in order to rescue a colony, they require a seed stability Δ𝑈seed of

Δ𝑈seed ≲ − (ln (
𝑁𝑇
𝑁

) + ln (1 +
𝑘unb
𝑘bnd

) + ln(𝜆 − 1)) 𝑘𝐵𝑇 . (5.5)

The number of PAM sites 𝑁 is estimated at 106 (two E. coli genome copies [10]), and

we approximate 𝑘unb ≈ 𝑘bnd in line with single­molecule tracking experiments [11] and
facilitated diffusion theory [44]. We cannot estimate the required 𝜆 value for colony

rescue from the experiments, so we arbitrarily hypothesize that doubling the target

search time (𝜆 = 2) would save a colony from autoimmunity, and later assess if this

requirement is reasonable. In this scenario, the observation that the malG­targeting

colony survived at the presence of 𝑁𝑇 = 800 ± 400 non­targets (1–3 per plasmid, 400
plasmid copies) implies a stability of Δ𝑈seed = −8.0 ± 0.5 𝑘𝐵𝑇. Similarly, the pgaC and

pheT ­targeting colonies would survive with 𝑁𝑇 = 5400 ± 600 non­targets with a stability

Δ𝑈seed = −5.9 ± 0.1 𝑘𝐵𝑇, and the hisF and mqo­targeting colonies would not survive

with 𝑁𝑇 = 6000 non­targets with a stability Δ𝑈seed > −5.8 𝑘𝐵𝑇 (Figure 5.2C,D).

We compare these seed stabilities with CRISPRzip to assess if the hypothetical
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Figure 5.2: Modeling Cas9 trapping experiments in E. coli. A Targets in the host genome as

selected in Moreb et al. (2020) [36]. B Colonies are rescued from autoimmunity depending on

the copy number and trapping strength of non­targets. C Estimated R­loop stabilities Δ𝑈seed of

non­target sites that slow down target search by a factor 𝜆 = 2. D Predicted time for a single

RNP to find a single target as a function of non­target site abundance (Equation 5.1). Crosses

and dots correspond to colony death and rescue as presented in panel B. E Poisson distribution

describing non­target occurrence on two identical copies of a genome with 500,000 PAM sites.

Lines indicate probability to find the indicated number of non­target sites or less.

rescue requirement 𝜆 = 2 is reasonable. Varying 𝜎, we calculate the values

𝑘seed,𝑖/𝑘reject,𝑖 for the mismatch patterns of malG and pgaC and find an optimal fit

at 𝜎 = −0.036, with estimated Δ𝑈seed,malG = −9.4 𝑘𝐵𝑇 and Δ𝑈seed,pgaC = −5.7 𝑘𝐵𝑇.
This superhelical density 𝜎 is in good agreement with experimental measurements of

similarly large plasmids in E. coli (𝜎 = −0.033 ± 0.007 from Chapter 4, Figure 4.S1).

This consistency suggests that a doubling of the target search time could indeed have

saved colonies in these experiments conditions.

While the experiments prove that large non­target numbers can delay target search, it

is prohibitively unlikely to find this many non­targets on a random genome. In an E.

coli cell with 2 genomes, there is a 99.5% probability to have at most 30 PAM sites

with a perfect seed, and most of these have too few matching bps beyond the seed to

effectively trap Cas9 (Figure 5.2E). In conclusion, these experiments corroborate our

numerical prediction that genomic non­target traps occur too rarely to substantially delay

Cas9 target search under physiological conditions.

5.2.3. Human genome targets are cleaved independently,
without competition

In cells, DSB profiles follow from the time evolution of free RNP availability (Chapter 2,

Equation 2.8). The genome contents may influence these RNP levels, as Cas9

complexes remain stably bound to their targets after cleavage. For instance,

single­molecule tracking in E. coli shows that catalytically dead Cas9 (dCas9) remains

DNA­bound until a polymerase actively displaces it during replication [10]. When many
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Figure 5.3: Human genome targets are cleaved independently, without competition for

RNP. A Reaction scheme of an in vivo cleavage assay, with production and degradation. B Initial

DSB­absorption rate coefficient 𝑘max
absorp

according to Equation 5.10. Predictions for prokaryotes

and eukaryotes based on estimates and measurements of PAM count 𝑁, and RNP binding and

unbinding rates 𝑘bnd and 𝑘unb in E. coli and mice [9, 11]. Solid lines correspond to DSB absorption

rates on genomes with variable number of available PAMs 𝑁. Dashed lines correspond to DSB

absorption rates in absence of non­target traps, showing that target search delays occur at high

negative supercoiling 𝜎 (Figure 5.1C). Black line in right panel indicates estimated degradation

rate coefficient 𝑘degr for eukaryotes.

RNPs get absorbed to DSBs and hence significantly deplete the pool of active RNPs,

this results in complex, genome­dependent cleavage dynamics. Here, we investigate if

this effect should be considered in Cas9 applications, in both prokaryotes (E. coli) and

eukaryotes (mammals).

