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Genetic data analysis has progressed rapidly with recent advances, not only in sequencing
technologies and high throughput methodologies, but also in the increased granularity and
deposition of data. Notable examples are the CRISBRgenome editing systeand fungal
genome sequencing and biodiversity surveys, which are providing new insights on molecular
mechanisms anelvolution.By leveraging the rapid accumulation of disparate data and ever
increasing data repositories, we can advance our knowledgesia tespective fields.

Originally discovered as an adaptive immune response system in bacteria, GRASPR
systems have risen to the forefront as an inspiration for genetic editing. Studying individual
strains gave rise to learning about the most infilakaystem known as CRISP&as9 which
performsadoublestrand cut of a targeted DNA sequence; specific information on the strains and
the targeted CRISPR acdsgenesare stored in databases which are accessible online. Chapter
2 utilizestheinformationstored in CRISPRdb, a database hosting CRISPRasgknesound
in bacteria to answer empirical questions regarding natural CRCERRystems. More
specifically, we uncovered that the CRISPR array size of Class | systems follow a geometric
distributionn CRISPRs overall tend to not be randomly distributed along the positive and
negativeDNA chromosomestrands, and arrays closestasgenes are typically larger than
those further away. Through a quantitative lenspreeidea framework for better
understanding the characteristics of CRISP&s systems.

Orchid plants and their mycorrhizal symbionts share a highly interwoven relagonshi

because orchids depend on these beneficial fungi for seed germination and plant development.



Due to the rarity of the many orchid species present on Earth, it has become increasingly
important to study the diversity of fungal communitiesdonservatiorpurposes. Chapter 3
presents a case study of examining soil DNA surrounding endangered orchid species where we
employed both reference sequence databases and multilevel phybagetymethods to
identify fungi more accuratelyWe discovered new emergitigeages within the class
Leotiomycetes (phylum Ascomycota) and other fungi closely related to the order Sebacinales
(phylum Basidiomycota) having potential mycorrhizal and endophytic associations with orchid
roots. We present the first example of multdephylogenetic placement in fungi that leverages
published reference trees with resolution at different taxonomic scales and curated UNITE
sequence databaseidentify fungi more accurately

Fungal endophytes live within plants or are associated wihbrig (termed endolichenic
fungi) and form longived interlinked relationships with their hosts. A specific case in point is
Daldinia loculatg a wooddecaying fungus that thrives myceliumn an asymptomatic state in
trees andichens ands triggered ¢ reproduce sexually after postfire events. Chapter 4 reveals
the existence of five distinct evolutionary lineages in populations of endolidbelaculatathat
are significantly structured by locality (Alaska, Canada, Russia, and Swedenanaotbtér
lichen photobiont. There is a close association between these endolichenic lineages and
sympatric endophytib. loculataisolated from boreal trees. This suggests that locality, Aondt
photobiont are driving diversity of endolichenic fungi amdioplyte diversity, most likely
through genetic isolation and drift. Finally, we show that the mating type sg$tenioculata

does not follow the canonical organization found in other filamentous ifutige Ascomycota
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CHAPTER 1: Introduction
In the field of bioinformatics, accuracy and granularity are paramount when it comes to
understanding the genetic makeupaganisms. My focus in this thesis was to use a
combination of quantitative approaches to ustéend the underpinnings of CRISRRs

systems, as well as the plethora of fungal genetic data collected across the globe.

CRISPR-Cas Systems

Clustered regularly interspaced short palindromic repeats (CRISPR) and GRISPR
associateddas gene are fundamental components of the adaptive immune response found in
bacteria and archa¢dorvath & Barrangou, 2010Yhis RNAguided, DNAtargeted system
achieved notoriety by becoming a leap forward in enabling genetic editing with special thanks to
CRISPRCas9. This specific system targets a 20 nucleotide sequence upstream of a protospacer
adjacent motif (PAM) sequen to cleave both strands of the DRan et al., 2013)CRISPR
Cas9 is classified as a class 2, type Il systenmyandlass 2 is only found in bacteria and belongs
to only roughly 10% of all classified CRISRBas systeméShmakov et al., 2017)n general,
CRISPRCas systems are organized and classified based @umttt@nality and evolution of the
genes contained in thefiakarova, Wolf, & Koonin, 2013)Given that information is growing
as the details regarding established and novel systems are studied, curated databases are enabling
us to compare similarities and differences beyond purely the biologicalndrzegin to take on
a quantitative approach. For instance, daécompiled regarding the location, size, sequence, as
well as other details for any particular strain that contains CRE&Rentsaand/orcasgenes
(Grissa, Vergnaud, & Pourcel, 200The most ugo-date database was released in 2020 known

as CRISPRCasdb as a successor to CRISPRdb and it is medritgiChristine Pourcel and



PierreAlbert Charbit athe Pasteur Institute in Paris, Fran@ourcel et al., 2020As minutiae
regarding these strains are compitetdine, we can explore how particular attributes may be

unique based on classification as well as behaviors that can be uncovereeskigatingthese
systems overall. Generally, emphasis has been placed on studying specific strains but analyzing
them ollectively can provide insights into other features and quantitative characteristics as well.
Chapter 2 seeks to examine these behavioexaginingthe distribution of CRISPR array size,

how CRISPRs are dispersed acrasBromosome on both the positied negative strains, as

well as the relationship regarding the size of a CRISPR array and its distance foas the

operon when there are multiple arrays in the system.

Orchid Mycorrhizae

Orchids make up about 9% of all documented plant spé¢asDer Heijden, Martin,
Selosse, & Sanders, 201But without the presence of@gmmycorrhizal fungi, an orchid seed
cannot germinate and move on to the next stages of growth where a relationship continues to
form between the roots of the orchid and soil fuiMgin Der Heijden et al., 2015Vlany orchid
areendangered dhreatenedpeciesiue to their rarity even thoughey have a worldwide
distribution and argvidespread particatly in the tropicgCribb, Kell, Dixon, & Barrett, 2003)
Because many specieborchidare confined to specific areas, conservation has become a
primary focus of several organizations inchglthe Orchid Specialist Group, which stems from
the IUCN Species Survival Commission pi@serve rargpeciegCribb et al., 2003)Previous
research has focused abhovegroundungal communities, or mycobiomes, but the communities
present in soil have been less studiahram, Harend, & Tedersoo, 201Afditionally, past

studies have relied heavily on the utilizatmiOperational Taxonomic Units (OTUSs) for



taxonomicassignmenodf unknown sequences. More recently, amplicon sequence variants
(ASVs) have been shown to have a higher level of reproducibility and provide finer granularity
in taxonomic classification dNA sequencegCallahan, McMurdie, & Holmes, 2017pnce

ASVs are identified, the next step is to ascertain their taxanplacementThe UNITE
databasestores and manages fungal genetic Batedon the nuclear internal transcribed spacer
(ITS) region that can be processed by metabarcoding pipelines for moleasiat identification

of fungi (Abarenkov et al., 2010)raditionally, databases have been a standard approach for
classifying fungi, but limitations arise because they do not take into consideration the
evolutionary hstory ofsequence@/Nashburne et al., 2018y usinga combination of curated
databases and phylogehgsed methods, we can elucidate not only established fungi but explore
previously unknown and new species. By collecting and sequencing soil DNA surrounding the
roots ofendangered orchid species and idgimg ASVs in combination with database and
phylogenybased methods for detecting the fungi present in this soil, we present a framework for
more accurately identifying mycobiomes for futarehid conservatiostudies. Chapter 3

outlines that framework wia using orchids in Sweden as a case study for characterizing novel

soil fungal diversity.

Fungal Endophytes

Fungican maintain a relationship with plantsitwng inside their host without causing
harmor diseas€Rodriguez, White Jr, Arnold, & Redman, 200Bnhdophytes have garnered
interest because of thhenfluence on the environmeahdplant communitiegAly, Debbab, &
Proksch, 2011)Endophytic funghave evolved with plants for over 400 million years sudggst

that they contribuietto the evolution of plant life on Ear{iRodriguez et al., 2009The



characterization of fungal endophyte diversity and their distribution on differstg has

become increasingly studied across different regabtise world including boreal forests

(U6 Ren e tSomdendophyed dvlnjthrive within trees that have sustained fire damage.
Other fungal endophytes are associated with lichens and are termed endolicherfigrioidi

et al., 2009)For exampleDaldinia loculata a species within the family Xylariaceabtain

nutrition for gowth and development ldecomposing wood exposed to forest (fehannesson,
2000) The life cycle an@cologyof D. loculatawererelatively unknown until molecular

markers were developed @aocuratelyidentify this fungugJohannesson, Johannesson, & Stenlid,
2000) Next generation sequencing is allowing udewelopa genomeavide view of variation in

this fungus and how this variation is partitioned across different geographical regions and host
plants intuding lichens. Of particular interest is understanding how genetic diversity is
generated and maintained in a fungus that undergoes fregpraitcbottlenecks(Guidot,
Johanneson, Dahlberg, & Stenlid, 2003; H Johannesson, Vasiliauskas, Dahlberg, Penttila, &
Stenlid, 2001)Previous hypotheses have proposed that sexual reproduction, triggered after
recent fire events, is a major driver of genetic diversity on a local saakbailimited genetic
variation observed over very large geographic distances is evidence -ii/kshgndophytes

that persist asymptomatically in their hogtdohannesson, Gustafsson, & Stenlid, 2001)

chapter 4, we used genotyping by sequencing to explore the genetic composition of samples of
D. loculataisolated as endophytes of different host plants and lichens in boreal foresfsathat
four countries and three continents. This work elucidated the population processes that shape
contemporary populations of this fungus and the role of trophic mode (endophyte and

endolichenic) in driving and maintaining genetic diversity. We alscsti@ted the mating type



system irD. loculataand offered preliminary insights into mechanisms of sexual reproduction in
this species.

These chapters operate in tandem to expand our knowledge of hanwdie and process
increasingly granular data in allstic fashion with examples from the CRISERs systems and
the genetic architecture of global fungal genetic data. fEssarcloutlines newapproaches and
methodologies to understanding genetic data, basead orcreasing understandingtbéir
taxoromy and evolutionary processes. These approaches will be valuable to the scientific

community as more data is collected and added to gafetibases anepositories.
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Abstract

Much effort is underway to build and upgrade databases and tools related to occurrence,
diversity, and characterization of CRISIERs systems. As microbial coramities and their
genome complements are unearthed, much emphasis has been placed on details of individual
strains and model systems within the CRISP&S classification, and that collection of
information as a whole affords the opportunity to analyze €RiSas systems from a
guantitative perspective to gain insight into distribution of CRISPR array sizes across the
different classes, types and subtypes. CRISPR diversity, nomenclature, occurrence, and
biological functions have generated a plethora of thatbcreated a need to understand the size
and distribution of these various systems to appreciate their features and complexity.

By utilizing a statistical framework and visual analytic techniques, we have been able to
test several hypotheses about CRIS&Rin bacterial class | systems. Quantitatively, though
CRISPR loci can expand to hundreds of spacers, the mean and median sizes are 40 and 25,
respectively, reflecting rather modest acquisition and/or retention overall. Histograms uncovered
that CRISPRarray size displayed a parametric distribution, which was confirmed by a goodness
of fit test. Mapping the frequency of CRISPR loci on a standardized chromosome plot revealed
that CRISPRs have a higher probability of occurring at clustered locationstiadéopgsitive or
negative strand. Lastly, when multiple arrays occur in a particular system, the size of a particular
CRISPR array varies with its distance from tlasoperon, reflecting acquisition and expansion
biases.

