
 

 

ABSTRACT 

TOMS, ALICE RICHELLE. Phylogenomic Resolution of Species Limits in Fungi and 

Characteristics of CRISPR-Cas Systems Using Large-Scale Data. (Under the direction of Dr. 

Ignazio Carbone). 

 

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 CRISPR-Cas genome editing system and fungal 

genome sequencing and biodiversity surveys, which are providing new insights on molecular 

mechanisms and evolution. By leveraging the rapid accumulation of disparate data and ever-

increasing data repositories, we can advance our knowledge in these respective fields. 

Originally discovered as an adaptive immune response system in bacteria, CRISPR-Cas 

systems have risen to the forefront as an inspiration for genetic editing. Studying individual 

strains gave rise to learning about the most influential system known as CRISPR-Cas9 which 

performs a double-strand cut of a targeted DNA sequence; specific information on the strains and 

the targeted CRISPR and cas genes are stored in databases which are accessible online. Chapter 

2 utilizes the information stored in CRISPRdb, a database hosting CRISPR and cas genes found 

in bacteria to answer empirical questions regarding natural CRISPR-Cas systems. More 

specifically, we uncovered that the CRISPR array size of Class I systems follow a geometric 

distribution; CRISPRs overall tend to not be randomly distributed along the positive and 

negative DNA chromosome strands, and arrays closest to cas genes are typically larger than 

those further away. Through a quantitative lens, we provide a framework for better 

understanding the characteristics of CRISPR-Cas systems. 

Orchid plants and their mycorrhizal symbionts share a highly interwoven relationship 

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 communities for conservation purposes. Chapter 3 

presents a case study of examining soil DNA surrounding endangered orchid species where we 

employed both reference sequence databases and multilevel phylogeny-based methods to 

identify fungi more accurately. We discovered new emerging lineages 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 multilevel phylogenetic placement in fungi that leverages 

published reference trees with resolution at different taxonomic scales and curated UNITE 

sequence database to identify fungi more accurately. 

Fungal endophytes live within plants or are associated with lichens (termed endolichenic 

fungi) and form long-lived interlinked relationships with their hosts. A specific case in point is 

Daldinia loculata, a wood-decaying fungus that thrives as mycelium in an asymptomatic state in 

trees and lichens and is triggered to reproduce sexually after postfire events.  Chapter 4 reveals 

the existence of five distinct evolutionary lineages in populations of endolichenic D. loculata that 

are significantly structured by locality (Alaska, Canada, Russia, and Sweden), host, and their 

lichen photobiont. There is a close association between these endolichenic lineages and 

sympatric endophytic D. loculata isolated from boreal trees. This suggests that locality, host, and 

photobiont are driving diversity of endolichenic fungi and endophyte diversity, most likely 

through genetic isolation and drift. Finally, we show that the mating type system of D. loculata 

does not follow the canonical organization found in other filamentous fungi in the 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 makeup of organisms. My focus in this thesis was to use a 

combination of quantitative approaches to understand the underpinnings of CRISPR-Cas 

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 CRISPR-

associated (cas) genes are fundamental components of the adaptive immune response found in 

bacteria and archaea (Horvath & Barrangou, 2010). This RNA-guided, DNA-targeted system 

achieved notoriety by becoming a leap forward in enabling genetic editing with special thanks to 

CRISPR-Cas9. This specific system targets a 20 nucleotide sequence upstream of a protospacer 

adjacent motif (PAM) sequence to cleave both strands of the DNA (Ran et al., 2013). CRISPR-

Cas9 is classified as a class 2, type II system and yet class 2 is only found in bacteria and belongs 

to only roughly 10% of all classified CRISPR-Cas systems (Shmakov et al., 2017). In general, 

CRISPR-Cas systems are organized and classified based on the functionality and evolution of the 

genes contained in them (Makarova, 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 biological lens and begin to take on 

a quantitative approach. For instance, data are compiled regarding the location, size, sequence, as 

well as other details for any particular strain that contains CRISPR elements and/or cas genes 

(Grissa, Vergnaud, & Pourcel, 2007). The most up-to-date database was released in 2020 known 

as CRISPRCasdb as a successor to CRISPRdb and it is maintained by Christine Pourcel and 
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Pierre-Albert Charbit at the Pasteur Institute in Paris, France (Pourcel et al., 2020). As minutiae 

regarding these strains are compiled online, we can explore how particular attributes may be 

unique based on classification as well as behaviors that can be uncovered by investigating these 

systems overall. Generally, emphasis has been placed on studying specific strains but analyzing 

them collectively can provide insights into other features and quantitative characteristics as well. 

