ABSTRACT

NETHERY, MATTHEW ANDERSON In Silico Characterization and Functional Deployment
of CRISPRCas Systems in Bacteri@Jnder the directionf Dr. Rodolphe Barrangqu

Since the initial discovery of CRISPRas systemdecadesgq efforts to elucidate the function
of these mysterious systemiimatelyrevealedheir biologicalrole as noveprokaryoticdefense
systems. CRISPIas systems represent the only known exawigbeokaryoticadaptive
immunity, a unique and elegant solution to the continued challereddtion by phage and
otherinvasive mobile genetic elemenBunctional researcto further elucidate the ecology and
activity of these systentsasresulted irthe adoption and pervasive use of RigdidedCas
nucleases as powerful genome editing tdélseled by thgoromise ofbiotechnological
applicationandthe staggeringaccumulatiorof genomic sequencing datiiscoveryefforts have
highlightedwidespread diversity across CRISERs systemand continugo yield noveland
divergentnucleasesnd genetic architectusedriving the growth and evolution dhe
nomenclature and associated classificaparadigmsDespite tle currentmaturity ofthe
CRISPRCas genome editing platformprogress oappliedmolecular approachdsmsoutpaced
its in silico counterpas, providingtremendous opportunity amttmandor effective
computationamethodsand standard software packag@snprove feature characterizatiand
classificationto streamlinéasic biological elucidation, arid expeditediscovery ofrare
unknown andnovel systemsevelopmenand usef these toolsinforming the rational dagn
and engineering of novel Cas effectass;ritical to deployingCRISPRCas systems in
increasinglysophisticated environmenighile maintainingprecise controbf putativegenetic

modifications.



Here, we developedscalablehigh-throughput pipelinéacilitating the extraction and
visualization ofthe primaryfeatures of CRISPRas systems: the repeat and spaeguencesf
the CRISPR arrayWe employed a custom global alignment algoritemabling CRISPR®ased
genotyping across closelglated strainsand applied this tiour model CRISPRCas subtypes to
illustrate sharedtrainhomologyanddivergenceover evolutionary timeéWe then utilized this
tool to perform comparative genomics acresgemovel strains of.actobacillus buchneri

Lactic acid bacteria are heavily enriched in CRISP& systems, anidvestigatingthe genomic
recordof phage infectiomnd spacer acquisiticacrosghese strainprovidednew insighs into
adaptive immunityandphagehost interactiowithin this specie Next, we developed a machine
learning approach for thrapid detection of classification and CRISRERas systems in
metagenomesvhich isoftenproblematic due to th@herentcomputationatomplexities of
metagenomic assemblyeveragingfeatures of the repeat sequence alaveuncovered distinct
k-mer features that are highly conserwvégthin each of the current 33 CRISREas subtypes.
Leveraging these conservedriers enabled identification @fousands ofinclassified loci
missed by &ditionalcasbased classificatiom our analysis of-55,000metagenomassembled
genomesFinally, wedevelopedh phagebased delivery platform to facilitate delivesy
CRISPRCas payloads taspecificbacterialhost within adiverse microbial communjtfor
targeted host editindengineering bacteriophage lambda through Cas9 selection, we inserted a
specializedCRISPRCas effector, dase editqgrinto the lambdayenomelUpon host infection

the base editor successfuihtroduced premature stop codontigenesof interest within the

host genomecreatng strategiogeneticalterationswithin a community context.



Altogether the work described hessmployscomputational pipelineim tandem withmolecular
microbiologyto characterize andisualizefeatures of CRISP®as systemgop exploreCRISPR
biology in an industrially relevaritactobacillusspeciesto bolster future effortef metagenomic
Cas nuclease discovettyrough improved classificationnd ultimately todeploy phagebased

CRISPRCas payloasifor targetedbacterial genomeditingin situ.
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CHAPTER 1: PREDICTING AND VISUALIZING FEATURES OF CRISPR -CAS

SYSTEMS



1.1 CONTRIBUTION TO THE WORK

Matt hew Nethery i s t he VibualizisgFeatares offCRISPRasn A Pr edi
Sy st ems 0 pMethdds in Bneycholdgide is responsible for writing the manuscript and
preparing the figures. The following chapter is from Nethery and BaytaMgthods in

Enzymology616, 1-25.



1.2 ABSTRACT

Pervasive application of CRISPRas systems in genome editing has prompted an increase in

both interest and necessity to further elucidate existing systems as well as discover putative novel
systems. Thebiquity and power of current computational platforms have nmasgiéico

approaches to CRISPRas identification and characterization accessible to a wider audience

and increasingly amenable for processing extensive data sets. Here, we desdidoe

methods for predicting and visualizing notable features of CRIS&&systems, including Cas

domain determination, CRISPR array visualization, and inference of the proteapa=nt

motif (PAM). The efficiency of these tools enables rapid exploratiddRISPRCas diversity

across prokaryotic genomes and supports scalable analysis of large genomic data sets.



1.3 INTRODUCTION

Themeteoricaccumulation of genomic data over the past decade in tandem with an exponential
increase in computational power lesabled widespread useinfsilico methods to examine

genetic information in powerful new ways: supplementing bench protocols to increase efficiency
and augmenting the speed and scale of genomic inquiry. Concurrent to these advances has been
the successfladoption of CRISPRCas systems for both prokaryotic and eukaryotic targeted
genome editingHruscha, Krawitz, Rechenberg, Heinrich, Hecht, Haass et al., 2013; Jiang,
Bikard, Cox, Zhang, & Marraffini, 2013; X. Ma, Zhu, Chen, & Liu, 2016urrently, CRISPR

Cas systems are categorized into 2 classes, 6 major types, and 33 distinct subtypes, illustrating
their vast range of genetic divers(tgoonin, Makarova, & Zhang, 2017Although each

CRISPRCas system has characteristic attributeseandloys an individual mechanistic

trademark, the majority of commercially available Cas enzymes are basedSiifaptcoccus
pyogene£as9 (SpyCas9) or are fully synthgkoonin et al., 2017; S. Shmakov, Smargon,

Scott, Cox, Pyzocha, Yan et al., 20%@n der Oost, Westra, Jackson, & Wiedenheft, 2044)

the field of genome engineering evolves, further definition of characterized systems, as well as
detection of novel systems have become progressively more important in bolstering the growth
of availeble CRISPRbased tools. Expanding our knowledge of these systems can expand our
repertoire of instruments by broadening potential target selection through diversified
protospacendjacent motif (PAM) sequence recognition, improving genome editing efficienc
through exploitation of atypical or modified enzymes, and cultivating the current array-of Cas
based applications beyond doubteanded cleavage: ssRNA targeting and detection, targeted
base editing, gene activation and repression, DNA methylationpageinetic modification,
genomewide screening, diagnostics, and visualizafien, Rocha, Luo, Raviram, Deng,

Mazzoni et al., 2016; Gilbert, Larson, Morsut, Liu, Brar, Torres et al., 2013; Gootenberg,
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Abudayyeh, Lee, Essletzbichler, Dy, Joung et al., 2GLif;Crawford, O'Donovan, Wilson,
Chow, Retallack et al., 2016; Komor, Kim, Packer, Zuris, & Liu, 2016; H. Ma, Tu, Naseri,
Huisman, Zhang, Grunwald et al., 2016; Sanjana, Shalem, & Zhang, 2014; T. Wang, Guan, Guo,

Liu, Wu, Xie et al., 2018)

In silico methods for CRISPRCas system examination facilitates recognition of key effector
proteins and their corresponding enzymatic activity; a key factor in the delineation of the current
six major CRISPRCas system typg&oonin et al., 2017; S. Shmakov et aD]17).

Visualization of CRISPRCas loci provide comprehensive architectural insights as well as
CRISPR repeat and spacer sequence composition; illustrating system diversity and enabling
additional sukclassification(Makarova, Zhang, & Koonin, 2017&jurtrermore, direct locus
visualization can yield meaningful insights into system activity derived from rspeaer array
length, spacer content, and completenesasf e nes; i ndicators of the
and functionality, and thus by extensionigntial for use in genome editing. Fundamental to
successful application of most CRISIRSs systems to genetic engineering is the proper
identification ofthree accessory components: the leader sequence, preCRISPR RNA (pre
crRNA) processindoundares, and th AM sequenceThe leader sequence is an-Ach

region adjacent to the repegdacer array that typically contains the vital regulatory elements for
pre-crRNA transcription and spacer acquisit{@dkhnbashi, Shah, Garrett, Saunders, Costa, &
Backofen, 2016; Andersson & Banfield, 2008; Hille & Charpentier, 2016; Rodic, Blagojevic,
Djordjevic, Severinov, & Djordjevic, 2017; Tyson & Banfield, 2008; Yosef, Goren, & Qimron,
2012) The repeats and spacers of a CRISPR array are transcribed irgte dogig transcript, a

pre-crRNA, which is subsequently processed into smaller functional crRNAs which play an



imperative role in nucleic acid targeting. Indeed, the targeting potential of any CRI&PR

system is effectively constrained by the systpadfic PAM sequence used during spacer
acquisition and target recognition, as well as its orientation to the target se(ideveau,

Barrangou, Garneau, Labonte, Fremaux, Boyaval et al., 2008; Horvath, Romere, Coute
Monvoisin, Richards, Deveau, Moineau et 2008; Mojica, DiezVillasenor, GarcieMartinez,

& Almendros, 2009)Here, we describi@ silico approaches to locate and detail Cas proteins and
their functions, visualize and align CRISPR arrays, define crRNA and tracrRNA features, and
predict PAM segences. Proper computational definition of these components can greatly reduce
assay time and direct efforts toward likely candidate systems more quickly than traditional bench
technigues alone. These techniques can be easily implemented in any lab-spagarkvithout

the need for specialized equipment and are widely accessible to both academic and industrial

users.



1.4 IDENTIFY AND CHARACTERIZE CRISPER -CAS SYSTEM ENZYMES

All CRISPR-Cas systems exhibit adaptive immunity through three shared functional stages:
acquisition of new spacers (adaptation), crRNA biogenesis (expression), and nucleic acid
detection and destruction (interference). However, these systems also dateanstedible

diversity and can be grouped by distinct characteristics: presence of uaggenes,

mechanisms of crRNA biogenesis, and the molecular mechanism of target recognition and
cleavage (Figuré.1l) (Makarova et al., 2017a; Makarova, Zhang, &in, 2017b)Additional
features central to functional classification of a system are CRISPR repeat length and sequence
structure, as well as overall locus architect{@@ener & Barrangou, 2016)r'he identification

and activity of these systems providsight into possible usage as a genetic editing tool. These
traits can yield ecological clues as to viusst interactions, diversity in niche environments,
microbiome composition dynamics, and trends iegolution(Andersson et al., 2008;
HeidelbergNelson, Schoenfeld, & Bhaya, 2009; Rho, Wu, Tang, Doak, & Ye, 2&E3)ond

mining prokaryotic genomes, environmental metagenomic data sets are rich targets for discovery
of noncanonical CRISPECas systems. These include groundwater sedimentpaol

drainage, and so#lwhich despite being unculturable, yielded novel Cas12e and Casl12d proteins
from uncultivated microbes; expanding the type V group with subtyp@qsas12d) and type

V-E (casl2e}Burstein, Harrington, Strutt, Probst, Anantharaman, Ttsoghal., 2017)In the
following methods, we describe techniques for metagenomic assembly and genome annotation,
followed by the categorical assignment and enzymatic characterization of CRIGP&/stems

identified in genomic data.

1.4.1 Requirements

1 Cutadapt http://cutadapt.readthedocs.io/en/stable/installation.html



http://cutadapt.readthedocs.io/en/stable/installation.html

1 Genome assembler | Velvéttps://github.com/dzerbino/velt)e Spades

(http://bioinf.spbau.ru/content/spadéswnload

1 Prokka |https://github.com/tseemann/prokka

1 CRISPRdisco | github.com/crisprlabAprdisco

1 InterProScanhttps://www.ebi.ac.uk/interpro/search/sequesearchor NCBI

Conserved Domains databasstps://www.ncbi.nim.nih.gov/Structure/cdd/wrpsb.cgi

1 Annotated genome of interest (*.fna and *.faa files)

1.4.2 Metagenomic preparation

Most metagenomic data sets are comprised of short reads that are too fragmented for CRISPR
detection, however assemblagéoi contiguous sequences (contigs) can produce strings that are
long enough for repeat recognition asassequence reconstructi¢Q. Zhang, Doak, & Ye,

2014) Several prokaryotic opesource and commercial assemblers are available. Two of the
most populaand welldocumented opesource assemblers are Velvet and Spades. The Velvet
assembler has an optimizer that performs assembly using vasnas $izes, then selects the

highest quality assemb(¢Zerbino & Birney, 2008) The Spades assembler has anrerro

correction module and creates an optimal assembly by generating a series of graphs built on the
previous grapliBankevich, Nurk, Antipov, Gurevich, Dvorkin, Kulikov et al., 2018l

subsequent steps listed here require previously assembled contigs.

cutadapt -q30 -o trimmed_reads .fastq input.fastq


https://github.com/dzerbino/velvet
http://bioinf.spbau.ru/content/spades-download
https://github.com/tseemann/prokka
https://www.ebi.ac.uk/interpro/search/sequence-search
https://www.ncbi.nlm.nih.gov/Structure/cdd/wrpsb.cgi

VelvetOptimiser .pl -s31 -e71 -x10 -f" -fastq -shortPaired trimmed_reads.fastq

spades.py -k 21,33,55,77 -- careful -1 trimmed_readsl.fastq -2 trimmed_reads2 .fastq -0

spades_assem

1.43 Annotation

Assembled genomes or metagenomes must be annotated in two files for GRASPR

identification and typing: a nucleic asi file (*.fna) and an amino acids file (*.faa). Prokka is an
opensource prokaryotic genome annotator that can be used to generate these files if not already

available(Seemann, 2014)

prokka -- outdir ./annotation assembled_contigs fasta

1.4.4 CRISPR-Cas system identification and typing

1) Run the annotated genome files through the CRISPRdisco pipeline for detectigpiagaf
CRISPRCas systemfrawley Alexandra B., 2018Yhis pipeline systematically locates repeats
and spacers and identifieasgenes by crosshecking against a protein reference set (Table
1.1). The results will indicate presence or absence dSER arrays and correspondicas

genes when available.



Path

PROKKA 12345

disco.sh -- temp keep -- outdir ./disco_out input.csv

2) The CRISPRdiscgipeline will assign a type and subtype when possible, based on the

presence of signatuoasgenes.

3) Further functional characterization of putative Cas proteins can be accomplished through
domain scanning tools such as InterProS€arevillon, Silventoinen, Pillai, Harte, Mulder,
Apweiler et al., 2005and the NCBI Conserved Domains Datab@4archlerBauer,

Derbyshire, Gonzales, Lu, Chitsaz, Geer et al., 204bich can distinguish the RNA
recognition motif, nucleic acid binding domains, nuclease domains, and helicase domains
regularly found in Cas proteirfBarrangou, 2013; Doron, Melamed, Ofir, LegJitopatina,

Keren et al., 2018Figurel.2 depicts conserved domains computationally identified in the

Streptococcus pyogen€ss9.
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1.5 VISUALIZE AND CHARACTERIZE THE REPEAT -SPACER ARRAY

Visualization and graphical comparison of CRISPR arrays enaldities of spacer

acquisition events over evolutionary time and are useful for bacterial genotyping ahelvieigh
phylogenetic reconstructidiBriner & Barrangou, 2014; Fabre, Zhang, Guigon, Le Hello,
Guibert, AccouDemartin et al., 2012; HidalgGantabraa, Crawley, Sanchez, & Barrangou,
2017; Horvath et al., 2008; Mokrousov & Rastogi, 2015; J. Zhang, Abadia, Refregier, Tafaj,
Boschiroli, Guillard et al., 2010Additionally, comparative analyses between strains can often
reveal cl ues eadof actvitytwhieh canypesvalidated through subsequent
experimentationWhile CRISPRCas systems may be located in a genome through protein
BLAST analysis of an or @lschul,Madilen, Sahaffem Zhang, c i d
Zhang, Miller etal., 1997) several nimble algorithms exist for specific identification of the
repeatspacer array, such as CRISPR Recognition Tool (GR@nhd, Ramsey, Sabree, Lowe,
Brown, Kyrpides et al., 200/CRISPRFinde(Grissa, Vergnaud, & Pourcel, 2007)
CRISPREetect(Biswas, Staals, Morales, Fineran, & Brown, 20E8)d other¢Ben-Bassat &
Chor, 2016; K. Wang & Liang, 2017n the following section, we discuss visualization and
alignment of CRISPR arrays, as well as the determination of locus orientation.

1.51 Requirements

I CRISPRyviz https://github.com/CRISPRIab/CRISPRviz

91 Clustal Omegalhttps://www.ebi.ac.uk/Tools/msa/clustalo/

1 Genome of interegt.fasta file)
1.5.2 Extract and Visualize the Repeat Spacer array
1) Extract repeats and spacers from the genome of interest using the CRISPRviz bioinformatic

pipeline(Nethery & Barrangou, 20187 his tool derives repeats and spacers from detected
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https://github.com/CRISPRlab/CRISPRviz
https://www.ebi.ac.uk/Tools/msa/clustalo/

CRISPRIoci and places them into separate files, which can subsequently be inspected for trends

in length, sequence, and abundance.

crisprviz.sh - pXxc

2) OnceCRISPRVviz has completed extraction, visualize repeats and spacers by going to
localhost:4444n your web browser. Repeat and spacer similarity can be quickly approximated
by comparing the color and shape combination for each unit (Filgg#¢. Use the prgressive
alignment function to compare spacer acquisitions across strains throughout evolutionary time
(Figure1.3B). This function implements progressive sequence alignment using the Needleman
Wunsch algorithm to generate initial similarity scofdeedlenan & Wunsch, 1970Yhen

generates a guide tree using the UPGMA appr@aokal & Michener, 1958)and produces

final scores using a suof-pairs calculatiofThompson, Plewniak, & Poch, 1999he unique
feature of this alignment algorithm is that thenpuitational logic operates at the whole spacer
level, converse to traditional nucleotiig-nucleotide alignments, requiring less processor time

and is better adapted for alignment of entire CRISPR a(Nsthery et al., 2018)

1.5.3 Determine CRISPR loas orientation

Accurately identifying locus orientation plays an indispensable role in defining the leader
sequence, which contains signals for adaptation andrpf&A transcription initiation, and
provides protospacer orientation used for PAM sequereziqtion(Alkhnbashi, Costa, Shah,
Garrett, Saunders, & Backofen, 2014dpcusorientationcan be determinetthroughleader

sequence designation and recognitbthe erminal repeat, which flank either end of the
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CRISPR locus. The leader sequence is agualing stretch of nucleotides with high A/T content

and is required for prerRNA transcription. The terminal repeat is tir@inal repeat added to

the array, andtlu, t he most ancestral. | spadersarrdy and at e d
typically contains several single nucleotide polymorphisms (SNPs) when compared to the
consensus repeat sequence.

1) Align repeats using an alignment tool like Clustal Om&javers, Wilm, Dineen, Gibson,

Karplus, Li et al., 2011)then identify the terminal repeat by locating SNPs that vary from the

consensus repeat sequence (FidL3€).

2) Use AT-rich content to determine the leader sequence on the opposite sideepfethe
spacer array, usually located between the first repeat and the clasgsihe. The precise
orientation of the CRISPR locus and the direction of@@RINA transcription is from the leader

(56) to the terminal repeat (306).

13
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1.6 crRNA GUIDES

Following transcription, the single pi@RNA is cleaved into several smaller crRNAs that
complex with effector proteins and guide the complex to its respective complementary nucleic
acid targe(Brouns, Jore, Lundgren, Westra, Slijkhuis, Snijders et al., 200&;H2ga,

Chylinski, Sharma, Gonzales, Chao, Pirzada et al., 2011; Karvelis, Gasiunas, Miksys, Barrangou,
Horvath, & Siksnys, 2013)IThe crRNA processing mechanism is sysspacific, as seen in
Figurel4A. (Makarova et al., 2017a, 2017b; Mohanraju, Makar&etsche, Zhang, Koonin, &
van der Oost, 2016; van der Oost et al., 20Iype Il and type ¥VB systems possess a

trademark molecular feature, traastivating crRNA (tracrRNAJDeltcheva et al., 2011yvhich
contains a sequence complementary to the CRISPR repeat, termed-thpeattiNot only does
tracrRNA play a vital role in crRNA maturation by forming daabtranded RNA templates that
direct RNase lll cleavage, it also bgsars with processed crRNA to form a crRNA:tracrRNA
duplex, essential for sequenrsgecific Cas9 interferen¢€aure, Shmakov, Makarova, Wolf,
Crawley, Barrangou et al., 2018; Karvelisag, 2013) Therefore, proper definition of the
tracrRNA is necessary for informed guide RNA design when using type Il and e V

CRISPRCas systems for genome editing.

Thoroughly understanding cleavage boundaries utilized in crRNA biogenesis is a critical first
step in designing effective guide RNAs and for troubleshooting issues that may arise when
applied to genome editing. Here, we discuss methods for locating tracgrédicting its

secondary structures, and determining crRNA biogenesis boundaries.
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1.6.1 Requirements
1 NCBI Basic Local Alignment Search ToBLAST + is recommended)

https://www.ncbi.nlm.nih.gov/books/NBK279671/

1 Cutadapt http://cutadapt.readthedocs.io/en/stable/installation.html

i Bowitie2 |http://bowtiebio.sourceforge.net/bowtie2/index.shtml

1 Samtools http://www.htslib.org/

1 Integrative Genomics Viewghttp://software.broadinstitute.org/software/igv/

1 NUPACK |http://www.nupack.org/

1 Genome of interest (*.fasta file)

1 Consensus repeat sequence for locus of interest
1.6.2tracrRNA identification
1) To locate putative tracrRNAs, search the genome of interest for theepa#t portion of the
tracrRNA sequencéJsing BLAST + on the command line, align the consensus CRISPR repeat
sequence with intergenic regions of the CRISP&® locus. Prominent intergenic regions
encompass the area just upstrearcag®, betweerca® andcasl, and the area just downstream
from the repeaspacer array. In addition, tracrRNAs have been located betvge2and the
repeatspacer array in type-A systems, and betweeas! and the repeatpacer array in type-li
B and IFC systems (Figur&.4B) (Briner, Henriksen, & Barrangou, 2016; Chylinski, Makarova,

Charpentier, & Koonin, 2014)

makeblastdb -in genome_to search .fasta -dbtype nucl -title = GenomeDB out GenomeDB

blastn -query repeat consensus .fasta -db GenomeDB out results.txt -task blastn - short
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http://www.htslib.org/
http://software.broadinstitute.org/software/igv/
http://www.nupack.org/

2) Inspect BLAST alignment and find the location of the -@efieat sequence in the genome.

Typical tracrRNA characteristics include length between 50 and 150 nt andiadependent

transcription terminator (sequence of high-Géhtent prone to hairpin foration followed by

several consecutive thymine bag€sylinski, Le Rhun, & Charpentier, 2013; Wilson & von

Hippel, 1995) . Begin searching for the tracr RNAGOS t e
|l i ke sequence 1 s f oun dnt-repeatnsearchingdorthepevdrsee am ( 56
complement of the transcriptional terminator. As depicted in Fid@, CRISPR repeats often
begin with G trailed by a string of Tbés, whic
to compose the lower stem étfirst G of a CRISPR repeat frequently pairs with a U in the

tracrRNA) (Briner & Barrangou, 2016)This segment is followed by a region of ron

compl ementarity, termed the bulge. The 506 end
also share a complentany region which baspairs to create the upper stem. Understanding this

pattern of complementarity and how the crRNA:tracrRNA duplex forms can provide useful clues

for tracrRNA prediction(Briner & Barrangou, 2016; Briner, Donohoue, Gomaa, Selle, Siprac

Nye et al., 2014; Briner, Henriksen, et al., 2016; Chylinski et al., 2013)

3) To visualize the secondary structures present in the crRNA:tracrRNA duplex, use RNA
folding prediction software such as NUPAQRadeh, Steenberg, Bois, Wolfe, Pierce, Khian e
al., 2011)or RNAfold (Lorenz, Bernhart, Honer Zu Siederdissen, Tafer, Flamm, Stadler et al.,
2011) These tools use thermodynamic modeling to predict and simulate RNAdiasg. For

more accurate folding prediction, enable G/U base paiBniger, Henriksen, et al., 2016)
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Define the lower stem, upper stem, bulge, nexus, and hairpin features from predicted secondary
structures of the crRNA:tracrRNA duplex, as described by Briner @raher, Donohoue, et al.,
2014)(Figure1.4C).