This study establishes that bac@éClass | CRISPR array size tends to follow a
geometric distribution; these CRISPRs are not randomly distributed along the chromosome; and

the CRISPR array closest to tteesgenes is typically larger than locitrans. Overall, we



provide an analyticdlamework to understand the features and behavior of CR{S2R

systems through a quantitative lens.
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Background

Clustered regularly interspaced short palindromic repeats (CRISPRs) and associated
sequencesc@g function as the adaptive immune systerbaateria and archaea, to protect
against phages and fend off plasmids [1]. Mechanistically, CRIS&#&Rsystems provide DNA
encoded [1], RNAmediated [2], and DNAargeting [3, 4] of invasive DNA. In the past decade,
CRISPRCas systems have been subjecteextensive studies to understand their features and
characterize their functions [5]. As microbial communities and their genome complements are
being determined across the globe, important biological and genomic features get characterized
through in silio, in vitro, and in vivo analyses [6]. Though an increasing amount of bacterial
genome data is available in Genbank, the subset of organisms that have been subjected to
genome sequencing is unfortunately not equally representative across the phylogenetiat
displays a bias towards pathogenic species, justifiably. Thisdeelimented bias can possibly
influence surveytypestudies, andnay lead to conclusions that may or not be applicable
throughout the tree of life. Much attention is currently detid to CRISPRCas systems given
their important functional role in adaptive immunity, and their tremendous potential as genome
editing molecular machines [7, 8]. Actually, CRISRiased genome editing technologies have
been rapidly democratized and yieddbousands of manuscripts in the last two years [9]. We are
now at a point in time where we can analyze these systems qualitatively and quantitatively.
Recently, much progress has been made regarding the classification and nomenclature of diverse
CRISPRCas systems. In particular, it has been determined that these systems can be classified
into two classes, based on the types and sequencasg#nes associated with CRISPR arrays
[10]. Importantly, the genetic classification is also corresponding tolifeihemical modes of

action. Currently, Class | consists of Types |, Ill, and IV and Class Il encompasses Types Il, V,

11



and VI [10 16]. CRISPRCas systems are diverse, genetically and mechanistically [17], and the
relative occurrence of various types autbtypes is highly variable across phylogenetic groups

in bacteria and archaea, notwithstanding their common origin [18, 19]. Nevertheless, there is
only so much depth established to date across types and subtypes, and it has been repeatedly
established tht Class | systems are most abundant and widespread [10]. The availability of a
larger dataset for Class | systems in general, and Type | systems in particular, enables us to
assess a larger sample, as compared to Class 2 systems, which would be méoespropke

bias given the still limited availability of genomes that encode these loci. We thus elected to
investigate the features of Class | systems, focusing on the widespread Type | and Type llI
CRISPRCas systems. Conveniently, this is also the miestrske set of systems and subsystems
across CRISPR classes. Whereas Type Il systems are arguably the most popular in the literature
[9], their relative paucity compared to Type | systems limit the opportunities to quantitatively
carry out statistical anades of interest in this study. Furthermore, this is compounded by the fact
that the large majority of studies of Class 2 systems are limited to the SpBI@gfiococcus
pyogeneksType IFA subtype [7]. Likewise, with regards to phylogenetic sampling of the data,

the bacterial kingdom is of special interest because proportionally it has less incomplete or
ambiguous classification of its CRISREas systems and there is also a nlagyer number of

strains and genomes to draw information from than the archaea kingdom, which has been
subjected to a more limited extent of sequencing and characterization, though archaeal genomes
tend to carry CRISPIas systems more frequently [10]. Hois study, much of the analyses
performed are based on a combination of hand curation and computation of CRISPR array sizes
and location/distribution to determine the association between documented CRISPR arrays and

accompanyingasgenes. Our primary ¢éctive was to carry out statistical analyses to
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investigate the distribution of Class | CRISPR arrays by size and genomic distribution, and carry

out comparative analyses between types and subtypes.

Results
Distribution of CRISPR Arragize

Initially, descriptive statistics were performed to get a sense of the distribution of
CRISPR array size of Class | CRISERs systems for bacterial chromosomes based on the
numbers of spacers in an array. Figure 1 disptigeby-side boxplots while Table 1 outlines
specific values for quartiles along with mean values when it comes to Class I, Type |, Type I,
and subtypesB, I-C, I-E, and #F. There is a general trend that mean values are between 30 and
54 spacers fathis aggregated data, with an overall mean of 40 and median of 25. We also note
that the median values range from 14 to 36 spacers, suggesting that the outliers, especially the
maximum values, skewed our means to be larger, especially given outlietsdbrtihe number
of CRISPR spacers reaches several hundreds. Our interest also turned to the statistically
significant differences that may exist between Type | and Type lll systems, as well as between
the major four subtypes within Type | systems. We fasted the null hypothesis that there is
not a difference between the means for Type | and Type Ill CRISPR array size. We immediately
see from our descriptive statistics that Type | and Type Il vary in sample size, so we performed
a 2sample t#test withunequal variances, as not to assume unequal variance. Our result showed a
p-value of 0.098, and hence we fail to reject our null hypothesis and conclude that there indeed is
no difference when it comes to the mean array sizes of Type | and Type |l CRIS&®swve
decided to perform the Krusk®allis test, to test our null hypothesis that the subtypes come

from identical populations, without making any assumptions about the underlying populations.
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Our results indicated, with@value <0.001, that we &gt our null hypothesis and thus conclude
that there are statistically significant differences between the four subtypes, in that they do not

come from identical populations.

1 g B

Figure 1. Array size across CRISPRas types ansubtypesa Box plots of the number of spacers
in a CRISPR array by clastype and subtypéd Boxplots of the number of spacers in a CRISPR

array by class, type, and subtype in a log 10 scale
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Table 1. Summary statistics of CRISPR array size based on auwitspacers in CRISPRas

Systems
Mean 15'Quart Median 39Quart Max Systems
Class1 40 12 25 51 481 811
Typel 41 12 26 52 481 708
B 54 17 36 68 481 188
C 43 16 30 56 318 164
E 30 11 19 37 239 226
F 33 5 14 52 248 91
Type Il 33 9 22 31 276 103

A histogram was plotted for visual inspection of the observed values for Class | CRISPR
array size displayed in Fig. 2. As mentioned before, the discrete values and right skewed graphic
presented us with the possibility that array size followed eitheomegeic or Poisson
distribution. After carefully considering the two candidate distributions for CRISPR array size of
CRISPRCas systems in Class | bacterial chromosomes, it was found that the geometric
distribution was the better fit compared to Pois3dre parameter estimates for geometric and
Poisson respectively were 0.025 and 38.277. Both curves were plotted against the histogram and
it was immediately apparent that the geometric curve was better suited. A histogram of the data
with the fitted geomeit curve was plotted as seen in Fig. 2a and subsequently broken up by type
and subtype in Fig. 2b and c. Diagnostically, we conductedsadst and plotted a cumulative
curve for the observed data and candidate distributions. We assessed two carugdatesson

and the Geometric distributions. The null hypothesis for thesangle KS test was that the
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sample data was drawn from a theoretical geometric distribution. The other null hypothesis was
that the sample data was drawn from a theoretical Rodistribution. The resulting-value for
the former null hypothesis was 0.048 and because the sample is so large with 811 observations,
there is a lot of power to detect even some of the smallest differences. A probability plot was
created that confirmedsually that the theoretical geometric distribution had fitted well to the
sample data as seen in Fig. 3. Subsequently, this framework was used to also determine whether
the remaining subsets of Class | also followed a geometric distribution. Ovesal geen that
generally they exhibited a similar behavior to Class | and they followed the geometric
distribution as well. The estimated parameter valuegparadues for fitting the geometric
distribution to the sample data can be found in Table 2.

Basedon the statistical test performed and the investigation of a visual representation of

those tests, it was concluded that CRISPR array sizes tend to follow a geometric distribution.
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Figure 2. Distribution of CRISPR locus siza.Histogram of the distioution of Class | CRISPR
locus size (number of spacerb)Histogram showing CRISPR array size by typélistogram

showing CRISPR array distribution by select subtypes witlypeT.
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Figure 3. Fitting CRISPR array size distribution. Cumulative curve as a visual representation of

the K-S test, showing that the geometric curve is a better fit than the competing alternative, the

Poisson curve.
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Table 2. Geometric Parameter Estimates éWalue Results of Statistical Goodness of Fit

Tests
Maximum Likelihood Geometric Distr. CRISPR CRISPR
Estimates: Geometric For Array Size Locus: Locus:
Parameter Uniform (+) Uniform (-)
Class | 0.025 0.048 0.000 0.000
Type | 0.05 0.238 0.000 0.000
B 0.019 0.821 0.002 0.000
C 0.023 0.143 0.115 0.014
E 0.034 0.153 0.000 0.000
F 0.030 0.001 0.495 0.754
Type lll 0.031 0.02 0.9(6 0.000

Location of CRISPRs alorghromosome

Initial examination of the polar plots showed that CRISPR loci systems had a tendency to
be notrandomly distributed on bacterial chromosomes. Indeed, there appeared to be biases
towards specific chromosomal locatiof@&enerally, it was immediately apparent that certain
areas of the chromosome tend to have larger concentrations of where CRISPRs occur versus
other areas when standardizing the relative location of these systems. When looking at Class |
overall, there is éarge number of occurrences of CRISPRs beginning at the region between 200
and 240 degrees on the negative strand in the polar plot on the right of Fig. 4 and to a lesser
degree, more occurrences between 60 and 120 degrees on the positive strandafplepas
seen on the left in Fig. 4. As the plots are further subdivided into the types and subtypes for the
positive and negative strands, overall certain areas continue to be more pronounced. A formal

test was conducted to determine whether theilligion of CRISPR arrays follows a uniform
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distribution, in which CRISPRs are just as likely to occur in relatively the same frequency
anywhere along the chromosome. The null hypothesis would be that the CRISPRs followed a
uniform distribution and a loy-value rejects this hypothesis. These results are displayed in
Table 2. KS tests performed generally exhibited lowalues particularly when ov@00

observations were present for the test. This is a remihdein such analyses, it is important to
encanpass enough data points as to reach a power threshold enabling such statistical analyses,
which we were solely able to achieve for Class | systems. Some of the smaller subsets such as
subtype {F and Type Il had larges-values, but with too few obser@ats to conduct this test.
Overall, it was concluded that based on the results of the statistical tests and polar plots that
CRISPRs do not generally begin randomly along the chromosome but instead have certain
concentrated peaks (see Additional files @ ah Mechanistically, we speculate that this may be
correlated to genomwide processes that could play critical roles in the expansion and
maintenance of CRISPR arrays, as well as biochemical processes involved in the new spacer
acquisition step duringRISPR immunization, such as chi sites, chromosomal replication, and
DNA repair processes [20]. For instance, it is possible that selective pressure may incentivize the
minimization of delays in replication of the leading strand, and select for the ala$ence

collisions and sterephysical hindrance between the replication machinery and the Cas proteins
at the boundaries of CRISPR arrays. This may be most applicable to the leader end of CRISPR
arrays, where integration occurs and transcription oEgR&Asand processing of crRNAs is
initiated, and the highest. Furthermore, there are likely two structural challenges inherent to
CRISPR loci and CRISPR repeats, since the former contains heavily repeated stretches of DNA
(by nature), and the latter is partigiglindromic. These repeats and secondary structure

therefore pose structural challenges that may be further compounded by multiple interactions
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with various Cas proteins involved in array maintenance, replication, and expansion. Thus, it is
possible thabiases in location and orientation of CRISPR loci may reflect selection for the

minimization of structural and processing disruptions.
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Figure 4. Genomic distribution of CRIPSR loci on chromosomes. Polar plot of the distribution
of Class ICRISPRCas systems on the positive (left) and negative (right) strands of

chromosomes

Analysis of the correlation between CRISPR array size and the number of loci in a chromosome
(or proportion of largest CRISPRs associated with CRKSRR systems and miber of
CRISPRs in a genome)
In our data set, it was found that 82% of bacterial Class | CRIS&#Rsystems had only
one set otasgenes as show in Fig. 5a. We next investigated patterns that may occur when

multiple arrays occur in one chromosome. Aisalating all systems that had only one setax
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genes, the rank correlation statistic was calculated for Class | and the two major types for the

relationship between the number of spacers in the CRISPR array that is closesasyémes

andthenumér of arrays in the genome. Spearmands r
bet ween 1T1 and 1 where higher values indicate
variables. Class | had a valwue of TJa@aluB&, Type
1T0.75. These values showed a strong associati

of CRISPRs present in a genome that had only one CREG®Rsystem, the CRISPR closest to
the set otasgenes was less likely to be the largest CR$#Pthe genome. A visual

representation for Class | can be seen in Fig. 5b.