Chapter 2 seeks to examine these behaviors by examining the distribution of CRISPR array size, 

how CRISPRs are dispersed across a chromosome on both the positive and negative strains, as 

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

operon when there are multiple arrays in the system. 

 

Orchid Mycorrhizae  

Orchids make up about 9% of all documented plant species (Van Der Heijden, Martin, 

Selosse, & Sanders, 2015). But without the presence of endomycorrhizal 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 fungi (Van Der Heijden et al., 2015). Many orchids 

are endangered or threatened species due to their rarity even though they have a worldwide 

distribution and are widespread particularly in the tropics (Cribb, Kell, Dixon, & Barrett, 2003) 

Because many species of orchid are confined to specific areas, conservation has become a 

primary focus of several organizations including the Orchid Specialist Group, which stems from 

the IUCN Species Survival Commission, to preserve rare species (Cribb et al., 2003). Previous 

research has focused on aboveground fungal communities, or mycobiomes, but the communities 

present in soil have been less studied (Bahram, Harend, & Tedersoo, 2014). Additionally, past 

studies have relied heavily on the utilization of Operational Taxonomic Units (OTUs) for 
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taxonomic assignment of 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 of DNA sequences (Callahan, McMurdie, & Holmes, 2017). Once 

ASVs are identified, the next step is to ascertain their taxonomic placement. The UNITE 

database stores and manages fungal genetic data based on the nuclear internal transcribed spacer 

(ITS) region that can be processed by metabarcoding pipelines for molecular-based identification 

of fungi (Abarenkov et al., 2010). Traditionally, databases have been a standard approach for 

classifying fungi, but limitations arise because they do not take into consideration the 

evolutionary history of sequences (Washburne et al., 2018). By using a combination of curated 

databases and phylogeny-based methods, we can elucidate not only established fungi but explore 

previously unknown and new species. By collecting and sequencing soil DNA surrounding the 

roots of endangered orchid species and identifying ASVs in combination with database and 

phylogeny-based methods for detecting the fungi present in this soil, we present a framework for 

more accurately identifying mycobiomes for future orchid conservation studies. Chapter 3 

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

soil fungal diversity.  

 

Fungal Endophytes 

Fungi can maintain a relationship with plants by living inside their host without causing 

harm or disease (Rodriguez, White Jr, Arnold, & Redman, 2009). Endophytes have garnered 

interest because of their influence on the environment and plant communities (Aly, Debbab, & 

Proksch, 2011). Endophytic fungi have evolved with plants for over 400 million years suggesting 

that they contributed to the evolution of plant life on Earth (Rodriguez et al., 2009). The 
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characterization of fungal endophyte diversity and their distribution on different hosts has 

become increasingly studied across different regions of the world including boreal forests 

(UôRen et al., 2019). Some endophytes even thrive within trees that have sustained fire damage. 

Other fungal endophytes are associated with lichens and are termed endolichenic fungi (Arnold 

et al., 2009). For example, Daldinia loculata, a species within the family Xylariaceae obtain 

nutrition for growth and development by decomposing wood exposed to forest fire (Johannesson, 

2000). The life cycle and ecology of D. loculata were relatively unknown until molecular 

markers were developed to accurately identify this fungus (Johannesson, Johannesson, & Stenlid, 

2000). Next generation sequencing is allowing us to develop a genome-wide view of variation in 

this fungus and how this variation is partitioned across different geographical regions and host 

plants including lichens.  Of particular interest is understanding how genetic diversity is 

generated and maintained in a fungus that undergoes frequent genetic bottlenecks  (Guidot, 

Johannesson, Dahlberg, & Stenlid, 2003; H Johannesson, Vasiliauskas, Dahlberg, Penttilä, & 

Stenlid, 2001). Previous hypotheses have proposed that sexual reproduction, triggered after 

recent fire events, is a major driver of genetic diversity on a local scale and that limited genetic 

variation observed over very large geographic distances is evidence of long-lived endophytes 

that persist asymptomatically in their hosts  ( Johannesson, Gustafsson, & Stenlid, 2001). In 

chapter 4, we used genotyping by sequencing to explore the genetic composition of samples of 

D. loculata isolated as endophytes of different host plants and lichens in boreal forests that span 

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 also investigated the mating type 



   

5 

 

system in D. loculata and offered preliminary insights into mechanisms of sexual reproduction in 

this species.  