1.6.3 crRNA boundaries and tracrRNA identification through RNASeq

1) Generate short reads through small RNA Neggheration Sequencing. Unless small RNA

data is readily available from environmental samples or reference strains of interest, mapping of
crRNA and tracrRNA boundaries is arguably best determined using deep sequencing of small
RNA molecular of strains grown in laboratory conditions in which CRKERR systems are

constitutively activgCrawley, Henriksen, Stout, Brandt, & Barrangou, 2018)

2) If samples are multiplexed, first demultiplex them using cuta@daattin, 2011)and

associated barcodes. Next, remove adapters specific to your sequencing Kkit.

cutadapt -aone=GGTA-atwo=AAGT -o trimmed_filename.fastq input.fastq

cutadapt -b AGATCGGAAGAGCGTCGN&GI0 -0 outl.fastg - p out2.fastq readsl.fastq

reads2.fastq

3) Quality trim to Phred®0 by using an error probability limit of 0.001 and filter out short reads

(< 15 nt), since they have a higher chance of mapping incorrectly.
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cutadapt -q30 -o qt_outp ut.fastq input.fastq

4) Map the resulting reads to a reference genome using Bofkaegmead & Salzberg, 2012)
then sort the output using Samtofils Handsaker, Wysoker, Fennell, Ruan, Homer et al., 2009)
and use an alignment viewer such as I@@ébinson, Thorvaldsdottir, Winckler, Guttman,

Lander, Getz et al., 201by GeneiougKearse, Moir, Wilson, Stonddavas, Cheung, Sturrock

et al., 2012Jor visualization of crRNA and tracrRNA coverage boundaries.

bowtie2 - build ref _genome.fa ref_genome

bowtie2 -x ref_genome -U qgt_output.fastq - S output_ mapsam

samtools sort output_map.sam -0 output _map_sorted.sam
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1.7 PREDICTING THE PAM SEQUENCE
Accurate identification of the PAM sequence and design of RNA guides to properly target its
flanking regions are integral steps for successful genesis and implementation of genome editing
tools. The PAM sequence is a key feature for initial target recognit all systems except Type
[Il and is required for complete bapairing by complementarity between the guide RNA and
the target nucleic acid. The PAM enables organisms to distinguish between their own CRISPR
array and target sequences within invadiggenous nucleic acigdseenay, Maksimchuk,
Slotkowski, Agrawal, Gomaa, Briner et al., 2018 ditionally, the PAM sequence is critical for
protospacer selection and orientation during target insertion into the CRISPkBamangou,
FremauxDeveau, Richards, Boyaval, Moineau et al., 2007; Horvath et al., 2008; Mojica et al.,
2009) PAM location upstream or downstream of the protospacer varies based on system type
and species, while sequence specificity can vary by strain (Figyr@_eenayet al., 2016;
Makarova et al., 2017a, 2017b; Min, Yoon, Jo, Ha, Jin, Kim et al., 2018; J. Wang, Li, Zhao,
Sheng, Wang, Yin et al., 2015; Yosef, Shitrit, Goren, Burstein, Pupko, & Qimron,. 20183)
tools and procedure detailed below outline an in siliqgo@gch to PAM sequence prediction.
1.7.1 Requirements

1 NCBI Basic Local Alignment Search To@BLAST + is recommended)

https://www.ncbi.nlm.nih.gov/books/NBK279671/

1 File containing spacers frogenome of interegt.fasta)

1 blast_parser.pyhttps://github.com/CRISPRIab/CRISPRutils

1 append_spacers.sh | https://github.com/CRISPRIab/CRISPRutils
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1.7.2 Procedure

1) Identify all spacers from a genome of interest and combine them into a single FASTA file.

CRI SPRviz will have already output this infor
is important to search as many spacers as possible due to the gxtogndetection rate of

~1% to 19% of spacers in known sequer(&s. Shmakov, Sitnik, Makarova, Wolf,

Severinov, & Koonin, 2017)Therefore, a larger number of positive BLAST matches increases

our confidence in PAM prediction accuracy.

2) BLAST spaces againspublicly available NCBI databases (nt, env_nt, etc.) using a minimum
threshold of 16b. It is also helpful to adjust other algorithm parameters by settisy blastn
shortto accommodate short spacer sequencesaarifint 5for XML output usedn the

subsequent script. In some cases, excluding the host organism of interest from the query can

simplify results and avoid hits that are not conducive to further analysis.

append_spacers.sh

blastn -query spacers_concat.fasta -out matches.xml  -remote -db nt -task blastn - short

-outfmt 5

3) Parse the XML results to select putative protospacers that will be used in predicting the PAM.
Bl ast _parser.py will aqtabthisosdt &whfchewwithlibée 8

matches, accession numbers, and their hit scores (I2plé&kunnimg blast_parser.py with the
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optional-t (trim) flag will automatically filter out any results with descriptions that do not
contain Ophagedé, O6prophageé, Obacteriophageo,
6*.tab. hits. cs v @ aryunwantedraatches do bnly roivocontamingo v

potentially relevant protospacer hits remain (remove matches to self, low quality hits, etc.). Make

sure to save the file once editing has been completed.

blast_parser.py -ct -fmatches.xml

4) Predict the PAM sequence using tpgpredict) option in blast_parser.py. This option uses

the accession number s f randexttaditbe flankingtregitnsdfi t s. c s
matching protospacers (10 nt upstream and downstream), adjusting for full protospacer coverage
and reverse complement matching. This script uses the Biopython |{@@elk, Antao, Chang,

Chapman, Cox, Dalke et al., 20@8 access genomic data through Entrez, a portal provided by

NCBI that enables command line queries of its datal(&#siler, Epstein, Ohkawa, & Kans,

1996) A motif analysis tool like Weblog@Crooks, Hon, Chandonia, & Brenner, 2004)

Geneious can timebe used to identify the PAM sequence from the resulting flank alignment file:

pam_predict_flanks.fgFigurel.6)

blast_parser.py -f matches.xml  -p

blast_parser.py -ctp -fmatches.xml
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Although current spacer detection rates remain low, as additional virus and invasive plasmid
sequences are edged,in silico PAM sequence prediction will become increasingly attainable.

Overall, this protocol will readily enable users to identify and visualize the various elements that

constitute diverse CRISPRas systems.
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Table 1.1| Signature Cas proteins

Type Signature Protein Subtype SubtypeProtein
Typel Cas3 Typel-A Cas8a
Typel-B Cas8b
Typel-C Cas8c
Typel-D Cas10d
Typel-E Cas8e
Typel-F Cas8f
Typel-U Cas8u
Typell Cas9 Typell-A GCsn2
Typell-B Cas4
Typelll Cas10 Typelll-A Csm6
Typelll-B/C anr_
Typelll-D Gsx10
TypelV Csfl
TypeV Casl12 TypeV-A Gasl2a
TypeV-B Casl2b
TypeV-C Casl2c
TypeV-D Casl2d
TypeV-E Casl2e
TypeV-Ul Qc4
TypeV-U2 Qc8
TypeV-U3 Cc10
TypeV-U4 c9
TypeV-U5 Q2c5
TypeVI Cas13 TypeVIA Casl3a
TypeVIB1 Csx28
TypeVB2 Csx27
TypeVIC Casl13c




Table 1.2| Streptococcus pyogenspacer BLAST hits

Spacer

BLAST Hit Description

Expect Value

Identity (%)

Strand

NZ_CP007241_CRISPR_2_spacer

NC_002737_CRISPR_2_spacer_3

NC_007297_CRISPR_1_spacer_1

NC_007297_CRISPR_1_spacer_1

NC_007297_CRISPR_1_spacer_3

NC_007297_CRISPR_1_spacer_3

NZ_CP008776_CRISPR_2_spacer

NZ_CP007241_CRISPR_1_spater

0i|124389331|gb|EF207558.1| Streptococcus phage
phi3396, complete genome
0i|699753118|gb|KM289195.1| Streptococcus phage
T12, complete genome

0i|119104284|gh|DQ864624.1| Streptococcus phage H
complete genome

0i|16156167|gb|AY050245.2| Streptococcus pyogenes
strain NIH1 putative methionine sulfoxide reductase
gene, complete cds; and integrated temperate phage
PhiNIH1.1, complete genome
0i|1139676239|gb|KY349816.1| Streptococcus phage
Str01, complete genome
0i|928543781|gb|KT388093.1| Streptococcus phage
A25, complete genome

gi|16156167|gb|AY050245.2| Streptococcus pyogenes
strain NIH1 putative methionine sulfoxide reductase
gene, complete cds; and integrated temperate phage
PhiNIH1.1, complete genome
0i|1111305780|gb|M19348.2|H44HLR Streptococcus
pyogenes phage H4489A hyaluronidase (hylP) and

hypothetical protein genes, complete cds

8.59E08

1.34E06

1.34E06

1.34E06

1.34E06

1.34E06

1.34E06

1.34E06

100

88.24

100

100

100

100

100

100

+/+

+/+

+/-

+/-

+-

+/-

+/+

+/-
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Table 1.S1 | Accession Numbers forersinia pseudotuberculosis

Strain

Accession

Yersinigpseudotuberculosis PB1/+

Yersinia pseudotuberculosis IP32953

Yersinia pseudotuberculosis MD67

Yersinia pseudotuberculosis LFB2015WOM®68/179
Yersinia pseudotuberculodi$B2015WOM66/175
Yersinia pseudotuberculosis LFB2015MOM102/11
Yersinia pseudotuberculosis LFB2015MOM69/185
Yersinia pseudotuberculosis LFB2015MOM126/113

Yersinigoseudotuberculosis M207

NC_010634.1
NC_006155.1
NZ_CP009757.1
NZ_MNKR01000001.1
NZ_MNKQ0100001.1
NZ_MNKT0100001.1
NZ_MAKS01000001.1
NZ_MAKU01000001.1

NZ_NCKY01000001.1
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Table 1.S2 | Accession Numbers fd@treptococcus pyogenes

Strain

Accession

Streptococcus pyogenes M1 GAS
Streptococcus pyogenes MGAS6180
Streptococcus pyogenes MGAS5005
Streptococcus pyogenes MGAS9429
Streptococcus pyogenes MGAS10270
Streptococcus pyogenes NZ131
Streptococcus pyogenes MGAS1882
Streptococcus pyogenes STAB1102
Streptococcus pyogenes 7F7
Streptococcus pyogenes 1E1
Streptococcus pyogenes AP1
Streptococcus pyogenes NGAS596
Streptococcus pyogenes 5448
Streptococcus pyogenes HKU360
Streptococcus pyogenes NGAS322

Streptococcus pyogenes HKU488

NC_002731
NC_007298
NC_007292
NC_008021
NC_008022
NC_011373
NC_017053
NZ_CP007028
NZ_CP007240
NZ_CP007241
NZ_CP00753T
NZ_CP007561
NZ_CP008776
NZ_CP009612
NZ_CP010449

NZ_CP012045
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A

Yersinia pseudotuberculosis LFB2016M0OM126/113 locus 2 spacers:

TCAGGCTGGCGGCGAAATCACCACCTTTGCAT

CCTGCCTGAATAGGGTGCATCAGCAAACCAAA

CAAATGAGATTAAAGCATCAGTGCAGTACATG

AACAACGCCGCAGACGCAACCAGTGCCAATAC —
AAATTATCTATAAACATAAACTGACTTTGAAT

AACACTAAGGGATTATTACCAGATACAGGTGA

AAGTAAGGCACAGAAGGTTGTCACAATGACAA

Yersinia pseudotuberculosis LFB2015WO0M68I7 locus 1 spacers:

TCAGGCTGGCGGCGAAATCACCACCTTTGCAT
TCAAAAACCTGATGGCAGTGGCCCGGCAATAT
CCTGCCTGAATAGGGTGCATCAGCAAACCAAA —D
CAAATGAGATTAAAGCATCAGTGCAGTACATG

EEE EEEaR

C
1 GTTCACTGCCGCACAGGCAGCTTAGAAA
2 GTTCACTGCCGCACAGGCAGCTTAGAAA
3 GTTCACTGCCGCACAGGCAGCTTAGAAA
4 GTTCACTGCCGCACAGGCAGCTTAGAAA
5 GTTCACTGCCGCACAGGCAGCTTAGAAA
6 GTTCACTGCCGCACAGGCAGCTTAGAAA
7 GTTCACTGCCGCACAGGCAGCTTAGAAA
8 GTTCACTGCCGCACAGGCAGCHEAREA A

Figure 1.3| Visualizing features of theYersinia pseudotuberculosiSRISPR array

A) The nucleotide sagences of loci from two different strains¥érsinia pseudotuberculosis
CRISPRVviz converts these spacer sequences to a color/symbol block array for visual comparison.
B) CRISPRuviz spacer alignment across 9 strainéesinia pseudotuberculogiype FF) using

the genomes found in TahleS1. Each row displays an individual CRISPR locus with the

ancestral end positioned to the right. C) Repeat alignment indicates repeat eight is the terminal

repeat of this locus based on the presence of four SNPs.
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A pre-crRNA mature crRNA
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Figure 1.4| crRNA maturation by subtype and tracrRNA location and structure

A) PrecrRNA processing to form mature crRNA differs by CRISE&s system type.

Repeats are indicated by solid black rectangles and frequently form hairpins, while spacers are
displayed as colored rectangles. The typ& ttacrRNA is depicted binding with pre'RNA

which is significant for proper crRNA biogenesis. Arrows are used to indicate processing
cleavage sites. B) Four potential tracrRNA locations in type Il systemssesped by intergenic

red bars. C) The crRNA:tracrRNA duplex. The lower stem, bulge, and upper stem are features

useful for identifying potential tracrRNA sequences.
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Type |I-E Cascade

) AAG protospacer —
E. coliK12

W

Type I I_A Ca 59 5 protospacer N GG

S. pyogenes 3
Type V-A Casl2a . TTN pospacer
F. novicida 3

Figure 1.5| PAM sequences for subtypes-E, Il -A, and V-A
Three wellcharacterized® AM sequenceand location relative to the protospackype FE in
Escherichia colKK12, Type IFA in Streptococcus pyogenemd Type VA in Francisella

novicidaFx1.
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Figure 1.6| Bioinformatically predicted Streptococcus pyogendype II-A PAM

NGG PAM sequence ident i f iSeegtococnus Byégenged-Ak i ng r e

systemVisualization of flank alignment file generated from blast_parser.py in Geneious.
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CHAPTER 2: CRISPR VISUALIZER: RAPID | DENTIFICATION AND

VISUALIZATION OF CRISPR LOCI VIA AN AUTOMATED HIGH

PROCESSING PIPELINE

-THROUGHPUT
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2.1 CONTRIBUTION TO THE WORK

Matthew Nethery is the first author on ACRI SP
Visualization of CRISPR loci via an Autonteal HighT hr oughput Processing P
published inrRNA Biology He developed the pipeline presented in this chapter and is responsible

for writing the manuscript and preparing the figures. The following chapter is from Nethery and
BarrangouRNA biologyl6 (4), 577584.
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22 ABSTRACT

A CRISPR locus, defined by an array of repeat and spacer elements, constitutes a genetic record
of the ceaseless battle between bacteria and viruses, showcasing the genomic integration of
spacers acquired from invasive DNA. In particular, iterative spssmprisitions represent unique
evolutionary histories and are often useful for higholution bacterial genotyping, including
comparative analysis of closely related organisms, clonal lineages, and clinical isolates. Current
spacer visualization methodsedypically tedious and can require manual data manipulation and
curation, including spacer extraction at each CRISPR locus from genomes of interest. Here, we
constructed a higthroughput extraction pipeline coupled with a local vialsed visualization

tool which enables CRISPR spacer and repeat extraction, rapid visualization, graphical
comparison, and progressive multiple sequence alignment. We present the bioinformatic pipeline
and investigate the loci of reference CRISE& systems and model organismg welk

characterized subtypes. We illustrate how this analysis uncovers the evolutionary tracks and
homology shared between various organisms through visual comparison of CRISPR spacers and
repeats, driven through progressive alignments. Due to thigy &biprocess unannotated

genome files with minimal preparation and curation, this pipeline can be implemented promptly.
Overall, this efficient highthroughput solution supports accelerated analysis of genomic data

sets and enables and expedites gemogyefforts based on CRISPR loci.
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2.3 INTRODUCTION

Due to the selective pressure of viral predation, bacteria have evolved multiple defense
mechanisms against bacteriophage infedtlor2, 3] Innate immunity is often provided by
restrictionmodificationand abortivenfection systems, while adaptive immunity is driven by a
range of diversified CRISPRas (clustered regularly interspaced short palindromic repeats
CRISPR associated proteins) syst¢ingt]. Essential to CRISPRas based adaptive immunity

is a process called acquisition, in which invading foreign DNA is integrated into the CRISPR
array to impede future attacks 6, 7, 8, 9, 10, 11, 12, 13)s a result, these repegiacer arrays
represent a unique evolutionary record of attacks by bapteages and other invasive and

mobile genetic elements. The industrial relevance of CRIE&ed genotyping has been
demonstrated in several bacterial species widely found in the food supply chain, encompassing
starter cultures and food spoilage organisosh asStreptococcus thermophil{&4],

Bifidobacterium longunfil 5], andLactobacillus buchnelil6]. CRISPRbased genotyping also
exhibits significant medical relevance through its usage in identification of pathogens such as
Mycobacterium tuberculos[47, 18] Salmonella entericfl9, 20] Clostridium difficile[21],
Escherichia colend many other2, 23] including foodborne pathogens. Characterization of
CRISPRCas systems has also revealed alternative functions such as roles in virulencemnegulati
and DNA repaif24]. Understanding the origin and structure of CRISPR loci and their
transcribed RNA (crRNA) is a shared thread running through many fields and functions: from
the novice CRISPR biologist recently introduced to adaptive immunity, texfert

investigating a bacterial clade; from the genome assembler working to decode repetitive genomic
regions, to the explorations of a phylogenetii3i. Though the genetic locus is the defining

feature of CRISPFCas systems, their function hinges@RISPRderived RNA molecules that
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guide the activity and efficiency of these immune systems. Indeed, crRNA, and thus, CRISPR
repeats and spacers, are the fundamental basis of CRI&&hised genome editing, with
RNA-guides at its core. It is thus critidal discern and characterize the loci and sequence that
define crRNASs. Yet, there is a surprising paucity of tools dedicated to understanding,
manipulating and visualizing these loci. Pipeline analysis of the DNA sequences underlying
active or ancient crRA is a powerful tool in unsupervised genomic discovery, especially in an
era where sequencing has become affordable, anethnighghput-omic technologies have

yielded genome and metagenomic sequencingedataasseThe resulting analytical bottleneck

is hampered by the difficulty with which repeated regions are sequenced and assembled.
Visualization and comparison of CRISPR loci bridges the fields of genome editing and CRISPR
biology, providing a common denominator between disciplines. Although a hafdiseful
bioinformatic tools have been developed to facilitate CRISPR repeat and spacer identification,
the space for largscale discovery and comparison remains untafffed6, 27, 28] These

tools are largely centered around CRISE&s detection ahinvestigation of related features at

the singleorganism level, enabling deep exploration and discovery with narrow scope and are
not optimized for direct comparison across organisms. Often, these jobs are limited to a single
genome file at a time andrcéake several minutes to run per strain depending on the level of
detail provided for each locus. Nevertheless, we used specific features of existing CRISPR tools
(such as CRT, CRISPR finder, CRISPRCasFinder, CRISPRdb, CRISPRdetect, CRISPRone,
CRISPRdiscand more) as a basis to develop a more efficient and scalable pipeline. Direct
nucleotide comparison is time consuming and cumbersome in contrast to visual comparison,
which is more intuitive and better suited for comparison across multiple organisraswer

present an automated pipeline that combines the power and speed of current bioinformatic tools
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with the usetinterface of the modern welrowser for improved analysis of CRISPR arrays. We
use this technology to explore reference systems and maalaksticross the two established
CRISPR classes and 4 major types, with examples for reference subtigpésAl 111 -A, and

V-A [29, 30, 31] Interestingly, results illustrate the speed at which evolutionary relationships

can be recognized and explo@d provide insights into their function and activity.
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2.4 MATERIALS AND METHODS

2.4.1Extraction and Conversion Pipeline

The repeat and spacer sequence extraction is performed by MinCED
(github.com/ctSkennertéminced), which is derived from the CRISPR Recognition Tool (CRT)

[26] . It is wrapped in a custom bash script which enables parallel spacer/repeat extraction across
mul tiple genomes using the shell-Gssticalyt i ve bac
reducing execution time when processing large numbers of genomes. The custom script also
facilitates the splitting of loci into individual rows and converts MinCED repeat output data to
fasta format and files for downstream analyses. The required usersigaple, and can

consist of any genome, contig(s), or sequence file in .fasta format. If a specific file is not
provided, all genome files in the current working directory will be analyzed. Extracted CRISPR
spacer and repeat sequences are convertednnéasily comparable color and glyphicon
(getbootstrap.com/docs/3.3/components/). Each spacer or repeat is represented by two
components: a colored square, representing the composition of a subset of the sequence; and a
colored symbol, representing theneposition and length of the sequence. The conversion

algorithm was written in Pythonadapted from a VBA algorithm originally created by Philippe
Horvath and colleagud$4]. This engine outputs the conversion data into a .json file available

for uptakeby a local server.

2.4.2Web-based visualization tool
The webbased visualization tool is written in HTML5, CSS3, and jQuery and is locally served
through port 4444 by SimpleHTTPServer in Python 2 or http.server in Python 3g&ismated

changes to thdata set can be saved via HTML5 local storage or exported to a disk. Our custom
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multiple sequence alignment algorithm is implemented in javascript and is comprised of three
distinct stages of execution. The primary stage uses the NeedWnrasth algoritin [32] to

evaluate an exhaustive combination of global pairwise alignments, generating raw similarity
scores for each pair of sequences from empirically selected match, mismatch, and gap penalty
values: 4;1, -2, respectively. These values are haodedinto multipleSegAlignment.js and can

be modified as needed. The second stage uses UFG3]#o recursively generate a guide tree

based on the similarity matrix. Branching order is determined by highest pairwise similarity

score. If multiple maximum scoresist, one is chosen at random. Progressive alignment is

i mpl emented in stage three, based oeofipatshe gui d
scoring approac84]. End gaps are not penalized and are removed from thénteseace to

yield a moe concise outputreduction in unnecessary gaps toward end of some sequences.

While typical progressive alignments are concerned with comparison and gap insertion at the
nucleotide level, we are concerned with comparison and gap insertion at the whelde\,

enabling alignments of entire spacers as opposed to alignments of individual nucleotides. To this
end, logic at the nucleotide level has been abstracted away by converting the nucleotide sequence
of each spacer to an integer for speed of contipatal comparison, then by comparing integers

as nucleotides are typically compara@sulting in a match, mismatch, or gap score. Nucleotide
to-gap (integetto-gap) is scored as a typical gap)( The gapto-gap score of3 was determined
empirically ater observing the tendency for gapgap alignments to be favored and inserted in

long stretches when its score was set to anything greater than or equal to the singular gap score

of -2.
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Additional visual manipulation is possible in the usgerface,ncluding row and spacer sorting,
reversecomplementation, and spacer/repeat view toggles. This software can be installed from
the commandine and is also available as a Docker image. Comsriardnstallation requires
Bash, Java, Python, pip, Biopyth@nd Numpy. To download the pipeline and for additional

detail on installation and use, please see the repository at (github.com/CRISPRIab/CRISPRVviz).

2.4.3Reference CRISPRCas systems for select types and subtypes

Select genomes were sampled to encospgas previously defined reference strains across the
two main CRISPRCas systems classes, as well as the four major types (I, Il, 1ll, V) and select
subtypes @E, II-A, Il -A, V-A). Additional genomes within similar species carrying these
CRISPRCas systms were randomly selected through a RefSeq search for comparative analysis

with the appropriate reference 142D, 30, 35](Table2.1).

2.4.4Performance Evaluation

Executions of 1, 10, and 100 genomes were normalized by using copies of a single-genom
NC_015428. This genome was chosen based on its average size (~2.5 Mb) and familiarity. Each
sample run was executed 5 times (n = 5). The machine used for execution is a 2016 MacBook
Pro laptop with 8GB RAM and a 2.7 GHz Intel Core i5 processor. Subeequns on higher

power processors yielded significantly shorter execution times, however, the conservative
execution times were chosen for display as they are more likely to better represent the

technology used by the majority of typical end users.
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2.5 RESULTS

2.5.1Bioinformatic Pipeline Overview

CRISPR Visualizer is comprised of two main componéritse extraction pipeline and

conversion engine, and the usacing webbased frontend. The extraction pipeline and

conversion engine consist of a strggparching algorithm that identifies CRISPR spacers and

repeats through MinCED, as well as a conversion engine that converts sequence composition and
length into RGB values and a corresponding symbol, respectively (Rduse The web
interface is comprised of a OFile actionsd me
are located, individual row action buttons, as well as a bank of action buttons that apply to the
entire display area (Figugl B) . Thtei r$ & e ma&.mA) incuéfes saving and

loading from local browser storage, import and export to disk in .json format, as well as a
management feature which lists all saved broviseed entries (Figuz1D). The row display

area exhibits the spasesind repeats of a single genome per row or, can alternatively show an
individual CRISPR locus per row when the pipeline is run with the sgjipbption. Each row

and individual spacer are draggabte enable fine tuning of the alignment through mamoai
rearrangement and gap manipulation. Adjacent to each row is a group of action buttons that

apply specifically to the repeats and spacers of that row. This button collection allows the manual
addition and removal of owargeversal(reverger esented by
complementation, and row deletion (Fig@r&E). Beneath the row display area is a similar bank

of buttons whose actions apply to all rows collectively. The first row of these buttons includes

two sort features: by ascending and dedegg length, a direction reversal toggle, and a reverse

complement toggle. The second row includes a progressive multiple sequence alignment
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function for spacer alignment, and toggle buttons to show spacers, repeats, or spacers and repeats

simultaneouslyFigure 22).

2.5.2Reference Type and Subtype analysis

Reference and model strains and genomes, representing both Class 1 and Class 2 across the four
major CRISPRCas system types and 4 model subtypes, were analyzed using the fipeline
encompassing 4oecies and 27 strains in totlscherichia colias the Type-E reference,

Streptococcus thermophilas the Type HA referenceStaphylococcus epidermidas the Type

[l -A reference, an#francisella novicidaas the Type VA model[31]. Importantly, thee

specific systems were selected because they have been defined as the canonical references for
these subtypes [31], and some of these have been extensively used as models to unravel the
molecular mechanism of action of CRISIRs systems (i.&. colifor Type }E; S.

thermophiludor Type IFA, S. epidermidigor Type IlI-A, andF. novicidafor Type V-A).

Type I-E T Across 6 strains dEscherichia coliincluding reference strain K12, only a single
Type FE system was found. 4 conserved spacer arrays identified, as well as 2 unique spacer
arrays- both belonging to NZ_NSKO00000000 (Fig@w8A). Repeats from
NZ_BEVX00000000.1, NZ_LOFJ0O0000000.1, and NZ_NSKO00000000.1 display a modified
terminal repeat shown in yellow, which is common and instruah@mtetermining locus
orientation. Repeats directly adjacent to Tykedas genes are highly similar, while repeats that
are located ~25 kb from the Typ&lcas genes show slight variation. These repeats likely

evolved from a single ancestral arraylavere physically split over time.

51



Type II-A T The 5 selected strains 8freptococcus thermophilygelded repeats and spacers

from 3 distinct CRISPRCas systems, 2 TypeM systems and a Type 1A system.