Figure 5. CRISPR locus occurrence and position relativeasoperonsa Histogram

representing the frequency of genomes carrying the specified number of CRISPR loci.
Histograms representing the relationship of the proportion of CRISPR arrays that are adjacent to
thecasoperonb Number of CRISPR arrays encoded on a givenrmesomec Location of the

CRISPR arrays relative to tltasoperon
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Therefore, it was concluded that CRISPRs tend to be larger when they are in closer
proximity to a set o€asgenes but as you increase the number of CRISPRs on a chromosome,
then the probability of the largest CRISPRs being associated withdasgenedends o
decrease for chromosomes with a single seasfenes. Mechanistically, we hypothesize that
this enables the host to control the expansion of one given locus, which would be advantageous
transcriptionally, by having the ability to both initiatanscription from multiple locations, and

also limit the size of primary CRISPR transcripts.

Discussion

CRISPRCas data genesis has reached a point where statistical analyses can be performed
to examine these intriguing loci and investigate quantitdtaleaviors of CRISPR arrays with
regards to size and distribution, for Class | systems in bacterial genomes. Recent efforts in
CRISPRCas systems classification, in combination with the availability of CRISPRasd
databases are affording new opportusit@ gain insight into these systems. In particular, we can
now examine the number of spacers in CRISPR arrays in Class | systems, and also between the
major types (Type | and Type lll) and even between megliesented subtypesHl I-C, I-E, and
I-F). Rrevious research focused on knowledge of individual strains but now the collective gives
rise to the ability to examine CRISREas systems from a quantitative perspective.

It is important to note that these results were derived from a sample datas&®RIRIS
systems are not ubiquitous in nature, and occur in approximately 46% of sequenced microbial
genomes, and 90% of available archaeal genomes. Importantly, there are notable biases in the
genomic information available to date, as it is not an evenlsaggd natural microbial

diversity, and it also heavily represents pathogenic bacteria. In some instances, it also over
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represented and redundantly encompasses multiple isolates and strains of select pathogenic
species. Thus, these numbers may not retthecaictual natural distribution patterns of CRISPR

Cas systems, which explains the discrepancy observed between the aforementioned frequencies
of occurrence in sequences genomes vs. recently determined metagenomes [6]. Furthermore,
when bacteria carry CBPRCas, they typically only include one system and mostly one array.
Future studies should investigate whether our findings also apply to Class 2 CB&SPR

systems as more data becomes available. This will also afford the opportunity to compare and
contrast these two classes. Though Class 2 systems may be currently underrepresented, and may
actually occur at low frequencies, metagenomics surveys underway, and sampling expeditions
aimed at finding new microbial diversity may encompass new Class 2 syssgasially given

the desire to find new single effector nucleases. Furthermore, it will be intriguing to see what
happens in organisms in which multiple CRISERs systems from both classes and multiple

Types occur (i.e. cases suchSigeptococcus thermbpus). Of course, as novel genomes

become available, and novel CRISERSs systems get identified and characterized, new features
may come into play (such as the universality, or notasfigenes, and other markers and

signature proteins). Furthermoregra questions may arise as the structure and function of
CRISPRCas systems continue to be determined.

Also, once more data is available for archaea, it will be intriguing to investigate these
peculiar systems, which tends to both be larger, and encompit§sde split loci within one
chromosome.

It is also important to note that there is misconception or even misperception regarding
the ease with which CRISPRas systems are identified, categorized, and annotated. Indeed,

there is a need to develop nobeinformatics pipelines to streamline these processes,
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optimize each of these steps dynamically as the classification evolves. Regardless, there is
always a need for manual curation of the data currently available, to ensure these peculiar and
idiosyncratic systems are properly annotated and categorized, which is increasingly challenging
given their diversity and the few features they share in common. As always, data integrity is just
an integral component as the quantitative and statistical anglsdesmed on the data itself.

Overall, our findings lay a foundation for quantitative analyses of CRIS&&Rsystems, and

open new avenues of investigating of these fantastic and valuable molecular machines.

Conclusions

A statistical framework and visual analytics were utilized to examine CRISPR array sizes
based on the number of spacers in a locus. Results showed that generally, array size follows a
geometric distribution pattern after performing a goodness of fit $a@sj the KS test.
Furthermore, we found that the starting position of CRISPRS does not occur uniformly along a
chromosome. Lastly, we observed that when it comes to class and type, the CRISPR locus
flanking thecasgenes on a chromosome tended to be sngstil you start increasing the
number of CRISPRs in the genome based on the
Essentially, we found a strong association between CRISPR size and distance frontasset of

genes in genomes where only one s&asigenes was present.

Methods
To manage, filter, and merge data sets necessary for analysis, R software [21] was the
primary resource. Additionally, it provided tools within its packages to perform statistical

analyses and support a visual framework of tselte as well
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Data Integration

After importing thecasdata set from the 2015 CRIPSRs classification revision study
[10] using the readx| package [22], it was systematically explored with the help of the plyr
package [23] along with the base packagefions to identify and subset tbaslgenes. Based
on the structure of this data set, alongside eashigene, a specific system type and subtype

was listed to identify the classification of the consecutive roveasfenes for a given system. It

is important to note that some genomes are listed more than once which means some have more

than one system. Indeed, multiple CRISE&s systems occur in genomes, across classes, types
and subtypes. Consequently, our final data set contains strictly Classmsysd even more
specifically, Type | and Type Ill systems. We excluded the uncharacterized and rarely occurring
Type IV systems, and did not investigate arrays that were not associatedstitharkers.

The other data set imported was made up of CRI&fPays identified and currently
contained in an online database created by Grissa, Vergnaud and Pourcel [24] and is publicly
available at http://crispr.i2bc.parissaclay.fr/crispr/. We specifically focused on data from 811
complete bacterial genomes awadike in the July 2016 release, that carried a CRISPR locus,
excluding those identified as Aquestionabl e
plasmids (as to solely focus on chromosomal features). This data was merged vagdtta
[10] ba®d on Accession ID to identify which CRISPRs are associated with whstenes as
well as take into account inactive CRISERS systems in the analysis. The last step was to

segregate the CRISPBRas systems based on whether they were on the positiegative

strand of a chromosome as part of another analysis based on the location of CRISPR arrays. For

CRISPRCas analyses, base pair distances betweeratigeenes and multiple CRISPR arrays

were calculated and the CRISPR with the least distance froasthenes was chosen. We
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operated under the assumption that each setsagfenes was associated with one CRISPR. The
final data set contained CRISRFas genomes of Type | and Type lll systems of Class | systems
and were located entirely on bacterial chosmmes.

Throughout the process, GenBank hosted by NCBI was referenced repeatedly for
verification of and details specific to mentioned organisms [25] and this information is publicly
available at http://www.ncbi.nlm.nih.gov/genbank/. Curating the datacituracy was a part of

the process before any and all analyses were performed.

Statistical Framework & Visual Analytics

A set of statistical and visual tools were implemented to answer each of the research
guestions with an emphasis on varipaskages ifR. Major analyses were done on Class |
genomes as well as Type I, Type lll, and the following major subtypes of Type I. B, C, E, and F.
We explicitly selected a discrete distribution to understand the behavior of the size of CRISPR
arrays becase they have a tendency to add spacers one at a time, and remove them often times
in small blocks of 5 units, though this has only been shown in a select few systems. The repeat
spacer unit within CRISPR arrays is a core feature of these loci, anduersttountable

positive integer unit which is mathematically discrete.

CRISPR Array size distribution of CRISRS systems

To investigate the distribution of CRISPR array size of active CRISPRs that belong to
CRISPRCas systems, candidate distributions were fitted to the observed data of a histogram
[26]. Poisson and geometric distributions were initially considered becatise/éi@ discrete

and rightskewed [27], which was consistent with the plotted histogram of CRISPR array size
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from the data set. The main difference between the geometric and Poisson distributions is that
the geometric distribution is known to count the iw@mof trials needed to get one success while
Poisson counts the number of occurrences of rare events in a fixed interval of time where the
number of trials is unknown [27].

Maximum likelihood estimation method [28] was used to determine the parameter
esimates for the singlparameter candidate distributions and it is displayed in the following as
the likelihood of the parameter given as a function of the joint density for paraffieter

observations ok [27]:

I BEE "Qohof hos— (1)

Using this information, the likelihood can also be rewritten in more detail as the

following for ith observation im sample size [27]:

te— — B I 1"Qdbs— (2

It is not sufficient to only fit a distribution because it may not turn out @ f®per fit to
explain the quantitative behavior of array size. Nonparametric goodfifissvas the next step
for comparing the data against the proposed distribution [29]. Generally, the Kolmogorov
Smirnov (K-S) test statistic has the following fornhareF(x) is the cumulative function for the
data set and theoretical distribution to test the null hypothesis that the data does follow the

specified theoretical distribution:
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With the use of a modified discreteKtes [29], the test can be properly applied to
compare the candidate distributions with the observed array size. Furthermore, these results can
also be displayed by means of a plot of the relative cumulative curves overlaid in one graphic for
visual inspectia of fit. A powerful graphical tool for assessing the fit of data to a theoretical
distribution is a probability plot [27]. Depending on sample size, it can be difficult to give a fair
significance level at which to considep&alue to be statisticallyignificant and hence to
combat the problem, this qualitative approach is essential. Probability plots depend on values

called order statistics shown here witnobservation and total observations [27]:

(0FA — (4)

It washypothesized that the data may follow a geometric distribution by performing a
Kolmorgorow+Smirnov test once the parameters are estimated for the proposed distributions.
Subsequently, additional histograms were created using reshape2 and ggplot2 R plaakages
showed the differentiation between Type | and Il as well as the different subtypes within Type |
when it came to visually examining their behavior for how closely they followed the geometric

distribution [30, 31].
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Distribution of CRISPRalong chromosome of CRISRERas systems

In determining if CRISPRs of CRISPRas systems are nwandomly distributed along
the chromosome, it was necessary to plot the positive and negative strands in addition to
conducting a statistical analysis. Becausd$PRs can theoretically begin anywhere on a
chromosome and different genomes can have different chromosome sizes due to different
numbers of total base pairs, standardization became a way to compare genomes within and

between system types and subtypes:
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Polar plots were the initial diagnostic tool for plotting CRISPRs along a chromosome
[32]. Essentially, the circular version of a histogram not only plotted where a CRISPR is found
but alsooften it occurred at that location because the standardization rounded to the nearest
integer.

Essentially, we wanted to see if the CRISPRs are just as likely to occur anywhere along a
chromosome. A KS test was performed and a probability plot was cde@i@assess whether the
observed CRISPR data was uniformly distributed along a chromosome. It was hypothesized that

the starting location of CRISPR arrays of CRISE&s systems followed a uniform distribution.
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Relationship of the size of an CRISPRdistance from cas genes, and the number of CRISPRs
in a chromosome

Because both an active and inactive CRISPR has a repeat spacer array, we can examine
the relationship between the size of a CRISPR regardless of whether it is associated with a
CRISPRCassystem and its distance from a seta$genes.