These chapters operate in tandem to expand our knowledge of how to handle and process 

increasingly granular data in a holistic fashion with examples from the CRISPR-Cas systems and 

the genetic architecture of global fungal genetic data. This research outlines new approaches and 

methodologies to understanding genetic data, based on an increasing understanding of their 

taxonomy and evolutionary processes. These approaches will be valuable to the scientific 

community as more data is collected and added to genetic databases and repositories. 
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Abstract 

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. 

By utilizing a statistical framework and visual analytic techniques, we have been able to 

test several hypotheses about CRISPR loci in bacterial class I 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 and expansion 

biases. 

This study establishes that bacterial Class I 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 
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provide an analytical framework to understand the features and behavior of CRISPR-Cas 

systems through a quantitative lens. 
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Background 

Clustered regularly interspaced short palindromic repeats (CRISPRs) and associated 

sequences (cas) function as the adaptive immune system in bacteria and archaea, 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 systems have been subjected to extensive 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 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 unfortunately not equally representative across the phylogenetic tree, and 

displays a bias towards pathogenic species, justifiably. This well-documented bias can possibly 

influence 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- based genome editing technologies have 

been rapidly democratized 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 quantitatively. 

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 

action. Currently, Class I consists of Types I, III, and IV and Class II encompasses Types II, V, 
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and VI [10ï16]. CRISPR-Cas systems are diverse, genetically and mechanistically [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 compared 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 arguably the most popular in the literature 

[9], their relative paucity compared to Type I systems limit the opportunities to quantitatively 

carry out statistical analyses 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 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 sequencing 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 
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investigate the distribution of Class I CRISPR arrays by size and genomic distribution, and carry 

out comparative analyses between types and subtypes. 

 

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 reaches several hundreds. Our interest also turned to the statistically 

significant differences that may exist between Type I and Type III systems, as well as between 

the major four subtypes within Type I systems. We first tested the null hypothesis that there is 

not a difference between the means for Type I and Type III CRISPR array size. We immediately 

see from our descriptive statistics that Type I and Type III vary in sample size, so we performed 

a 2-sample t-test with unequal 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 I and Type III CRISPRs. Next, we 

decided to perform the Kruskal-Wallis 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 a p-value <0.001, that we reject 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.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 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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Table 1. Summary statistics of CRISPR array size based on number of spacers in CRISPR-Cas 

Systems. 

 

 Mean 1st Quart Median 3rd Quart 

                      

Max     Systems            

Class 1 40 12 25 51 481 811 

  Type I 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 III 33 9 22 31 276 103 

 

 

A histogram was plotted for visual inspection of the observed values for Class I 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 either a geometric or Poisson 

distribution. After carefully considering the two candidate distributions for CRISPR array size of 

CRISPR-Cas systems in Class I bacterial chromosomes, it was found that the geometric 

distribution was the better fit compared to Poisson. The 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 geometric curve was plotted as seen in Fig. 2a and subsequently broken up by type 

and subtype in Fig. 2b and c. Diagnostically, we conducted a K-S test and plotted a cumulative 

curve for the observed data and candidate distributions. We assessed two candidates, the Poisson 

and the Geometric distributions. The null hypothesis for the one-sample K-S 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 Poisson distribution. The resulting p-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 confirmed visually 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 I also followed a geometric distribution. Overall, it was seen that 

generally they exhibited a similar behavior to Class I and they followed the geometric 

distribution as well. The estimated parameter values and p-values for fitting the geometric 

distribution to the sample data can be found in Table 2.  

Based on 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 size. a Histogram of the distribution of Class I CRISPR 

locus size (number of spacers). b Histogram showing CRISPR array size by type. c Histogram 

showing CRISPR array distribution by select subtypes within Type I.  
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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 and P-Value Results of Statistical Goodness of Fit 

Tests. 

 

 Maximum Likelihood 

Estimates: Geometric 

Parameter 

Geometric Distr. 

For Array Size 

CRISPR 

Locus: 

Uniform (+) 

CRISPR 

Locus: 

Uniform (-) 

  Class I 0.025 0.048 0.000 0.000 

    Type I 0.025 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 III 0.031 0.029 0.906 0.000 

 

 

Location of CRISPRs along chromosome 

Initial examination of the polar plots showed that CRISPR loci systems had a tendency to 

be not-randomly distributed on bacterial chromosomes. Indeed, there appeared to be biases 

towards specific chromosomal locations. Generally, 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 I 

overall, there is a large 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 strand of the polar plots as 

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 the distribution 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 low p-value rejects this hypothesis. These results are displayed in 