3 clusters of conserved spacer arrays i@nad, as well as 3 unique spacer arrays belonging to
NZ_PHHGO00000000.1, NZ_PHHH00000000.3, and NZ_PHHH00000000.2 (R3B§
illustrating their distinct genotypic characteristics that may be reflective of their individual
environments. There are 3 distt groups of repeats, each in close proximity to a different
CRISPRCas system. There is significant variation among these 3 repeat groups, indicating an
independent evolutionary association with the most proximal CRIG&#Rsystem. Repeats
belonging tathe Type I}A Locus 2 system and the Type-Al system each have a modified
terminal repeat. The wide range of diversity in both spacer and array length could warrant

addi tional inquiry such as | evel of CRI SPR ac

Type Il -A'T Analysis of 10 ofStaphylococcus epidermidignomes revealed a single Type IlI

A system. 2 spacer arrays were highly conserved while a single unique spacer array was
identified in NZ_JUOWO00000000.1 (Figu2e3C). Repeats are clustered into 2 highly conserved
groups: the first of which is proximally associated with TypeAlidas genes, and a second group
which is lacking associated cas genes. There is some variation in the repeat sequences between
these two grups as well as physical distance, indicating initial evolution from a single ancestral
array followed by point mutations over time. Almost all repeat arrays contain a single modified

terminal repeat providing an evident indication of locus orientation.
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Type V-A'i We analyzed 6 strains 6fancisella novicidarevealing 2 distinct CRISRRas
systems: a Type M system and a Type-B system. 3 highly conserved spacer arrays were
identified, followed by 2 unique spacer arrays which were both found metkeence strain
NC_017450 (Figur@.3D). 2 distinct repeat groups emerge when arranged by sequence
variation, each belonging to a respective CRISRIR system. All Type VA repeat arrays
contain a modified terminal repeat, while only 1 Typ®& llepeatarray contains a modified

terminal repeat.

2.5.3Performance Evaluation

To measure execution time, the pipeline was run against 1, 10, and 100 genomes and elapsed
seconds necessary to complete the extraction and conversion process were recordeti4figure
Each batch of genomes (1, 10, or 100) was run through the pipétited af 5 times to assess
replicative consistency. The average execution time for a single genome was 2.93 seconds, while
the average time until completion for 10 genomes was 10.72 seconds. To tessadédmtch
execution, 100 genomes were processqguhralleli resulting in an average of 114.38 seconds

before total completion.
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2.6 DISCUSSION

Successful execution of the pipeline presented here is solely based on output generated from
MinCED extraction. At times, repeated nucleotides in spacer segsi®r poorly assembled
genomes can cause the spacer/repeat boundary to be shifted, misrepresenting the spacer and
repeat lengths in the webterface. Spacers and repeats experiencing this issue can be manually
corrected in the underlying extraction filehowever, the issue can be avoided primarily by using

high quality genomes.

Analysis of strains containing CRISPR arrays from reference subtyipds-A, 111-A, and VLA

resulted in readily identifiable conserved and distinct loci across subtype geriReoegnition

of closely related strains through CRISB&ed genotyping was facilitated through the

application of multiple sequence alignment. This custom implementation of a progressive
alignment algorithm is optimized to support genotypic identificathrough spacer and repeat
analysis and is best suited for use against somewhat similar to highly similar spacer sequences.
The current alignment model uses a single pass for tree building and pairwise alignment scoring,
and could benefit from iterativefinement, as well as a weighted sofvpairs approach for

improved tree building. Bacterial strains that share highly conserved spacer arrays can be located
quickly and assessed for putative CRISPR actiwitsilico based on the presence of additional
spacers, and thus acquisition events; compared to genetically similar strains. Orientation of the
CRISPR locus can also be determined in cases where the terminal repeat is modified (it often
times carries a mut at i on yditectional and &éursenlydtlone as a
end of the locus. However, additional inspection of the relative locaticcasbfindca®? genes

may also be used for further verificatif) 36]. Of course, when transcriptional data is
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available, orientation and bodaries of RNA transcripts are also critical and valuable in these
analyses. The development of a robust orientation detection function could be extremely
advantageous for future discovery, and RNA studies underway will play a critical role in shaping
thenext iteration of this pipeline. CRISPR repeat and spacer lengths typically cluster around a
canonical standard based on their respective subtype. Visualizing this signature is particularly
helpful when mining the burgeoning quantities of uncharacteriztdganomic samples for

CRISPR loci, supporting analysis of currently known systems and promoting discovery of novel

systems.

The brief execution time of a substantial number of genomes in parallel supports high

throughput analysis, however, visually exating such a considerable number of arrays in cases

of distantly related organisms may not be especially advantagewumsarily when performing
progressive alignment. In these cases, the spacer and repeat files generated by the pipeline serve
as a pradtal starting point for deeper analysis of the individual locus or organism, typically
represented in a tekiased table format or SGhiased report generated from spreadsheet tools

like Excel or created from standalone local databases like postgres, etgsq|l,
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2.7 CONCLUSION

The availability of genomic sequencing data has increased at a staggering rate and the need for
automated bioinformatic tools for higtower analysis has never been greater, especially with

the rise of CRISPR. Current methods for iikeration, comparison, and visualization of

CRISPR loci across various organisms are time consuming and typically lack support and
capacity for highthroughput analysis. This pipeline facilitates swift implementation and

provides the necessary framewook the rapid generation of large amounts of spacer and repeat
data across many organisms in parallel, as well as subsequent comparison through visualization
and alignment. It is our hope that this tool will provide a convenient and effective platform for
rapid CRISPR analysis across academia and industry alike; across the nascent field of CRISPR
biology and throughout the accomplished arena of genome engineering. The pipeline could
serve as an epidemiological tool, facilitating tracking of microevolutiativerging pathogenic
strains, as well as a genomic tool, providing ancestral clues to bolster genomic and phylogenetic
reconstruction from metagenomics samples. As the importance and necessity of CRKSPR

based genome engineering continues to grqwofcient understanding of CRISPR loci and
associated crRNA in particular is paramount, given the importance of their sequences, structures,
and transcriptional profiles, as they guide CRISPR effector nucleases to provide immunity in

their native host, ahenable a variety of applications when engineered.
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Table 2.1 | Strains used in pipelin@analysis

Class Type/Subtype Strain Accession
Class 1 I-E Escherichia co®111:H11 str. CVM9455  NZ_AKAX00000000.1
Escherichia co®26:H11 NZ_BEVX00000000.1
Escherichia col-12 strain ER3476 NZ_CP010440.1
Escherichia caditrain k12 NEB f@lpha NZ_CP017100.1
Escherichia caditrain STEC 690 NZ_LOFJ00000000.1
Escherichia caditrain 90 NZ_NSKO00000000.1
I-A Staphylococcus epidermidisain 987 SEPI NZ_JUOWO00000000.1
Staphylococcus epidermidi®5 SEPI NZ_JVXA00000000.1
Staphylococcus epidermidisain ABKWR  NZ_LYLX00000000.1
Staphylococcus epidermidigain AIKFO8 NZ_LYPX00000000.1
Staphylococcus epidermidigain Bt1p3 NZ_LYPY00000000.1
Staphylococcus epidermiddi®©KB02 NZ_LYPZ00000000.1
Staphylococcus epidermid{&€D12 NZ_LYQAO00000000.1
Staphylococcus epidermidi€_C06 NZ_LYQB00000000.1
Staphylococcus epidermidiNVL_370 NZ_LYVZ00000000.1
Staphylococcus epidermidi1pl6 NZ_MAJJ00000000.1
Class 2 II-A Streptococcus thermophild¢D03 NC_017563.1
Streptococcus thermophilssrain APC151 NZ_CP019935.1
Streptococcus thermophilkd.DS3.1012 NZ_LHSKO00000000.1
Streptococcus thermophil&t10 NZ_PHHGO00000000.1
Streptococcus thermophil&t9 NZ_PHHH00000000.1
V-A Francisella novicidax1 NC_017450.1

Francisella tularenssubsp.novicidaGA99
3549

Francisella tularenssubsp.novicidaF6168
Franciselldularensissubsp.novicidastrain

AL972214

Francisella tularenssubsp.novicidastrain

DPG 3AS

Francisella tularenssubsp.novicidastrain

FAI

NZ_AAYF00000000.1

NZ_CP009353.1
NZ_CP009653.1

NZ_CP010103.1

NZ_JOOTO00000000.1
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A Extracted spacers

ATTACGTGGCATGACATTCGTTTAG — > .
GTCCACTTGAGAATCATCCAGCC —> .
’ Extracted repeats
fasta AGGTTTAACCTTATCTTCTTAAAAC  ~ —  [&]
GGGTTTAACCTTATCTTCTTAAMMAC  —> [
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Figure 2.1 | Overview ofbioinformatic pipeline
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A) The pipeline extracts spacer and repeat sequences from .fasta files, which are converted into
unique color/shape combinations representing the sequence composition and length of each unit.

B) The webinterface contains a File aotis menu, a row display area, and a bank of action

buttons that control the current view of the display area. C) The File actions menu allows saving

and loading to local browser storage, a local storage management feature, and import and export
todisk. D The O6Managed menu, accessed from the Fi
locally in browser storage. E) Each row contains actions buttons that can perform a specific task

on that row: add or remove gaps,everseverse the

complement, and delete row.
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Sort by length - descending Align spacers

B O - DEE
"B cEEmE

.

Figure 2.2 | Action buttons that control the overall display area

The bottom of the wenterface contains a bank of action buttons that allow manipulation of the
rows in the display area. The first row of buttonswaB sorting rows by length, direction
reversal, and displaying the reverse complement. The second row of buttons allows multiple

sequence alignment and toggles to show spacers, repeats, or repeats and spacers together.
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Type I-E : Escherichia coli K12
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B Gt e ot A

b b o s i e
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Type V-A : Francisella cf. novicida Fx1

ssaces

Figure 2.3 | Visualization and alignment of select model systems

A) Alignment of Type 4E model strairEscherichia colK12 spacers reveals 4 conserved
families ofloci and 2 unique spacer arrays. Repeat alignment shows distinct repeattigadups
share repeat sequereed length, and are split by position relativeasgenesB) Type IFA

model specieStreptococcus thermophilgpacer analysis reveals a diverse range of length and
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sequence composition. Repeat alignment dis@alistinctspacer andepeat groups. C
Alignment of Type IItA model specieStaphylococcus epidermidipacers displays 2
conservedamilies of loci and oneniquearray Repeat analysis shows 2 distinct repeat groups.
D) Alignment of Type VA model strairFrancisella cf. noviciddx1 spaces yield 3 conserved

locus familiesand2 unique loci. Two individual repegroups can be seen after alignment.

67



120
1

100
o

Seconds to Completion
60

40

\

o 20 40 60 80 100

Number of Genomes

Figure 2.4 | Execution time
To demonstrate the pipelinebds ability to scal
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CHAPTER 3: COMPARATIVE GENOMICS OF EIGHT LACTOBACILLUS BUCHNERI

STRAINS ISOLATED FROM FOOD SPOILAGE
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3.1 CONTRIBUTION TO THE WORK

Matthew Nethery i s t heGeroiics®fEightdactobaallus bachnerii Co mp a
Strainslsolated fronFoodSp oi | ag e 0 BMChGenomidsAll duthors were involved in

data generation andnalysis. Matthew is responsible for writing the manuscript and preparing

the figures. The following chapter is froBMC genomicg0 (1), 1-12.
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3.2 ABSTRACT

3.2.1Background

Lactobacillus buchneiis a lactic acid bacterium frequentlysasiated with food bioprocessing

and fermentation and has been found to be either beneficial or detrimental to industrial food
processes depending on the application. The ability to metabolize lactic acid into acetic acid and
1,2-propandiol makek. buchne invaluable to the ensiling process, however, this metabolic
activity leads to spoilage in other applications, and is especially damaging to the cucumber
fermentation industry. This study aims to augment our genomic understandiniguahneriin

orderto make better use of the species in a wide range of applicable industrial settings.

3.2.2Results

Whole-genome sequencing (WGS) was performed on seven phenotypically diverse strains
isolated from spoiled, fermented cucumber and the ATCC type strdin boichnerj ATCC

4005 Here, we present our findings from the comparison of eight resgyenced ah

assembled genomes against two publicly available closed reference gendmebneri

CD034 and NRRL B30929. Overall, we see ~50% of all coding sequences are conserved across
these ten strains. When these coding sequences are clustered by funcsionatiale the

strains appear to be enriched in mobile genetic elements, namely transposons. All isolates harbor
at least one CRISRRas system, and many contain putative prophage regions, some of which

are targeted by-entotled sphcersdgentes. own DNA
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3.2.3 Conclusions
Our findings provide new insights into the genomick.dbuchnerithrough whole genome
sequencing and subsequent characterization of genomic features, building a platform for future

studies and identifying elements for potahstrain manipulation or engineering.
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3.4 BACKGROUND

Lactobacillus buchnelis a lactic acid bacterium naturally found in varying ecological niches
and is typically associated with food production and fermentation proqdssysThis species

has beersolated from a variety of environments, including fermented cucumber sp(8lad)e
grass silagé€b), a bioethanol production pla@, 7), the human intestine and oral cai8y 9),
cheesd€10, 11) and in beer worl2, 13) It is a grampositive, fcultative anaerobe, and

obligate heterofermenter producing lactic acid, acetic acid, ethanol, and carbon ¢lidXite
buchneristrains are morphologically and metabolically diverse, displaying an array of different
colony phenotypes and can metabolzeide range of carbohydrat€y. Previous genomic
characterization df. buchneriCD034 revealed the presence of enzymes required to convert
lactic acid to acetic acid and G the presence of oxygen, or popanediol anaerobically, a
unique metabolic feature protecting against acidification of the cytoplasm in the presence of
large amounts of lactat®). This ability to convert lactic acid to acetic acid under both aerobic
and anaerobic conditions maKkesbuchneriuseful in the aerobic stabilization of silage,
effectively inhibiting spoilage organisni$5, 16) While this features useful in certain
bioprocessing environments, it can be detrimental to the cucumber fermentation frocess.
buchnerd s met aboli sm of | actate | eads to a ris
resistant microbes, ultimately leading to ireduction of undesirable compounds that spoil the

fermentation4, 17)

It has been previously reported that lactic acid bacteria are highly adapted to specific ecological
niches, and have small genomes compared to other bacteria as a consequeruzess aalled

genome reduction, resulting in the maintenance of a minimal number of essential genes required
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for nichespecific survival18). Although the genome af. buchneriis relatively small, it must

retain the ability to quickly and continually dve with its requisite environment, presumptively
through horizontal gene transfer (HGT) of conjugative or mobilizable plasmids and transduction
through bacteriophage (phage) infect{@h Additionally, to survive and successfully propagate

in a changing@nd highlyspecific environment, the organism must balance the maintenance of
robust defense systems against predatory phage and invasive plasmids with the genomic
diversity created through the uptake of exogenous plasmids and other transmissible DNA
elemants. Alternatively, intraspecies diversity can be generated through genomic duplication

events propagated by the DNodpying action of transposasd®, 20)

AlthoughL. buchneriis reportedly diverse in isolation source, phenotype, and metabolic
charaterization, a mere 14 publiclgvailable draft genomes exist to date, only two of which are
closed: NRRL B30929 NC_0154281), isolated from an ethanol production plézi), and

CD034 (NC_0186101), isolated from stable grass silg§¢ To elucidate geomic features,

including the genetic flexibility ok. buchnerj we sequenced and assembled draft genomes of
eight phenotypically distinct strains previously identified by Daughtry €Rpisolated from

spoiled, fermented cucumber brine (LA1175D, LA11BA1184, LA1147), anaerobic

reproduction of cucumber spoilage (LA1161B, LA1161C, LA1167), and tomato pulp (ATCC
4005). To generate an overview of the strains
assembled draft genomes with the two publebhailableclosed reference genomes, NRRL B

30929 and CDO034. Corand pargenomes across the eight isolates and two reference genomes
were then determined, showing a marked level of genomic conservation. Annotated genes were

each assigned a Clusters of Ortholog@usups (COG) designation for higével functional
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assignment, indicating a significant number of {womserved transposons and transpastated

sequences across the ggamome.

Clustered regularly interspaced short palindromic repeat (CRISPR) anthéss@enescas)

systems constitute the prokaryotic adaptive immune system and provide defense against phage
and invasive plasmids through targeted nucleolytic clea{@®?80). CRISPRCas systems copy

a short segment of DNA from the invading nucleidda®quence and integrate it into the

CRISPR locus as a template to prevent future attacks, called a spacer. This locus effectively
serves as a fAvaccinationo record, (Zt30,B8A) ng i
Detailing and comparing #se loci across strains provides insight into the ecological interplay
between the isolates and invasive genetic elements, and can be used as a mechanism of strain
genotyping(33-35). CRISPR loci for the eight isolates and two reference strains wereetktect

and repeats and spacers were identified and subsequently used to search for their genomic
sequence of origin, called the protospacer. We show a surprising number of spacers target non
CRISPR regions of lactobacilli in areas containing putative propredged genes, as well as

invasive plasmids.

Despite the wide range of phenotypes observed across these strains, we found that they share
significant identity in terms of protein coding potential, as well as a high degree of similarity
across their CRIBR-Cas systems, revealing identical repeat sequences and unique genotypic

signatures constructed through the presence of shared ancestral spacers.
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3.5 RESULTS

Whole-genome assembly was performed on each of the eight strains, revealing draft genome
sizes between 2.49 Mb and 2.76 Miale3.1). The resulting number of assembled contigs >
1,000 bp ranges from 20 to 128. Additionally, hybrid assembly using bothasid long reads

was performed on LA1184, resulting in 20 total contigs, 2 of which are closed plasmids: Contig
4 and Contig 6, with lengths of 53,573 bp, and 40,077 bp. All genomes share a similar GC
content of ~44%, consistent with both reference s$fdRRL B-30929(44.4%) and CD034
(44.4%). Assembled genomes were then annotated to determine putative protein coding
sequences, tRNAs, rRNAs, and CRISPR ldeil{le3.S1). The number of identified protein

coding sequences ranges from 2,377 to 2,767.

Ovenll, when the predicted coding sequences of all strains were compared to the reference
genome NRRL B30929, we see a high percent identity within the BLAST identity range of 70%
to 100% (Figure3.1). Notably, our group of isolates shares significantly nsecgience identity

with NRRL B-30929 than CDO034. Upon further inspection, four primary gaps in coverage were
identified through a low BLAST identity and noticeable decrease in GC content. The first gap in
coverage (~21 kb) contains one integrase, one D&tSposase, two IS30 like transposases, and
other regulatory proteins related to mobile genetic elements. The second identified region is ~40
kb long, containing 30 predicted open reading frames (ORFs). The majority of these sequences
are predicted to coder various transporters, decarboxylases, and glycosylases. Most sequences
encoded in this genomic island are found in NRRB@®29, LA1184, LA1181, LA1175D, and
ATCC 4005; however, their absence is observed in CD034, LA1147, LA1167, LA1161B, and

LA1161C.The remaining two areas of sparse coverage each encapsulate a putative prophage.
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The putative prophage | region (~36.5 kb) appears to be unique to NRRRZD, whereas
most of the coding sequences in the putative prophage Il region (~38 kb) are conwssratc

strains, with the exception of LA1175D.

To characterize genomic conservation across the eight isolates and two reference strains, the
overall coding potential of our isolates was determined, called th@grame. Considering all
protein coding gnes identified across the pganome, we see slightly less than half of all genes
conserved within a 95% BLASTP identity (FiguseA). Of the 4,060 total coding sequences,
1,904 were shared by all strainsomprisingthe coregenome. The nenore genes, termed
accessongenome, is composed of 2,156 total coding sequences, likely contributing to the major
phenotypic differences between strains as described by Daughtryt 4/063 of these coding
sequences are shared bedw@ to 9 strains, while 1,093 genes were found only in a single genome.
When clustered by a gene presence/absence matrix, five distinct groups emerged3@E@gjure
Group 1, comprised of LA1161B, LA1161C, and LA1167, displays the highest percent identity
sharing 93% of its coding sequences with only 153 sequences unique to an individual strain. Group
2,LA1147 and LA1175D, shar&4.8% of its coding sequences, having 419 genes unique to either
strain, while group 3, LA1181 and LA1184, shar@s8% of itscoding sequences. The reference
strains grouped together, showind. @6 overall coding sequence identity, while the type strain

ATCC 4005, isolated nearly 100 years ago, was the only member of its group.

The core and pargenomes were annotated using t8OG databasé36) and assigned to
functional groups (Figur&.3). As expected, the two largest cgenome categories contain

coding sequences with functions related to translation, ribosomal structure, and biogenesis, as well
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as amino acid transport amdetabolism. Interestingly, however, the third largest orthologous

group, which encodes ~9% of the total egemome, contains proteins of unknown function.
Functional corggenome groups containing the least number of coding sequences belong to the
6celolt i Imi tyé, Omobil omed, and 6secondary met a
Omobil ome: prophages, transposonso®6 group show
coregenes vs the number of pgenes, with only 5 sequences in the egpeaome ersus 137 in

the pangenome, illustrating exceptional diversity even across these highly related strains. Of these

137 pangenome mobilome sequences, 76 belong to the transposons functional group or a closely

related derivative category.

To bolster ouunderstanding of the environmental interaction between these strains and invasive
nucleic acids, we analyzed their CRISEBRSs systems in detail. Location and identification of
CRISPRCas systems were not hindered by the highly fragmented genome assembllikes;

were successfully assigned a canonical type and subtype using standard tools and ré3&sences
38). Across the 10 strains analyzed, we found CRFERR systems belonging to botkAlland F

E canonical subtypd87). When grouped by repeat segae and length, we see a typdlsystem
represented in all analyzed strains, as well as three#¢gedi unique to reference strain CD034
(Figure3.4A). All identified type IFA loci have a repeat length of 36 nt and a spacer length of 30
nt, with a ange between 9 and 30 total spacers, with the exception of LA1167 CRISPR 2.
Interestingly, LA1167 has a secondary typeAlICRISPR locus (CRISPR 2) with a full
complement otasgenes ~12 kb downstream of its primary typ& ICRISPR 1 locus, although

it contains only two spacers of unknown origin and three repeats. Two of the three repeats match

the consensus repeat of CRISPR 1. €he2 cas2 casl andcas9genes between LA1167
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CRISPR 1 and LA1167 CRISPR 2 exhibit 88.74%, 94%, 93.77%, and 82.43% andirdeatity,
respectively. LA1167 also has a third locus, CRISPR 3, containing 10 repeat sequences but lacks
any associatedasgenes. Repeats at LA1167 CRI SPR 3 matc

type II-A CRISPR 1 locus, indicating potential typeAlfunctionality.

Spacers from all CRISPR loci were extracted and aligned, positioning ancestral spacers on the

right and more recent acquisition events on the left (Figdi). With the exception of CD034,

we see 100% identity across at leastthé frsand second ancestral space
II-A CRISPR 1: a powerful confirmation of evolutionary homolg¢8y). Within this alignment,

two groups with identical spacer sequences were easily identified. The first group contains

LA1147 and LA11BD while the second contains LA1161B, LA1161C, and LA1167, consistent

with the predicted corgenome based clades from the previous phylogenetic tree (Big@e

While CD034 does have a typeAllocus, none of the identified spacers share significant

identity with any type HA spacer sequences from the other isolates.

Spacer origin was investigated with all available 273 spacer sequences via nucleotide BLAST
searches(39). A total of 16 protospacers were identified in the human gut metagenome,
Lactobaillus plasmids, and various food metagenome samples, as well as within the genomes of
Lactobacillus parabuchneffAM21731, LA1184, NRRL B30929, and CD034 (Figufe5A). In

all CRISPRCas systems except for type lll, a conserved protosaijacent motif (PAM)
sequence is required for successful acquisition of new spacers and for inter{ée48g The

PAM sequence can be predicted through the alignment of flankingatides among identified

protospacer sequencé#4, 45) 9 distinct protospacers with >= 90% identity to corresponding
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spacers across 5 isolates were usddaAAAM3bdhe an
two nucleotides downstream of the pmsyacer (Figure3.5B). These results conform to a
previously established PAM that was inferred from a wider selection. d@uchneristrains,

including selectedsolates used in this study, as well as several additiorialchneriisolates not

covered byhis study(33).

The protospacers identified within four buchnerigenomes were further explorethe three
identified protospacers in the genomelaictobacillus parabuchnefrAM21731 are clustered

within a ~23 kb putative prophage region (FigB&C). LA1184 spacer 13 targets an
uncharacterized conserved protein with a phage MuligpFdomain while LA1184 spacer 6
targets a phage baseplate J/gp47 family protein. The remaining spacer, LA1184 spacer 15, targets
a hypothetical protein. Curiously, the dwspacers found to match sequences in the LA1184
genomearesetf ar geting: they are encoded by LA11840:
protospacer match for LA1184 spacer 13, this time targeting a phage minor head protein with
95.92% similarity to tb phage Mu gpfiike protein also targeted in parabuchnerFAM21731.

The second selfargeting spacel,A1184 spacer 6, targets a phage baseplate J/gp47 family protein

in LA1184, identical to the targeted proteinlinparabuchneriFAM21731. Two protospzers

were found in the genome of NRRL-3929, one is selfargeting: encoded by NRRL-B0929

spacer 9, and one is encoded by LA1184 spacer 15. NRBI9B9 spacer 9 and LA1184 spacer

15 each target uncharacterized proteins within a ~8 kb region encaiatplsphageelated

genes. The protospacers found in the genome of CD034 are matched by LA1181 spacer 25, which
targets a phage tape measure protein, and LA1167 spacer 9 which targets a hypothetical protein

~20 kb upstream.
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Due to the proposed lethal oe¢ of selftargeting spacers, protospacer/spacer homology and
associated PAM sequences for galgeting spacers were investigated. LA11pdceré shows

100% identity with the matching protospacer sequence, but a single nucleotide polymorphism
(SNP) exsts in the PAM: AGAA.The protospacer matching LA118dacer 13 has the proper

PAM (AAAA) but contains three consecutinve SNP
what is called the seed sequefd®). RegardingNRRL B-30929spacer 9, there are twaNPs in

the middle of the protospacer sequence, as well as a single SNP in the PAM: ATAA.

Additional plasmidbased protospacer hits were also identifigsll181 spacer 20 was found to
targetatype IV secretion system protein, TraCLiactobacillus breis CD0817 plasmid
pCDO08171. LA1181 spacer 24 matches a sequence within a plasmid recombination enzyme

mob 141 inLactobacillus plantarunplasmid p141.
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3.6 DISCUSSION

Given the expanse of colony morphologies and metabolic capabilities displaiietiumhner;

as well as its prevalence in the food industry, there is a relatively low number of publicly
available genome sequences. We sequenced and assembled draft deneigles

phenotypically diverse strains bf buchnerj a significant addition to the number of genomes
available in the NCBI Genbar{é6). The range of assembled genome sizes, from 2.49 Mb to
2.76 Mb, are typical of the 1.8 to 3.3 Mb range reportedindan lactic acid bacterigl8).