A histogram can plot the number of CRISEBRS systems against the number of genomes
so that we can subset the data set where the largest number of genomes occur for a specific
number of CRISPFCas systemsiia genome. A secondary histogram can display an aggregation
of the former histogram to show the number of CRISPRs in a genome against the number of total
genomes and the number of genomes where the CRISPR associated with the-CB4SPR
system is the large. Furthermore, we can find the correlation between the proportion of
genomes where the largest CRISPR is the CRISPR associated with the GRISBystem and
the number of CRISPRs in a genome. Using a special case of the Pearson correlation, we can
detemine the Spearman rank coefficient or Spearman rho coefficient to measure how strong of a
correlation exists between the ranked versions of those two variables. Tiianaometric
method is also resistant to outliers which can be helpful in our caseandmeall number of
genomes have a fairly large number of CRISPRs compared to the large majority of other
genomes. The calculation of rho is determined\biginks wherd; is the difference between the

ranks of our two variables of interest for edthcase [33]:

B

(6)

Spearmandés rho can be easily calcul ated wi

the cor.test function as part of thetats package [21].
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It was hypothesized that CRISPR arrays of CRISRR systems tend to be larger than
CRISPRs further away from tliasgenes on the same chromosome when there is a single set of

casgenes on the chromosome.
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Abstract

Orchids are an endangered group of plants that bemeficial endomycorrhizal
associations with fungn many diverse soils throughout thend. Orchidsassociate with
complex ecological networks of understudied fungal taxa that contribute to enhanced seed
germination and seedling growth. Despitegoing efforts to preserve orchids and their habitats
very little is known about the fungal liages associated with soils where orchids grow. Many of
these fungi are uncultured and undescribed malafegencebased taxonomic assignment
challenging. In this study, we applied DNA metabarcoding to orchid soil fungal communities
and used a combinatiai reference database searches and multilevel phyldggsgd methods
to uncover the taxonomic diversity and distribution of fungal taxa in soil associated with orchid
species in Sweden. We revegbhylogenetiexpansion of distinct fungal lineages withine
class Leotiomycetesyith many undescribed species in the order Helotiales. Phylogenetic
placement unveiled thaistincttrophic behaviors and lifestyles of unsampled fungal lineages
sharing a common ancestor with representativéiserorder Sebacites, which are commonly

associated with roots of orchids and other plant species

37



Introduction

The biodiversity of mycorrhizal associations across the plant kingdom is well
documented and it is estimated that orchids, which represent approximately Qpdasfta
species described, form beneficial endomycorrhizal associations with soil fungi and orchid roots
(van der Heijderet al.2015) The dependency of orchids on soilgurprimarily in the genera
CeratobasidiumSebacinaThanatephorusandTulasnella contribute to enhanced seed
germination and seedling growth, and to the broad geographic distribution of ¢ithigiet al.
2015) A recent study of endomycorrhizal communities of orchid roots in Italy identified a
diverse group of fungi in the Ascomycaad Basidiomycota belonging @eratobasidiaceae,
Sebacinacea@ndTulasnellaceaéPecorarcet al. 2018) Specifically, the diversity of fungal
communities in orchid roots from three protected areas of central Italy suggested that orchids
associate with complex ecological networks of specific futagal in rhizosphere and bulk soil
outside orchid roots. Much research has investigated ecological networks involving above
ground plant fungal interactions, but few comprehensive studies have examined networks of
plants and ectomycorrhizal fun@ahramet al.2014) Terrestrial species of chlorophyllous
orchids occur in many diverse soils throughout the world, yet there is limited to no information
on fungal communities (soil mycobiomes) and core mycobiomes associated veitiviseié
orchids grow.

The primary experimental and analytical approaches for characterizing soil mycobiomes
typically identify Operational Taxonomic Units (OTUs) and fungal taxa pré€egiazziet al.
2013; Peagt al.2016) Using these approaches, over 80,806cies of fungi were detected
from soil, based on samples from 365 sites around the world using 454 pyrosequencing and

BLASTnN searche§Tedersocet al.2014) More recently, improved methods for sequeehased
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identification of microbiomes with Amplicon Sequence Variants (ASVs) have been developed
and deployed for short and longad barcode sequences in fungi and bact€alaharet al.
2017) This analytical approach can reduce error, provides finer phylogenetic and taxonomic
resolution, and allows for greater reproducibility.

Metabarcode sequencing @gnents of the rRNA operon in bacteria and fungi has

proven to be informative in elucidating the composition of soil microbidixiadahl et al.

2013) Taxonomic assignments are typically based on reference database searches (e.g. UNITE,

SILVA) using a family of Bayesian classifiers such as MEGAN, which usesest common
ancestor (LCA) approadiiHusonet al.2007) or the RDP Classifier that uses a naive Bayesian
classification method trained on an underlying taxon@gnget al.2007) Alternatively, the
MARTA tool kit can be used which | everages
making taxonomic assignmenfislortonet al.2010) It should be noted th#te best BLAST hit

is often not the nearest phylogenetic neighBarski & Golding 2001)as this depends on the
availability of close relative present in the database. For example, the UNITE database is

enriched in ectomycorrhizal fungi in northern Eur@kéljalg et al.2005; Kdljalget al.2013)

and might not be suitable for analyzing Ifieads from other ecosystems. In this case, the best hit

or lowest common ancestor is not necessarily the correct taxonomic assignment. Another
limitation of referencébased taxonomic assignmesthat it does not take into consideration
species cevoluion and dependency, which can obsaigaificant interactions in natural
habitats. Phylogenies track the common ancestry of microorganisms which can be both
informative (e.g. in exploring correlations among traits or taxa abundances) or a source of
confowunding variation (e.g. in regression analysis of single and multiple traits and variables) if

not dealt with in microbiome studi¢®/ashburnest al.2018)
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In this study, we leverage both the UNITE reference ITS database and phyhageay
analytical methods to understand fungakdsity and distribution among soil fungal
communities associated with orchid species in Sweden. By using a combination of reference
database searches and phylogbaged placement methods we sought to gain a better
understanding of new and undescribeagfal lineages, as well as insights into theaphic
behaviors and lifestyle he results of this work could inform ongoing orchid conservation

efforts and identify new target species for future studies on the dtaigais symbiosis.

Materials and Methods
Sample Collection

Eight soil samples were collected from field locations in four cibesKarby,
Falkoping, Gubbo, and Marmag central Sweden with a 2.5 cm diameter soil probe where at
least one of théollowing orchid species was growinGypripedium calceolus., Dactylorhiza
incarnata(L.) Sog D. maculata(L.) Vermue| Epipactis palustrigL.) Crantz Listera ovatgL.)

R. Brown, (synNeottia ovatgL.) Bluff & Fingerh), or Plantathera bifolia(L.) Rich. (Figure 1).
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Figure 1. Geographic locations of orchid soil samples collected in Sweden.

Each sample consisted of four cores taken from a depticiof &n each of four sides and
8-cm from anindividual orchid seedling adjacent to a mature platitcores were mixed in a
plastic bucket to create a composite soil sample, placed into a pap@ahagorted to the

laboratory in a cooler with ice, transferred to a 3.78 L plastic Ziplock bag, and stored in the dark
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at-20°C for 2 weeks prior to DNA extraction. A subsample of each composite soil sample was
analyzed to determine soil chemistry pndj@s. Total C and N were determined by dry

combustion using a Leco CRDOO analyze(LECO Corporation, St. Joseph, Mihd Ca, K, Mg,

P, Fe, Cu, Mn, and Zn were determined following digestion of homogenized/milled soil samples
in concentrated HN&using a ICP-OES spectrometd SPECTRO Analytical Instruments

GmbH, Germany)Soil pH was measured after shaking 1 g of soil (fresh weight) in 5 ml milliQ

H20.

DNA Extraction and Metabarcoding

Total genomic DNA was extracted from each sample (1 g) using thediRIgA
Power Soi |l E Total RNA Isolation Kit and DNA EI
1286625, 1286725)accor di ng t o ma n uf raudearuibosomadl mterdal r ect i or
transcribed spacer(2rITS2) region was amplified withrimers fITS9 forwad (5 -6
GAACGCAGCRAAIIGYGA-3 X(Ihrmarket al.2012)andITS4 reverseq -0
TCCTCCGCTTATTGATATGG3 Yd(White et al. 1990) ITS4 primer contained anl@ase
barcode sequence unigqgue for each soil sampl e.
dNTPs (Ther moFi sher Scientific, Ger many) , 1.0
mM MgCl, 1x NH; buffer (Bioline, BA) , 1 U of Bi otaq pol ymerase
template DNA. The thermocycling program for PCR amplifications was as follows: 95°C for 5
min followed by 35 cycles of 94°C for 30 s, 55°C for 45 s, 72°C for 45s and a final incubation at
72°C for 10 mm. Three technical replicates were run for each soil sample and to ascertain PCR
amplification efficiency and to rule out any possible contamination, all reactions were run with

negative controls. Following amplifications, PCR products were analyzeddisoeleoresis on
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1% (w/v) agarose gels petained with Nancyp20 DNA gel stain (Sigma Aldrich, USA). The

triplicate PCR products of each sample were pooled and purified using Agencourt AMPure PCR
purification kit (Beckman Coulter, Massachusetts, USA)atéom g t o manuf actur er
recommendations. Quantification of DNA was achieved using a Qubit Fluorometer (Invitrogen,

USA) by Qubit dsDNA HS Assay. Prior to pyrosequencing, PCR products from different

barcoded samples were pooled in equal concentrationsesmt fdried. Pyrosequencing was

performed on 1/8th of a GS FLX Titanium Pico Titer Plate (Macrogen, South Korea) according

to the manufacturerés recommendations (Roche,

Inference of Amplicon Sequence Variants (ASVs)
Raw sequence read®in 454 were processed using the DADA?2 algori{allaharet
al. 2017)to infer unique sequence variants. We used a modified version DAIDA2 pipeline
implemented in DeCIFRh{tps://tools.decifr.hpc.ncsu.edu/dajia® process single strand ron
overlapping nrITS2 reads. Reads were first trimmed to remove adaptors asdlikequently
trimmedat a specified cubff length usingCutAdaptl.16(Martin 2011) The maximum length
to trim was determined by inspecting read quality plots, particularly at the 3 prime ends where
read quality declines precipitously. Annming length of 450 bp was determintedyield
sequences with at | east 80 %.RefdslessthansSGbplngd hayv

were removed befor&SYV inference

Taxonomic assignment
Initial taxonomic assignment in the DADAZ pipeline waséd on a naive Bayesian

classifier method using tHéNITE fungal nrITS database (Release date: 01.12.2017,
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http://unite.ut.ee/jKdljalg et al.2013)as a eference taxonomy training 4€tallaharet al.

2017) ASVs were also classified using BLASTn sequence aiitylsearches againte same
UNITE database using the tbasunite.py script, which is available as an optional taxonomy filter
when performing phylogengased placement on reference trees-BAB. In identifying the

best BLAST hit, the ASVs are firstguped into Operational Taxonomic Units (OTUs) with
VSEARCH (Rogneset al.2016)and a sequence similarity of 97%. BLASTn then searches for a
maximum of 50 hits and retrieves the top 12 hits returned with Evalt#)<aad phylum not
‘unidentified’. From this listhie tbasunite.py script selects the best hit in the most common

phylum and assigns that strain's phylum and taxonomy to the query.

Statistical Analyses

We used the phyloseq package in R, implemented in the DADA2 pipeline to visualize
alpha diversity usinghe Shannon and Simpson Indi¢egkMurdie & Holmes 2013and beta
diversity. Nonmetric multidimensional scaling (NMDS) ordinations were based on the ASV
counts converted to relatiadundance and calculating the Bi@yrtis dissimilarity index to
visualize fungal community structure associated with each orchid sipeibtirdie & Holmes
2013) The distributionof orchid species across the soil chemistry spectrum was examined for
each sampled location using ggpl@t2ickham 2016) Sampled sites were further partitioned by
fungd phylum (Ludecke 2017, 2018lasses within the Ascomycota, and orders within the class
Agaricomycetes. Bta were normalized to account for read count differences between sites
(Venables & Ripley 2013All statistical tests and visualizations were performed using the R

statistical softwar version 202QR Core Team 2020)
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Phylogenetic Placement

We adopted a multilevel phylogenetic placement approach which has recently been
reported to improve the accuracy of taxonomic assignni€aeschet al.2019) This method
starts by placing ASVs on reference trees at higher taxonomic ranks (first level) and then moves
ASVs that fall into sulzlades to more resolved reference trees (i.e. with more taxa) at lower
taxonomic ranks (second leyelWe used three published reference treespsytum
Pezizomycotina (representing 18 clas¢€s)rboneet al.2019)for class level resolution within a
multilocus framework; Leotiomycetes (60 famili€ddhnstoret al.2019)and Sebacinales
(Garnicaet al.2016)reference ITS phylogenies for famillgvel and trophic level insights,
respetively. Multilevel phylogenetic placements were performeihg BAS v2.1.1(Carbone
et al.2016) For each selected reference tree, ABse aligned to the reference sequence
alignment using MAFFT v6.82(Katoh & Toh 2010)Alignments were trimmed using trimAl
(CapellaGutiérrezet al.2009)and then subjected to phylogebgised placement using
maximum likelihoodmethods, either thevolutionary placement algorithm (EPfergeret al.
2011; Berger & Stamatakis 201d1) rapid bootstrap searches using the 70% majority consensus
tree as the reference backbone constraint Titee best placements were based on sequence
matches of unknowns to reference taxa where the cumulative likelihood weights were greater

than 0.90.