We model Cas9 dynamics in vivo, considering variable RNP levels and heterogeneous

off­target cleavage (Figure 5.3A). The RNP copy number 𝐶(𝑡) evolves with time

according to 1) the rate 𝑘prod at which the cell produces RNP as a result of its gene

expression; 2) the rate coefficient 𝑘degr at which Cas9 is degraded by the cell; and 3) the
total cleavage activity, as a result of which RNP gets absorbed to their DSBs. The total

cleavage activity depends on the collective search dynamics of all RNPs and on the

targets 𝑖 present on the genome. When 𝐶 Cas9 complexes carry out independent target

search in parallel, a particular DNA site 𝑖 gets PAM­bound at a rate that is linear in 𝐶,
so we explicitly write 𝑘PAM = 𝑘1

PAM
⋅ 𝐶. Here 𝑘1

PAM
= 1/⟨𝑇 1

PAM
⟩ (Equation 5.1) is the

effective rate coefficient of PAM binding, or equivalently, the effective PAM­binding rate

due to single­RNP target search. We assume that target search is much slower than the

time that Cas9 dwells on a PAM, such that the cleavage rate 𝑘clv,𝑖 of site 𝑖 can be

expressed in the rare­binding limit (Chapter 2, Equation 2.6),

𝑘clv,𝑖 = 𝑘1
PAM

𝑝clv,𝑖 ⋅ 𝐶 (5.6)

where 𝑝clv,𝑖 is the probability for site 𝑖 to get cleaved upon PAM binding.

To obtain the RNP dynamics and the DSB dynamics, we introduce a unitless
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quantity Γ which is defined in terms of the anti­derivative of the RNP copy number,

Γ(𝑡) = 𝑘1
PAM

⋅ ∫𝑡
0 𝑑𝑡′ 𝐶(𝑡′). The value of Γ(𝑡) corresponds to the expected number of

PAM­binding events at a particular site up to time 𝑡. As we argue later, Γ also quantifies

the capacity of a Cas9 assay to induce DSBs, and as such we name it the “cleavage

capacity”. In Suppl. Note 5.S2, we show that the cleavage dynamics follow a nonlinear

ODE,

Γ′ = 𝑘1
PAM

⎛
⎝

𝐶0 + 𝑘prod ⋅ 𝑡 − ∑
𝑗

𝑥0
𝑗(1 − exp (−𝑝clv,𝑗 ⋅ Γ))⎞

⎠
− 𝑘degr ⋅ Γ,

Γ(0) = 0,
(5.7)

where 𝐶0 is the initial RNP copy number at 𝑡 = 0. Again, we consider not individual sites
𝑖, but classify them according to mismatch pattern 𝑗. From a solution for Γ(𝑡), the free
RNP count 𝐶(𝑡) and the intact site count 𝑥𝑗(𝑡) of pattern 𝑗 can be derived as

𝐶(𝑡) = Γ′(𝑡)/𝑘1
PAM

(5.8)

𝑥𝑗(𝑡) = 𝑥0
𝑗 exp(−𝑝clv,𝑗 ⋅ Γ(𝑡)). (5.9)

Equation 5.7 shows that cleavage capacity Γ is generated by initial RNP presence,

𝑘1
PAM

𝐶0, and by RNP production, 𝑘1
PAM

𝑘prod ⋅ 𝑡, while Γ is limited by RNP degradation,

𝑘degr ⋅ Γ. Finally, the last term in parentheses indicates that Γ is limited as a result

of cleaving DNA sites, 𝑘1
PAM

∑𝑗 (𝑥0
𝑗 − 𝑥𝑗(𝑡)) = 𝑘1

PAM
∑𝑗 𝑥0

𝑗 (1 − exp(−𝑝clv,𝑗 ⋅ Γ)). This
term reflects that Cas9 complexes are depleted from the pool of active RNPs as they

remain stably DNA­bound after cleavage. Although irreversible depletion of RNPs

after cleavage is a simplification of reality, where other DNA­binding proteins such as

polymerases may displace and recycle it, we assume it here as an extreme limit of DSB

absorption. If a genome contains enough sites that allow cleavage (large 𝑥0
𝑗 and 𝑝clv,𝑗

values), this DSB­absorption effect could accelerate RNP depletion beyond protein

degradation, and hence determine the dynamics of Γ. One can regard this limit as one
where all genomic sites “compete” for available RNP: the first few DSBs deplete RNP

levels and hence slow down subsequent DSB dynamics. As a result, the cleavage

dynamics on one site become dependent on the other sites in the genomic environment,

considerably complicating the matter of predicting DSB dynamics.

We investigate the relevance of this DSB­absorption effect in different contexts. RNP

absorption to DSBs is strongest around 𝑡 = 0 and Γ = 0 as all sites 𝑖 are intact. Its later
magnitude is bounded from above by its linear­order dependence on Γ,

𝑘1
PAM

∑
𝑗

𝑥0
𝑗(1 − exp (−𝑝clv,𝑗 ⋅ Γ)) ≤ 𝑘1

PAM
∑

𝑗
𝑥0

𝑗 𝑝clv,𝑗 ⋅ Γ = 𝑘max
absorp

⋅ Γ. (5.10)

This early­time DSB absorption rate 𝑘max
absorp

⋅ Γ should be compared to the protein

degradation term 𝑘degr ⋅ Γ. With CRISPRzip, we predict 𝑝clv,𝑗 for all 137,980 mismatch
patterns 𝑗 with up to 7 mismatching base pairs at varying negative supercoiling levels
𝜎. These calculations require a value for 𝑘unb, which is strongly context­dependent.