Table 2. K-S tests performed generally exhibited low p-values particularly when over 200 

observations were present for the test. This is a reminder that in such analyses, it is important to 

encompass enough data points as to reach a power threshold enabling such statistical analyses, 

which we were solely able to achieve for Class I systems. Some of the smaller subsets such as 

subtype I-F and Type III had larger p-values, but with too few observations 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 1 and 2). Mechanistically, we speculate that this may be 

correlated to genome-wide 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 during CRISPR 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 absence of 

collisions and stereo-physical 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 of pre-crRNAs and 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 partially palindromic. 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 that biases in location and orientation of CRISPR loci may reflect selection for the 

minimization of structural and processing disruptions.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Genomic distribution of CRIPSR loci on chromosomes. Polar plot of the distribution 

of Class I CRISPR-Cas 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 CRISPR-Cas systems and number of 

CRISPRs in a genome)  

In our data set, it was found that 82% of bacterial Class I CRISPR-Cas systems had only 

one set of cas genes as show in Fig. 5a. We next investigated patterns that may occur when 

multiple arrays occur in one chromosome. After isolating all systems that had only one set of cas 
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genes, the rank correlation statistic was calculated for Class I and the two major types for the 

relationship between the number of spacers in the CRISPR array that is closest to the cas genes 

and the number of arrays in the genome. Spearmanôs rho can result in values along the spectrum 

between ī1 and 1 where higher values indicates a stronger association between the two 

variables. Class I had a value of ī0.85, Type I had a value of ī0.79, and Type III had a value of 

ī0.75. These values showed a strong association in the manner that as you increased the number 

of CRISPRs present in a genome that had only one CRISPR-Cas system, the CRISPR closest to 

the set of cas genes was less likely to be the largest CRISPR in the genome. A visual 

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

 

 

 

 

Figure 5. CRISPR locus occurrence and position relative to cas operons. a 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 

the cas operon. b Number of CRISPR arrays encoded on a given chromosome. c Location of the 

CRISPR arrays relative to the cas operon. 
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Therefore, it was concluded that CRISPRs tend to be larger when they are in closer 

proximity to a set of cas genes but as you increase the number of CRISPRs on a chromosome, 

then the probability of the largest CRISPRs being associated with those cas genes tends to 

decrease for chromosomes with a single set of cas genes. 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 initiate transcription from multiple locations, and 

also limit the size of primary CRISPR transcripts. 

 

Discussion 

CRISPR-Cas data genesis has reached a point where statistical analyses can be performed 

to examine these intriguing loci and investigate quantitative behaviors of CRISPR arrays with 

regards to size and distribution, for Class I systems in bacterial genomes. Recent efforts in 

CRISPR-Cas systems classification, in combination with the availability of CRISPR and cas 

databases are affording new opportunities to gain insight into these systems. In particular, we can 

now examine the number of spacers in CRISPR arrays in Class I systems, and also between the 

major types (Type I and Type III) and even between well represented subtypes (I-B, I-C, I-E, and 

I-F). Previous research focused on knowledge of individual strains but now the collective gives 

rise to the ability to examine CRISPR-Cas systems from a quantitative perspective.  

It is important to note that these results were derived from a sample dataset. CRISPR-Cas 

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 even sampling of 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 reflect the actual 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 CRISPR-Cas, they typically only include one system and mostly one array. 

Future studies should investigate whether our findings also apply to Class 2 CRISPR-Cas 

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 systems, especially given 

the desire to find new single effector nucleases. Furthermore, it will be intriguing to see what 

happens in organisms in which multiple CRISPR-Cas systems from both classes and multiple 

Types occur (i.e. cases such as Streptococcus thermophilus). Of course, as novel genomes 

become available, and novel CRISPR-Cas systems get identified and characterized, new features 

may come into play (such as the universality, or not, of cas1 genes, and other markers and 

signature proteins). Furthermore, more questions may arise as the structure and function of 

CRISPR-Cas 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 encompass multiple split loci within one 

chromosome. 

It is also important to note that there is misconception or even misperception regarding 

the ease with which CRISPR-Cas systems are identified, categorized, and annotated. Indeed, 

there is a need to develop novel bioinformatics pipelines to streamline these processes, and 
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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 analyses performed on the data itself. 

Overall, our findings lay a foundation for quantitative analyses of CRISPR-Cas systems, 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 test using the K-S 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 the cas genes on a chromosome tended to be largest until you start increasing the 

number of CRISPRs in the genome based on the values calculated from Spearmanôs rho. 