Results
Soil Chemical Characteristics
We conducted nutrient, organic matter and pH analyses of soil at each site to establish a

baseline for soil chemical factors (Supplemental Table S1). Soil pH at each site ranged from 5.2
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to 7.9 with the lowest and highest pH values occurring at one eftésein Dorkarby associated

with Dactylorhiza maculatand one of the sites in Falkdping, associated @ébtylorhiza

incarnata respectivelySoil carbon levels (22.40 to 253.90 g/kg) were highly variable across
sampling locationswhile the levels of mst macronutrients and micronutrients were similar and
not limiting for orchid growth. Further statistical testing of an association of soil chemical factors
and the abundance and occurrence of fungal taxa could not be assessed due to insufficient

samplingof orchid soils.

Taxonomic distribution of soil fungi associated with orchid species

In total, 78,710 nrITS2 reads wdikered and trimmed yielding8,231 highquality
sequences that identifiedtotal of 1,475 unique ASVs (Supplemental Table S2).nbst
frequently observed ASVs from the total fungal phyla assigned using BLASTn belonged to
Ascomycota (55% of total nrITS2 reads in fungi) and Basidiomycota (34%), followed by
Mortierellomycota (5%), Chytridiomycota (3%), Mucoromycota (1%), Rozellomydasts,
Entomophthoromycota (0.1%), and Glomeromycota (0.1%). The relative distribution of ASVs
across the eight sampling locations revealed Ascomycota, Basidiomycota, Chytridiomycota,
Mortierellamycota, and Rozellomycota as the most prevalent phyla foatdeast four sites;
however, the Ascomycota and Basidiomycota represented the most abundant phyla accounting
for 89% of the total assigned nrITS2 reads (Figure 2A). Similar relative abundances were
observed with the Bayesian classifier method with tloegtkon of two additional phyla,
Olpidiomycota and Entorrhizomycota, and an unclassified category containing sequences

unclassified at the phylum level (Figure 2B).
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Within the dominant phylum Ascomycota, ASV relative abundances were highiest in
classes Leotiomycetes (41.26%), Sordariomycetes (15.46%), Saccharomycetes (13.22%),
Dothideomycetes (11.64%), Eurotiomycetes (4.51%), Pezizomycetes (1.96%) and lowest in
seven other classes with an average relative abundance of <1.13% (Figure 3AdsThe
prevalent class sampled across all sites was the Leotiomycetes, which comprised more than
18.71% of assigned nrITS2 reads within the Ascomycota. In contrast, fungi in the classes
Arthoniomycetes and Geoglossomycetes had the lowest relative abundanexseeding
0.19% of the total assigned reads. Further resolution within the dominant class Leotiomycetes
revealed a high proportion of ASVs in the orders Helotiales (51.38%) and Leotiomgidtes

incertae sedi$11.37%) (Figure 3B).
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Within the phylum Basidiomycota the highest proportion of assigned ASVs were in the
class Agaricomycetes (80.29% of total nriTS2 reads in Basidiomycota), followed by
Tremellomycetes (16.04%), Agaricostilbomycetes (1.10%), Microbotryomycetes (1%),
Cydobasidiomycetes (0.38%), Ustilaginomycetes (0.24%), Dacrymycetes (0.07%),
Entorrhizomycetes (0.05%), Exobasidiomycetes (0.03%), and Pucciniomycetes (0.03%) (Figure
4A). Further taxonomic resolution within Agaricomycetes revealed a high prevalence of the
orders Sebacinales and Agaricales in soils from all sampling sites (Figure 4B). The Sebacinales
showed the greatest variation in relative abundances, ranging from 1.40% in Gubbo1l to 54.01%

in Dorkarbyl.
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Fungal Alpha and Beta Diversity

There was a clear difference in alpha diversity between thassuiciated mycobiome
communities associated with the orchid speEigipactis palustrisndDactylorhiza incarnata
Both the Shannon and Simpsiodices revealed that the mean alpha diversity for soil
communities associated with these two orchid species was less than the average observed for the
other species (Supplemental Figure S1). Beta diversity, based on th€BtesyNMDS,
indicated that pcobiomes sampled from soil associated with different orchid species were
clearly separated from one another, with the exception of mycobiomes of soil associated with
Listera ovataandPlantathera bifoliasampled from Marma and Dorkarbyl, respectivelyicivh
appear to share a core mycobiome (Supplemental Figure S1). There was also no clear separation
between the soil mycobiomesDéctylorhiza incarnatasampled from Falképingl and

Falkoping2.

Phylogenetic Placement

Phylogenetic placement of ASVs on theRemycotina reference tree revealed ASVs
clustering with taxa in Sordariomycetes, Saccharomycetes, Pezizomycetes, Orbiliomycetes,
Leotiomycetes, Eurotiomycetes, Dothideomycetes with an-4&vinated clade in
Leotiomycetes (Supplemental Table S3; Figurg. Beveral distinct monophyletic clades
comprising 209 ASVs in the Ascomycota were identified using maximum likelihood with
bootstrap analysis within the Leotiomycetes-sldule (Figure 5B). Many of these clades
represent new lineages within the order Hales or group with unclassified taxa (Supplemental
Table S3). Further placement of the 209 ASVs in Leotiomycetes on the Leotiomycetes reference

tree showed finer taxonomic resolution at the family level and reinforced the idea that the ASVs
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are closely elated to an undescribed family of Helotialesertae sedisHyaloscyphand other
species in thelymenoscyphuspecies complex (Supplemental Table S4; Figure 6A). Bootstrap
analysis of 62 ASVs within the Stamnaria lineage/Han Clade revealed several distinct
monophyletic groups with >70% support, closely related to Hyaloscyphaceae and Helotiales

incertae sedigFigure 6B).
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A comparison of familylevel placements for the 209 ASVs using BLAST searches of the
UNITE reference database and phylogéaged placement on Pezizomycotina and
Leotiomycetes revealed that 40.67% of ASVs can be assigned to the same family by two of the
three assignment methods (Supplemental Table S5). There were 21 ASVs that placed with high
confidence (cumulative likelihood weight > 0.90) to an unclassified familyoartae sedisin
cases where only one of the three assignment methods was of higlecoefiBLAST or
cumulative likelihood weight > 0.90) and the other two placements were undetermined, the final
assignment was based on one method. There were 48 ASVs where the assignment using UNITE
was in conflict with the best placement using phylogeased methods. For example, ASV 273
was assigned to family Vibrisseacaeméng BLAST but to Loramycetaceadth a cumulative
likelihood score of 1 on both the Pezizomycotina and Leotiomycetes reference tree. A further
search of the ASV 273 sequence agaimstnonrredundant NCBI nucleotide database showed a
best hit (99.62% identity, 91% query coverage and&£33) to an uncultured fungus clone
2170 1439 sampled fro®colytus multistriatusn SwedenMenkiset al.2016) Othea high
scoring matches were to Loramycetadeaenot Vibrisseaceae. Phylogebgised placement on
the Sebacinales reference tree of 33 putative Sebacinales ASVs, which accounted for 12.64%
(33/261) of the total ASVs in Basidiomycota, revealed matches (atinailikelihood weight >
0.90) to endophytic and orchid mycorrhiza (orc green) (Supplemental Table S6; Figure 7A).
Further bootstrap analysis showed that ASVs from soils in Sweden share close relationships with
Sebacinales that are distributed globaHig(re 7B). For example, ASV 234 and ASV 731 share

a recent common ancestor with HQ154282 sampled @afium anisophyllunin Germany.
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Discussion

This study focused on the published Pezizomycotina, Leotiomycetes and Sebacinales
reference trees, alignments, and voucher metadataeasaple of multilevel phylogenetic
placement of unknown fungal ASVs identified from orchid soils. Many other reference trees and
alignments for taxonomic ranks identified in this study caddvenloaded directly from

TreeBaseWywww.treebase.olgA search in TreeBase returned more than 150 records of

multilocus studies in fungi that included the nrITS region. These published phylogenetic trees
span class, order, family, and genus taxonoarn&s and provide fine resolution for multilevel
phylogenetic placement. Phylogenetic placement is powerful and has recently been used to
identify the fungal species underlying equine fungal kerdfttiglenet al.2019) species limits
of an emerging fungal pathogen of {sweetener plartevia rebaudian8ertoni(Koehleret al.
2019)and elucidate the evolutionjacontext of endophyidost associationd)'Renet al.2019)
More broadly, these approaches are applicable to bacteria and other microorganisms. For
example, a large number of major evolutionary lineages without any cultured relatives were
found to be clusteredgether when examined phylogenetically on a comprehensive bacterial
reference tree, representing all major classes of archaea and ahigred al. 2016)

The accuracy afnultilevel phylogenetic placemerst highly dependentrothe
availability of curated reference trees across all major taxonomic groups which is very labor
intensive as it requires manual curation of alignments and voucher metadata from taxonomic
expertgCzechet al.2019) Alternative methods such as hierarchical clustering analysis of
sequences in GenBank, using their regbtéexonomy as a backbone constraint has been used for
reconstructing the most comprehensive seed plant phyld§emyh & Brown 2018)A similar

approach can be used to cluster fungal sequences to inform taxonomy. Because this approach
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relies on taxonomic assignments atnare frequently based on sequence predictions that are
prone to annotation erro(Edgar 2018)it cannot, on its own, determine the optimal placement
of new undescribed sequences and must therefore work in concert with phythegeialy
methods.

In multilevel phylogenetic placement, unknown DNA sequences are initially placed on
phylogenies at theighest possible taxonomic rank to identify the closest relatives which become
the new reference trees for placement at lower ranks with increasing taxon sampling and
resolution. In general, the higher the taxonomic scale, the coarser the resolutiomnialieex
we first performed a placement on the Pezizomycotina subphylum reference tree to show an
expansion of distinct ASVs from orchid soils in Sweden within the class Leotiomycetes.
Subsequent placement of these Leotiomyspexific ASVs on a Leotiomyaces enriched nriTS
reference tree revealed a close relationship with many undescribed-tiewellglades. Although
deeper relationships were poorly supported, the larger number of taxa represented compared to
the Pezizomycotina was useful in resolving ganevel relationships (e.glyaloscyphaand
showing that many ASVs were composed entirely of uncultured lineages.

Phylogenetic placement on well resolved multilocus reference trees can be used to track
the common ancestry of ASVs, which can be informgaith exploring correlations among traits
or taxa abundances, and to associate ASVs with previously published sequences and their
metadata. For example, phylogemgsed placement on the Leotiomycetes reference tree
revealed that Leotiomycetes ASVs fromlsniSweden included representatives from
Hyaloscyphaassociated with orchid roots and other species ik{meenoscyphuspecies
complex that comprise fungi isolated from plant root apd endophyte@-ehreret al.2019)

Close ASV relatives includgddymenoscyphusienthaeandH. scutulathat are distanglrelated
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to H. ericae,which form mycorrhizal associations with ericaceous plants, distinct from orchid
endomycorrhizal type@Perottoet al.2018; Zhang & Zhuang 2004)here were 67 ASVs that

placed in the family Hyaloscyphaceaehe order Helotiales which includes diverse mycorrhizal
fungi and plant endophytes associated with the roots of epiphytic ofeted®raet al.2010)

One possible avenue for future workasphylogenetically integrate uncultured ASVs with

reference sequences from cultured specimens to creat@ble¢akonomy that can be used to
identify phylogenetic signals associated with character and ecological trait evolution. Since many
fungi are not readily cultured, expanding our curated multilocus reference phylogenies with
Amicrobi al d aceldraterpiedictive madelingiahd Iminiagcof microbiome data

(Xiao et al.2018)

ASVs sharing a common ancestry with the Sebacinales showed the greatest diversity and
relative abundance across the orchid soil sampled sites (Figure 4). Many of these ASVs were
associated with terrestrial orchid mycorrhizee@n orchids), orchid mycorrhiza
(achlorophyllous) and endophytic nutritional traits which are reported to be phylogenetically
well-defined core groups based on hierarchical clustering an@yarsicaet al.2016) The
widespread geographic distribution of these distinct ecological trophic level traits suggests that
they might function, along with Heliales and unclassified members of the Leotiomycetes, as a
core root mycobiome recruited from the surrounding soil. Several studies report an association of
Sebacinales fungi with orchid roots across different geografDle®iraetal.2 014 ; TNRDgi t el
etal.2015)TNgi t el ov8 and c o ofbeotticcovasqalsoexammetdistd r oot s
study) and\eottia cordatdrom forty-one locations in Europe, including three sitéalkdping,

Larbro and Farésundrom Swederand found Sebacinales were present at all three localities

Representative Sebacinales, Helotiales and Leotiomykeetgswvere also identified in the roots
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sampled from the endangered orchidadrolaelia jongheanaHoffmannseggella caulescens
andHoffmannseggella cinnabarina¥ Brazil (Oliveiraet al.2014)

In the present study, we were not permitted to sample orchid roots since the plants were
growing in undisturbed protected natural areas maintained as conservation ea@Aieibeits
& Mossberg 2016)Instead, we sampled soil surrounding ra@itee there was limited to no
information on mycobiomes in soils that supported orchid growth and development. As a result,
we cannot directly associate Sebacinales in soil with a specific orchid root colonization event in
the absence of sampling pelotatisectly from the root cortical cells. Additionally, detection of
Sebacinales from the root does not imply that they are beneficial since synthesis studies cannot
be conducted as most Sebacinales cannot be grown in pure culture.