Hybrid genome assembly of LA1184 revealed 2 detectable plasmid sequences, consistent with
multiple plasmids found in both reference strains NRRBOB29 and CD034.actic acid

bacteria are known to be highly specializethtir ecological nichea hypothesisurther

supported byhepresence of accessqguiasmids that coulduickly be acquired and transferred
during times of rapid environmental changée compared our draft genomes to the complete
reference genomes of NRH3-30929 and CD034 and note that in general, the eight strains share
a higher percent identity with NRRL-80929 than with CD034. Besides identifying two

putative prophages, this comparison highlighted two genomic islands based on their divergent

base compsitions, a hallmark of HGT.

With only half of identified coding sequences conserved across all ten strains, there is a
considerable level of genomic diversity represented in the accegsooyne. When each coding
sequence is assigned to a COG, we dasga number of pagenome sequences assigned to the
Omobil ome: prophages, transpos ogesme within@meggory Vv
than half identified as transposons. This abundance and maintenance of diverse mobile elements

suggest that tresposons are likely an important genetic featutde duchneri Interestingly, we
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see that ~9% of the cegeenome is comprised of sequences with a currently unknown function,
providing candidates for future functional studies. Additionally, we seé. tlmichneri

possesses a small set of putative secondary metabolite sequences. As a novel bacteriocin has
been previously derived froin buchneri(47), the potential for novel antimicrobials and other
secondary metabolites should continue to be explorednghe variety of ecological niches
occupied by this species and large number of coding sequences with no currently known

function.

In all strains analyzed, a typeAl CRISPRCas system was found. In LA1167, we see a secondary
type II-A locus (CRISPR 2jvith only two spacers and a full set @dsgenes. The presence of
transposases on the 506 and 30 ends of this | o
intact CRISPR 1 locus was copied locally. The small number of unique spacers andezbnser
repeat sequences in CRISPR 2, along with the differences in amino acid identity betwsen the
sequences of the two loci seem to indicate this locus remained functiondlpbesation and has

begun diverging from CRISPR 1 over evolutionary time.sThiew into a specific genetic
duplication event can facilitate our understanding of transposstiated adaptation and the role

it could play in bacteriophage and invasive plasmid defense as well as rapiespacifec
evolution. Across our eight straiasid reference strain NRRL-B0929, we note the presence of

at least two broadly shared ancestral spacers, evidence of a shared common ancestry and
subsequent evolutionary divergence. The differences in spacer content displayed by CD034 and
presence of tlere additional type-E loci are additional signals of a more distant relationship to

the eightstrainsthan that of NRRL B30929. Notably, the observation of spacers targeting similar

or identical proteins in putative prophage regions across variobehneri genomes suggests
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multi-strain predation by a single phage or by several clasddyed phages. Threspacers
targeting the hostés own genome were-Casdent i f
system, the expression of s&fgeting spacers should result in host eradication, however, a
variety of escape mechanisms have been obsé8ed9) Two sut escape mechanisms include
mutating of the protospacer sequence or mutation of the PAM, which can lower binding efficiency
of the CRISPRCas machinery to the target, reducing or inhibiting nucleic acid cleg¢aydn

the selftargeting spacers describdnere, we saw SNPs in the PAM sequence, SNPs in the
protospacer, or both. SNPs in the PAM could prevent the initial binding of the Cas9 effector
complex, while mismatches between the protospacer and RNA guide could prevent the
conformational change regadt by the CRISPfas effector complex for target cleavae).
Although individual phages may escape CRISP& targeting through random mutation,
ultimately, they cannot avoid the random acquisition of spacers accrued by all cells of a bacterial
populaton (51, 52) An alternative phage defense mechanism against CRC3RRargeting has

been observed: the expression of CRISP4# inhibitory proteins: an€RISPRs. These small
phageencoded proteins have been implicated in many cases in whidlarggfirg spacers have

been observed, effectively inhibiting death of the host cell by prohibiting DNA cleavage by the
CRISPRCas effector comple$s3-55). Anti-CRISPR proteins could play a role in the interaction
between the host prophage regions and CRiSBRnachinery and is an attractive area for further

study.

Indeed, food spoilage due lto buchnericontamination and in some cases, potential
pathogenicity, is of major concern to the food indug®yl1) The identity and activity of these

prophages couptl with the knowledge df. buchner® s C RCaS $y$ems could be exploited
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in the food biotechnology sector to treat and reduce contamination and spoilage by this
organism, potentially preventing industrial loss and promoting robust bioprocessing. The
CRISPRCas systems described here should undergo functional testing to explore their utility in
engineering endogenous phage resistance into strains to protect starter cultures and promote the
ensiling process. Additionallyn vivocharacterization afiete¢ed prophages should be

undertaken in an effort to develop novel tools for modulating this bacterial population and
preventing food spoilage dueltobuchnericontamination in relevant industrial environments.

By expanding the genomic sequences and cteraation of this species we hope to set the

stage for future studies and to provide actionable data for improved industrial bioprocessing.
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3.7 CONCLUSIONS

The aim of this study was to increase the available body of knowledgactobacillus buchneyi

a microbe shown to have both beneficial and adveifeetsin various industrial food settings.
Wholegenome sequencing of 7 phenotypically diverse stramsmd in spoiled, fermented
cucumber in concert with the ATCC type strain, ATCC 4005, were deposited in the NCBI
Genbank, significantly increasing the number of publicly availéblbuchneristrains. Further
analyses revealed that these strains are higiliched in mobile genetic elements, specifically
transposons. A single type Al CRISPRCas system was found in each of these strains, with the
exception of LA1167, which was found to contain a second tye @RIPSRCas locus just
downstream of the priary locus. Additionally, LA1184 and the reference strain NRRROB29

were found to encode CRISPR spacer sequences that target putative integrated prophage regions
within their own genome and should be studied in further detail. By expanding the genomic
sajuences and characterization of this species we hope to set the stage for future studies and to

provide actionable data for improved industrial bioprocessing.
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3.8 METHODS

Cultures were obtained from the USB¥RS Food Science Research Unit Culture Colecti
(Raleigh, NC). Genomic DNA was isolated using a kit (Qiagen DNeasy Blood and Tissue Kit)
following the pretreatment protocol for Grgmositive bacteria. Resulting samples were sent to

the High Throughput Sequencing and Genotyping Unit of the Roy J.eC&iotechnology

Center at the University of lllinois at Urba@hampaign for library preparation and sequencing.
Sequencing was carried out on a HiSeq2500 using a TruSeq Rapid SBS sequencing kit with read
lengths of 160 nucleotides. PacBio sequencind Aik184 was performelly RTL Genomics

(Texas, US). DNArom L. buchnerisolates was extracted for PacBio sequencing using

Qi agenbds MagAt t r.daificatibhsli/thépxofocoKaretas follows: 1) After the
addition of P1 buffer and lysozyme, sangleere incubated using a thermomixer atG3@t 900

rpm for ~1.5 hours. 2) 10@i AE was used to elute samples. Quality checking was performed
using a dsDNA Broad Range DNA kit on a Qubit Fluorometer 3.0, as well as Fragment Analyzer
by Advanced Analytical Technologies using the High Sensitivity Large Fragment 50KB

Analysis kit. Samms were subsequently processed through SMRTbell Library preparation using
the following protocol: Preparing SMRTbell Libraries using PacBio Barcoded Adapters for
Multiplex SMRT sequencing. The protocol was modified with the following: 1) Use equimolar
pooled samples. 2) ~500 ng additional DNA was added per sample. 3) Use overnight ligation. 4)
Use 12n of EB for final elution. Library quality was checked using dsDNA High Sensitivity

DNA kit Qubit Fluorometer 3.0 and Fragment Analyzer using High Sensitarge Fragment
50KB Analysis kit. Li brary preparation for se
protocol for diffusion loading, with the addition of a gretension time of 120 minutes and a

final loading of 6 pM.
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Adapter trimming, quality trimmingand filtering of raw fastq reads was performed in Geneious

(56). Reads were assembled using Geneiousd custc
tri mming, save contigs > 1,000 bp, dondét merg
over 6, albw gaps, ignore words repeated more than 200 times, use minimum overlap identity,

use paired reads to improve assembly, and only use paired hits during assembly. Approximately
2.5% (~850,000 reads) of available short reads were extracted and used fohafseal

genomes except LA1175D (10% available reads used) and LA1184 (hybrid assembly). Using

2.5% of reads was determined using Assembly Likelihood Estir@tyrwhich indicated an

undesired high number of short contigs as the percentage of readsceased. The hybrid

assembly of LA1184 used 2.5% of available HiSeq short reads, as well as PacBio long reads.

Hybrid assembly with both short and long reads was performed using Unisyeigth the

standard hybrid run options in normal mode, idahg SPAdes error correcti¢f9). To create

scaffolds, contigs were aligned with both closed reference genomes, NRBR22B and

CDO034, using Contiguatd60), which generated a single scaffold by concatenating contigs that
aligned with the reference gemes. Gaps were inserted at concatenation sites with a series of

100 NOs. Unaligned contigs were added as addi
genome. Genomes were annotated using Rapid Annotation using Subsystem Technology

(RAST) (61).

All vs NRRL B-30929 genome alignments were visualized using the BLAST Ring Image
Generator (BRIGJ62), including a ring for each genome, as well as a ring for GC Content and
GC Skew. A BLAST type of BLASTI(63) was used with the following options: uppdentity

threshold of 90% and a lower identity threshold of 70%, with a ring size of 30. Genetic features
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with low BLAST identity were identified through visual genomic inspection. The coré pan
genomes were determined by first generating annotatiomg Bsokka(64) with standard
options that were then fed into Ro&8p), using the flagsenv and the standard threshold of
95% BLASTp(63) identity. The unique vs new genes graph was generated using the
create_pan_genome_plots. R script distributetienRoary package at
https://github.com/sanggrathogens/Roary/blob/master/bin/create_pan_genome_pldotseR
phylogenetic tree and gene presence/absence coverage were produced using the roary plots.py
script, also available in the public Roary distributidgtps://github.com/sanger
pathogens/Roary/tree/master/contrib/roary_plGtsre and pangenes were assigned a
functional COG using PSBLAST (39) with the following flags-show_gis-outfmt 7-
num_descriptions 100Gium_alignments 100@lbsize 10000000&omp_based_stats-$eg yes
The COG database is publicly available for download (86§

https://www.ncbi.nim.nih.gov/COGLCore vs Pan COGs were visualized using RSt(@bpand

ggplot2(67).

CRISPRCas loci were identified, visualized, and alignesihg CRISPRvViZ38), and type was
determined using the canonical definitions defined by Koonin &&)after inspecting flanking
casgenes and their corresponding annotations. Spacer identity was investigated using BLAST+
(39) against the nt, env_rdnd gss remote databases with the following flagsk blastrshort-

dust no-outfmt 5-evalue 1€5. The spacer identity heatmap was generated in RStudio using the
gplots package available hehdtps://cranproject.org/web/packages/gplots/index.htiitie

PAM sequence was bioinformatically predicted using the procedure and CRISPRutils software

package previously described by Nethery et4d) https://github.com/CRISPRIab/CRISPRutils
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3.9AVAILABILTY OF DATA AND MATERIAL

The genomes generated andlgmed during the current study are available in the NCBI Genbank
repository under the following accession numberFBOO00000000 (ATCC 4005),
VFBP0O0O000000 (LA1184), VFBQO0000000 (LA1181), VFBRO0O0O00000 (LA1175D),
VFBS00000000 (LA1167)VFBT0O0000000 (LA1161C), VFBUOOOOOOOO (LA1161B), and
VFBV00000000 (LA1147).
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Table 3.1 | Wholegenome assembly statistics

Strain

ATCC
4005
LA1147

LA1161B

LA1161C

LA1167

LA1175D

LA1181

LA1184

Source
Tomato pulp

Reduced
NaCl
fermented
cucumber
spoilage
Anaerobic
reproduction
of
commercial
fermented
cucumber
spoilage
Anaerobic
reproduction
of
commercial
fermented
cucumber
spoilage
Anaerobic
reproduction
of
commercial
fermented
cucumber
spoilage
Reduced
NaCl
fermented
cucumber
spoilage
Reduced
NacCl
fermented
cucumber
spoilage
Reduced
NacCl
fermented
cucumber
spoilage

Genome Size Contigs

(bp)
2,493,071

2,608,988

2,614,519

2,561,573

2,613,434

2,673,869

2,628,753

2,761,236

67

128

7

60

117

59

20

N50
(bp)
64,594

36,444

63,881

78,131

61,779

46,669

95,113

2,348,394

Max Contig
Size (bp)
174,839

93,082

177,214

198,440

136,582

152,307

208,049

2,348,394

GC% | Coverage Accession

44.3 48x VFBO0000000C

44.1 46x VFBV0000000C

44 45x VFBUO0000000C
44.2 47x VFBT0000000
441 56x VFBS0000000(C

44.1 100x VFBR0000000C

44 46x VFBQO0000000(¢

44 500x VFBP0000000C

Sequencing
Technology
lllumina
HiSeq
lllumina
HiSeq

lllumina
HiSeq

lllumina
HiSeq

lllumina
HiSeq

lllumina
HiSeq

lllumina
HiSeq

lllumina
HiSeq +
PacBio
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Table 3S1| Number of protein coding sequences, tRNAs, rRNAs, CRISPR loci, and CRISPR

repeats
Strain Protein Coding tRNAs rRNAs CRISPR Total
Sequences loci Repeats
ATCC 400¢ 2,377 60 16 1 10
LA1147 2,539 57 15 1 17
LA1161B 2,559 57 17 1 31
LA1161C 2,485 59 17 1 31
LA1167 2,547 59 15 3 44
LA1175D 2,576 61 16 1 17
LA1181 2,568 60 18 1 26
LA1184 2,767 63 15 1 20
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GC Skew
1 - Mobile Genetic Ele_rr_vn.eﬁrnts 2 - Metabolic Island : Zz:::’,
- S B GC Content
ATCC 4005
B 100% identity
B o0x identity
70% identity
LA1161C
B 100% identity
W 90% identity
70% identity
LA1161B
. 100% identity
B 90 identity
70% identity
LA1167
100% identity
90% identity
70% identity
LA1147

Lactobacillus buchneri Ik i 100% identity
2506301 bp ; : 90% identity

70% identity
LA1175D
100% identity
90% identity
70% identity
LA1181
. 100% Identity
B 90% identity
70% identity
LA1184
. 100% identity
- 90% identity
70% identity
CDO034
B 100% identity
W 90% identity
70% identity
NRRL B-30929
. 100% identity
- 90% identity
70% identity

Figure 3.1 |Whole-genome identity comparison
Genomewide BLAST comparison of all isolates against reference strain NRBDER9. Four
primary regions lacking significant coverage were identified: various mobile genetic elements,

genomic island, and two putative prophages.
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Figure 3.2 | Core and accgsory genomes
(A) Number of core genes across all strains plotted against number of accessor{B)é&lms
genome basedhglogenetic tree and gene cluster matrix comparing similar putative coding

sequences.
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RNA processing and modfication -
Extracallular structures -
Cell motility-

Intraceilular trafficking, secretion, and vesicular transport

Call cycle control, cell division, chromosome partiioning

Secondary metabolitas biosynthesis, transport and catabolism-
Lipid transport and metabolism-

Nuclaotide iransport and metabolism -

Coenzyme transport and metabolism -

Posttransiational medification, protein tumover, chaperones-

Energy production and conversion

Defense mechanisms-
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Figure 3.3 |Core vs. Pan COGs

A comparison of functional COG groupings across the-@ré pargenomes.
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Figure 3.4 |Spacer and repeat alignment

Visualization and alignment of repeat and spacer content for each detected CRISPR locus. Each
diamond represents a CRISPR repeat, whitsh emlored square represents a CRISPR spacer.
Unigue color combinations indicate distinct nucleotide compositions. Missing spacers are
indicated by a gray fAx0 box. (A) Repeat-s are
Cas types HA and FE. (B) Some degree of shared evolutionary history is represented by the
conservation of at least the first two asital spacers (on the right) in the typeAllspacer

alignment.
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Figure 3.5 | Protospacer identity and PAM prediction

Characterization of typél-A spacers acrosk. buchneriisolates. (A) Genomic origins and
sequence identity of 16 spacers. (B) The predicted PAM sequence for thisAyp&RISPRCas

syst eimhAAAS D30, as identified by the -flankinggn ment
sequenes. (C) Protospacers of bacterial origin cluster together in putative prophage regions of the

genome.
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CHAPTER 4: CRISPRCLASSIFY: REPEAT -BASED CLASSIFICATION OF CRISPR

LOCI

107



4.1 CONTRIBUTION TO THE WORK

Matthew Nethery i s t hseify:RepeabdsedLlagsitication obORISARC R S P
Loci 0 pionTheé CRESIPR dburnaHe and Michael Korvink are responsible for developing

the pipeline presented in this chapter. All authors are responsible for data analysis and

interpretation. Matthew and ighael areesponsibldor writing the manuscript and preparing the

figures. The following chapter is froithe CRISPR Journdl (4).
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4.2 ABSTRACT

Detection and classification of CRISREas systems in metagenomic data has become
increasingly prevalent in recent years due to their potential for diverse applications in genome
editing. Traditionally, CRISPRCas systems are classified through referdiased identification

of proximate cas genes. Here, we present a machine learning approach for detection and
classification of CRISPR loci using repeat sequences in-endapendent context, enabling
identification of unclassified loci missed by traditiocakbased approaches. Using biological
attributes of the CRISPR repeat, the core element in CRISPR arrays, and leveraging methods
from natural language processing, we developed a machine learning model capable of accurate
classification of CRISPR loci ian extensive set of metagenomes, resulting in an F1 measure of
0.82 across all predictions and an F1 measure of 0.97 when limiting to classifications with
probabilities greater than 0.85. Furthermore, assessing performance on novel repeats yielded an
F1 masure of 0.96. Although the performance of-based identification will exceed that of a
repeatbased approach in many cases, CRISPRclassify provides an efficient approach to
classification of CRISPR loci for cases in which cas gene information is uaialeaisuch as

metagenomes and fragmented genome assemblies.
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4.3 INTRODUCTION

Clustered regularly interspaced short palindromic repeats (CRISPR) and CRé$S#&¢ated

proteins (Cas) constitute the prokaryotic adaptive immune sySt@RISPRCas systems

enable precise cleavage of nucleic acid targets from invading bacteriophages and other predatory
mobile genetic elements through the guidance of Bi8oded targeting sequences, termed
spacers:® The ability to discern and cleave targets in a nucleejgeific manner has proven an
invaluable tool to the field of biotechnology and has been exploited for a myriad of applications

in genome editing across a wide array of industries including agriculture, medicine,
bioprocessing, and biotechnolof}> CRISPRCas systems are currently organized into 2

classes, 6 types, and 33 subtypes based on characteristics of the effector complex, the presence of
signature and accessargsgenes, and the architecture of the CRISP4 locus?® Different
CRISPRCas types uwg in their molecular mode of action, with variability observed across

effector complex composition, target nucleic acid types, and cleavage outcomes, affording a

diversity of genetic applications.

Recent major advances in sequencing technology havtaatially increased the throughput, in
combination with decreasing costs, and thus have dramatically accelerated metagenomic
sampling and sequencing, generating vast amounts of public metagenomic data. Because
CRISPRCas systems are found in ~40% of baatand ~90% of archaea, metagenomes, which
typically contain diverse populations of microbes, are ideal candidates for the discovery of novel
CRISPRCas variant$’ 18Due to the natural complexity of these data, numerous assembly
algorithms, typically bBsed on de Bruijn graphs, have been employed to accurately assemble

contiguous metagenomic sequences (contRyS$)A major hindrance to these algorithms is the
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processing of repetitive sequences, which increase the computational complexity of theyassembl
and often result in partially assembled CRISPR loci at the contig extremities, separating CRISPR
arrays from their correspondimgsgenes. Although several methods have been developed with
the explicit goal of improving the assembly of CRISERs sequeares in metagenomes, most of
these algorithms operate through referelpased assembly, thus limiting the results based on
pre-existing knowledge of the data set or on matches to known reference sequences in current
database¥t?’ Because CRISPRas systemare typically first identified by the defining and

core feature of the CRISPR array, namely, the repeat, and are then classified based on the
adjacentasgenes, the true biotechnological novelty of the metagenome can be diminished.
Beyond the practicalpplications, measuring diversity of CRISIERS systems in large

metagenomic data sets is crucial to gain ecological insights into complex microbial communities,
as well as to improve our understanding of the distribution and evolution of CRI&®PR

systens across varied environments.

The CRISPR repeat is central to each of the three phases of adaptive immunity: adaptation,
expression, and interference. The repeat serves as the template for integration of newly acquired
spacer sequences, enables crRNAunaion by providing the substrate for processing, and is

critical for the appropriate binding of mature crRNA to Cas effector proteins, leading to cleavage
of nucleic acid targets2832 Thus, we investigated the feasibility of a repeased approacio t
CRISPRCas classification, as opposed to the canor&s€entric approach, and demonstrate

here that the application of this technique leads to an increased number of classified CRISPR loci
in assembled metagenomic data. Rejbaged analysis not ondflows for classification of

CRISPR arrays that have been separated from their assaaatgghes but has the advantage of
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being less computationally intensive than traditiarzedidentification methods which are based
on exhaustive BLAST or Hidden Mark Model (HMM) searches against protein sequence
database¥ Decreased dependence on computational resources could simplify and expedite
analyses of data sets with large memory footprints, which could prove prohibitive to users

without access to higherformance hardware or servers.

Several previous studies have explored evolutionary conservation and classification of CRISPR
repeats through sequence alignment, clustering, and analysis of secondary structure. However,
the primary objective of thestudies was to first identify and categorize repeats into families,

and only then examine the associations with CRISPR subtypes across the identified repeat
families33 34 An important first step in approachicgsindependent classification was recently
pioneered by CRISPRCasTypenvith an implementation of an extreme gradient boosted tree
(XGBoost) model trained on repeat sequence data. The XGBoost model is a deesstmsed
ensemble algorithm widely used in classification problems, where each ¢ererated

sequentially, learning from errors made by previous ffedsre, we validate and expand this
technique through the exploration of new model input features and detailed analysis of the

contributions of the underlying features that enableasgful recognition of each subtype.

Multiple modelling approaches were explored; however, given the high dimensionality ef the k
mer based feature set and the complex interaction among both biologicafrendksed

features, an XGBoost model was enyad for repeat classification. While biological features

(GC content, repeat length, and palindromicity) are generally among the highest impact features

across subtypes:iker features are largely unique to a subtype.
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The performance of CRISPRclassify weasluated against a large publicly available set of
metagenomassembled genomes (MAGS), referred to as the te¥t\a&t found that the

predictive performance of the CRISPRclassify model on the training and validation sets largely
translated to this pwously unseen test set. Although it is unlikely that a repaaéd approach

will outperform the traditionatasbased approach directly, this methodology can provide
complementary biological context in cases where the data on adjasgeines is inadete

and identifies key features of the repeats that are central to the accurate subtype assignment.

113



4.4 MATERIALS AND METHODS

4.4.1Data Sources

Genomes with previously classified CRISPR 1beiere downloaded from the National Center

for Biotechnologyinformation (https://www.ncbi.nlm.nih.gov/). Repeats were extracted via
MInCED (github.com/ctSkennerton/minced), a tool derived from CRT with default opfidiis.
detectable repeat sequences were retained. Repeats and associated strain information were
subsequently stored in a Postgres database, resulting in 7,808 CRISPR loci and 15,669 repeat
sequences across 30 subtypes, showrabie 4.S1 Stratified random split was used to divide

the data into an 80% derivation cohort (training set) and 20% validetihort. Representation

of all available subtypes in the training set was verified prior to the model training procedure.
The derivation cohort for the resource probability model consisted of 12,534 repeats across 30

subtypes and the validation cohorhtained 3,135 repeats across 30 subtypes.

4.4.2Feature Selection

For each repeat, a set of biological features, as welinasribased features comprised of

nucl eotide Awordso of k | ength, were extracte
model. Biological features include: (1) Length: The count of the characters in the repeat

sequence; (2) GC Content: The frequency of G and C nucleotides over the length of the repeat
sequence; (3) Palindromic Index: The fraction of matching nucleotidesd® the repeat

sequence and its reverse complement at the same index position. In addition to the biological
features, repeat sequences were tokenized to extract all contiguous, overlamgirsgek

varying kmer lengths$?® Given the unknown cardinalityf the repeat sequence, the reverse

complement of each sequence was also tokenized. -fifex keatureset for a given repeat
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sequence is therefore comprised of the occurrence frequency of each disterctrkm both the

repeat sequence and its reversmplement.

4.4.3Model

Given the overlapping-kners, an assumption of conditional independence of the fesgtire

could not be made. A nonlinear approach that accounts for the complex interaction between both
biological and kmer based features was nesay, leading to the implementation of an extreme
gradient boosted tree model (XGBoo$t)Vhile XGBoost can be employed as a mualtss

classifier, the CRISPRclassify model was implemented using av©A# (OVA) binarization

strategy where a separatede! stratum is trained for each subtype, with the subtype itself being
extracted as the binary response varidblkhe probability Pi, of subtypek for repeat

conditional on a set of biological featuresQénd a set of kner word token® & Qis

calculated using (a):

Of YO 0O QA0 a QI O"086 "D & Q1 "Q¢ & dE0 1)

The highest probality subtype,j*(i), for repeai is found using (b) below:

€

w AOCIVA@
nog

Thehighest probability subtype (i.e. argmax) across model strata is assigned to each repeat (b).
In order to identify the optimal-kner length, the OVA XGBoost model was applied to feature
sets derived from-kner lengths from three to seven. The final deploy®del uses a featuset

with a kmer length of five, coupled with the three aforementioned biological features.-Hyper
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parameter optimization resulted in final max depth of 15, a learning rate of 0.3, with early
stopping at 10 rounds and an upper linfi50 rounds. While all subtypes were included in the
derivation and validation data, some subtype model strata were excluded due to low volume (n <
11). These include subtypes:-¥, V-B2, IlI-E, V-U1, VI-D, llI-F, V-U2, VI-C, V-B1. Due to

their exclusiorfrom the derivation data set, these subtypes will not be considered for
classification and will not be predicted by CRISPRclassify. Analysis was conducted using the
XGBoost package with Rtatistical software Version 3.6.2. (https://wwwpRoject.org/,

https://CRAN.Rproject.org/package=xgbogsbetermination of the optimal probability eaff

was made by comparing receiver operating characteristic (ROC) curves using the pROC package

for R4

Exploratory stratified logistic regression and multiclass XGBoost models were trained using the
same traning and validation datasets as the final OVA XGBoost model. All models were
optimized using a grid search pattern where an exhaustive combination of a predetermined list of

hyperparameter values was used to train the models.