Single­molecule tracking studies in E. coli estimated 𝑘unb = 60 ± 13 s−1 and
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𝑘bnd = 40 ± 12 s−1 [11], while experiments in mice estimated 𝑘unb = 1.33 ± 0.18 s−1 [9].

We consider these two scenarios as examples of target search on prokaryotic and

eukaryotic genomes. Next, we calculate site count 𝑥0
𝑗 = 𝑁 ⋅ 𝑝𝑗 of pattern 𝑗, with the

pattern probability 𝑝𝑗 as in Equation 5.4 and the PAM count 𝑁 on a single haploid

genome. The genome copy number does not affect DSB absorption, as it equally

increases 𝑥0
𝑗 and decreases 𝑘1

PAM
(Equation 5.1). Finally, we calculate 𝑘1

PAM
using the

values for 𝑘unb and 𝑘bnd as listed above. For the eukaryotic genome, we assume PAM
binding is similar to or faster than in prokaryotes, such that 𝑘bnd ≫ 𝑘unb. In this limit,

all RNPs are effectively always PAM­bound and target search time depends only on

PAM­unbinding rates (Equation 5.1). Our calculation of 𝑘1
PAM

considers delay due to

trapping based on our previous predictions for 𝜇𝑗 (Figure 5.1C).

Our calculations show that DSB absorption effects are generally stronger for smaller

genomes (small 𝑁) and have a complex dependence on 𝜎 (Figure 5.3B). Large PAM

copy numbers 𝑁 reduce DSB absorption by slowing down target search, but they also

increase the off­target site count, which increases DSB absorption on strongly negatively

supercoiled genomes. While strong negative supercoiling 𝜎 does promote off­target

cleavage, it also causes target search delay due to trapping, resulting in reduced DSB

absorption.

Based on these values for 𝑘max
absorp

, we expect that RNP depletion is unaffected by DSB

absorption in human cells. The hg38 human reference genome [45] contains 147 million

PAM sites (nuclear DNA, both strands). Assuming that 2–3% of the genome is available

for protein binding [46], we estimate a total of 𝑁 = 3.7 ⋅ 106 Cas9­accessible PAM sites

per haploid genome. RNP degradation takes place around 𝑘degr ≈ 10−5 s−1 according

to experimental work indicating half­lives of 10­20 hours in human cell lines [47, 48].

Compared to such degradation rates, the estimated DSB absorption rates can safely be

ignored at any superhelical density (Figure 5.3B), in particular considering that the

absorption effect is mitigated at long times and for displaced Cas9. Accordingly, we

conclude that Cas9 interacts with its target sites independent of genome sequence

context, and that competition dynamics need not be considered to predict cleavage.

5.2.4. Cleavage capacity of Cas9 delivery determines editing
outcomes

We have established a simple model of Cas9 activity on the human genome, in which

the sequence content of the genetic environment has a negligible influence on the DSB

dynamics. Here, we use this model to study Cas9 delivery strategies in human gene

editing applications. Two strategies are considered, expression of exogenous Cas9 and

delivery of pre­assembled RNPs, knowing that these delivery methods lead to different

editing dynamics [47].

We predict average Cas9 activity by solving Equation 5.7, and we quantify the

variation in activity by generating random instances of genomes with different off­target

contents (Methods 5.4). RNP delivery is characterized by nonzero 𝐶0 and Cas9

expression by nonzero 𝑘prod. We predict the cleavage probabilities 𝑝clv,𝑗 for all patterns 𝑗
with up to 7 mismatches with CRISPRzip (Methods 5.4). These calculations require a

value for 𝜎, however, eukaryotic genome organization is complex and dynamic, and the
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Figure 5.4: Cleavage capacity of Cas9 delivery determines editing outcomes. A Predicted

editing outcomes of Cas9 assays with either expressed Cas9 and gRNA (𝑘prod = 2 ⋅ 103 hr−1) or

delivered RNP (𝐶0 = 105). The two delivery strategies affect the time­evolution of free RNPs (top

panels) and hence result in different on­target DSB (blue) and total off­target DSB (red) dynamics.

Lines show average predicted DSBs per genome, dots and error bars show mean and standard

deviation of 1000 simulations on random genomes. B The cleavage capacity Γ unifies the

results of the different delivery strategies, and makes general predictions for the precision and

effectiveness of an assay in terms of the total on­ versus off­target DSBs. C Evolution of Γ due to

different delivery strategies at variable production rates 𝑘prod and delivered RNP copy numbers

𝐶0. Effective and precise on­target cleavage can be attained in an appropriate assay with the

right duration.

distribution of superhelical densities is unknown. As Cas9 activity is biased towards

(temporarily) underwound regions [22], we assume a hypothetical superhelical density

of 𝜎 = −0.035, expecting that such uniformly high superhelicity should overestimate

realistic Cas9 activity. The copy numbers 𝑥0
𝑗 and PAM­binding rate 𝑘1

PAM
are calculated

using 𝑁 = 3.7 ⋅ 106 PAMs per haploid genome, two genome copies per cell (G0 or G1

cell state), 𝑘unb = 1.33 s−1 [9], and 𝑘bnd ≫ 𝑘unb.
Our results show that exogenously expressed Cas9 (at a production of

𝑘prod = 2 ⋅ 103 molecules hr−1) accumulates until a steady level is reached, giving rise to

increasingly more expected off­target DSBs at long times (Figure 5.4A). Delivered

pre­assembled RNPs (initial copy number 𝐶0 = 105) cause the RNP level to be high
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initially but steadily decrease over the course of hours to days. Both simulations

eventually attain a high degree of off­targeting due to the strongly underwound genome.