There is currently a liméid understanding of the association between orchids and their
surrounding fungi found in the soil. Although one study does highlight comparisons of fungi
present as sporophores in addition to extracting fungal DNA from the orchid roots, it did not
examinefungi present in the sofPecorarcet al.2018) Additionally, it has been documented
that fungi may also form pelotons in root cortical cells of the same root of the jewel orchid
(Anoectochilus formosanuand these may represent different species suCle@gobasidium,
ThanatephorusandTulasnella(Jianget al.2015) Mycorrhizalinteractions in orchids differs
from other types of arbuscular mycorrhizal and ectomycorrhizal interactions in the flow of
carbon and other nutrients, and it has been proposed that the plant is a parasite of the orchid
fungus. Sebacinales and other taxdl@totiales and the Leotiomycetes found in our results
could potentially provide important information for conserving and propagating orchids with

knowledge of the diversity of soil mycobiomes.
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Abstract

Daldinia loculata(Xylariales, Sordariomycetesg a common saprotroph of angiosperm
wood in boreal forestworldwide. Recent ecological studies have reveBlelbculatahas a
cryptic life stage as an endophyte inhabiting the photosynthetic tissues of phylogenetically
diverse plants and lichens. Although the population genetic structDrdadulataisolated
from fruiting bodies has been investigated, to datg little is known about the population
genetic processes that generate and maintain diversity in the endophytic life stage. Here, we
examine genetic processes for >200 endophytic isolat@slotulataisolated from temperate
and boreal forests in North America and Eurasia using genotyping by sequencing. Examination
of 4,297genomewide single nucleotide polymorphisms (SNPs) revealed evidence of five
distinct evolutionary lineages, as wellrasombination at local spatial scales. Populations of
endophytidD. loculatawere significantly structured by locality (Alaska, Canada, Russia, and
Sweden), host species, and photobamrhposition (i.e., land plant, green algal clade, or
cyanobacterig)which suggests that evolutionary processes such as genetic isolation and drift are

driving the genetic diversity in these endophytic populations.
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Introduction

Every major lineage of land plants harbors phylogenetically diverse communities of
endophytic fungi within their healthy, photosynthetic tissues (Rodriguez et al, 2009). Endophytes
often have varied and cryptic functional rotkatcanrange from mildly prasitic to mutualistic
(e.g., enhance growth and protect plants against adverse environmental cor{eiigmiss et
al. 2007; Saunderst al.2010) In addition to their interactions with plants, endophytic fungi can
also inhabit lichen thalli, where they associate closely with the algal or cyanobacterial photobiont
and are distinct from the lichen mycobiont (i.e., endolichenic fukgiold et al.2009. The
majority of fungal endophyteare transmitted horizontally, as such communities display
significant turnover in species composition and diversity among different hosts and geographic
areas (U'Ren et al., 2012; 2019).

Endophytes typically remain sterile in culture under standardittmmsl thus, endophyte
taxonomy is typically estimated via sequencing ofitibernal transcribed spacers and 5.8S
nuclear ribosomal DNA locus (ITS rDNA) (e.g., U'Ren et al., 2012). Comparisons of endophyte
ITS rDNA sequences with reference databasesesidlyat the majority of endophytes appear to
represent novel species (Rodriguez et al. 2009). However, in some cases, endophytic sequences
match those of species previously described based on their morphological characteristics. For
example, a number ofuglies have revealed an extremely high richness of xylariaceous
endophytes that appear closely related to previously described saprotrophic or pathogenic species
(e.g., URen et al., 2016). In such cases, the wealth of ecological metadata generated by
end@hyte studies (e.g., host species, tissue of isolation, and geographic location) paired with
genetic data allows for novel insight into the lifecycle of previously described species (see U'Ren

et al., 2016). For example, recent lasypale studies of endbytic fungi in subtropical,
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temperate, and boreal forests revealed >1,500 cultured endophytic isolatasloskn
phylogenetic relationship to the saprotrophic spe@eddinia loculata(Xylariales,
Sordariomycetes) (U'Ren et al., 2016; U'Ren et QlL92

Daldinia loculatatypically forms ascomata on wood Bétulaceae hosts in temperate,
boreal, and montane foresif the Northern Hemisphere, although the species also has been
observed on wood of closely related plant families (i.e., Salicaceaa;d#z®y and Rosaceae;
Stadleret al.2014). Previous studies @. loculataillustrate the important role of forefites on
the population genetic structure of this fun¢g@siidotet al.2003; Johannessat al.2001a) In
periods between fire§). loculatainvades and grows vegetatively in living woodBatulauntil
the tree is damaged or killed by wildfisfter the host is killedD. loculatagrows rapidly
within its host #ssue, forming conidia via asexual reproduction. When conidia of different
mating types interact, the sexual cycle is initiated, produascospores that are widispersed
to asymptotically infect the unburned wood of young saplings again (Guidot et al., 2003). Such
dispersal events resultimcreased genetic diversity within existing local populationd.of
loculata(Johannesson et a2001) As a result, populations are characterized by high genetic
differentiation and structure on local scales impacted by wildfires, and reduced genetic
differentiation among geographically distant population®.dbculatain nortburned forests
(e.g, populations separated by more than 7000 km; Johannesson et al., 2001). HokeRRee, n
et al. (2016) illustrated that endophytic isolate®ofoculatad abundant in the living
photosynthetic tissue of phylogenetically diverse plants and lidhals® may b reproducing
asexually in periods in between fire events (U'Ren et al., 2016).

In this study, weusedgenotyping by sequencing (ddRADseq) to explore the population

dynamics of >300 endophytic isolatesiafloculatacultured from surfacsterilized
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photasynthetic tissues of phylogenetically diverse hostsoreal forests of North America and
Eurasia (U'Ren et al., 2019)ith these data, we examine the role of geography, host
associations, and substrates in shapintpculatapopulation dynamicsSpecifcally, we

examined the degree of genetic isolation and drift anirigculataisolates from central

Alaska, Canada (Alberta and Québec), and eastern Rifiggactic isolation and drifire major
evolutionary forces structuring populations, then weldi@xpect to observe nonequilibrium
signatures in the mutation frequency spectrum and limited genetic exchange and recombination.
Here, we also explore the latter possibility by providing a preliminary characterization of the

matingtype system iD. loculata.

Materials and Methods
Sampling, DNA extraction, and PCR amplification

As part of a larger study investigating the diversity and distributions of endophytic fungi,
>4,100 endophytic fungi were isolated in culture freumfacesterilized tissues of living,
apparently healthy plants (angiosperms, conifers, lycophytes, ferns, and brygq@mdd®hens
(with diverse mycobionts, substrates, and growth fofros) five sites representing distinct
environmental, biologicahnd biogeographic regions across the continental United States
(U6Ren et al ., 2012). I n each of these sites,
sterilized tissues of senescent leaves the canopy of selected woody plants (i.e., dead plant
leav e s, DP) and |l eaf Ilitter (i1 .e., fallen | eave
U'Ren & Arnold 2016).

ITS-partial LSU rDNA sequences for each fungal isolate were initially clustered into

operational taxonomic units (OBJbased on 95% seguce identity to estimate species
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boundaries (see U'Ren et al., 2012). To further characterize endophytes within the cdheext of
known species of Xylaraceae sensu lato, a representative isolate of each OTU was then selected
for multi-locus sequencing ugy ribosomal (ITS, 5.8S, and LSU rDNA) as well as protein

coding genesRPB2 betatubulin, and alphactin) (see U'Ren et al., 2016). These phylogenetic
analyse®placed fiveendophytic OTW (representing >352 individual isolatesgithin a welt
supportectlade containing two isolates Daldinia loculata(U'Ren et al., 2016).

Additional sampling of endophytes from phylogenetically diverse plants and lichens in
seven boreal sites across the circumglobal transect yielded >10,000 additional endophytic
isolaies (U'Ren et al., 2019), which were sequenced and clustered in®f@BWing the
methods in U'Ren et al. (2012). Based on these results, we identified >1,100 additional isolates
in the sam@®. loculataOTU (see U'Ren et al., 2019). From these >1,5@@gmytic and
saprotrophic isolates putatively identifiedsloculata we choose 365 isolates to represent
different geographic localities, host lineages, substrates (i.e., isolated from living vs. senesced
leaves or litter), and trophic modes (putatively endophytic or saprotrophic) for population genetic
sequencing (Supplemental Table 1). Additionally, wecsete14 isolates representing a closely
related clade oflypoxylonto compare with th®. loculataendophytes, for a total of 380

isolates.

DNA extraction and genotyping by sequencing

Pure cultures of each isolate were grown on 2% malt extract agar (teAnycelium
was harvested for DNA extractiasing the DNeasy UltraClean® Microbial Kit (Qiagen)
following the manufacturers protocol. DNA was resuspended into molegnalde water during

the final elution step and subsequently quantified using thet Qudxiometer (Invitrogen)Each
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isolate was genotyped by double digest restriction site digestion DNA sequencing (ddRADseq)
as described previous(Petersoret al.2012) Enzyme selection was basediorsilico

restriction digests of four draft genome assemblies of closely rédatieithia species (Carbone,

et al., unpublished data). Two restriction enzymesiQ=Tsp5091) and Mspl, were identified

that yielded approximately 5000 fragments that wereZ88Dbp in size. Total genomic DNA

from each isolate (200 ng) was digested with MIuCI and Mspl and adapters were ligated to the
ends(Petersoret al.2012) After size selection of a 48860 bp fragment pool, lllumina indexes
were annealed to allow for library demulgging first by lllumina index and then by barcode. A
maximum of 200 isolates were multiplexed on a 300 bp paired end lllumina MiSeq run, which
was predicted to yield at last 15X coverage given an approxiDatknia genome size of 35

Mb. A total of two squencing runs was performed to genotype all isolates.

Data processing

All data was analyzed using a custom online Galaxy instgkfgan et al. 2018)that was
developed and deployed at NC State. A workflow was developed to automate processing of
different steps which involved demultiplexing libraries (i.e., quality trimming reads, aligning
reads to a reference genome, and perfggnaariant calling). Briefly, sultibraries were

demultiplexed using the process_radtags sdnippp:{/catchenlab.life.illinois.edu/stacks/

Cutadapt v1.16 was used to trim the adapters andwe any sequences shorter than 20 bp and
ensuring a quality cut off score of at least(Bfartin 2011) Quality trimmed, paire@nd reads
were aligned using BWAMEM (Li 2013)to theD. loculataAZ0526reference genome

(https://mycocosm.jgi.doe.gov/DallocAZ0526_2/DallocAZ0526_2.home)i{tdiRen et al,

unpublished data).
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Phylogenetic placement and parsimony networks

To confirm the taxonomic placement of isolates withinDhéoculataclade, we
performed a pylogenybased placement (based only on ITS and partial LSU sequences) using
the Xylariaceae sensu lato reference tree (based on thelaouliphylogeny from U'Ren et al.,
2016) available iT-BAS v2.1.1(Carboneet al.2019; Carbonet al.2016) Placements were
performed using the maximum likelihoeglolutionary placement algorithm (EPA) and
assignments were based@ammulative likelihood weights of greater than O(B@rgeret al.
2011; Berger & Stamatakis 201 For isolates within thB. loculataclade, network inference
was performed in BAS with TCS v.1.24Clementet al.2000)with alignment gaps treated as a
fifth character state and a 95% network connection limit. Haplotypes and networks were inferred
for the ITS alone and fahe combined ITS.SU region. For all subsequent analyses described

below, we used onlisolates that fell within th®. loculataclade (Fig. 1).