4.4 4CRISPRclassifyDevelgppment

The CRISPRclassify application was developed in R (https://wwawdiect.org/). Repeats were
identified and extracted using MinCED with default options and a custom Bash script derived
from CRISPR Visualizet? To control the false positive rate oRESPR locus detection using
MInCED, previously described filtering methods were employetiPutative false CRISPR
arrays were identified and excluded from further classification if the repeats exhibited overall

sequence identity < 0.7, spacers dispthgeerall sequence identity > 0.6, or if one or more
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spacers were 70% shorter than the average spacer length across the entire locus. The biological
and kmer based repeat features were generated directly from the repeat sequence using the
tidyverse packag (https://www.tidyverse.org/). To maximize the support for various levels of

end users, CRISPRclassify was developed as a Shiny application withiaterérce
(https://shiny.rstudio.com/) that is deployed
Additionally, CRISPRclassify can be executed directly on the command line without invoking

the user interface for improved pipeline integration.

4.4 .5Benchmarking through Casbased Classification

To enable benchmarking of CRISPRclassify against a test emetag, a custorrasbased

pipeline was developed in Bash and Python. The test set, comprised of more than 10,000
metagenome samples, contains a total of 52,515 MAGs. These data were obtained from the Joint
Genome Institute Genome Portal (https://genomeggi.gov/portal/ GEMs/GEMs.home.htrl).
Thecasidentification pipeline identified repeats in the metagenome using MinCED and
extracted 20 kb flanking regions upstream and downstream of the CRISPR locus. The flanking
regions were queried against a refeeeBLAST database aggregated from previously described
cassequence¥ 18 44 4B ASTx searches were carried out with aivddue threshold of 16

and a minimuncasidentity of 60%. CRISPR loci were then classified by subtype based on the
presence of ghaturecasgenes, and these results were subsequently compared against
predictions made by the CRISPRclassify model. For loci that could not be classified through the
casbased approach (i.e. no flanking identifiabdesgenes), no comparison could be maahd

those loci were omitted from the analysis. To ensure accurate benchmarking, loci with multiple

signaturecasgenes located in their flanking regions were also omitted from the analysis. Only
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repeats classified by CRISPRclassifigh probabilities greater than .85 were evaluated.
Benchmarking performance was evaluated based on the F1 score: (2 * Precision * Recall) /

(Precision + Recall).
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4.5 RESULTS

4.5.1Model Performance on Validation Data

In the exploration phase of this d{y three model schemes were evaluated. The first model was
a multivariate logistic regression stratified by subtype. Despite the appeal of the feature
interpretability provided by a linear model, the predictive performance wagptimbal relative

to thenonlinear XGBoost model. The mean AUC of the stratified logistic regression was 0.9062
(95% CI .8477.9651). The second model scheme was a multiclass implementation of XGBoost,
resulting in a mean AUC of 0.9937 (95% CI 0.98998). The third model thatas ultimately
selected for CRISPRclassify, employs a One Vs. All (OVA) scheme. With this approach, a
separate XGBoost model was created for each subtype, with the subtype itself being a binary
response variable. The AUC performance of the OVA XGBoost hamiless subtype strata for
k-mer lengths three through seven is illustratedigure 4.1. The AUC results are based on the
validation cohort. The-kner length of 5 (fivegram) produced the highest mean AUC of 0.993,
with the least degree of variance %1 = 0.983 1) (Table 4.S2). To account for predictions
with greater uncertainty, Youdends J Statisti
off value of 0.85'% 4"To suppress uncertain predictions, thisaffitwas applied to the argmax
results of the validation set, leading to a considerable reduction in inaccurate predkigoms (

4.2). AUC values for each subtype can be foundable 4.S1.

4.5.2Feature Importance
Feature importance was evaluated across a rangenef kength mods within each subtype
stratum. As is customary for XGBoost models, feature importance was calculated as a measure

of fAgaino. The gain metric measures the degr
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within the underlying decision trees useihm the XGBoost model. The top five highegin
features by subtypare listed inTable 4.1, and a full list of all features by subtype can be found
in Table 4.S3 A common underlying signal forker features was identified regardless of the
k-mer lengh. As a representative exampl@ble 4.2 lists the 20 higheggain kmers across all
k-mer length models for theA subtype stratum. The highegain kmer comes from the five
gram model, and the toprkers from the three and fegram models are primér derivatives of
the AATTG pentamer, which itself is fully con

(AAATTCTO) vgairt kmers di the six ang sevgnam models.

The kmers that make major contributions to subtype classification are hetemgeacross
subtypesFigure 4.3 illustrates the relationship of higain kmers across subtype models.
High-gain kmers were identified as having 90% CI (z > 1.645) based on the natural log of the
gain value. Seven of the 74 highin fivegrams are ragsented in two subtype strata, and none
are represented in 3 or more strata. Such heterogeneity indicatesrtbatriarkers are largely
unique to a subtype and that the XGBoost model relies mostly on a limited set of umgue. k
This observation indates mutually exclusive associations between speeifieksequences and

the subtypes.

In addition to kmer based features, biological features also proved impactful in the prediction of
subtypesFigure 4.4 presents visual summary of the distribution of derived biological features
for subtypes with > 20 training exampl&epeat length varies widely across type |, but subtypes
I-F and G contain repeats of conserved lengths of 28 bp and 36 bp, respectively. Slib&ype

and 1B also exhibit conserved repeat lengths of 36 bp and 37 bp, respectively. Although the
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repeat length across type Il is not as tightly concentrated around the median as those for some of
the type | and type Il subtypes, the interquartile eafiQR) distribution across type Il is

similar, with a median of either 35 or 36 bp. The length of type V repeats are broadly variable,
with median lengths from 29 bp {M4) to 37 bp (V¥K). Like the length distribution of the type |
repeats, their GC cosit shows a wide range of values across the type | subtypes. In contrast to
the high similarity across type Il repeats, type V repeats demonstrate notable variability, with
median values as low as 22%-A) and as high as 75% (WJ4). Across all analysedpeats, the

palindromicity index shows much less variation between subtypes.

The relative importance of features varied by subtype, but generally, biological features
exhibited higher gain across subtypes thanér based features. Repeat length was st m
impactful feature with a mean gain of 0.159 (95% CI = 0-08232), followed by the GC
content with a mean gain of 0.067 (95% CI = 0.0810960). Palindromic index was found to
be a less predictive biological feature, with a mean gain of 0.022 (835= 0.006- 0.018).
Repeat length was particularly important for subtyp&s, [FB, and tE, with gain values of

0.39, 0.31, and 0.24, respectively. GC content disproportionately impacted the prediction of
subtype 1B, with a gain of 0.19, followed onby IlI-A with a gain of 0.08. Palindromicity was
relatively important for subtypes 1B, 111-C, 111-D, with gain values of 0.03, 0.02., and 0.02,

respectively.

4.5.3CRISPRclassifyTool Overview
The CRISPRclassify pipeline consists of three distinatg@sses: identification of CRISPR

repeat arrays, feature extraction, and classification with the stratified model described above.
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Repeats and spacers were identified using a string searching algorithm implemented in MinCED.
Putative false CRISPR array®m then filtered out if repeat sequences wereumsform,

spacer sequences were highly similar, or if any irregular spacer lengths are detected. Biological
features and overlappingrker features were then generated for each repeat in the data set and
passed to the model for classification. The vieterface allows simple upload of assembled
genomic files (.fasta, .fna, etc.) and provides classified repeats in a downloadable .csv format.
Results are provided in both plot and table formats. The plot gsptaints of CRISPR loci by
subtype, whereas the table lists each distinct repeat, its location in the source file, the predicted
subtype with its corresponding computed probability, the organism in the training data with the
most similar matching repeagguence, as well as the number of single nucleotide
polymorphisms (SNPs) present in the most similar matching repeat sequence, termed the edit
distance Figure 4.5). This analysis can also be executed entirely on the command line without
the webinterface resulting in the same .csv file generated by the user interface. It is also
possible to classify repeats that have been previously identified and extracted using other
CRISPR detection tools such as CRISPRDetect, CRISPRCasFinder, or CRISPRidéhfity.

Note that, in order to identify CRISPR loci using the primary pipeline, this tool requires

assembled genomes or metagenomes and will not process raw reads.

4.5.4Benchmarking CRISPRclassify

To validate the model performance, results from CRISPRgfassre benchmarked against a
diverse test set not seen by the model during training. After filtering out putative false loci,
CRISPRclassify detected 28,438 CRISPR loci in the 52,515 genomes in the test set. For proper

classification, unique repeats wey®uped by locus: the same repeat sequences in two different
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loci were considered unique. When grouping by locus, we identified 75,513 unique repeats.
After limiting this set to only classifications with probabilities greater than 0.85, 18,504 loci
remainel, ultimately resulting in higltonfidence classifications for 65.1% of detected CRISPR
loci. Grouping the higitonfidence repeats by locus yielded 42,700 distinct repeats for
subsequent benchmarking. The outputs of all further analyses were obtaingtewityh
confidence probability threshold of 0.85 unless otherwise stated. The resulting distribution of
predictions by locus subtype is showrFigure 4.6. Subtype 1C dominated the predicted
subtypes, representing 28.1% of all classified loci. Notatllgough type Il has been

previously reported to be more abundant than type Il in most major bacterial and archaeal
phylal® predictions of type Il loci outnumbered those of type I, making up 17.8% of all

classified loci versus 6.9% representedypetlll.

Investigation into the relationship between predicted subtype probabilities and edit distance
yielded a trend that as subtype probability increases, edit distance dedresesA.S1). The

mean edit distance across all detected repeats was 5.3. Repeats with predictions above the 0.85
probability threshold had a mean edit distance of 3.2, compared to the mean edit distance of 7.0
for repeats that fell beneath the 0.85 threshold. TiEates that in general, the model generates
higher confidence predictions when classifying repeats that are more similar to what it was
exposed to during training, although some kighfidence predictions were made on repeats

with large edit distanceand vice versa, some low probability predictions were made for repeats

with small edit distances.
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Thecasbased pipeline, using a conservative 6€®@identity threshold, successfully assigned a

subtype to 3,62but of the total 28,438 loci detected,uktimg in 9,938 classified repeats out of

the total 75,513 repeats detected. 13,085 (46%) of the total 28,438 loci considered for

benchmarking had at least one detectable flanéasmene, however, only 3,635 of these also

contained the signatuoasgenerequired for subtype classification, typically due to contig
truncation. The remaining 15,353 (54%) uncl as
been separated from any associai@sigenes or are not associated vwagsgenes at all, and

therefore could not be classifiéd.

Thesecashbased predictions were compared against the¢ogifidence predictions generated

with CRISPRclassify, yielding an overlapping set of classified repeats for benchmarking,
comprised of 7,410 repeats in tofBhe overall counts of the benchmarking comparison are
depicted inFigure 4.7, with performance measures listedliable 4.3. The confusion matrix

values used to calculate performance measures can be foliaolé¥.S4. The overall model

had an F1 scoref .97, with 13 out of 20 subtypes having an F1 score above 0.8. The subtypes
with low representation (n < 30 training examples), namehCJIV-F, V-U2, V-U4, and VIA,
demonstrated poor performance, as anticipated. Notably, however, although subgypésky

and VIB, had low representation in the training set with 58, 33, and 113 examples, respectively,
they showed high performance. Subtyg@ had an F1 score of 0.64, much lower than expected
considering the number of training examples. The recalt& was perfect with a value of 1,

but the precision was low at 0.47. Upon further examination, 57 of the 58 false positives found
for I-G were duplicate instances of the sarBCRISPR locus encoded on theermus

thermophilusHB8 plasmid pTT27. Wheaccounting for this duplication of false positives from
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a single source locus, the performance dramatically improved for4{édtmnd 1B, in the latter

case, due to the reduction of false negatives.

Subtype IIB had the low F1 score of .31, with 4 tppesitives, 9 false negatives that were

falsely classified as subtypeBl, and 9 false positive predictionBable 4.S4). The loci of the

true positive predictions harbour bathsl andcas? (casl/2) genes, whereas the loci containing
the 9 false negativantained n@asl/2 genes. Repeats of the 9 false positive predictions all
belonged to bona fide HC loci. Predictions of the HC subtype were poor as well, missing each
of the 17 loci predicted vieasgene identification. To identify the sourcesloése

discrepancies, we examined theBlland II-C training data in greater detail. The-@ltraining

data consisted of 20 bacterial and archaeal strains. All but 3 of these strains poss€ske 111
that ceoccur with at least one other type | systdn total, 13 of the 20 strains containeddl|

loci that lacked adjacewtsl/2 genes. This pattern of-oc@currence and lack aasl/2 genes

was observed across the-Bltraining examples as well, albeit to a lesser extent. Generally,
among the strasthat contained a type 4B or III-C (111-B/C) locus lackingcasl/2 genes and

also possessed a type | system, the repeats of the type Il locus were almost identical in sequence
to the repeats of the @mcurring type | locus. This is expected becaussuch cases, the type |
Cas1Cas?2 adaptation complex recognizes the type Il repezitsVhencasl/2 genes were

present at the type B/C locus, the repeat sequences between the type Ill and type | loci in the
same genome shared substantially lesstitye(Figure 4.S2). In summary, repeats from type-Ii|
B/C loci lackingcasl/2 genes will be falsely classified as type | due to their high sequence

similarity.
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It is worth noting that theasbased analysis of the test set (138 gigabytes) that involved
identification of the CRISPR loci, extraction of the flanking genomic regions, and the search for
signaturecasgenes, took 46 hours to complete. The analysis of the same data set with
CRISPRclassify on the same hardware produced the results in undesuige Both analyses

were carried out on an iMac Pro with 64 GB of RAM and a 3 GHz processor.

To complement theasbased benchmarking analysis, we performed another round of
benchmarking against the results of a popular alternate classification to8PRRAsFindet®
Although several tools were considered for generating an alternate benchmarking comparison
such as CRISPRDetect and CRISPRCasT¥pétCRISPRCasFinderas ultimately selected

due to its rapid execution speed and easily parsable output. This analysis resulted in an overall
F1 measure of 0.93 &ble 4.S5). Again, we saw poor performance when classifying subtypes
[II-B and III-C, however, 10 of the 13 ckified subtypes exhibited an F1 measure greater than
0.7, while the F1 measure of subtyp&s, II-E, I-F, |-G, II-A, 11-C, and A were 0.95 or

greater.

I n order to approxi mate CRI SPRcl assifyds pote
loci, weinvestigated performance on repeats with an edit distance greater than 6, which are
dissimilar to repeats seen by the model during training. Overall, benchmarking these repeats
resulted in an F1 measure of 0.9&le 4.S6). These data broadly mimic therger set of

benchmarking performance results, with 11 of 17 detected subtypes scoring an F1 measure

greater than 0.8. As expected, subtypes with low training representatiGn WF, V-U4, and

VI-A, demonstrated low F1 measures.
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To evaluate differencaa model performance that can be attributed to the inclusion of biological

input features in combination with the figgam pattern, we compared benchmarked results

from CRI SPRcl assi fy anmhse€CirddiienRubaion,Whighalsoduses r e p e
XGBoost Table 4.S57). To make an equitable comparison, noaffiforobability values were

used for either model and all predictions were considered. Running CRISPRCasTyper with

default options (kmer length of 4) resulted in an overall F1 score of 0.1 Jame analysis

carried out with CRISPRclassify yielded an F1 score of 0.82, producing a mean increase in F1

score by 0.09.
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4.6 DISCUSSION

In this work, we developed an efficient method for classification of CRISPR systems by analysis
of repeat sequensalone, using a machine learning approach based on an XGBoost model. Such
models have received increased recognition in recent years as they have proven to regularly
outperform alternative nelinear approaches, including deep learriraged method¥.Because
XGBoost models train quickly relative to competing models, they effectively mitigate the risk of
overfitting with proper hypeparameter tuning and offer substantially improved interpretability
over deep learning approaches. For these reasons, XGBa®implemented as the primary
approach over a variety of potential deep learning architectures. Furthermore, OVA scheme
models often lead to improved performance over ruldiss classifiers as individual binary

models can better discriminate withinveotclass subset, however, the OVA XGBoost model
produced results comparable to the meidiss model in this case. Although the multiclass model

is executed more efficiently, only invoking a single model per classification, the OVA scheme
model provides Vaable gain data per subtype, which is not possible for a multiclass model

lacking stratification.

In terms of feature importance, biological features contributed the most gain per subtype, with
repeat length being the highagtin feature, on average. &3e findings validate and support a
previous study that reports the conservation of repeat length within subtyfben varying the
k-mer length used by the model, we detected considerable variability in discrimination between
subtypes. The consistengyhigh-gain kmer features observed across the models of various k
mer lengths reflects unique biological signatures of each subtype. Thygdives that

significantly contributed to subtype classification showed minimal overlap across subtypes, with
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67 ou of the 74 present in a single stratum. Althoughradt length of five resulted in the best

overall performance, some subtypes were better predicted using differemtl@ngths.

Due to the nature of multinomial classifiers, a prediction must be mae@ach input provided,
typically, without consideration for uncertai
used to distinguish informed predictions from those with higher uncertainty. Aside from

supressing uncertain predictions, low probabsitrepresent one metric to aid in the

identification of potentially novel and thus biologically interesting repeats. Although low

probability predictions are not a direct indicator of novelty, they reveal nucleotide patterns and
biological features with mimal representation in the training data and could be used to flag loci

for further investigation.

In order to thoroughly evaluate the model performance, we benchmarked against a
comprehensive collection of metagenomes, representing a diversity oisongand

environments that encompass 135 phyla. In general, benchmarking against this test set yielded
highly accurate results for subtypes with more than 30 training examples, demonstrating that the
XGBoost approach in combination with both biological &nter based features is sufficient for
accurate classification of an unknown data set. Accurate prediction of classes with sparse
representation was and will remain challenging until sufficient numbers of training examples can
be gathered. Notably, howayéeatures of subtypes-X, V-K, and VIB provided enough

distinction that these loci could be accurately predicted even with low class representation in the
training set. Furthermore, by comparing the classifications from CRISPRCasTyper and

CRISPRclassif againstasbased predictions of the test set, we confirmed that extending a k

129



mer based model with biological input features in combination withgraen sequence features
led to an overall performance improvement, most notably, for subtyidelkB, I-D, 11-A, and

[-D.

Despite high F1 scores for the relatively abundant subtypes, accurate prediction of sub8pes Il
and IlI-C proved problematic. It is well known that-B/C systems often lack their own

adaptation machinery and extend their CRISIPRYys by ceopting the required Cas proteins

from CRISPRCas systems encoded in other genomic locabidimsaccord with this trend, we
observed that the presencecatl andca2 genes in a B or 111-C locus determines whether

the repeats in the nesctive CRISPR array conform to the nucleotide sequence of the
endogenous type | locus or carry a sequence signature that can be leveraged for subtype
prediction. This being the case, we found that most predictions for tB&dIsubtypes actually
classifed the ceoccurring type | systems rather than the type 1l system itself. This observation
illustrates the complex eevolutionary dynamics between CRISPR arraysaasgjenes, the two
distinct modules of a single system that must operate in coorditatamguire and maintain
adaptive immunity. Classification of CRISFEas loci can be further complicated by the

shuffling of CRISPRCas components due to recombination between closely related adaptation

modulest®

Ultimately, of the 28,438 CRISPR loci @eted in the test set, CRISPRclassify confidently
identified 18,50465.1%). In contrast, theasbased pipeline generated classifications for only
3,625 of the 28,438 loci (12.8%). Clearly, one major contributing factor to the low detection rate

of thecas-based pipeline is the conservative 60% identity threshold that was requioas for
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identification. This high threshold was empirically selected to minimize spurasmatches
which convoluted the subsequent benchmarking results with incorrect locus classifications. For
example, when 30% was used as the minimum idecasyhreshold, 10,401 loci were

classified, but the false positive rate significantly increased beaaany signature type V genes
(casl2) were falsely identified due to their homology to transpeswodednpBgenes, which
are extremely abundant across bacteria and aréh&ean at the relatively permissive 30%
minimum identity cutoff, the casbasedapproach leaves 18,698 loci unclassified compared to
the 9,934 from CRISPRclassify. Utilization of repéased classification enabled improved
coverage of metagenomes in less time than the traditasdlased approach, and successfully
classified CRISR loci where adjacemasgenes were missing or fell below the minimum
alignment threshold against reference data. Highly sensitive identificat@asgénes using Cas
protein family profiles as queries for sequence searches is feasible but is chgltengin
implement in automatic pipelines without compromising specifi€ifydditionally,

demonstrated high performance on dissimilar repeat sequences from those seen in training
indicate that use of this model could extend beyond classification of famefbieats to support

identification and discovery of novel loci in metagenomes.
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4.7CONCLUSION

We report here that, due to the dependence of traditional CRT3Bentification approaches

on BLAST and HMM alignments to known Cas protein sequences, a substantial proportion of
CRISPR loci in metagenomes remain unclassified, highlighting the need for supplemental tools
to maximize the efficiency of CRISPR analysispecially in metagenomic data. This analysis
validates the feasibility of repebtsed classification, and furthermore, elucidates the salient
features of CRISPR repeats that are crucial for subtype level classification. As metagenome
samples and sequengidata continue to accumulate at a spectacular pace, the approaches
developed in this work could provide guidance into the development and application of
additional machine learning models to facilitate identification and characterization of CRISPR

Cas loc
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4.8DATA AVAILABILITY

CRISPRclassifys an opersource project, available for public use on GitHub at
https://github.com/CRISPRIab/CRISPRclassify. Assembled metagenomes used for
benchmarking CRISPRclassify are publicly available from the Joint Genatiiti@ Portal

(https://genome.jgi.doe.gov/portal/ GEMs/GEMs.home.html).
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Table 4.1 |[High-Gain features by subtype

Subtype Feature Gain Cover Freq Subtype Feature Gain Cover Freq

I-A length 0.16 0.18 0.11 II-F AAACA 0.16 0.62 0.21
I-A AATTG 0.15 0.12 0.02 lI-F ACAAG 0.14 0.02 0.13
I-A gc 0.07 0.01 0.10 II-F CTTCC 0.15 0.01 0.12
I-A AGAAT 0.05 0.00 0.01 II-F CTGGA 0.17 0.00 0.13
I-A CGATA 0.03 0.00 o0.01 lI-F CCAGC 0.13 0.00 0.04
I-B gc 0.19 0.12 0.08 IV-A CCCCC 0.20 0.15 0.05
I-B length  0.31 0.07 0.08 IV-A GGTTA 0.06 0.09 0.04
I-B CATCA 0.03 0.04 0.01 IV-A CGATA 0.18 0.08 0.03
I-B GGTAC 0.02 0.04 0.00 IV-A length  0.05 0.00 0.08
I-B AGGCG 0.02 0.01 0.00 IV-A gc 0.06 0.00 0.09
I-C GCGAC 0.36 0.09 0.01 IV-C CTAGA 0.07 0.29 0.10
I-C length 0.12 0.08 0.11 IV-C TTGCA 0.23 0.13 0.14
I-C GTGGA 0.06 0.04 0.01 IV-C CCTAG 0.06 0.08 0.05
I-C ATCCA 0.05 0.03 0.01 IV-C TGCAA 041 0.07 0.33
I-C gc 0.06 0.02 0.10 IV-C palldx 0.16 0.03 0.19
I-D length 0.12 0.11 0.07 V-A GTAGA 057 0.30 0.14
I-D AATCC 0.06 0.08 0.02 V-A GTCTA 0.04 0.21 0.07
I-D CGGGA 0.03 0.02 o0.01 V-A AAATT 0.16 0.01 0.12
I-D gc 0.06 0.01 0.07 V-A CTAAG 0.05 0.00 0.06
I-D ATCCC 0.06 0.01 0.02 V-A TTAAA 0.02 0.00 0.07
I-E length 0.24 0.09 0.09 V-B1 AAGCT 0.18 0.34 0.11
I-E TCCCC 0.51 0.08 0.01 V-B1 AAAGC 0.10 0.26 0.06
I-E CGGAG 0.04 0.07 o0.01 V-B1 TGCCA 0.10 0.02 0.06
I-E gc 0.03 0.07v 0.08 V-B1 AACGG 0.11 0.01 0.07
I-E CCCGC 0.04 0.05 0.02 V-B1 gc 0.09 0.00 0.12
I-F CTGCC 058 0.15 0.03 V-B2 CAACC 0.12 0.88 0.26
I-F TCATC 0.05 0.09 0.01 V-B2 AACCC 0.11 0.05 0.10
I-F CCATC 0.03 0.08 0.00 V-B2 GCGAA 0.08 0.01 0.05
I-F length 0.14 0.08 0.10 V-B2 CGCGA 0.26 0.00 0.18
I-F TCTAA 0.03 0.01 0.01 V-B2 GCACA 0.06 0.00 0.03
I-G CAATG 0.24 0.10 0.02 V-F gc 0.21 012 0.13
I-G length 0.08 0.09 0.08 V-F GTTAA 0.06 0.06 0.04
I-G gc 0.05 0.01 0.09 V-F length 0.08 0.01 0.08
I-G CTTCA 0.15 0.01 0.02 V-F palldx 0.08 0.00 0.13
I-G CCTCA 0.06 0.00 0.02 V-F CATTC 0.07 0.00 0.02
[-A AAAAC 0.29 0.11 0.04 V-K GTTGA 0.22 0.22 0.07
[-A length 0.12 0.07 0.05 V-K length 0.09 0.04 0.07
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0.27
0.05
0.11
0.12
0.05
0.19
0.06
0.04
0.05
0.04
0.32
0.04
0.13
0.10
0.07
0.06
0.09
0.39
0.07
0.14
0.07
0.09
0.35
0.32
0.14
0.13
0.03