The dynamics of cleavage vary with delivery method, but the editing outcomes do

not. Equation 5.9 shows that in a given genome, there is a fixed mapping from Γ to

𝑥𝑗(𝑡). When two Cas9 assays have an identical cleavage capacity Γ, they induce the
same predicted DSBs. Hence, instead of predicting cleavage dynamics for particular

experiments, we calculate universal editing outcomes as a function of Γ. For our

representation of the human genome, assays with a cleavage capacity of Γ ≪ 1 are

ineffective on the target site, while assays with Γ ≫ 100 give rise to imprecise cleavage

(Figure 5.4B). Inside the range of Γ values where edits are effective and precise, one

can even optimize for maximum on­target success while keeping off­target activity

minimal, corresponding to Γ ≈ 10 in our genome. To achieve such effective and precise

edits, an appropriate delivery method should be chosen and tuned (Figure 5.4C). In this

respect, delivering pre­assembled RNP may be the preferred strategy thanks to its

temporary nature, yielding steady editing outcomes without a need for temporal control.

5.2.5. Cleavage is dominated by few strong off-targets
As the cleavage capacity Γ connects the editing outcomes of various Cas9 assays, we

use it to investigate which genomic sites cause off­target activity. Studies of off­target

activity by Cas9 are typically limited to the identification of “strong” off­targets that

are likely to get cleaved, but genomes contain a much greater number of weaker

off­targets. It is hard to determine the extent of Cas9 background cleavage on these

weak off­targets, as the individual sites are often cleaved too rarely to be detectable.

State­of­the­art in vivo cleavage assays like GUIDE­Seq [2] rely on next­generation

sequencing (NGS) and accordingly have DSB sensitivities limited by the 0.1% error rate

of NGS platforms [49]. In addition, the detection of rare DSBs is limited by the finite

number of cells or genomes that can be sampled in an experiment. With our model, we

predict all target contributions to the full DSB profile on a human genome.

First, we review the cleavage probabilities 𝑝clv,𝑗 and presence 𝑝𝑗 of mismatch patterns

𝑗 as obtained previously for the human genome under uniform high supercoiling

𝜎 = −0.035 (Figure 5.5A). Categorizing the patterns by their mismatch number reveals

opposing trends between 𝑝clv,𝑗 and 𝑝𝑗, illustrating a trade­off between the few strong and

many weak off­targets. For instance, when comparing off­targets with 4 mismatches to

those with 1 mismatch, the former occur 104 times more often while also getting cleaved

104 times slower on average.

We inspect the off­target DSBs that were previously predicted at variable Γ
(Figure 5.4B) and see that the peak in the DSB profile shifts with Γ (Figure 5.5B). As

Γ increases, relatively weak off­targets are more likely to get cleaved. Because the

weaker targets are generally present in greater numbers, they come to dominate the

DSB profile when they are cleaved.

The profiles also visualize how much of all cleavage activity is due to rare DSBs, here

defined as having a < 1% cleavage probability at a certain value of Γ (Figure 5.5B).

Such background activity could remain unobservable, depending on the experimental

detection limit. Our model predicts that rare DSBs contribute significantly to the total

expected off­target DSBs only in assays with small cleavage capacities (Γ = 0.1) and
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Figure 5.5: Cleavage is dominated by few strong off­targets. A Cleavage probabilities 𝑝clv,𝑗
and total presence ∑𝑗 𝑝𝑗 of patterns 𝑗 with 0­7 mismatches. Box plots show median, 25th and

75th percentiles (box) and extremes (whiskers). B The distribution of off­target DSBs due to

various cleavage capacities Γ. DSBs with < 1% probability to occur are highlighted in white. C

Cumulative distribution of DSBs as a function of individual 𝑝clv,𝑗 values at various cleavage

capacities Γ. Colors indicate the probability of a single target 𝑖 to be cut in an assay with

cleavage capacity Γ. Dashed lines separate the contribution due to rare and frequent DSBs.

with low total off­target activity. Rare DSBs rapidly become irrelevant at larger cleavage

capacities. The extent of background activity is best illustrated by plotting how DSBs on

individual targets 𝑖 contribute to the total DSB count (Figure 5.5C). These plots show

the cumulative DSB distribution, highlighting the contributions of frequent DSBs (> 1%
DSB probability, red) and rare DSBs (< 1% DSB probability, blue). At a small cleavage

capacity Γ = 0.1, rare DSBs collectively make up a fourth of all non­target DSBs, but in
this context the overall probability for any off­target DSB to occurs on a genome is small.