D. loculata variant discovery

Prior to variant calling, SAM alignment files were converted to BAM format and
coordinateesorted. Duplicate reads were flagged and ranked by the sum of thequzdisg,
and read group information was added to track strains in downstream alBbsetet al.
2011; Li 2011, Liet al.2009) We called variants using the HaplotypeCaller variant discovery
pipeline in GATK v4.1.0.GMcKennaet al.2010) Genome variant call format (GVCF) files
were joint genotyped using the GATK GenotypeGVCFs tool. The oM@# file was further
filtered according to GATK Best Practices recommendatiDefristoet al.2011; van der
Auweraet al.2013) VCFtools v0.1.12b was used to filter out all variants with minor allele

frequency (MAF) below a 0.001 threshold and imposing an upper MAF bound @d#nh&cek
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et al.2011) Different proportions of maximum missing data (0.91, 0.92, 0.93, 0.94, 0.95) were
explored, where a value of 1 indicates no missing data allowed. A lowemisaig value was
used if the next higher value eliminated a dispripnate number of SNPs. Filtered VCF files

were converted to plink PED format for downstream analyses.

Population structure

PED files were converted to FASTA format using the Ped2Fasta tool in Galaxy
(Dereepeet al.2015) To perform principal component analysis (PCA) a Galaxy workflow was
developed that took as inputs (i) the FASTA alignment file and (ii) a specimen metadata file. The
number of significant axes of variation in the datswletermined using the Trag&yidom
statistic(Tracy & Widom 1994and the number of distinct genetic clusters was determined using
the Gap Statisti€Tibshiraniet al.2001) Agglomerative clustering was used to determine the
optimal clustering of strains using the predetermined number of distinct clusters. The significant
principal components and clusters were displayed graphically using the ggulaigrapel
packagegSlowikowskiet al.2018; Wickham 2016)mplemented in KTeam 2020)To
determine if populations have experienced bottlenecks, we used the three largest contigs in each
popul ation to test for violati ohasimplemeptedpul at i

in Variscan 2.qHutteret al.2006; Vilellaet al.2005)

Linkage disequilibrium
The extent of linkage disequilibrium (LD) along the three longest scaffolds was examined
using Haploview 4.ZBarrettet al. 2005) LD blocks were estimated using the solid spine blocks

(SRA) method, which identifies an LD block based on the first and last markers in the block being
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in strong LD. Haploview graphically portrays LD blocks as triangular plots and outlines the
edges of the triangle that are in strong LD. In the Haploview cg@theme bright red

represents strong LD (LOD O 2, D' = 1) and bl

Statistical analyses

Ten sample metadata attributes (as listed in Supplemental Table S2) were condensed into
four independent categoriexigin, host tissue type (i.e., living leaf (endophyte), living lichen
(endolichenic), leaf litter, or senesced leaf in the canopy), host species, and photobiont
composition (i.e., land plant, green algal clade, or cyanobacteria). We performed tests of
association using Fisher's exact test on the PCA inferred clusters with these four categories. To
correct for multiple testing errors, the Benjarritochberg method was adopted to control the
false discovery rate (FDR) at the alpha = 0.05 level. For conopatisese tests were also
performed on gnomewide haplotypes (GWHS) inferred by clustering SNPs at four levels of
sequence identity0(91, 0.93, 0.94, and 0.p4using the mean shift algorithm implemented in

MeShClustJamest al.2018)

Mating types
A previous study revealed an unusual organization of magpe regions irDaldinia
and other members tie order Xylariale$Robinson & Natvig 2019)Two isolates of
Xylariaceae sensu latbaldinia eschscholz@ndXylaria hypoxylonwere reported to contain
the MAT1-2 idiomorph, which eoodes a transcription factor with a MATA_HMG domain (high
mobility group). While this is not unusual for heterothallic fungi, the organization of the mating

type idiomorph departed from the typical organization observed in many filamentous fungi with
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a bipolar matingtype system. In the Xylariales, the mating type idiomorph was not flanked by
the genes encoding DNA lyasspf2 and a cytoskeleton assembly prot@ia2),as is the case

in other heterothallic members of the Ascomycota. We explored the mygtmgrganization in

D. loculataby performing tBLASTn and BLASTx search@ohnsoret al. 2008)for homologs

of theMAT1-1 andMAT1-2 idiomorphs in théD. loculatareference genome (U'Ren et al,
unpublished).

When searches revealed the existence of homologs, we designed oligonucleotide primers
to examine the region in a representative s€.dbculatastrains using PCR amplification and
Sanger sequencing. Primers designed to amplify the MATA_HMG domain via PCR were
MATA-F_HMG_Dalloc_2 (forward, 5 ACAGGGTCGAAAACGAGCAT-3") and MATA-
R_HMG_Dalloc_2 (reverse, BSCCGTCCTATGCGATACCAAZ). The thermal cyling
program for PCR amplifications was follows: 95°C for 5 min followed by 40 cycles of 95°C
for 30s, 55°C for 60s, 72°C for 45s and a final incubation at 72°C for 10 min. PCR products
were visualized on an agarose gel. Positive amplicons were subsequently sequenced with Sanger

chemistry at Mrth Carolina State University.

Results
Phylogenetic placement and parsimony networks

A two-locus phylogenetic placement showed BB4/365 sequences putatively clustered
within anOTU of D. loculata(based on U'Ren et al., 2016) were closely relai@&l toculata
(Figure 1; Supplemental Table S2). Further network analysis based on sequence variation in the
ITS rDNA locus alone revealed six connected graphs and 36 haplotypes. The majority of isolates

were grouped into a single haplotype (n = 297; FedrSupplemental Table S3he network
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based on the IT&SU rDNA revealed eight connected graphs and 78 haplotypes. In this
analysis, 244 isolates were found in a single haplotype.

In total, 203 isolates shared the same ITS haplotype (H11) with previously recognized
isolates oD. loculata(Supplementary Table S3, S4). These isolates included representatives
from North Americaflaska =115), QuebecE9), Wood Buffalo (=45), Michigan 6=6)), as
well as Eurasia (easteRussia (=7), central Russian€20), SwedenrE1l)). These isolates were
further subjected to variant discovery and population genetic analysis. Although all 203 strains
had identical ITS rDNA sequences, seven isslaglonged to different IFESU rDNA
haplotypes (H54 (AKO161, AK0168), H59 (AK0005), H75 (AK0070, AK1049), HO (AK1509)

H39 (WB0307);Supplemental Table S3).
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Figure 1. A two-locus (ITS + LSU rDNA) maximum likelihood placement of 380 strains on the
Xylariaceae sensu lato reference tree (U'Ren et al., 2016). Coloring of branches and inner ring
indicates genus; outer ring indicates geographic origin. The predominahtgloz indicates a

large sample of isolates from Eagle Summit (Alaska) that are closely reldetbtulata

reference strains from U'Ren et al., (2016).
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represents a haplotype with a single strain. The colors show the geographic origin of isolates.
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Variant discovery

In total, 24,063,263 raw sequence reads were processed and 23,042,658 were retained
after filtering the set of 203 endophyfic loculataisolates (Supplemental Table S5). Results of
genomewide filtering with a maximum missing setting of 0.91, 0.92, 0.93, 0.94 and 0.95 yielded
4,297, 2,702, 1,567, 911, and 390 SNPs, respectively. Filtering was also performed on the three
largestscaffolds with lengths of 2,155,844, 1,508,945, and 1,015,884 jpairs Isolates were
grouped into three broad geographic regions: Alaska15), CanadanE54), and Eurasia
(n=28). By adjusting the maximum for missing data between 0.84 and 0.93,ntiéiede

approximately 400 SNPs per scaffold (Supmatal Table S6).

Population structure

A genome wide PCA analysis based on 4,297 SNPs revealed two significant axes of
variation and five distinct clusters (Figure 3). Apbsb ¢ anal y si exaattest,with Fi s h e
controlled FDR at 5% using the Benjaniidiochberg procedure to get the adjustedhjues,
revealed a significant association of cluster with ori§ir (0.0000399996), lichen photobiomt (
= 0.0409062576), and hof? = 0.0409062576)There was no significant association of cluster
with host tissue categorffp = 0.5182848172) The majority of strains grouped into one major
haplotype. The largest haplotypes identified at the 0.91, 0.93, 0.94, and 0.95 level of sequence
identity, contaned 163, 169, 167, and 94 strains, respectively. Testing at each level revealed no
significant association of haplotype Wi th ori
was less than one across all scaffolds indicating nonequilibrium processes (i.e. bottlenecks,

population growth) across all geographic regions (Figure 4).
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The majority of isolates grouped into one major haplotype. The largest haplotypes
identified at the 0.91, 0.93, 0.94, and 0.95 level of sequence identity, contained 163, 169, 167,
and 94 isolates, respectively. Testing at each similarity level revealed no significant association
of haplotype with any o &Dwahless tima bre dceossall c at egor

scaffolds indicating nonequilibrium processes (i.e. bottleneck, population growth) across all

geographic regions (Figure 4).

Scaffold 1 (2,155,844 bp) Scaffold 2 (1,508,945 bp) Scaffold 3 (1,015,981 bp)
0.5 0.5
0.0 03 0.3
05 0.0 0.
o o, S
Alaska 4. F a2
g E -1.0 E 1.0
2-15 S s ¢ -1.5
2.0 20 20
0 100 200 300 400 0 100 200 2300 400 0 100 e 300
Midgoint ! Midpomt ! ' . o0 Nil-r‘xflﬂn: =00 -
max-missing = 0.85; n = 115; 423 SNPs max-missing = 0.84; 0 = 115; 403 SNPs max-missing = 0.85; n = 115; 308 SNPs
1
Canada ° N a . a
20 Ex @
E E E 4
I = e
2 2 :
200 300 400 0 100 200 300 400 0 200 300 400
Mdpont Widpoint Mdpaint
max-missing = 0.92; n = 54; 478 SNPs max-missing = 0.90; n = 54; 441 SNPs max-missing = 0.90; n = 54; 371 SNPs
0
Russial a . a .
Sweden 2 @ 5 -
E E-0 E-10
5.1 E £
= a5 = 15
20 2.0
2
100 200 300 400 0 o 00 300 400 0 100 200 300 400
200 ) 100 200 L. 400 .
max-missing = 0.93; n = 28; 423 SNPs max-missing = 0.90; n = 28; 449 5NPs

max-missing = 0.90; n = 28; 414 SNPs

Figure4.P1 ot s o D acfoasjthremscéffelds and three populations. This is a windowed

approach examining 30 SNP inter viavhlgeofdisong eac

shown in red. Mo s t D wefe lesshhan Oy ppihtingetcsa dévation i aj i ma 6

population size constancy.

82



Linkage disequilibrium

Patterns of LD were similar across populations sampled in Alaska, Canada and Eurasia
(Figure 5). For scaffold 1, four LD blocks were detected ranging in size from 25888283
bp. There were three majob blocks in scaffold 2 with the largest spanning 324,525 bp. Two

equally sized LD blocks, approximately 492,931 bp in size, were detected in scaffold 3.

Scaffold 1 (2,155,844 bp) Scaffold 2 (1,508,945 bp) Scaffold 3 (1,015,981 bp)
NN/ - ’”//M” 4 AN L d) A
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”U /“l ‘M\' ,7 ]1 "/7/2 Mlk\ “;\' f,' \ ,:"_}’m i M /M I 'N i fl, //l ; 4 I | .ﬂ \:\\’\ N \ PR \ i)
Canada ; N AR s e AN
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u/A\\\\\\ /// v/l m/m |25 NS /A\\x“\\\ 7] VIV NYNINTNWITTY
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Figure 5. LD plots across three scaffolds and three populations. LD blocks are shown as
triangulr plots and the black lines outlining the edges of the triangle are the SNPs under strong
LD. I n the coloring scheme bright red represe

represents weak LD (LOD <2, D'=1)
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Mating types

Using BLAST searches, weadtified a single MATA_HMG domain on scaffold 4 of the
D. loculatareference genome. A secehdst hit was found on scaffold 6 with similarity to
STE11 (MEK kinase). All BLAST searches failed to find a homololgl#T 1-1 in the reference
genome or in any dhe endophytic isolates sequenced héfe successfully PCR amplified the
putative MATA_HMG domain across the 203 strains inDhéoculatacluster. DNA
sequencing of these PCR amplicons revealed the existence of at least two distinct MATA_HMG
lineages.Putative homologs aipn2andsla2were 74,734 bp apart on scaffold 38 of ithe

loculatareference genome.