0.01
0.01
0.00
0.71
0.01
0.01
0.00
0.00
0.10
0.05
0.03
0.03
0.00
0.28
0.16
0.01
0.00
0.00
0.18
0.03
0.01
0.01
0.00
0.25
0.12
0.03
0.00
0.00
0.70
0.12
0.10
0.00
0.00
1.00
0.00
0.00
0.00
0.00

0.08
0.06
0.11
0.26
0.08
0.08
0.08
0.16
0.09
0.08
0.08
0.13
0.06
0.07
0.12
0.06
0.15
0.05
0.06
0.05
0.04
0.05
0.02
0.05
0.02
0.05
0.04
0.02
0.34
0.09
0.14
0.02
0.05
0.50
0.21
0.13
0.08
0.04
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Table 4.2 |High-gain k-mers for subtype FA

k-mer

AATTG
AAT
AATT
AGAATTG
AAG
AATTCT
AATA
AAC
CTTTA
AAAG
TAA
AAA
CAATTC
ATA
AATAAT
ACTGAA
CTAAAG
AGA
ATTC

Reverse

GCompliment

k-mer
CAATT
ATT
AATT
CAATTCT
CTT
AGAATT
TATT
GTT
TAAAG
CTTT
TTA
TTT
GAATTG
TAT
ATTATT
TTCAGT
CTTTAG
TCT
GAAT

Gain

0.225
0.205
0.195
0.118
0.072
0.071
0.050
0.048
0.039
0.034
0.034
0.032
0.032
0.031
0.028
0.027
0.026
0.026
0.026

k-mer Length
Model

P WOOOWOWWRARUIUIITWPA,OOWNDRD WO
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Table 4.3 | Benchmarking performance results

Subtype Precision Recall

I-A
I-B
I-C
I-D
I-E
I-F
I-G
[-A
l-C
[1-A
I1-B
l-C
1-D
V-A
V-F
V-K
V-U2
V-U4
VIFA
VI-B

0.89
0.95
1.00
0.88
0.98
0.99
0.47
0.95
1.00
0.77
0.31
0.00
1.00
0.86
0.00
0.89
0.00
0.00
0.00
1.00

1.00
0.88
1.00
0.97
1.00
1.00
1.00
1.00
0.99
0.96
0.31
0.00
0.85
1.00
0.00
0.89
0.00
0.00
0.00
1.00

F1

0.94
0.91
1.00
0.92
0.99
1.00
0.64
0.98
0.99
0.85
0.31
0.00
0.92
0.93
0.00
0.89
0.00
0.00
0.00
1.00

Repeats Detected in Tesl

Set

16
518
1379
29
2144
541
52
472
1670
110
13
17
214
121

o

40
23
31

Training

Examples
147
1429
1448
164
4388
1314
356
803
637
697
268
19
408
58
17
33
6
18
20
113
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Table 4.S1 | Model performance by subtype

Subtype

I-A
I-B
I-C
I-D
I-E
I-F
I-G
I-A
11-B
I-c
I-A
1-B
n-c
n-b
I-E
-F
IV-A
IV-C
V-A
V-B1
V-B2
V-F
V-K
V-Ul
V-U2
V-U4
VI-A
VI-B
VI-C
VI-D

AUC Training n Validation

0.9809
0.9943
0.9999
0.9944
0.9996
0.9998
0.9974
0.9989

1
0.9982
0.9864
0.9877
0.9898
0.9862

0.9906

0.9987

0.9292
0.9949

0.9521
0.9998
0.9997

147
1429
1448

164
4388
1314

356

803

48

637

697

268

19
408
5

6
103

58

17
33

18
20
113

(n)
37
358
362
42
1098
329
90
201
13
160
175
67
5
103

Training +
Validation
184

1787
1810
206
5486
1643
446
1004
61
797
872
335
24
511
5

6
129

73

22
42

23
26
142

Number
of loci
96

797
740
89
2921
734
154
580
43
454
508
268
28
190
2

2
35
1
34
4

1
15
29
3

4

9

6
55
5

1

Number of
species
37
305
304
58
410
193
69
147
11
203
126
109
16
80
1
1
15
1
17
3
1
11
13
3
3
8
5
13
3
1

*All training and validation repeat counts listed here are unique {remundant) repeat sequences.
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Table 4.S2| K-mer training performance

mean AUC = Upper CI Lower CI k-mer length

0.966 1 0.927 3
0.988 0.997 0.979 4
0.993 1 0.983 5
0.988 0.997 0.979 6

0.99 0.995 0.985 7
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Table 4.S3 | Feature importance by subtype

This table is too large to ligterein its entirey. For the full table, please see
https://www.liebertpub.com/doi/suppl/10.1089/crispr.2021.0021/suppl_file/Supp_TableS3.xIsx
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Table 4.S4 Benchmark confusion matrix

This table is to large to list here in its entirety. For the full table, please see
https://www.liebertpub.com/doi/suppl/10.1089/crispr.2021.0021/suppl_file/SupjeJé xIsx

147


https://www.liebertpub.com/doi/suppl/10.1089/crispr.2021.0021/suppl_file/Supp_TableS4.xlsx

Table 4.S5 | CRISPRclassify vs. CRISPRCasFinder

Subtype TP FN FP  Precision Recall F1

1A 151 51 49 0.755 0.74752475 0.75124378
IB 2488 27 554 0.81788297 0.98926441 0.89544718
IC 7135 99 472 0.93795189 0.98631463 0.9615255
ID 61 69 4 0.93846154 0.46923077 0.62564103
IE 5932 32 194 0.9683317 0.99463447 0.98130687
IF 1806 8 187 0.9061716 0.99558986 0.94877857
A 950 12 31 0.96839959 0.98752599 0.97786927
A 1349 1067 58 0.95877754 0.55836093 0.70572849
1B 106 497 56 0.65432099 0.17578773 0.27712418
HU/C 0O 108 11 0 0 0
HU/1IC 3339 66 16 0.995231 0.98061674 0.98786982
UG 690 27 49 0.93369418 0.9623431 0.9478022
U/VA 1153 36 18 0.98462852 0.96972246 0.97711864

Total F1 measure is 0.929820022912894 for P > 0.85

n repeats
in set

202

2515

7234

130

5964

1814

962

2416

603

108

3405

717

1189
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Table 4.S6 | Classification performance on novel repeats

Subtype

1.B
1.C
I.D
I.LE
l.F
.G
[.A
I1.C
[.A
[.B
l.C
V.A
V.F
V.K
V.U4
VI.A
VI.B

TP FN

31
35
5
13
2

1
152
370

o O

3

=

OO MO

NOPFRPOFRPFPPFPNOOOORFrROOW

=
N

0

FP

11

P PN OO

1

=

OO FrP ONOOOOo

0

Precision Recall F1

0.73809524 0.91176471 0.81578947
1 1 1
1 0.83333333 0.90909091

0.86666667 1 0.92857143
0.66666667 1 0.8
0.5 1 0.66666667
0.93251534 1 0.96507937
1 0.98143236 0.99062918

1 0.8 0.88888889

0 0 0

0 0 0
0.93939394 1 0.96875
0 0 0

0.8 1 0.88888889

0 0 0

0 0 0

1 1 1

Total FImeasure is 0.957227138643068 for P > 0.85

n repeats
in set
34

35
6
13
2

1
152
377

=

31

I

12
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Table 4.S7 | CRISPRclassify vs. CRISPRCasTyper

This table is too large to list here in its entirety. For the full table, please see
https://www.liebertpub.com/doi/suppl/10.1089/crispr.2021.002pkdile/Supp_TableS7.xlsx
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AUC Performance by K-mer Size

0.96-

Subtype AUC Distribution

0.92-

2 3 4 5 6 7
K-mer Size

Figure 4.1 |AUC Performance by K-mer Size

AUC performance by#ner size. Model performance varied based on theeklength selected
during training. A length of five provided optimal performance with a mean AUC of 0.993. K
mer lengths of 4 and 6 also performed well, both with mean AUCs of 0A88 performance

with a kmer length of 2 had the lowest performance of 0.966.
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Classification Results of Validation Set (P > .85)

VI-B- 25

IV-A- 15
n-D- 38

n-c- 1 1 3

-B- 52

n-A- 116 1

Repeat Count

. 1000

750
500
I-A- 175 250

-C- 131

Predicted
T
w@
w

I-G- 74

I-F - 316 1

I-D- 19
I-C- 339 1

I-B- 269 1 2 1

S 8 O & W i o6 % @ o

Hn-A
-B
N-C-
-

IV-A-
VI-B-

Actual
Figure 4.2 |Prediction matrix of OVA XGBoost results on validation set
Application of the 0.85 probability threshold leaves only 14 total repeats incorrectly classified.
The bottom right quadrant of the graph displays the few examples from subtypes$lIHB,

and I1I-D that were misclassified in the validation set.
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K-mer Feature Gain by Subtype
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Figure 4.3 |K-mer feature gain by subtype

(AGCGAECO) ,

(ATCCCEOfNCTGGCONCAATAGO()NR,AAAACGA ,( mGCQGTGA)
gain kmers are distinct to individual subtypes. Only subtypes with more than 50 validatio

Subtypes that demonstrated the higlgssh kmer features wereC

Hi

examples are listed for clarity.
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Figure 4.4 |Distribution of biological features by subtype

Boxplots of repeat length (A), GC content (B), and palindromicity index (C) are shown for
repeats in the training set. Repeat length,d8tent, and palindromicity index display the

widest variability across type | and type V repeats, while the median of these features is more

conserved within type Il and type Il repeats.
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Repeat Length Acrass Subtypes
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CRISPR{classify}

Choose Genomic .FASTA File Welcome to CRISPRclassify! To get started, choose any assembled genome or metagenome file for

analysis. Once it has been uploaded, the Classify button will appear. Click it to begin analysis! Results

will appear below once the analysis completes, along with a Download button to save your work. For
more details, check out GitHub.

Browse... | NCK_9943.fasta

& Download

Subtype
3 e
g wa- A
&
A
bE-
v 05 10 % .'.:
Locus Count by Sublype
Show 10 3 entries Search:
Locus Contig Range Subtype Repeat Repeat Count Probability Closest Strain Edit Dist
A
1 1 NCK_9943  642424-644504 II-A GTTTTTGTACTCTCAAGATTTAAGTAACTGTACAAC 31 1 Streptococcus_|-G2 0
2 | NCK_9943  642424-644504 I-A GTTTTTGTACTCTCAAGATTTAAGTAACTGTACAGT 1 1 Streptococcus_thermophilus_APC151 ]
3 2 NCK_9943  893762-894020 n-A GATATAAACCTAATTACCTCGAGAGGGGAC 1 0.928 Streptococcus_thermophilus_ASCC_1275 0
4 2 NCK_ 9943  893762-894020 -A GATATAAACCTAATTACCTCGAGAAGGGACGGAAAC 1 0.966 Streptococcus_thermophilus_ ASCC_1275 0
5 2 NCK 9943  893762-894020 II-A GATATAAACCTAATTACCTCGAGAGGGGACGGAAAC 2 0.997 Streptococcus_thermophilus_ ASCC_1275 0
6 3 NCK 9943  963674-964436 I-E GAATCACCCCCGCGTGTGCGGGAAAAAC 1 0.999 Streptococcus_thermophilus DGCC 7710 0
7. 3 NCK 9943  963674-964436 I-E GGATCACCCCCGUGTGTGCGGGAAAAAC 12 0.999 Streptococcus_salivarius_57.1 0
8 4 NCK 9943  1377729-1378556  II-A GTTTTGGAACCATTCGAAACAACACAGCTCTAAAAC 13 0.999 Streptococcus_ChDC_B345 0

Showing 1 to 8 of 8 entries Previous 1 Next

Figure 4.5 |Overview of the webinterface of CRISPRclassiy

Locus counts are displayed by subtype and distinct repeats are listed by locus along with
predicted subtype and corresponding probability. Fjgm kmers are highlighted in the repeat
sequence either in blue, indicating forward orientation, geilow, indicating the reverse
complement. The strain with the closest matching repeat from the training data set is calculated
and |isted as fAClosest Straind along with t
(Edit Dist).
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Locus Classifications of Test Set (P > .85)
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Figure 4.6 |Overview of CRISPRclassify results on an unseen test set
The number of high confidence loci (P > 0.85) grouped by subtype shows types | and Il comprise

a majority of the test data, while types Ill, V, and VI have more limited representation. 28,438
total CRISPR loci were detected in the test set.
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Classification Results of Test Set (P > .85)
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Figure 4.7 |Benchmarking result counts for the test set

Casbased locus classification results (Actual) are plotted against CRISPRclassify predictions

v-u2-

38

V-U4 -

VI-A-

Repeat Count

i‘ 2000

1500
1000
500

(Predicted). Subtypes with the most misclassified |laaieAB (61 false negatives),-\04 (40

false negatives), {C (24 false negatives), and-Al (23 false negatives). The overall F1 score

for the high confidence predictions (P > 0.85) of the test set is 0.97.
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Edit Distance by Probability Range

20- . L .

B

- . L]

o

Edit Distance

0.00 -0.09 0.10-0.19 0.20-0.29 0.30 -0.39 0.40 - 0.49 0.50 - 0.59 0.60 - 0.69 0.70 - 0.79 0.80 - 0.89 0.90 - 1.00
Probability Range

Figure 4.S1 |[Edit distances between test setnd training set
As the prediction probability range increases from 0.0 to 1.0, the edit distance decreases. A
maximum median edit distance of 10 was found in the probability range 0.00 to 0.09, whereas

the minimum mediandit distance of 3 was found for the 0.8Q.00 probability range.
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A) Type Il loci with casl and cas2

Methanococcus vann

ielii SB | NC_009634

Contains subtypes I-B and III-B
D¢ REV 99, NC_009634 - CRISPR I-B Repeat Units interval 63

Ce REV100. NC_009634 -
O+ REV101. NC_009634 -
Ce FID 102, NC_009634 -
Ce FUD 103. NC_009634 -
Ce FUD 104. NC_009634 -

CRISPR I-B Repeat Units interval 64
CRISPR I-B Repeat Units interval 36
CRISPR I11-B Repeat Units interval 1
CRISPR 11-B Repeat Units interval 4
CRISPR I11-B Repeat Units interval 2

Chlorobium limicola DSM 245 | NC_010803.1
Contains subtypes I-B and IlI- c

Ce REV122. NC_010803 -
Ce REV123. NC_010803 -
Ce REV124.NC_010803 -
L& REV125.NC_010803 -
Ce REV126.NC_010803 -
Ce REV127.NC_010803 -

CRISPR I-B Repeat Units interval 121
CRISPR I-B Repeat Units interval 122
CRISPR I-B Repeat Units interval 123
CRISPR I1I-C Repeat Units interval 1
CRISPR 111-C Repeat Units interval 2
CRISPR I1I-C Repeat Units interval 3

B) Type lll loci lacking casl and cas2

Thermoanaerobacter mathranii subsp. mathranii str. A3, complete sequence | NC_014209.1
Contains subtypes I-B and IlI-B

[+ FWD 29, NC_014209 - CRISPR I11-B Repeat Units interval 3
L+ FUD 30, NC_014209 - CRISPR III-B Repeat Units interval 2
Ce FWD 31, NC_014209 - CRISPR III-B Repeat Units interval 1
L+ REV 32, NC_014209 - CRISPR I-B-2 Repeat Units interval 24
O+ REV33.NC_014209 - CRISPR I-B-2 Repeat Units interval 23
O+ REV 34, NC_014209 - CRISPR I-B-2 Repeat Units interval 22

S—G-G—G_G—G_G—

—G—G-G_G G_GIG-
*k ok kokk

GTTTCAATTCCATATTGGTGCAATTATAAG
GTTTCAATTCCATATTGGTGCAATTATAAG
GTTTCAATTCCATATTGGTGCAATTATAAG
GTTTCAATCCTCAATGAGTGCAATTAGATATAAAG
GTTTCAATCCTCAATGAGTGCAATTAGATATAAAG
G—GIGIG_G—G
* * ok ok ok ok K K kK

GTTTTTAGCCTACCTATAAGGAATTGAAAC

GTTTTTAGCCTACCTATAAGGAATTGAAAC

Methanosarcina barkeri 3 chromosome, complete genome | NZ_CP009517.1
Contains subtypes I-B and IlI-C

Ce FUD 64, NZ_CP009517 -
Ce FUD 65, NZ_CP009517 -
L& FID 66. NZ_CP009517 -
Ce REV67.NZ_CP009517 -
Ce REV68. NZ_CP009517 -
Ce REV 69. NZ_CP009517 -

CRISPR I1I-C Repeat Units interval 69
CRISPR I1I-C Repeat Units interval 70
CRISPR I1I-C Repeat Units interval 71
CRISPR I-B Repeat Units interval 1
CRISPR I-B Repeat Units interval 2
CRISPR I-B Repeat Units interval 3

GTTTCAATCCTTGTTTTAGTGGATCTTGCTCACGAAT

GTTTCAATCCTTGTTTTAATGGATCTTGCTCACGAAT
*

* indicates mismatched nucleotides

Figure 4.S2 |Comparison of type IlI-B/C loci with and without casl/2

The alignment boundary between repeats froro@mrring type IHB/C and type | systems is
depicted here. Repaafrom type 11}B/C loci thatharborcasl andcas?2 show a significant
number of mismatched nucleotides after alignment (A). TypB/lll loci missingcasl/2 show
high similarity to the cabccurring type 4B system (B).
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CHAPTER 5: CRISPR-BASED ENGINEERING OF PHAGES FOR IN SITU

BACTERIAL BASE EDITING
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5.1 CONTRIBUTION TO THE WORK

Matt hew Net hery CRISPRIbaged éngimearihg ofgpbapes torin siurbacterial
baseedithng currently i n pr eeisaesponsible for planaingasdu b mi s si o1
executing experiments, writing the manuscript, and preparing the figures. The authorship on this
manuscript is as follows: Matthew A. Nethery, Claudio HidaRpmtabrana, Avery Roberts, and

Rodolphe Barrangou.
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5.2 ABSTRACT

Investigation of microbial gene function is essential to elucidation of the ecological roles and
complex genetic interactions that take place in microbial communities. While microbiome
investigations have increased in prevalence, the lack of viaklke editing strategies impedes
experimental design and progress, rendering genetic knowledge and manipulation of microbial
communities largely inaccessibldere, we demonstrate the utility of phadmivered CRISPR
Cas payloads to perform targeted genet@mipulation within a community context deploying a
fabricated ecosystem (EcoFAB) as an analog for the soil microbiome. First, we detail the
engineering of T7 and for community editing using recombination to replace-aesential

genes through Cad$asel selection. We show efficient engineering of T7, then demonstrate
expression of antibiotic resistance and fluorescent genes from an enginpeoptiage within
anEscherichia colhost. Expanding on this, we modifyto express an APOBECbased
cytidinebase editor (CBE), which we leverage to perform C to T point mutations guided by a
nucleaseadeficient Cas9 (dCas9). We strategically introduced these base substitutions to create
premature stop codons-frame, inactivating both chromosomkcz) and plamid-encoded
genes (mCherry and ampicillin resistance) without perturbation of the surrounding genomic
regions. Further, using a mufienera synthetic soil community, we employed pkaggsted

base editing to induce hespecific phenotypic alterations a community context both vitro

and within the EcoFAB, observing editing efficiencies from 10% to 28% across the bacterial
population. The concurrent use of a synthetic microbial community, soil matrix, and EcCoFAB
device provides a controlled and regcible model to more closely approximatesitu editing

of the soil microbiome.
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5.3 SIGNIFICANCE STATEMENT

Microbial consortia possess a wealth of genetic information, however, current approaches to
deciphering genetics in a community context are largely constrained by low delivery efficiencies
and a breadth of targeting specificities. Here, we describe a-blaagd approach for precision
editing of an individual gene within a target host organism in a community context. Engineering
bacteriophagé to contain a cytidine base editor, we inactivate host chromosomal and plasmid
based genetic targets through thratstgic introduction of singlaucleotide mutations without
casbased doublstrand DNA cleavage. Next, we establish specad sitespecific editing

within a synthetic soil community using a fabricated ecosystem as a basic model to approximate
the rhizesphere ecosystem. Phagsgsisted delivery, together with base editing, offers a new
avenue ofn situediting approaches to interrogate the genetic function of microbial community

members.
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5.4 INTRODUCTION

The foundation of classical functional genomgsentered around the introduction of mutations
and their associated phenotypic alterations, however, experiments are typically performed in
isolation from native environments and corresponding indigenous microorganisms. Genetic
investigation of microbimes offers the potential to elucidate the complex biological roles and
functional genomics of individual members of microbial networks therein, critical to a thorough
understanding of industrially and medically significant ecosys{&rg3. In general, a paucity of

in situ editing approaches exist, due to the inherent complexity of microbiomes and the
environmental contexts in which they evol/g. The soil rhizosphere represents an array of
diverse and agriculturally relevant microbes and bolstering our knowledge on the genomics
ecological roles, and metabolic networks of soil community members could have a powerful
effect on future food sustainability and bioenergy eff(8t43). The diversity and physical
composition of the soil microbiome present significant challenges for direct geneticgatemo
and manipulation of a single species in a community context. Fabricated ecosystems (EcoFABS)
are specialized 3iprinted enclosures specifically created to foster reproducibility among
microbiome studie§l4, 15) E®FABs can be loaded with precise amounts of medium, culture,
and solid matrices to more closely replicate ecosystems of interest and are easily prepared for
research studies of the soil microbiome. Targeted editing of community members in the soil
ecosystm is limited by the challenges of specgzecific delivery, as well as the precision
required to locate and edit a specific gene without unintended disruption of nearby loci.
Recently, a generalizable platform was developed to address these problézimgy uélious
delivery techniques to measure transposon insertion across a synthetic soil coniélinity

While this study was focused on the evaluation of conjugation, electroporation, and natural
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transformation for delivery to a broad range of organisms, transduction was not evaluated due to
the host specificity of phage tropism. Like conjugation, pHzaged delivery has the benefit of

selfpropagation, but with the added caveat of species an$tnzel specificity.

Phages exhibit a characteristically narrow host range, typically limited to a set of species or
strains, and are capable of host detection even in highly complex ecosfsi¢rasnited host

range, in combination with seiéplication, make phages ideal prokaryotic delivery vectors while
also controlling for unintended community -@éfrgeting. Since the initial deonstration of

precision targeting by CRISPBas systemgL8, 19) engineered phages have been enhanced

with exogenous CRISRRas payloads for delivgtto a specific host and the subsequent

targeting of an explicit genetic sequence within. Early engineered phage approaches employed
castargeting for sequenegpecific ablation of several important human pathogens, including
Staphylococcus aurepsnterolemorrhagidscherichia coli andClostridioides difficile

effectively compounding antibacterial efficiency through added nucleagtactivity (20-24).
Doublestrand cleavage induced by Cas9 targdtiagls to specie®r strainspecific depletion

of the target bacterial host population due to inefficiencies of bacterial DNA repair pathways,
and cells escaping cleavage have been reported to contain a variety of inconsistent genomic
deletions surroundintie target sit€25). To move beyond targeted degradation of nucleic acid
toward more sophisticated genome editing modalities, Cas effectors have been modified in novel
and creative ways, enabling a variety of new genetic manipulations inckitergpecific

activation, repression, and singlacleotide mutationf26-30). Recently, progress has been

made in phagbased host editing through the delivery of a nuclekdieient deactivated Cas9

(dCas9), which is catalytically dead but has preserved its ability to target and bind DNA at
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specified loci with programmable guides. Rather than enhancirzpatdrial activityjn situuse
of dCas9 was leveraged for gesygecific repression in the gut microbioig®4.). This study uses
lysogenic viral integration of engineerkdo express the modified nuclease to induce repression

through transient binding of the target site without permanent modification of the target gene.

Recent pioneering work in base editinas introduced a novel genome editing mechanism to the
growing reserve of CRISRRas toolg26, 27) Base editors facilitate targeted deamination of a
single base without the adverse fitness effects of desttdead DNA (dsDNA) breakage
associated with the use ethCas effectors. Due to the direct deamination of the target base, the
provision of a repair template is unnecessary, greatly simplifying payload construction and
decreasing the burden presented by the constraints of phage capsid capacity. Baseresi#ors co
of a dCas9 fused to either a cytidine deaminase, capable of catalyzing a C to T point mutation
through a uracil intermediary, or an adenosine deaminase, catalyzing an A to G conversion
through an inosine intermediaf®6, 27) Through dCas9 targeting, the deaase is guided to a
precise locus of interest to generate a substitution mutation within a 5 nucleotide (nt) editing
window in the guide sequence. The RIgAided nucleotide precision facilitated by base editing
offers unprecedented levels of control ogene composition and functional inquisition, while
limiting depletion of the bacterial host by avoiding dsDNA genomic cleavage, which is not

efficiently repaired by bacterial DNA repair pathwdg2).