At larger Γ their contribution vanishes compared to frequent DSBs.

Together, these general predictions of Cas9 cleavage activity show that DSB

patterns emerge from a balance between off­target strength and presence. The exact

balance follows from the cleavage capacity Γ, so it evolves with time and depends

on the particular experimental setup. Even for a genome with homogeneously strong

supercoiling, we observe no evidence of significant background cleavage unless

off­target activity is low overall. As such, we expect that in general off­target activity
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takes place predominantly on strong off­targets that can be identified experimentally.

5.3. Discussion
This chapter presents a kinetic description of Cas9 activity in vivo that connects

heterogeneous target recognition to genome­scale target search and cleavage dynamics.

We predict that the sequence composition of a genome does not considerably affect the

expected cleavage dynamics of Cas9 in vivo. Although partially matching non­targets

can in principle delay target search, and strong off­targets can absorb Cas9 after

cleavage, we expect that neither effect is relevant under physiological conditions in

human cells. As a consequence, Cas9 operates effectively independently on different

genomic sites, allowing cleavage dynamics to be predicted without explicit consideration

of genetic background sequence. Also, we predict that one can safely neglect the

possibility of large­scale background activity beyond the detection limit of cleavage

assays. These simplifications enable a direct translation of in vitro­derived R­loop

kinetics to in vivo settings. For such in vivo DSB predictions, one can employ the

cleavage capacity as a single abstract quantity to unify Cas9 editing outcomes across

delivery strategies and experimental implementations.

Some biological elements could be added to our framework to provide a more

complete description of Cas9 activity in cells. First, chromatin state and accessibility

could be considered more explicitly. Eukaryotes have particularly complex genome

organization [46], which is challenging to model appropriately. In our random­genome

model, we assumed that 2–3% of the eukaryotic genome is available for binding. As our

model predicts average Cas9 activity, there is no need to consider the accessibility

of particular genes across cell types and cell states, as long as the total genome

accessibility is approximately constant. However, genome organization is highly

dynamic, making different DNA sites available at different times. Also, genome

accessibility is partially controlled through the superhelical state of DNA, which can

speed up or slow down R­loop formation by Cas9 [43]. Moreover, in regions that are

transcribed or replicated, DNA­ and RNA­polymerases locally and temporally induce

superhelicity and force Cas9 to unbind from its DNA target [10].

A second relevant aspect is DNA repair. This process reverts DSBs, releasing Cas9 to

repeat its target search, and sometimes successfully restoring the original sequence of

the site. A simple DNA repair model could be an exponential process with characteristic

rate 𝑘repair and a success rate of 𝑝repair [50]. We expect such a model to generate kinetic

competition between cleavage and repair, during which erroneously repaired DNA sites

gradually accumulate. However, the repair pathway strongly depends on organism, cell

state and access to the DSB, and as the dynamics and mutation rate of DSB repair of

these pathways vary greatly, we should not expect to find general values for 𝑘repair and
𝑝repair [51–53].
Third, one could consider the effects of genome replication and cell division. In E.

coli, these processes may take place on a timescale that is similar to or shorter than

target search by Cas9, even more so compared to the timescale on which mutations

accumulate due to inaccurate DSB repair. Genome replication and cell division

respectively change the copy numbers of DNA sites and Cas9 complexes with a factor 2
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and 1/2, so we do not expect them to drastically affect the total cleavage dynamics.

Moreover, when considering multiple generations, genomic mutations due to DSB repair

are inherited and affect the genomic context in which Cas9 operates.

Along the above suggestions for model expansions, we indicate the need for

experimental studies of Cas9 target search in eukaryotes, on which the quantitative

power of our model relies. To our knowledge, only one single­molecule tracking study

was carried out in eukaryotic cells [9], providing less insight into DNA­binding and

­unbinding by Cas9 than offered by the multiple studies in E. coli [10–12]. Also, few

studies exist that quantitatively report on the distribution of superhelical density in

eukaryotic genomes [41, 43]. However, even if more quantitative figures were available,

making general predictions about eukaryotes remains challenging as a result of their

great variability and complexity.

This work provides a concrete example of how molecular models of CRISPR enzymes

can be scaled to predict genome­wide activity in vivo. Using CRISPRzip, a mechanistic

target recognition model that was trained on in vitro data, we connect detailed R­loop

kinetics to cellular editing outcomes. This strategy is readily extendable to other CRISPR

nucleases and engineered Cas9 variants, including Cas12a, Cascade, Cas9­HF1 and

SpRYCas9. As such, the framework presented here highlights a general route toward

integrating biophysical insight with practical genome editing applications.

5.4. Methods
5.4.1. Sequence-averaged CRISPRzip predictions
The CRISPRzip protocol to acquire a new parameter set is used to obtain

sequence­averaged parameters (Chapter 3). We take the original two gRNAs and

DNA target libraries (gRNA 1&2 and DNA library 1&2) and perform a 90/10 split to

obtain training and test sets. Next, we perform 200 optimization runs to train the model

parameters (𝑈P,pt

𝑏 , 𝑄P
𝑏 and 𝑘f) on the libraries simultaneously while excluding sequence

effects (by setting the R­loop scaling coefficient 𝛼 = 0). We select the top­50%

performing solutions from the optimization results and calculate their median landscape

parameters (𝑈P,pt

𝑏 , 𝑄P
𝑏 ). Fixing this median landscape, we optimize 𝑘f again using the

original training set. In all training runs, the parameters perform as well on the test sets

as on the training sets. The resulting model parameters are shown in Figure 5.S1.