Discussion

Previous work examined Eurasian populationB ofoculataisolates collected as fruiting
bodies. These studies suggediedoculatapopulations have low genetic differentiation and
limited or no evidence of structure over large distafdelsannessoet al.2001b) On a local
scale previous studies provided evidence of fedtilan of mycelia (representing the female
parent) by sexually compatible male conidia possibly vectored via ir{§agtiotet al.2003) In
addition, previous studies examining the population structube lafculatain Sweden
demonstrate evidence of heterothallism andioreg haploid mycelia that can be genetically
more dissimilar on a local scale than over large distaidodsnnessoet al.2001a; Johannesson
et al.2001b) This suggests that genetic diversity is generated on local scales and maintained by
sexual reproduction after wildfires. However, previous studies illustrat®thatulatais highly
abundant as an endophyte in phylogenetically diverse amgraspconifers, lycophytes, mosses,

and lichens (U'Ren et al., 2016; 2019), yet the genetic structure of enddphigiicilata
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isolates has only been examined using sequences of theSlI$ocus (U'Ren et al., 2019),

which often has limited resolution e population level. Here, we use ddRADseq to examine

the population genetic structure of >2D0loculataendophytes across North America and

Eurasia. With these data, we examine the role of geography, host associations, and substrates in
shapingD. loculata population dynamics.

Our data identify five distinct evolutionary lineages in populations of endopbytic
loculatathat are significantly structured by locality (Alaska, Canada, Russia, and Sweden), host
species, and their photobiont compositipe.( land plant, green algal clade, or cyanobacteria).
Four out of the five clusters (CO, C1, C3, and C4) were found in a single location in Eagle
Summit, Alaska (Figure 3a). Although Cluster 2 was not found in Alaska, it was widely
dispersed across othearts of North America (Wood Buffalo National Park and Québec,

Canada), Ives Lake, Michigan), as well as far eastern Russia. These data support previous reports
of structuring on local scale, as well as genetic homogeneity across wide geographicasistanc
(Johannessoet al.2001b)

Overall, we observed that locality, host species, and photobiont composition (i.e., land
plant, green algal clade, or cyanobacteria) appear to be driving the gioéesitdophytid.
loculata,most likely through the processes of genetic isolation and drift. The large LD blocks
shared across all populations (Figure 5) support a high level of clonality and recurrent
bottlenecks, as evidenced by the striking deviatfmm neutrality (Figure 4). These patterns are
consistent with the lack of sexual reproduction due to living as an endophyte-iivkshg
evergreen plant leaves and lichen thalli. Although we have evidence of infrequent recombination

the exact mechanisfor genetic exchange and recombination is unclear.
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In heterothallic fungi, thtMAT1-1 andMAT1-2 mating type idiomorphs are located
within a single matingype region, and are typically flanked by the genes encoding DNA lyase
and a cytoskeleton assemblpfein (Martin et al.2010) We were able to amplify and sequence
the MATA_HMG domain from thé1AT1-2 idiomorph from our isolatesyhich corresponds to
theMATaidiomorph ofSaccharomyces cerevisiéi@utler et al.2004) A putative homolog of
STE11 MEK kinase on scaffold 6 was also identified; STE11 is one of the elementd/#The
pheromone activated MAP kinase cascade thas@ayle in matingFraser & Heitman 2003)
Thus, whileD. loculataundergoes sexual reproduction, only some of the genes required for
sexual reproduction have been identifigaer et al.2009) There was no evidence of a homolog
of MAT1-1 from BLAST searches of the. loculatareference genome (isolated as an
endophyte) and the closely relatedeschscholzisolated from human host€hanet al.2015)
SinceD. loculatais reported to be heterothalligohannessoet al. 20013 our results indicate
that we need to screen more isolates, including additional isolates from fruiting bodies in the
same geographic locations. Interestingly, the genes encoding DNA lyase and cytoskeleton
assembly irD. loculatawere locatd on a different scaffolds and presumably unlinked with the
putative MATA_ HMG homolog, which is consistent with a previous report examining the
organization of these genes in the members of the XylafR#sinson & Natvig 2019)PCR
screens showed that the MATA_HMG domain was present inndstulatastrains examined
in this study, which suggests that if the fungus is heterothallic the populations are strongly
skewed taVIAT1-2. Altematively,D. loculatacould undergo some form of unisexual
reproduction as reported in the human pathogéngtococcus neoformarkin et al. 2005)
andCandida albicangAlby et al.2009) however, this will require further investigation to

confirm.
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Appendix A: Chapter 2 Supplemental Material

Probabaity Piot of CREEPR Class | Bacterisl Chromsome Arrey Size Data Probability Plat of Gaometric Simulsted Dats

Additional File 1: Goodness of fit. Probability plots confirming that overall, class | bacterial
chromosome CRISPR arrays tend to follow a geometric distribution. A simulated data set is

show for comparison.
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Additional File 2: CRISPR array occurrence on chromosomes. Polar plots displaying frequency

of CRISPRs along a chromosome based on standardization of the location of those arrays

differentiatedon type and subtype for both positive (blue) and negativatatien (red).
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Abstract

and expansion biases.

Cas systems through a quantitative lens.

Background: Much effort is underway to build and upgrade databases and tools related to occurrence, diversity, and
characterization of CRISPR-Cas systems. As microbial communities and their genome complements are unearthed, much
emphasis has been placed on details of individual strains and model systems within the CRISPR-Cas classification, and
that collection of information as a whole affords the opportunity to analyze CRISPR-Cas systems from a quantitative
perspective to gain insight into distribution of CRISPR array sizes across the different classes, types and subtypes. CRISPR
diversity, nomenclature, occurrence, and biological functions have generated a plethora of data that created a need to
understand the size and distribution of these various systems to appreciate their features and complexity.

Results: By utilizing a statistical framework and visual analytic techniques, we have been able to test several hypotheses
about CRISPR loci in bacterial class | systems. Quantitatively, though CRISPR loci can expand to hundreds of spacers, the
mean and median sizes are 40 and 25, respectively, reflecting rather modest acquisition and/or retention overall.
Histograms uncovered that CRISPR array size displayed a parametric distribution, which was confirmed by a goodness-of
fit test. Mapping the frequency of CRISPR loci on a standardized chromosome plot revealed that CRISPRs have a higher
probability of occurring at clustered locations along the positive or negative strand. Lastly, when multiple arrays occur in a
particular system, the size of a particular CRISPR array varies with its distance from the cas operon, reflecting acquisition

Conclusions: This study establishes that bacterial Class | CRISPR array size tends to follow a geometric distribution; these
CRISPRs are not randomly distributed along the chromosome; and the CRISPR array closest to the cas genes is typically
larger than loci in trans. Overall, we provide an analytical framework to understand the features and behavior of CRISPR-

Reviewers: This article was reviewed by Eugene Koonin (NIH-NCBI) and Uri Gophna (Tel Aviv University).

Background

Clustered regularly interspaced short palindromic
repeats (CRISPRs) and associated sequences (cas) func-
tion as the adaptive immune system in bacteria and ar-
chaea, to protect against phages and fend off plasmids
[1]. Mechanistically, CRISPR-Cas systems provide DNA-
encoded [1], RNA-mediated [2], and DNA-targeting [3,
4] of invasive DNA. In the past decade, CRISPR-Cas sys-
tems have been subjected to extensive studies to under-
stand their features and characterize their functions [5].
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As microbial communities and their genome comple-
ments are being determined across the globe, important
biological and genomic features get characterized
through in silico, in vitro, and in vivo analyses [6].
Though an increasing amount of bacterial genome data
is available in Genbank, the subset of organisms that
have been subjected to genome sequencing is unfortu-
nately not equally representative across the phylogenetic
tree, and displays a bias towards pathogenic species, jus-
tifiably. This well-documented bias can possibly influ-
ence survey-type studies, and may lead to conclusions
that may or not be applicable throughout the tree of life.
Much attention is currently dedicated to CRISPR-Cas
systems given their important functional role in adaptive
immunity, and their tremendous potential as genome
editing molecular machines [7, 8]. Actually, CRISPR-

© The Author(s). 2017 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0
International License (http//creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to

the Creative Commons license, and indicate if changes were made. The Creative Commons Public Domain Dedication waiver
(http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.

94



Toms and Barrangou Biology Direct (2017) 12:20

based genome editing technologies have been rapidly de-
mocratized and yielded thousands of manuscripts in the
last two years [9]. We are now at a point in time where
we can analyze these systems qualitatively and quantita-
tively. Recently, much progress has been made regarding
the classification and nomenclature of diverse CRISPR-
Cas systems. In particular, it has been determined that
these systems can be classified into two classes, based on
the types and sequences of cas genes associated with
CRISPR arrays [10]. Importantly, the genetic classification
is also corresponding to their biochemical modes of ac-
tion. Currently, Class I consists of Types I, III, and IV and
Class II encompasses Types II, V, and VI [10-16].
CRISPR-Cas systems are diverse, genetically and mechan-
istically [17], and the relative occurrence of various types
and subtypes is highly variable across phylogenetic groups
in bacteria and archaea, notwithstanding their common
origin [18, 19]. Nevertheless, there is only so much depth
established to date across types and subtypes, and it has
been repeatedly established that Class I systems are most
abundant and widespread [10]. The availability of a larger
dataset for Class I systems in general, and Type I systems
in particular, enables us to assess a larger sample, as com-
pared to Class 2 systems, which would be more prone to
sample bias given the still limited availability of genomes
that encode these loci. We thus elected to investigate the
features of Class I systems, focusing on the widespread
Type I and Type III CRISPR-Cas systems. Conveniently,
this is also the most diverse set of systems and subsystems
across CRISPR classes. Whereas Type II systems are argu-
ably the most popular in the literature [9], their relative
paucity compared to Type I systems limit the opportun-
ities to quantitatively carry out statistical analyses of inter-
est in this study. Furthermore, this is compounded by the
fact that the large majority of studies of Class 2 systems
are limited to the SpyCas9 (Streptococcus pyogenes) Type
II-A subtype [7]. Likewise, with regards to phylogenetic
sampling of the data, the bacterial kingdom is of special
interest because proportionally it has less incomplete or
ambiguous classification of its CRISPR-Cas systems and
there is also a much larger number of strains and genomes
to draw information from than the archaea kingdom,
which has been subjected to a more limited extent of se-
quencing and characterization, though archaeal genomes
tend to carry CRISPR-Cas systems more frequently [10].
For this study, much of the analyses performed are based
on a combination of hand curation and computation of
CRISPR array sizes and location/distribution to determine
the association between documented CRISPR arrays and
accompanying cas genes. Our primary objective was to
carry out statistical analyses to investigate the distribution
of Class I CRISPR arrays by size and genomic distri-
bution, and carry out comparative analyses between
types and subtypes.

Page 2 of 12

Results

Distribution of CRISPR Array size

Initially, descriptive statistics were performed to get a
sense of the distribution of CRISPR array size of Class I
CRISPR-Cas systems for bacterial chromosomes based
on the numbers of spacers in an array. Figure 1 displays
side-by-side boxplots while Table 1 outlines specific
values for quartiles along with mean values when it
comes to Class I, Type I, Type III, and subtypes I-B, I-C,
I-E, and I-F. There is a general trend that mean values
are between 30 and 54 spacers for this aggregated data,
with an overall mean of 40 and median of 25. We also
note that the median values range from 14 to 36 spacers,
suggesting that the outliers, especially the maximum
values, skewed our means to be larger, especially given
outliers for which the number of CRISPR spacers
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Fig. 1 Array size across CRISPR-Cas types and subtypes. a Box plots of
the number of spacers in a CRISPR array by class, type and subtype. b
Boxplots of the number of spacers in a CRISPR array by class, type and

subtype in a log 10 scale
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