Here, we deployed engineered phages to deliver CRIG#Rpayloads for targeted community
editing, bothin vitro and within an EcCoOFAB apparatus. First, we investigated the feasibility of T7

andl engineeringor delivery of exogenous payloads to thecoli host. Next, we show that
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lysogeny is an effective mechanism for the expression of novel genes, and exploit this to deliver
a cytidine base editor to tle colihost to generate genetic knockouts through targeted point
mutations. Finally, we demonsteah situediting within a community context through the use of

an EcoFAB loaded with a synthetic soil medium.
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5.5 RESULTS

5.5.1T7 Phage Engineering

To investigate the feasibility of exogenous payload insertion into a lytic phage genome, we
performed Cas®nediated modification of bacteriophage T7. First, we selected a putative insertion
site within the T7 genome, then added the corresponding 30 rr¢pabe CRISPR array of the
pCas9 plasmid expressingtreptococcus pyogenemsQ The CRISPR array of pCas9 was
expressed and ultimately complexed with Cas9 for targeted selection against phages that did not
contain our edit of interest at that locus (FigbtgA) (33). The selected insertion site is just
downstream of the Féncoded RNA polymerase, within a cluster of #@ssential genes that will
minimize disruption to the phage life cycle when perturbed (EigB). Next, we constructed a
repair template to serve as a substrate for homologous recombination. To maximize recombination
efficiency, we selected 500 nt homologous arms flanking the T7 insertion site and added them to
the repair template on eithedsi of the red fluorescent gene, mCherry, under the control of the
p70a promoter. For simplicity, we added the repair template into the pCas9 plasmid, resulting in a
single engineering plasmid pMNO5&. coli MC1061 was transformed with pMNO50, then
infected with T7 by standard plaque assay. 100% of resulting plaques were found to contain the
857 nt mCherry insertion. A purified stock of engineered T7 was amplified and subsequently used
to infect MC1061 for delivery of mCherry. Due to the obligately lytituneof T7 and its short

life cycle of ~25 minuteg(34), no fluorescence was detected during infection. Next, we
hypothesized that T7 could be coerced to function as a delivery vector if it expressed an
endogenous CRISPR array that encoded aaegjeting spacer that would degrade the T7 genome
shortly after infection to prevent cell lysis. We expanded the repair template to include an

endogenous CRISPR array that will induce-¢&ifjeting within the host upon delivery, bringing
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the total length of the repair template to 2.2 kilobases (kb;whi i s gr eater than
capsid packaging limi{35). Subsequent infection experiments were performed, however, no
successful engineered goes could be detected. Due to the limited capsid capacity of T7, in
combination with the additional engineering techniques required to convert T7 to a suitable

delivery vector, further work on T7 was abandoned in favor of phage

5.5.21 Phage Engineeing

Next, we sought to demonstrate Cas@diated engineering of phalgéhrough the insertion of an
exogenous payload containing sequences for both green fluorescent pgfgias(well as
gentamicin resistancgifiR) | is a temperate phage and will integrate into the genome of the host
under certain conditions where it ceemain dormant, replicating with tie coli host genome
(36). While in this lysogenic staté,expresses only a single genk,which represses all othier
encoded genes, howevengtlysogenic mechanism is optimal for the expression of exogenous
genes if the proper promoter is providednaintains a weltharacterized region near the center
of the genome t %) fhisdegiontcantaidstseverad graviouslypdescribed non
essential genesofn, orf-401, orf-314, orf-194, ea47 ea3] andea59, creating an ideal locus for

the insertion of exogenous genes and for subsequent Cas9 seleciiprwdaserted a spacer
into the pCas9 array targeting an intergenic region next tea#e gene (Figur®.1C).l has a

~48 kb linear dsDNA genome, which circularizes upon entry into the host cell, biinisagzed

at thecossite prior to capsid p&aging. Prior studies have shown that ithencoded terminase

will efficiently package linear DNA fragments that range from 38 kb to 53 kb, resulting in a
maximum effective payload insertion size of ~5(BB). Next, we constructed a repair template

containinggfp andgmRsequences flanked by 40 nt homologous arms for recombination. This
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two-gene exogenous payload is 2,125 nt in length, well utihdepresumed maximum insertion

limit. Previousl engineering efforts have demonstrated that homologous arms as short as 40 nt
are sufficient for recombination and can be
plasmid constructior§31). The resulting plasmid, pMNO75, was transformed into MC1061 and

the positive transformants were infected with yielding successfully edited phages

(I ::gfp:gmR).1 ::gfp:gmR was used to infedE. coli c600 and plated on gentamicin medium,
selectingfor host cells harboring the engineered phage within its genome. The resulting colonies
were screened via PCR and were found to contain the engineered prophage and displayed the green
fluorescent phenotype under the light microscope. Time series infeetipariments show
continuedgfp expression and propagation throughout the culture (Fighdd3, 5.1E). These

results indicate successful insertion and expression afffhand gmRsequences while in the

prophage state.

Due to the capsid capacity andlatecture of thé genome, we were able to increase the genomic
footprint of the engineering payload to include a much larger base editor construct. Coupled with
thegmRsequence for antibiotic selection, the total length of the base editor payloadisaéds

(kb). Since this is larger than the capsid capacity limit (~5 kb), we designed homologous arms so
that recombination would replace ~4 kb of ressential genes in the b region (Fighi2A). The
cytidine base editor (CBE) used here consists ofdheytidine deaminase APOBEC1 fused to

the N terminus of Cas9 using the XTEN link80). The Cas9 nickase (SpCas9D10A) maintains

a catalytically active HNH domain which increases base editing efficiency by nicking the non
target DNA strand to aid in the resolution of any potential U:G heterodud2&gd o minimize

the total size of the payload, we decided to avoid base editor constructs containing one or more
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copies of the uracil DNA glycosylase inhibitor (UGI) tag, which functions to inhibit the-base

excision repair (BER) activity of uracil DNA glycosylase.

Initial attempts to engineer the CBE into the phage genome employed 40 nt homologous arms with
Cas9 skection pressure at the same locus flankingeid¥y gene as previously described (Figure
5.2A), however, no engineered phages were successfully generated. To improve editing efficiency,
we modified our approach in two ways. First, an additional spaggatiag a separate locus in the

b region (theea3l gene) was added to the repsécer array to provide additional selection
pressure. Next, larger 500 nt homologous arms were added to the repair template site to facilitate
more efficient recombination, gerating the final engineeringasmid pMN100 figure5.2B).

pPMN100 was transformed into c600, and positive transformants were infectetl, witbating
engineered phages harboring the full CBE sequenc€RE). c600 was subsequently infected

with | ::CBE, and prophage integration was confirmed by Minion sequencing (FSRCg.

5.5.3Base Editing theE. coli chromosome

Following the successful integration of the CBE payload intd thenome we sought to perform
phagebased targeted editing of MG16%bstrain of. coliK-12.Again, leveraging lysogeny, the
engineered genome will integrate into the host, expressing the base editor components. Guided

by Cas96s guide RNA (gRNA), the base editor w
converson (Figure5.3A). The topology of the deaminase, linker, and Cas9 creates a small active
window from positions 3 to 8 o053B){(30)elofadlitatei de o0
lacZ targeting, a 20 nt spacer complementartheoMG1653acZ sequence was inserted into the

CBE singleguide RNA (sgRNA) to create::CBE2Z This spacer was strategically designed to
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bring the deaminase within range of aAfmme CAG codon, which upon cytidine editing will
generate the prematuréop codon, UAG, to create a ndunctional truncated LacZ protein.
Additionally, a strain ofl was engineered to contain the CBE with a -temgeting spacer

(I :CBE"T) as well as thgmRsequence as a negative control for downstream experiments.

The MG1&5 host was cincubated withl ::CBE2Z in broth for three hours, then plated on
selective medium containing Chromomax for blue/white screening. Resulting overnight colonies
showed a mix of blue and white phenotypes (FighBC). The presence of tHe:CBE?2%Z
prophage was confirmed by Sanger sequencing. Colony genotypes were also determined via
Sanger sequencing and we observed the exp&&&ito TAG mutation for all white colonies,
indicating successful phage delivery and base editing of the host gdiagure5.3D). Sanger
results underwent additional analysis by Edi#R), yielding an 81 98% base editing rate for
each colony presenting the white phenotype (Fi§BE). Next, we investigated the genotypes of
blue colonies indicative of functional LacZ activity, and we observed three distinct point
mutations. The most frequent genotype found w&A& to AAG point mutation {2 of 65
colonies tested), leading to a glatine to lysine substitution. Next and less frequently, we saw the
maintenance or reversion back to the vijide genotype (CAG) in 3 of 65 colonies tested. In a
single colony, we observed@AG to GAG mutation, leading to a glutamine to glutamic acid
subditution. Notably, many colonies appear to be in transition between thetypidd CAG

genotype and the edited UAG genotype. These colonies belie their transitional genotype and
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appear blue on the plate despite progressing toward a uniform UAG genotyperé&¥heaked

and propagated overnight, a majority of the colonies appeared white.

Next, we infected MG1655 with::CBE2Z in LB broth (n vitro) and generatethcZ amplicons

directly from culture and without selection to check base editing efficiem@ughout the
population during various time points over 16 hours. No editing was observed from zero to eight
hours, and the first detectable progress was at 16 hours, where we observed an average percentage
C to T editing of 11.3% and an average percan@go A editing of 12.1% (n = 3). Expanding on

this, we wanted to check editing efficiency within the EcoFAB. We loaded it with sterile quartz
sand and LB broth, then performed the same infection of MG1655| wilfBE?*?, Again, no
significant editing wa observed from zero to eight hours, however, at 16 hours, we saw an average
percentage C to T editing of 28% across the bacterial population, with an average percentage C to

A editing of 10% (n = 2).

5.5.4Base Editing plasmidbased targets

After demonstratindacZ editing within the chromosome, we expanded our analysis to include
plasmidbased targets and selected pTRK600, which encodes the mCherry sequence, as the first
candidate for editing (Figuré.4A). Using the protocol described abovere generated

| ::CBE™C"e™y then ceincubated with MG1655 harboring pTRK600 and plated on selective
medium. After 16 hours of overnight growth, colonies viewed under the microscope displayed the
edited phenotype with a noticeably small percentage of aelively fluorescing (Figurg.4B).
Genotypes of resulting colonies were checked via Sanger sequencing. Interestingly, instead of

finding high efficiency edits as observed with taeZ chromosomal targeting, we observed dual
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peaks within the chromatogr am, i ndicating t
well as the edited ATO ¢.dq),avhioh poald ke hnked to plasmig | e
copy numbers. Analysisvith EditR revealed editing percentages much lower than previous
chromosomal editing (Figur8.4D). To investigate the temporal component of base editing
plasmid sequences, colonies with dpabk genotypes were restreaked and grown overnight,
followed byanother round of Sanger sequencing. After additional growth, the edited genotype was
more highly represented in the chromatogram (FigutE). Parent colonies displayed 20 to 30%
editing, compared with 40 to 100% editing for restreaked colonies. Thmotaheffect is likely

due to copy number of the replicating plasmids, and given sufficient time, we observed the

efficiency of edited bases increasing toward full homogeneity.

Next, we selected plasmehcoded ampicillin resistance for knockout usingdlassical E. coli

host c600. This strain contains the ginvV44 genotype (also called supE44), an amber stop codon
suppressor mutation that causes any UAG stop codons to be read through and replaced with
glutamine (CAG)(40). The p70a plasmid (Arbor) containing thenfR anddeGFPsequences,

was transformed into c600 (FiguséA). Engineered containing a complementary spacer to the
ampicillin resistance sequence was generdte@BE2™PR and ceincubated in broth with c600
containing p70a, then plated on ampicillin medium. Due to the glnV44 mutation, c600 will
continue to grow on ampicillin despite truncation of the ampicillin resistance protein, enabling
verification of the edited genotype. Colonies were Sanger sequenceajand/ielded the dual
wild-type and edited genotypes. (Figir&B). Next, we grew MG1655 which does not contain

the ginV44 mutation, with p70a in broth containing ampicillin, then introdlicéeBE2™PR The
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loss of resistance to ampicillin becomes appiaeound 8 hours of growth, leading to a decreased

OD600nm and drop in green fluorescence over time (Figub€s 5.5D).

5.5.5Demonstration of Community Editing

To provide an application proof of concept and demonstrate delivery and base editing within a
microbial community context, we assembled a minimal synthetic mixed soil community consisting
of E. coli MG1655, and two additional saiélevant strainsKlebsidla oxytoca M5al and
Paraburkholderia bryophila&B76MFSha3.1, previously isolated from a rice rhizosphere and an
Arabidopsisthalianarhizosphere, respective(41). This community was assembledvitro and
co-infected withl ::CBE?2°Zin broth for three hours, then plated on selective medium for blue/white
screening.The resulting overnight colonies displayed the mixed blue and white phenotype
indicative of successful lysogeny and editing. Sanger sequencing verified point mutations within
thelacZ sequence, confirming phagessisted base editing within a synthetic camity context.

9 out 18 colonies checked contained WG mutation, 5 of 18 contained t#6AG mutation, and

one containedthewild y pe A CO genotype, while three colo

UAG andAAG mutations, albeit at low efficiencies (~20).

Next, we sought to create a reproducible model ecosystem that more closely approximates a natural
rhizosphere environment, to provide a proéfconcept experiment fan situimplementation. We
deployed EcoFAB devices filled with sterile white qaasand to act as a synthetic soil analog
(Figure 5.6A). We injected the thremember synthetic community into the EcoFAB device,
followed by the addition of ::CBE?2%2, The EcoFAB community was incubated for four hours,

then samples were extracted and gadabn selective medium for blue/white screening (Figure
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5.6B). Overnight colonies displayed both blue and white phenotypes (FBF@C¢ Editing was
verified by Sanger sequencing, yielding th&G mutation for 16 of 18 colonies (FigusstD),
while the remaining two colonies tested contained®A& mutation. These results highlight the
ability of | to seek out its host within a community contexditu, despite the presence of multiple

organisns and varying natural conditions presented by the constrains of other physical media.
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5.6 DISCUSSION

In the work presented here, we demonstrate programmable genetic manipulation of specific
bacteria within a synthetic soil community using phdgkvely of base editors. Leveraging

phage lysogeny, we deploy a cytidine base editor for precise perturbation of both chromosomal
and plasmid gene targets in a host cell. Further, we use an ECOFAB device to recapitulate
characteristics of the soil rhizospherdhwa silica soil analog and show engineered phage can
deliver a functional base editing payload to a specific host within a mixed microbial community

context.

Phagebased targeted editing is an effective method for making precision knockouts in a divers
microbial community and will improve efforts to interrogate gene and microbial functions in the
complex rhizosphere environment. Beyond the introduction of premature stop codons, point
mutations enable investigation into other genetic elements suchudatoey sequences and

protein domains specifically for organisms that are recalcitrant to traditional DNA
transformation protocols, while limiting the fitness consequences of dsDNA cleavage. Gain of
function mutations are a particularly interesting tagfiexploration due to their prevalence in

the rise of antibiotic resistance, and one study has used base editing to generate rifampicin

resistance ifE. colithrough specific mutation apoB (42).

Due to theeliance on lysogeny as a delivery modality, this community editing strategy is limited
to temperate phage. Without significant engineering efforts, obligately lytic phages are not ideal
delivery vectors since the primary outcome of infection event isleath Recently, the

filamentous phage M13 was engineered to deliver a CRIS&ERpayload t&. colifor
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disruption of target genes within the murine gut microbi¢2%). Filamentous phage

(inoviruses) do not strictly subscribe to Iytic or lgemic infection cycles, but rather rely on

extrusion through the bacterial membrane without lysis to establish chronic infections that allow
continuous virion production without killing the host qd@iB). Although cultivated inoviruses

are known to infect hosts from only five bacterial phyla and 10 genera, maghinay

approaches have recently highlighted a wealth of diverse and pervasive inoviruses across various

ecosystems that could prove promising tools for future microbiome editing stdd)es

The primary constraint we encountered when deploying base editors was target availability.
Finding a suitable target for the generation of a premature stop codon first requires satisfying the
Cas effector guide requirement by finding an appropriate PAdgene of interest. Next, a
potential stop codon precursor (CAG, CAA, CGA) must be identified within the active window
of the base editor that is consistent with the reading frame of the target gene. While these
requirements greatly restrict target avaiigly some flexibility can be réntroduced by

replacing the Cas effector to alter the PAM requirement, and by changing the length of the
sgRNA and linker to modify the active window of the base ed#6). Due to recent
groundbreakingesearch into base editors, a variety of base editing options exist, including
cytidine editors (C to T), adenosine editors (A to G), and some that can perform both cytidine
and adenosine conversions simultaneo(&by 27, 45) Ultimately, ongoing efforts to advance

base editing technology will facilitate access to a wider range of genetic loci for more adaptable
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targeting, increased point mutation availability, and improvethoget nucleotide conversion

efficiency.

While the useof base editing to generate targeted mutations is broadly applicable across
prokaryotes, the use of phage delivery vectors limits generalizability due to their characteristic
host specificity, requiring engineering of a specific phage for each commumtpenef

interest. In this study, we were able to engineer T/ athae to decades of prior investigation

into gene function and essentiality, highlighting the importance of continued work in phage
isolation, characterization of the virome, and functioralamics. Agastechnologies continue

to mature, developing a more thorough understanding of phage packaging limits and locus
editing amenability will enable the delivery of larger candidate payloads for more sophisticated
editing outcomes, such as the nligation of large donor sequences into programmable loci

using CRISPRassociated transposon systd@d®).

The microbiome is an integral component to the function and health of ecosystems and
elucidating the complex genetic interactions within these communities requires specialized
targeted editing approaches. The combination of engineered phage with CR#SPR
technologies provides robust delivery and editing modalities to diverse microbiotaeresirih

soil taxa has risen in recent years due to the agricultural implications of the changing climate,
improvedin situtechniques can enable and improve functional interrogation of rhizosphere
communities, which could be increasingly significant ® ¢lvaluation of future plant fitness

models.
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5.7 MATERIALS AND METHODS

5.7.1DNA Manipulations.

Plasmid DNA fromE.coliwas extracted using the QIAprep Spin Miniprep Kit (Qiagen)

foll owing the standard manufacturerds-r ecomme
stranded DNA oligos for duplex annealing were synthesized by Integrated DNA Technologies

(IDT; Morrisville, NC). Colony screening was performed by generating PCR amplicons

following standard PCR protocols with OneTag DNA polymerase (NEB). To generate high

guality amplicons for cloning, Q5 Hot Start Higidelity Polymerase (NEB) was used. All PCR

products wer&isualized in 0.8 % agarose gels. All Sanger DNA sequencing for amplicon,

construct, and base editing confirmation was performed by Genewiz. Restriction digestions were
carried out using restriction enzymes from NEB with 1 ug of purified plasmid DNAiimaka

volume of 50 pl. Digests were performed at 37 °C for 30 minutes, followed by gel extraction

using Monarch DNA Gel Extraction Kit (NEB). DNA ligations were done at a 3:1 insert/vector

ratio with 50 ng of vector in a final volume of 10 pl using Instaintky-end Ligase Master Mix

(NEB) following the manufacturerdés recommenda
ligation compatibility were generated by resuspending sisigdanded DNA oligonucleotides in

Duplex Buffer (IDT) to a concentratiorf @00 uM. 2 ug of each oligo were mixed and brought

to a volume of 50 pL using Duplex Buffer. Oligos were annealed by incubating the mix at 95 °C

for 2 min, then 25 °C for 45 min, followed by a 4 °C incubation for 1 h. Annealed oligos were

transformed immeiately or stored a20 °C.
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5.7.2Bacterial Strains and Growth Conditions.

E. colistrains c600, MC1061, and MG1655 used in this study were propagated in Luria Broth
(LB; Difco) under aerobic conditions at 250 rpm or on LB agar (1.5% wt/vol) plates &t 37
aerobically. The same growth conditions were used for the propagatidebsidla oxytoca

M5al andParaburkholderia bryophil&876MFSha3.1.

5.7.3Construction of Phage Engineering plasmids.

The plasmidhCas9was obtained from Addgene (#42876) and used as a backbone for all
subsequent plasmid construction. To add new spacers 89 paublestranded DNA in the

form of synthetic annealed olig¢fable5.S1) were ligated into Bsadligested pCas9, then
transformed into rubidium chloriekeeated competent MC1061 cells with hehbck at 42C

for 1 minute, followed by a 2 minute incubate on ice. 1 mL of SOC medium (NEB) was added to
the competent cells, followed by recovery at 87 shaking aerobically at 250 rpm for 1.5 h.
Recovered cells were plated on LB agar witmB&nL chlorampheniol. The resulting

colonies were screened for spacer insertion via colony PCR using pCas9_spacer_F and R

primers(Table5.S2) and confirmed using Sanger sequencing.

The mCherry repair template used for T7 engineering was synthesized by IDT{ER)le

containing 500 nt homologous arms. The larger T7 2.2 kb repair template containing endogenous
CRISPR repeats and spacers for-taifjeting was also synthesized by IDT. To generate

PMNO50, primers with flanking Eagl sequences were used to generate eepaliate amplicons

via PCR that were digested with Eagl, then ligated into-Hagdsted pCas9, followed by

transformation into rubidium chlorideeated competent MC1061 cells following the standard
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heatshock procedure, with overnight growth at &7on LB agar plates containirp ng@nlL!
chloramphenicolRepair template insertion was confirmed by PCR using primers 3 and 4 (Table

5.52).

40 nt homologous arms from tHe(ATCC #23724B2) genome wer e added to
forward and reverse primers for the amplificatiomyfif and gentamicin resistance genes using
pBFC0921 as a base template (Tdbh&2,5.S3). To generate pMNO75, th# and gentamicin

amplicon was digested with Eagihen ligated into Eaglligested pCas9. The ligation was

transformed into rubidium chlorigkeeated competent c600 cells as previously described.

Competent cells were plated on LB agar contai@Bgg@nL ! gentamicin and incubated

overnight at 37C. Tran$ormants were checked for the presence ofifp@andgmRrepair

template using primers 3 and 4 (TabI82).

To construct a base plasmid with largenomologous armswo 500 nt sequences from the
genome were amplified using PCR primers 18 (Tabe 5.S2), then ligated into Eagligested
pCas9 usindNEBuilder HiFi DNA Assembly master mix (NEB) following the standard protocol.
The ligation product wasansformed into rubidium chlorideeated competent MC1061 cells
using the heashock protocol described above. Cells were allowed to recover witllditeoa

of 1 mL of SOC medium (NEB), shaking aerobically at 250 rpm atC3for 1.5 h, then plated

on LB with 25 ng@Lchloramphenicol. Colony PCR was performed using primers 3 and 4
(Table5.S2) to check for the presence of the homologous arms anidneedfwith Sanger

sequencing.
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To generate the base editing construct suitable for phage engineering, the pfaSasgA

BEC was first obtained from Addgend #3349 A linear amplicon opnCasPABEC was

created via PCR using primers 17 and T&le5.S2), then ligated into AvrHdigested pCas9
plasmid (containing 500 nt homologolisarms) and transformed into rubidium chloriteaded

€600 competent cells using 42 °C hgladck for 1 minute, followed by arBinute incubation on

ice. Cells were allowed to recover after the addition of 1 mL SOC medium (NEB) and incubation
at 37 °C, shdng at 250 rpm aerobically for 1.5 h. Recovered cells were platé® avith 20

nmg@ Lt gentamicin, and screened via PCR for the presence of the fragment insert into pCas9
(Table5.S2), yielding plasmid pMN100. To add a guide to the base editor congiNibt]1 00

was then digested with Bsal and ligated with synthetic annealed oligos complementary to base
editing targetsTable5.S1). The ligation was transformed into rubidium chlorideated

competent MC1061 cells using hesiiock as described above. Celisre allowed to recover for

1.5 h at 37 C after the addition of 1 mL SOC medium as previously described and plated on LB
with 20 ng@nL1 gentamicin. Colony PCR was performed using the psmérand 20 (Table

5.S2)to screen for the insertion of the synthetic spacer, then Sanger sequenced for confirmation.

5.7.4Phage Engineering.

To engineer T7, MC1061 containing the pMNO50 plasmid was grown aerobically overnight,
shaking at 37C, in LB broth with 25m@L chloramphenicol. pMNO50 contains 500 nt
homologous arms complementary to the T7 genome and contains a Cas9 guide targeting a site
downstream of the FTéncoded RNA polymerase (Tal&1). 1% inoculum from overnight

culture was added to 4 mL of LB and growrldg phase. 3001 log phase cells were added to

100nL of T7 serial dilutions in SM buffer (100 mM sodium chloride, 8 mM magnesium sulfate
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heptahydrate, and 50 mM T4@& pH 7.5) following the double agar layer plaque assay protocol
(37), then mixed with 8 mL molten top agar (LB with 0.75% agar) and poured onto LB agar
plates to solidify. Double agar layer plates were incubated overnight aerobicallyGt 37

Individual plaques were checked for engineering by PCR (TaBB), and positie plaques

were picked with a p10 tip and resuspended inrlO&M buffer. Isolated engineered phages in
buffer were used in the next round of double agar layer plague assays and repeated a total of 3
times to ensure phage purity. A crude phage plate lysadegenerated by soaking double agar
layer plague assay plates in 5 mL SM buffer and incubating at room temperature for 3 hours
shaking at 84 rpm. The SM buffer/phage mixture was passed througimd fifer to generate

the T7::mCherry crude lysate skoc

To engineet to expresgfpand gentamicin resistance, c600 containing pMNOQO75 was grown
aerobically overnight, shaking at 3, in LB broth with 20rg@L ! gentamicin. pMNO75

contains 40 nt homologous arms complementary tb &e47 and ea50 genasdacontains a

Cas9 guide targeting a site flanking the ea47 gene in the b region la®)eThe double agar

layer plaque assay was performed as described above using 80@bg-phase cells, grown

from 1% inoculum of overnight c608N°75 cells, mixedwith 100 of serially diluted lambda

phage in buffer. Bacterial cells and phage were combined with 8 mL molten top agar (LB with
0.75% agar) and plated onto LB agar plates to solidify and incubated overnight aerobically at 37
~C. Individual plaques were checked the insertedjfp and gentamicin resistance cassettes by
PCR (Tablés.S2) and individual positive plaques were picked with a p10 tip and resuspended in

100ni SM buffer. The double agar layer plaque assay was repeated with the newly resuspended
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engineeregbhages a total of three times for phage purity. A crude plate lysate phage stock was

generated from the third round of plaque assay plates with SM buffer, as described above.

To engineet to contain the APOBEQ cytidine base editor, c600 culture contag pMN100

was grown aerobically overnight, shaking at 87in LB broth with 20ng@nL! gentamicin.

pPMN100 contains 500 nt homologous arms complementary to th@l@rand ea59 genes, and
expresses one spacer targeting a region flanking the ea47 sequeére second spacer targeting

the ea31 gene (Tab%eS1) for additional selection pressure. We grew 88%8° cells to log

phase from 1% overnight inoculum in LB, then mixed BQ®f these cells with 1061 of

serially diluted in SM buffer. This baeria/phage mixture was combined with 8 mL molten top
agar (LB with 0.75% agar) and poured onto LB agar plates to solidify, then incubated aerobically
at 37 C overnight. A crude plate lysate of engineered phage stock was generated from overnight
plates usig 5 mL SM buffer, incubated at room temperature, shaking, for 3 hours, then passed

through a .22rM filter.

5.7.5Experimental Lysogeny with Engineered (E. colionly).