To account for the effects of superhelicity, we adopt the original CRISPRzip parameter

values 𝜃 = 34∘ and 𝜑 = 50∘ (Chapter 3).

5.4.2. Off-target cleavage probabilities
With the sequence­agnostic CRISPRzip parameter set (Figure 5.S1) , we calculate the

cleavage probability 𝑝clv,𝑗 on mismatch pattern 𝑗 with the equation [54]

𝑝clv,𝑗 = ⎛
⎝

1 +
20

∑
𝑛=0

𝑛

∏
𝑏=0

𝑘b𝑏
𝑘f𝑏

⎞
⎠

−1

. (5.11)
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Here, the microscopic forward and backward rates 𝑘f𝑏 and 𝑘b𝑏 respectively quantify the
rates of R­loop extension from 𝑏 to 𝑏 + 1 hybrid bps and R­loop recession from 𝑏 to 𝑏 − 1
hybrid bps.

5.4.3. Prediction of genome cleavage
We calculate the expected intact target count 𝑥𝑗(𝑡) of mismatch pattern 𝑗 by solving
the ODE presented in Equation 5.7, derived in Suppl. Note 5.S2. The values 𝑝clv,𝑗
are predicted by CRISPRzip at a specific superhelical density 𝜎, and the target copy
numbers 𝑥0

𝑗 = 𝑁 ⋅ 𝑝𝑗 depend on the PAM copy number 𝑁 and a pattern’s expected

presence 𝑝𝑗. Solving the ODE with the values 𝑝clv,𝑗 and 𝑥0
𝑗 yields average expected

cleavage dynamics, considering every possible genome.

Next, we generate random genome instances to quantify variability. We perform

binning on the collection of all patterns 𝑗 on the basis of their 𝑝clv,𝑗 value. The 100 bins
𝐵𝑘 have associated values ̄𝑝clv,𝑘 that are logarithmically spaced with 5 values per order
of magnitude in the range [10−20, 100] s−1 . A random genome is obtained by drawing

a random site copy number ̄𝑥0
𝑘 ∼ Poisson(𝑁 ∑𝑗∈𝐵𝑘

𝑝𝑗) from each bin 𝐵𝑘. For that

genome instance, we obtain cleavage dynamics by solving the ODE for Γ. This process
is repeated for 1000 random genomes.

5.5. Supplementary Notes
5.S1. PAM arrival time with non-target traps
We find the average FPT at any individual PAM site by considering all possible state

trajectories in Laplace space. On a site 𝑖, the distributions of PAM binding, PAM

unbinding, seed formation and seed rejection are given by

𝜙bnd(𝑠) = 1
𝑁

𝑘bnd
𝑘bnd + 𝑠

, (5.S1)

𝜙unb,𝑖(𝑠) =
𝑘unb

𝑘unb + 𝑘seed,𝑖 + 𝑠
, (5.S2)

𝜙seed,𝑖(𝑠) =
𝑘seed,𝑖

𝑘unb + 𝑘seed,𝑖 + 𝑠
, (5.S3)

𝜙reject,𝑖(𝑠) =
𝑘reject,𝑖

𝑘reject,𝑖 + 𝑠
. (5.S4)

We obtain the distribution describing how long Cas9 dwells on a site 𝑖, 𝜓unb,𝑖(𝑠). If

Cas9, after binding to the PAM, establishes and rejects a partial R­loop exactly 𝑛 times

before unbinding, the convolution of these 2𝑛 + 1 exponential processes gives the FPT

distribution at the solution state 𝜓𝑛
unb,𝑖. In Laplace space, we multiply the individual

processes,

𝜓𝑛
unb,𝑖(𝑠) = (𝜙seed,𝑖 ⋅ 𝜙reject,𝑖)

𝑛
⋅ 𝜙unb,𝑖 . (5.S5)
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We consider any number 𝑛 of PAM unbinding and rebinding cycles and sum over 𝑛,

𝜓unb,𝑖(𝑠) =
∞

∑
𝑛=0

𝜓𝑛
unb,𝑖(𝑠) =

∞

∑
𝑛=0

(𝜙seed,𝑖 ⋅ 𝜙reject,𝑖)
𝑛 ⋅𝜙unb,i =

𝜙unb,𝑖

1 − 𝜙seed,𝑖 ⋅ 𝜙reject,𝑖
. (5.S6)

Now we calculate the FPT distribution of arriving at a particular PAM site. We consider

any number 𝑛 of excursions to other PAM sites.

Ψ(𝑠) =
∞

∑
𝑛=0

(∑
𝑖

𝜙bnd ⋅ 𝜓unb,𝑖)
𝑛

⋅ 𝜙bnd =
𝜙bnd

1 − 𝜙bnd ⋅ ∑𝑖 𝜓unb,𝑖
. (5.S7)

The FPT distribution can in theory written as a polynomial fraction Ψ(𝑠) = 𝑃(𝑠)/𝑄(𝑠)
where 𝑄(𝑠) is a polynomial of the 4th degree. From this, we know that the FPT in

temporal space 𝐹(𝑡) = ℒ−1[Ψ(𝑠)] is a mixed exponential distribution with four modes,
each with a rate corresponding to a negative root of 𝑄(𝑠). Although a closed form can

theoretically be formulated in terms of the solution to the quartic equation 𝑄(𝑠) = 0, it is
prohibitively long and complex.

To obtain the average FPT of a single Cas9 complex at an individual PAM, ⟨𝑇 1
PAM

⟩, we
make use of the relation ⟨𝑇 ⟩ = −𝑑Ψ/𝑑𝑠∣𝑠=0 for calculating the first moment ⟨𝑇 ⟩ in
Laplace space. For the average FPT, this is

⟨𝑇 1
PAM

⟩ = 1
𝑘bnd

+
𝑁

∑
𝑗=0

⎛
⎝

1
𝑘bnd

+ 1
𝑘unb

+
𝑘seed,𝑗

𝑘reject,𝑗
1

𝑘unb
⎞
⎠

(5.S8)

≈ 𝑁 ⎛
⎝

1
𝑘bnd

+ 1
𝑘unb

⎛
⎝

1 + 1
𝑁

𝑁

∑
𝑗=0

𝑘seed,𝑗

𝑘reject,𝑗
⎞
⎠

⎞
⎠

, (5.S9)

where we made use of the fact that 𝑁 ≫ 1.

5.S2. ODE system of genome cleavage
The reaction network in the rare­binding limit can be simulated with an ODE system

(Figure 5.3A),

𝑥′
𝑗 = −𝑘PAM ⋅ 𝑝clv,𝑗 𝑥𝑗 = −𝑘1

PAM
𝐶 ⋅ 𝑝clv,𝑗 𝑥𝑗 (5.S10)

𝐶′ = −𝑘1
PAM

∑
𝑗

𝐶 ⋅ 𝑝clv,𝑗 𝑥𝑗 + 𝑘prod − 𝑘degr𝐶 (5.S11)

𝑥𝑗(0) = 𝑥0
𝑗 (5.S12)

𝐶(0) = 𝐶0 (5.S13)

Here, every mismatch pattern 𝑗 has an intact site count of 𝑥𝑗 and initial site count of 𝑥0
𝑗

and similar for the expected RNP copy number 𝐶. RNP is being produced according to

the rate 𝑘prod an degraded according to the (unimolecular) rate coefficient 𝑘degr. The rate
𝑘1
PAM

= 𝑘PAM/𝐶 is the (bimolecular) rate coefficient of PAM­binding, corresponding to

the average PAM­binding rate per RNP: 1/⟨𝑇 1
PAM

⟩ as defined in Equation 5.1. These
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chemical rate equations are valid as long as sufficient RNPs 𝐶 ≫ 1 are present.

In the ODE for 𝑥𝑗, we bring all target­dependent terms to one side, integrate from 0 to

𝑡 and define the site­independent quantity Γ(𝑡),

𝑥′
𝑗

𝑝clv,𝑗 𝑥𝑗
= −𝑘1

PAM
𝐶 (5.S14)

log(𝑥𝑗/𝑥0
𝑗)

𝑝clv,𝑗
= −𝑘1

PAM
∫

𝑡

0
𝐶 𝑑𝜏 = −Γ(𝑡). (5.S15)

The quantity Γ(𝑡) describes the cleavage capacity of Cas9 in the assay. It follows from
the anti­derivative of the Cas9 count Γ(𝑡) = 𝑘1

PAM
⋅ ∫𝑡

0 𝑑𝑡′ 𝐶(𝑡′), so by construction, its
initial condition is Γ(0) = 0. From a solution for Γ, one obtains the copy numbers of

targets and Cas9 complexes with

𝑥𝑗 = 𝑥0
𝑗 exp(−𝑝clv,𝑗 ⋅ Γ). (5.S16)

The full system can be captured in a single ODE for Γ,

Γ′ = 𝑘1
PAM

𝐶 = 𝑘1
PAM

(𝐶0 + ∫
𝑡

0
𝐶′𝑑𝜏) (5.S17)

= 𝑘1
PAM

⎛
⎝

𝐶0 + ∫
𝑡

0
∑

𝑗
𝑥′

𝑗 𝑑𝜏 + ∫
𝑡

0
𝑘prod 𝑑𝜏 − ∫

𝑡

0
𝑘degr𝐶 𝑑𝜏⎞

⎠
(5.S18)

= 𝑘1
PAM

⎛
⎝

𝐶0 + ∑
𝑗

∫
𝑡

0
𝑥′

𝑗 𝑑𝜏 + ∫
𝑡

0
𝑘prod 𝑑𝜏 − ∫

𝑡

0
𝑘degr

Γ′

𝑘1
PAM

𝑑𝜏⎞
⎠

(5.S19)