In vitro experiments MG1655 cells were grown to midg phase in LB, then 10€L cells were
added to 100rL phage crude lysate (either.gfp:gmR orl ::CBE) and incubated at 3T for 3
to 16 hours. 10@L of serial dilutions were spread plated on LB agar plates containing 20
my@L-1 gentamicin then incubated aerobically overnight at@7Resulting colonies were

checked for the presence of engineered prophage by PCR. Base editing was checked by PCR and

Sanger sequencing (Taldeés2).
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EcoFAB experiments:3.0 g white quartz sand (Sigm#ddrich, 50-70 mesh particle size) was
loaded into the ECoFAB, followed by autoclaving for sterilization. MG1655 cells were grown in
LB broth overnight, then 401 cells were added to 2.5 mL LB broth amgeicted into the

EcoFAB by syringe through the lower loading port. The EcCOFAB was incubated for 4 to 16
hours at 37C aerobically, without shaking. 1@ of serial dilutions were extracted by syringe
and spread plated on LB agar plates containingg@L 1 gentamicin then incubated aerobically
overnight at 37C. Resulting colonies were checked for the presence of engineered prophage

and base editing by PCR (Tal8l&?2).

To generate time series editing efficiencies for bothitro and ECoOFAB experimés, 100mL
samples were extracted at Oh, 2h, 4h, 6h, 8h, and 16h of gromithwas taken from each

sample (in duplicate or triplicate) to serve as a template for colony PCR tolabZekliting
across the population (TalB#e52). Amplicons were sent f@anger sequencing, and EditR was

used to analyze base editing penetrance.

5.7.6Experimental Lysogeny with Engineered (Synthetic Soil Community).

In vitro experiments:E. coli MG1655KIebsiella oxytocaM5al, andParaburkholderia
bryophila376MFSha3.1 were grown individually overnight in LB broth at @7aerobically,
shaking at 250 rpm. 4L cells from each overnight culture were added to 4 mL LB broth,
followed by the addition of 2001 | ::CBE2°Z stock. This community was incubated @t &
aerobically for three hours, shaking. Ifl0serial dilutions were plated on LB agar plates with
20 ng®L1gentamicin and incubated overnight at 8 Resulting colonies were screened for

editing by PCR (Tabl&.S2) and verified by Sanger sequencing.
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EcoFAB experiments:3.0 g white quartz sand was loaded into the EcoFAB, followed by

autoclaving for sterilization. 2.5 mL LB broth was injected intoEhe o FAB&s | ower | oa
by syringe. E. coli MG165Xlebsiella oxytoca5al, andParaburkholderia bryophila

376MFSha3.1 were grown individually overnight in LB broth at @7aerobically, shaking at

250 rpm. 4(nL cells from each overnight culture veeadded to the ECOFAB by injection from 1

mL syringe, followed by the injection of 20 | ::CBE?2°Z stock. EcCoFABs were incubated at

37 C aerobically without shaking, for 4 hours. Ifil0was extracted from the EcCoFAB using a 1

mL syringe, then plated drB agar plates with 28g@L ! gentamicin and incubated overnight

37 C aerobically, shaking. Resulting colonies were screened for editing by PCR §RBle

5.7.70D and Fluorescent Measurements.

All OD600nm and fluorescent measurements were carried out usingbatiiain 96well plate

(Corning 96) and plate reader (Omega). All experiments were performed in triplicate.

| ::gfp:gmRexperiments were caried out by adding b@0mid-log c600 cells (gren in LB

broth) to plate wells, followed by 106 | ::gfp:gmR, wildtypel , or SM buffer. Fluorescent
measurements were taken at 485 nm and were measured once an hour for a total of 24 hours. 37
~C was maintained throughout the duration of the experirhe@BE"PRexperiments were

performed by adding 8L mid-log c6007%cells to each well, followed by 15@. LB then 50

nL of | ::CBE*™PR | ::CBENT, or SM buffer. Fluorescent measurements were taken at 485 nm

and OD measurements were taken at 600 nm onhbewarfor 48 hours in total. 37 was

maintained at all times during the experiment.
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5.7.80ther Plasmids.

pCas9 was a gift from Luciano Marraffini (Addgene plasmid # 42876 ;
http://n2t.net/addgene:42876 ; RRID:Addgene_42876). pnG&EA was a gift from
Quanijiang Ji (Addgene plasmid # 113349 ; http://n2t.net/addgene:113349 ;

RRID:Addgene_113349).

5.7.9BaseEditor Target Selection and Code Availability
To check for the presence of a suitable codon that can be modified by C to T base editing to
generate an Hrame stop codon, gene sequences were analyzed and selected using custom code

available ahttps://github.com/CRISPRIlab/CRISPRbasedit
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Table 5.S1 JAnnealing oligos used for insertion into Bsaldigested pGs9

This tableis too large to list here in its entirety. Full table available upon request.
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Table 5.S2 | Primers used in this study.

This table is too large to list here in its entirety. Full table available upon request.
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Table 5.S3 | Repair templates used in this study.

This table is too large to list here in its entirety. Full table available upon request.
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Figure 5.1 | Cas9mediated phage engineering of T7 anb. (A) Vector map of the generic
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Cas9based targeting of needited phages, as well as a repair template, which is inserted into the
Eagl site. (B) The site of mChg insertion in the T7 genome. (C) The insertion site ofyfpe
andgmRsequences into tHegenome. Three neessential genes from the b region are replaced
through homologous recombination: ea47, ea31, and ea59. (D) Microscope images from time
points fom| ::gfp:gmR infection oE. colic600. (E) Fluorescent growth curve generated from

the infection of c600 with ::gfp:gmR and wiletypel .
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Figure 5.3 | Base editinglacZ. (A) Overall targeted host editing strated)y.CBE integrates into

the host genome as a prophage and expresses the base editor machinery. The base editor complex
is guided by the sgRNA to the target sequence, where it udesca C to T mutation to generate

a premature stop codon. (B) Components of the cytidine base editor. The structure generated by
these components creates a 5 nt active window
end of the 20 nt spacer. Theaspr pictured here is targeting taeZ sequence. (C) Colonies

grown overnight resulting from infection with:CBE2°Z (left) andl ::CBENT (right). Plates

contain gentamicin for selection and Chromomax for blue/white screening. (D)-Sudéntide

mutations and resulting amino acid substitutions@Z generated by base editing after infection

with engineered . 65 total colonies were vdhted. (E) Editing percentages for colonies

demonstrating the white phenotype after base editing.
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Figure 5.6 | Base editing within a community context(A) An EcoFAB device filled with

guartz sand. (B) EcoFAB community editing strategy overview. The EcCoFAB is filled with
guartz, then loaded with the synthetic soil community, compriséd odliMG1655,Klebsiella
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validated.
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CHAPTER 6: FUTURE DIRECTIONS
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6.1 CONCLUDING THOUGHTS

6.1.1 Further research enabled by the CRISPR Visualizer pipeline

The CRISPR Visualizer pipeline was developedapidly identify and visualize CRISPR loci
from genomidiles (Chapter 2)CRISPR Visualizer is an opeource tool, freely available to the
general public to download, use, and modify as necessanget any specific individual user
needsWe hope ths strategy encourages users to comtirsly improve the tool over timéVhile
the pipeline currently employs a progressive global alignment algorithm, there are several
additional features that could prove beneficial$es and support future us&he first, and
historically the most requested by users, is the ability to automatically detect the orientation of
the CRISPR array. This would facilitate a simpler workflowalogomaticallyplacing the older
ancestral repeats on the right side of the screesaf®e of alignmentvhich requires all spacers
to be in uniform direction for proper alignmesxecutionand interpretationThis would also
lower the burden of knowledge required by the user, hopefully enadoessibilityto a wider

audience.

CRISPRVisualizer isprimarily a tool to facilitate characterization of CRISPR liocan
ecologicalcontext andan extremely useful feature addition would be incorporatiBg AST
pipeline into the user interfader identification ofthe source phageor plasnids thatwere
captured during acquisitiomhis feature would effectivelgonnectphages and invasive plasmids
to their prokaryotic host whichwould be particularly useful in understanding phdugpest
interactiondn complexenvironmentasamplessuch as soil or guhetagenome<hapter 2
demonstrated thesual analysis of repeats and spacers from model strains irefevence

subtypes:E, II-A, Il -A, and \-A. This analysis should be expanded to include model strains
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from all reference suippes, including newly adopted subtypes recently introduced as the
nomenclature has beappended ancefined.As CRISPRCasbased genome engineering surges
ahead in academia and industry al&eomprehensive understanding of CRISPR loci from each

represatative subtype is integral for successful deployment of these systems.

CRISPR Visualizer should be employed for analysis of metagenomes. Progressive global
alignment will automatically group similar loci together, quickly generating a rough phylogeny

of the sample based on historical acquisition events that can be further refined as more rigorous
phylogenies frontore genomes are generatede of this tool in a metagenomic context could

assist in the elucidation ebmplexrelationshipswithin diverse ommunities of microbes.

While this this pipeline is largely centered around the analysis of spacer sequeaises,
provides the ability to visualize repeat sequenedschis often useful in distinguishing between
distincttypes and subtypes of CRIBFCas system<lassificationof CRISPRCas systems is
critical for theirusein genome editingnd ae acrucial component imining databasefor novel
Cas nuclease®ipeline functionalityshould be expanded to include repeased classification

of each CRISPR locus by incorporating predictive modédhogn CRISPRclassifynto the

pipelineasdescribedn Chapter 4.

6.1.2 Further research enabled by the CRISPRclassify pipeline
CRISPRclassify enables classification of CRISIB& using only features of the repeat sequence
(Chapter 4)Training such a predictive machine learning model was only possible thanks to the

serious effort of Makarova et al. to generate the largestasdcontemporaryabeled CRISPR
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Cas dataset to daféhe body of knowledge encompassing CRISP& biology and its
associated nomenclature are continually revised as new systems are discovered and
characterized Typically, every ~4 years, the nomenclatws@pdated and reported to the
scientific community through largecollaborative publicatiorreorganizing existing systems
and amending new on€ko refine predictive performanam existing subtypeand introduce
newly mintedsubtypesthe data used todin CRISPRclassify should be expanded to include
new training datasets with the release of the updated nomencl&hite CRISPRclassify
performed well across subtypes overall, predictibeeverakubtypes provedroblematicdue to
a paucity of training exampléa < 25) As new examples of these minority systems emerge,
they should be adddd theavailabletraining data and the model should be retrained

accordingly.

In addition to the development of a new software pack@geSPRclassify provided insight into
highly conserveducleotidefeatures of eac@RISPRCassubtype termedk-merfeaturesThe
repeat sequence is vital to each phase of adaptive immandyalditional experimentation
should be performed to modify tineicleotide sequence of these conservatkeksto investigate
any functional effect on adaptation, expression, and interferenpeovedunderstanding of
these sequencedll not only clarify key biological underpinnings of CRISRRas systembut
couldalsoexplicateengineering efforts to optimizbese systems for genome editthgoughthe
generation omore efficientandless promiscuouguide RNAs.CRISPRclassify currently uses
four types of repeat features as input to the predictive model: GC cqmaéntiromicity, length,
and 5mer occurrencéAdditional feature engineering should be undertaken to explore other

potentially significant features of the repeat sequence, such as nucleotide position and secondary
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structure Additional putative features could provitigtherinsight into the biology of CRISRR

Cas systemwhile cortinuing to boostclassification performance.

Metagenomialata setsire rapidly increasing isize depth complexity, and availability. This

new frantier of environmental sequencihglds tremendous promise both in terms of the

ecological insights that could lokerived as well as the plethora of diverse and novel CRISPR

Cas systems contained thereiheingof particular interesfior thoseprospectig for new
biotechnological toolsSCRISPRclassificanbe employed toapidly profile occurrence and

diversity of CRISPRCas systems imetagenomesMore specifically, this tool should be used to
identify CRISPR loci with repeats that differ significantlpriirepeat sequences present in the
training set, which consists of all available RefSeq data (as of 20R¥pPR bci comprised of

these dissimilar repeats could represent potentially novel or highly diverse systems and should be

further investigated.

6.1.3Future work in Targeted Host Editing

Researclin Chapter 5 investigatadrgeted host editing through phaggsed delivery ofra
exogenou£RISPRCas payloadoward theultimategoal ofin situgeneticeditingin soil
communitiesWe used Cas® engineer the genome of phage lambda, then demonstrated precise
geneticediting within anEscherichiacoli host.This work was possible due decadesfqorolific
research intthe genetics of theswganisms, effectively establishing them as model plzaml
bacterial systemgttaining successful empirical results in model organisms is a critical first step
toward proving ouainy new conceptual technoloddhage engineering and the editingaddrget

host should be expanded beyond lambdaEarmblito include soil relevant nemodel bacterial
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strains and their respective phagbsadvancdoward the goal ofreatinga genotypic change

a microbewithin the soil rhizospherthat generates a measurable phenotypic charg&iget
plant,genedrom relevant phageshould be systematically probed for essentiality to determine
payload eligibilityand engineering capacityeveraging an efficient transposon systams,
insertimsshouldbe madeacross the entire phage genamebservewvhich genes tolerate
inactivation withouttompromisingcompletion of the life cycleSenomicloci of consecutive
norressential gendikely represent dispensable islands ahduld benitial canddates for

payload integratiotesting.

Themostpressingchallengedaced bytargeted host editingrel) the deliveryof an exogenous
paylcad to atarget hostvithin a community contexfollowed by?2) predictable alteration of the
hostchromosome for specific editing outcomes, encompassing gene replacements, datetions,
changes in regulatory functioAdopting phage vectorfer delivery solves the issue bbst
specificitywithin amixed microbial communityhowever, deployment of CRPRCas systems
andrepair templatefor gene insertiomemains difficultdue to a reliancaponDNA cleavage
andhomologydirected repair pathwayghich are notoriouslyneffectivein bacteriaRecently
discovered CRISPRssociated transposon systems [@abave demonstrated precise RNA
guided transposon insertigrithout the need fodoublestrandDNA cleavageor homology
directed repaiatthe target siteExploration of viable payloads for phage delivery should be
expanded to include CasTn systems of vargzs andsubtypeto facilitate genomic integration

of exogenous genes and even entire opardasost genomesoreeffectively.
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6.2 CONTRIBUTION TO THE FIELD

Throughout thevork presented in thidissertationwe haveemployed principles of software
development, machine learniagproachesand molecular techniques to expdhéexisting
CRISPR toolkitbothat the bench anblioinformatically.This body of workiargely follows a
central theme ofonvergentisciplines merging computer science and softwangineering
with thegenomicsf CRISPRCas biologyandmerging phage biologwith appliedCRISPR
Casbasedyeneediting Our sincere hope is that this body of wprkvidesbothin silico andin
vivo toolsthatenable more approachable analysis and deployment of CRT&BRystems to
the scientific communityt large Further, we hope the biological insights presented \wére

inform future researchmto the function and mechanisms of CRISERssystems

Deciphering the historical vaccination record encoded by CRISPslotecological and
evolutionary significancesupportingstrain identification and comparison floigh-resolution
bacterial genotypingAt the time of this writing, concurrent analysis of multiple CRISPR loci
completelylacked high-throughput and automated methods for identificatextraction,
visualization and alignmentiequiringtediousmanual effot thatis greatly multipliedwith the
addition of each new strai/e developed an automated bioinformatic pipeline that performs
spacer and repeat extraction from genomes, ph@vides a graphical user interface &mtvanced
analy®s. This pipeline greatly reduces thenualburden of the end user by enabling
simultaneas analysis of multiple loci, supportitige processingf dozens to hundreds of
prokaryotic genomeatonce Using our implementation @ progressive alignmemtigorithm
wedemonstratetl h e  easeoof ugesby investigatibgcterialrelationships though shared

spacehomology across CRISPR loci from four reference CRK&RR subtypedJitimately, he
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automatiorand visualization components of this pipelireseenablel previously unattainable
largescaleCRISPRcharacterizatioprojectsandwill significantly assisstraintracking and

genotyping effortsn the future.

As the cost of DNA sequencing has plummetetérestand accessibility tonetagenomic data
haserupted leadingto anewgold rush ofthe genomicsige This fascinationin metag@omics
residesn theimmensepotential forbiologicaldiscovery acongregatiorof organismsying in

walit, potentially encoding novel proteing industrial relevanceexplorationof proprietary data
sets fomovel CRISPRCas systems is of particulaterestto the genome editing field, due to
themyriad of potentialeditingapplications afforded by tirenaturalbiological and mechanistic
diversity. Traditional classification of CRISRRas systemis determined by the identity of the
flanking casgenes, which must be compared against reference BLAST databases and HMM
profiles. While effective, exhaustiveasprofiling is notcomputationallyefficient, especiallyor
large metagenomelsing machine learning approaches,areated a predictive modilat
ignorescassequencesnsteadusing theshortCRISPRrepeat sequence as inpaequiringonly

the repeat sequence significantly reduces the computational complexity involved in classifying
CRISPRCas systemand dramatically reduces run tinféhis nodelenablesnore efficient
investigation into the occurrence and diversity of CRISFIR systems iprohibitively large
metagenomeandaids effortsdo find and minenovel CRISPRCas nucleases. This approai$o
enables identificationf CRISPRCas systemthat fall belowthereferencebased identity
threshold required by traditionalassificationtechniquesFurthermoreand perhapmost
excitingly, our predictive modabentified conserved motifs within eachigype likely

biological featuregssentiato maintaining functional adaptive immunityhis work builds on
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existing knowledge of the CRISPR locaisdmore specificallyadds to our understanding of
how repeats evolve across CRISPR subtypdditionally, as the wealth of metagenomes
continues to aruein both public and private databases, this work mélpdirect development
of futuremachine learning efforts tmakeanaly®s of these large and complex dagtsmore

amenable.

The comparative analysis efght strains ofLactobacillus buchnérwas undertaken due to its
industrial relevance to food bioprocessing and fermentaibtine time of this writing, only 14.
buchnerigenomes were publicly availablend performing wholgenome sequencing of seven
novel strains of.. buchnerisignificantly expanded the available genetic body of knowledge for
this speciesAfter determining the core and pan genomes across these stiaifiosind that large
portion of the core genomeonsists ofputative coding sequences of unknown function,
representingdeal candidates for further studyo evaluate the potential to uséthe CRISPR
Cas systemsncoded by.. buchnerifor genome editig, we investigated the CRISPR I@sid
other associated featuradentifying the PAM sequence and finding several examples of self
targeting spacerdnterestingly we documentedspacetbased evidence of a family of closely
related phages that infect altrains ofL. buchnerireported hereWe hope this comparative
analysis not onlyprovides a solid genetic platform for furtreerademiaesearch into this species,
but also provides actionable informatitmpromotemore efficientindustrial bioprocessingand

fermentatiorpractices

To date, microbial genetics has largely consisted of isolating microbes of interest from their

nativehabitat followed byperforming genetiecnanipulationsn a sterile lab environmenthis
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approach, whildistorically successful, only captures a portion ofdterallgeneticpicture.
Ideally, microbial geneticaould be performeth a community contexh native environmenis
however, delivery of the fundamentablecular biologytools essential fotheseexperimentss
extremely challengind-ere, we demonstraleCas9mediated engineering phageambda to
insert an exogenous payload into the gentondostspecificdelivery in a community context.
We reporedthe first ever phagbased delivery of a basditor to apecifichost, as well as the
precision editing of both chromosomal and plasivédedargets Building on this, we
demonstrated thetility of this approach in aynthetic soil communitwithin a fabricated
ecosystem, anicrobiomeanalog meat to approximate the rhizosphe@ombining base editing
with phage engineeringve can not onlynake a precision delivery tosingle member of the
community but also edit any locus of interest withie genome of that hosthe development
of this tool providesa powerful andundamental proof of concefitat isvital to bolsteringour

futureunderstandingf complexmicrobialgeneticsand interactions; a community context.

Nature has the greatest imagination of all, kslte guards her secrets jealously.

¢ Richard Feynman

It is my sincere hope th#troughthis researchl have helped uncover even the smallest fraction

of the mysteries of naturand that this body of work has addedsome small waytp the

foundation ofour collective knowledge.
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A.1 CONTRIBUTION TO THE WORK

The following appendix is a repriof the title pagef Pane t  Goimprehdnsive Mining and
Characterization of CRISRRas Systems iBifidobacteriund , p u b IMicreonganismsB n
(5), 720 Matthew Netherys an author on this publicatioHis contribution to the work incluet

obtaining and generating data, alahalysis and writingof the manuscript.
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Abstract:  The clustered regularly interspaced short palindromic repeats (CRISPR)-Cas
(CRISPR-associated cas) systems constitute the adaptive immune system in prokaryotes,
which provides resistance against bacteriophages and invasive genetic elements. The landscape of
applications in bacteria and eukaryotes relies on a few Cas effector proteins that have been characterized
in detail. However, there is a lack of comprehensive studics on naturally occurring CRISPR-Cas
systems in beneficial bacteria, such as human gut commensal Bifidobacterium specics. In this study,
we mined 954 publicly available Bifidobacterium genomes and identifiecd CRIPSR-Cas systems in 57%
of these strains. A total of five CRISPR-Cas subtypes were identified as follows: Type I-E, I-C, I-G,
II-A, and TI-C. Among the subtypes, Type I-C was the most abundant (23%). We further characterized
the CRISPR RNA (crRNA), tracrRNA, and PAM sequences to provide a molecular basis for the
development of new genome editing tools for a variety of applications. Moreover, we investigated
the evolutionary history of certain Bifidobacterium strains through visualization of acquired spacer
sequences and demonstrated how these hypervariable CRISPR regions can be used as genotyping
markers. This extensive characterization will enable the repurposing of endogenous CRISPR-Cas
systems in Bifidobacteria for genome engincering, transcriptional regulation, genotyping, and screening
of rare variants.

Keywords: Bifidobacterium; CRISPR-Cas; genomics

1. Introduction

Clustered regularly interspaced short palindromic repeats (CRISPR) and accompanying
CRISPR-associated (cas) genes constitute the adaptive immune system in bacteria, which provides
resistance against bacteriophage predation [1]. This immunity is orchestrated in three stages. During the
first stage, adaptation, snippets of foreign IDNA are copied and incorporated into bacterial genomic
CRISPR arrays. Next, during the expression stage, the CRISPR array is transcribed and processed to
generate mature CRISPR RNA (crRNA) [2,3]. During the last stage, interference, the crRNA guides Cas
nuclease(s) for selective target recognition of complementary invasive nucleic acids and subsequent
cleavage [4]. Duc to the rapid increase in sequencing data and subsequent rise in CRISPR-Cas diversity,
the classification of CRISPR-Cas systems is constantly evolving [5]. To date, two classes, six types,
and 33 subtypes of CRISPR-Cas systems have been reported. With thousands of CRISPR-Cas systems
occurring in nature across genera and species, only a handful have been characterized in detail
and repurposed for various applications, notably genetic engineering and transcriptional regulation,
among others. Compared to the exponential expansion of CRISPR-Cas applications in eukaryotes,
the tremendous application potential in prokaryotes has yet to be fully exploited, particularly in key

Microorganisms 2020, 8, 720; doi:10.3390/microorganisms 8050720 www.mdpi.com/journal/microorganisms
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B.1 CONTRIBUTION TO THE WORK

The following appendix is a repriof the title pagef Reede t  StrdinDeg@&ndent Inhibition

of Clostridioides difficileby CommensaClostridia Carrying the Bile Acidinduable (bai)

Operom , p u b IThe daureal of Banteriology02(11). Matthew Netherys an author on
this publicationHis contribution to the work inclugtlgenomic analysis, writing the manuscript,

and preparing the figures.
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Strain-Dependent Inhibition of Clostridioides difficile by
Commensal Clostridia Carrying the Bile Acid-Inducible (bai)
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ABSTRACT Clostridioides difficile is one of the leading causes of antibiotic-associated di-
arrhea. Gut microbiota-derived secondary bile acids and commensal Clostridia that
carry the bile acid-inducible (bai) operon are associated with protection from C. diffi-
cile infection (CDI), although the mechanism is not known. In this study, we hypoth-
esized that commensal Clostridia are important for providing colonization resistance
against C. difficile due to their ability to produce secondary bile acids, as well as po-
tentially competing against C. difficile for similar nutrients. To test this hypothesis,
we examined the abilities of four commensal Clostridia carrying the bai operon (Clos-
tridium scindens VP| 12708, C. scindens ATCC 35704, Clostridium hiranonis, and Clos-
tridium hylemonae) to convert cholate (CA) to deoxycholate (DCA) in vitro, and we
determined whether the amount of DCA produced was sufficient to inhibit the
growth of a clinically relevant C. difficile strain. We also investigated the competitive
relationships between these commensals and C. difficile using an in vitro coculture
system. We found that inhibition of C. difficife growth by commensal Clostridia sup-
plemented with CA was strain dependent, correlated with the production of ~2 mM
DCA, and increased the expression of bai operon genes. We also found that C. diffi-
cile was able to outcompete all four commensal Clostridia in an in vitro coculture
system. These studies are instrumental in understanding the relationship between
commensal Clostridia and C. difficile in the gut, which is vital for designing targeted
bacterial therapeutics. Future studies dissecting the regulation of the bai operon in
vitro and in vivo and how this affects CDI will be important.

IMPORTANCE Commensal Clostridia carrying the bai operon, such as C. scindens, have
been associated with protection against CDI; however, the mechanism for this protec-
tion is unknown. Herein, we show four commensal Clostridia that carry the bai operon
and affect C. difficile growth in a strain-dependent manner, with and without the addi-
tion of cholate. Inhibition of C. difficile by commensals correlated with the efficient con-
version of cholate to deoxycholate, a secondary bile acid that inhibits C. difficife germina-
tion, growth, and toxin production. Competition studies also revealed that C. difficile was
able to outcompete the commensals in an in vitro coculture system. These studies are
instrumental in understanding the relationship between commensal Clostridia and C. dif-
ficile in the gut, which is vital for designing targeted bacterial therapeutics.

KEYWORDS 7a-dehydroxylation, Clostridia, Clostridioides difficile, bile acids, cholate,
deoxycholate

lostridioides difficile is an anaerobic, spore-forming, toxigenic bacterial pathogen (1).
C. difficile infection (CDI) is a major cause of antibiotic-associated diarrhea and a
significant health issue, as it causes 453,000 infections and is associated with 29,000
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