= 𝑘1
PAM

⎛
⎝

𝐶0 − ∑
𝑗

(𝑥0
𝑗 − 𝑥𝑗) + 𝑘prod ⋅ 𝑡⎞

⎠
− 𝑘degr(Γ − Γ(0)) (5.S20)

= 𝑘1
PAM

⎛
⎝

𝐶0 − ∑
𝑗

𝑥0
𝑗(1 − 𝑒−𝑝clv,𝑗Γ) + 𝑘prod ⋅ 𝑡⎞

⎠
− 𝑘degrΓ. (5.S21)
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5.6. Supplementary Figures

Figure 5.S1: Sequence­averaged CRISPRzip parameters. Sequence­averaged landscape

parameters, obtained as explained in Methods 5.4.
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6.1. Conclusions
The work in this thesis shows that a molecular understanding of CRISPR gene editing

can help explain the outcomes of CRISPR applications in cells. Chapter 2 established

a kinetic framework connecting in vitro and in vivo conditions; Chapter 3 presented

CRISPRzip, a sequence­aware biophysical model of Cas9 target interrogation, predicting

heterogeneous response to RNP concentration and DNA superhelicity; Chapter 4

investigated the relation between DNA sequence and torque in new high­throughput

experiments; and Chapter 5 demonstrated that in cells, Cas9 cleavage dynamics can

be predicted without considering the surrounding genome sequence. Together, these

findings illustrate the trajectory from mechanistic enzyme characterization to activity

prediction with explicit consideration of the cellular context. While this thesis pursues

this route for wild­type SpCas9 and with emphasis on DNA supercoiling, the biophysical

methods presented here can be adapted to explore similar pathways for more enzymes

and context variables.

6.2. Outlook
Already now, the CRISPRzip framework in its current form can be used to characterize

CRISPR enzymes other than wild­type SpCas9. The work in this thesis outlines a

pipeline from high­throughput measurement of a nuclease’s activity to inference of its

sequence­independent protein contribution to R­loop energy landscapes. The barriers

and metastable states in these characteristic protein contributions explain enzymes’

intrinsic on­ and off­target performance beyond specific sequences. As such, this

characterization can complement the current practice of benchmarking enzyme activity

based on a limited set of gRNAs and DNA targets.

Beyond the effects of enzyme identity and nucleotide sequence, this work highlights

DNA superhelicity as an essential variable in CRISPR nuclease target recognition.

Relatively few single­molecule studies have investigated the effects of DNA torque on

Cas9 [1–4] and other Cas nucleases [1, 5–8]. This work is the first to systematically

address the combined influence of nucleotide sequence and supercoiling, revealing

a complex interplay between the two variables. Further systematic inquiry should

clarify how variable DNA torque couples to DNA and gRNA sequence to determine

CRISPR nuclease dynamics. Even if the torque landscape of Cas9 activity were fully

characterized, predictions about in vivo activity in eukaryotes are limited by the lack of

absolute torque values on their genomes. On a molecular level, extensive research has

provided a physical description of bare DNA under torque and tension [9–11], and has

quantitatively characterized the relation between DNA topology and nucleosomes [12,

13], polymerases [14], SMC architecture proteins [15], topoisomerases [16], and other

relevant proteins [17]. However, genome topology in eukaryotes is measured indirectly

and expressed in terms of relative supercoiling [18, 19]. It therefore remains unclear

how the biophysics of individual protein­DNA interactions integrate into an overall DNA

superhelicity level, varying with space and time. Perhaps Cas9 can be employed as

a sensor to report directly on torque, contributing to a more physical description of

large­scale chromatin organization.

Finally, the challenge remains to translate mechanistic understanding to practical
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CRISPR applications. CRISPRzip is a promising candidate tool for gRNA design,

providing quantitative on­ and off­target prediction, interpretable sequence dependence,

mechanistic integration of environmental conditions, and potential adaptation to other

RNA­guided nucleases. However, many determinants of in vivo activity are lacking

from its framework. Some of these determinants may be captured in physical terms

and incorporated into the model, for example gRNA folding, PAM variations, indel

mutations, local PAM­shuttling effects, and environmental conditions such as ionicity

and temperature. Other determinants on the molecular level include interactions with

other DNA­binding proteins, among which nucleosomes, polymerases, and DNA repair

proteins, which may be studied in a higher­level kinetic model that integrates both these

processes and CRISPRzip. Still, many factors remain to in vivo CRISPR editing that can

hardly be addressed by mechanistic molecular models, from highly specific sequence

effects to dynamic genome organization and DNA repair pathways. Machine learning

can address this issue of molecular and cellular complexity more effectively than a

purely biophysical model. The complementary strengths of these opposite approaches

motivate the development of a hybrid model. Here, CRISPRzip’s kinetic predictions

would feed into a machine learning architecture that modulates them according to

the specific context of the genome and application. Recent work applied such a

transfer learning approach, starting from a kinetic, mechanistic model of in vitro Cas9

activity and embedding it in a neural network for in vivo predictions [20]. Other work

demonstrated that relatively small Cas9 activity datasets can suffice to adapt general

activity predictions to a specific cellular context [21]. In this way, transfer learning built

upon CRISPRzip can enable physiologically relevant yet meaningful and flexible gRNA

prediction for current and future CRISPR applications.
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