Essentially, we found a strong association between CRISPR size and distance from a set of cas 

genes in genomes where only one set of cas genes 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 the results as well. 
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Data Integration 

After importing the cas data set from the 2015 CRIPSR-Cas classification revision study 

[10] using the readxl package [22], it was systematically explored with the help of the plyr 

package [23] along with the base package functions to identify and subset the cas1 genes. Based 

on the structure of this data set, alongside each cas1 gene, a specific system type and subtype 

was listed to identify the classification of the consecutive rows of cas genes 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 CRISPR-Cas systems occur in genomes, across classes, types 

and subtypes. Consequently, our final data set contains strictly Class I systems and even more 

specifically, Type I and Type III systems. We excluded the uncharacterized and rarely occurring 

Type IV systems, and did not investigate arrays that were not associated with cas1 markers.  

The other data set imported was made up of CRISPR arrays 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 available in the July 2016 release, that carried a CRISPR locus, 

excluding those identified as ñquestionable structuresò, with exclusion of loci identified on 

plasmids (as to solely focus on chromosomal features). This data was merged with the cas data 

[10] based on Accession ID to identify which CRISPRs are associated with which cas genes as 

well as take into account inactive CRISPR-Cas systems in the analysis. The last step was to 

segregate the CRISPR-Cas systems based on whether they were on the positive or negative 

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

CRISPR-Cas analyses, base pair distances between the cas genes and multiple CRISPR arrays 

were calculated and the CRISPR with the least distance from the as genes was chosen. We 
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operated under the assumption that each set of cas genes was associated with one CRISPR. The 

final data set contained CRISPR-Cas genomes of Type I and Type III systems of Class I systems 

and were located entirely on bacterial chromosomes.  

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 data for accuracy 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 

questions with an emphasis on various packages in R. Major analyses were done on Class I 

genomes as well as Type I, Type III, 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 because they have a tendency to add spacers one at a time, and remove them often times 

in small blocks of 2ï5 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, and constitute a countable 

positive integer unit which is mathematically discrete. 

 

CRISPR Array size distribution of CRISPR-Cas systems 

To investigate the distribution of CRISPR array size of active CRISPRs that belong to 

CRISPR-Cas systems, candidate distributions were fitted to the observed data of a histogram 

[26]. Poisson and geometric distributions were initially considered because both were discrete 

and right-skewed [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 number of 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 

estimates for the single parameter candidate distributions and it is displayed in the following as 

the likelihood of the parameter given as a function of the joint density for parameter ɗ for n 

observations of x [27]: 

 

ÌÉË— Ὢὼȟὼȟȣȟὼȿ—   (1)  

 

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

following for ith observation in n sample size [27]: 

 

ὰᴂ—  В ÌÎ Ὢὢȿ—   (2) 

 

It is not sufficient to only fit a distribution because it may not turn out to be a proper fit to 

explain the quantitative behavior of array size. Nonparametric goodness-of-fit was the next step 

for comparing the data against the proposed distribution [29]. Generally, the Kolmogorov-

Smirnov (K-S) test statistic has the following form where F(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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Ὀ ÓÕÐȿὊ ὼ  Ὂ ὼȿ   (3) 

 

With the use of a modified discrete K-S test [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 inspection 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 consider a p-value to be statistically significant and hence to 

combat the problem, this qualitative approach is essential. Probability plots depend on values 

called order statistics shown here with jth observation and n total observations [27]: 

 

Ὁὢ    (4) 

 

It was hypothesized that the data may follow a geometric distribution by performing a 

Kolmorgorov-Smirnov test once the parameters are estimated for the proposed distributions. 

Subsequently, additional histograms were created using reshape2 and ggplot2 R packages that 

showed the differentiation between Type I and II as well as the different subtypes within Type I 

when it came to visually examining their behavior for how closely they followed the geometric 

distribution [30, 31]. 
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Distribution of CRISPRs along chromosome of CRISPR-Cas systems 

In determining if CRISPRs of CRISPR-Cas systems are non-randomly distributed along 

the chromosome, it was necessary to plot the positive and negative strands in addition to 

conducting a statistical analysis. Because CRISPRs 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: 

 

,ÏÃÁÔÉÏÎ 
 

 
 * 360  (5) 

 

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 also often 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 K-S test was performed and a probability plot was created to assess whether the 

observed CRISPR data was uniformly distributed along a chromosome. It was hypothesized that 

the starting location of CRISPR arrays of CRISPR-Cas systems followed a uniform distribution. 
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Relationship of the size of an CRISPR, its distance 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 

CRISPR-Cas system and its distance from a set of cas genes.  

A histogram can plot the number of CRISPR-Cas 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 CRISPR-Cas systems in a 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 CRISPR-Cas 

system is the largest. Furthermore, we can find the correlation between the proportion of 

genomes where the largest CRISPR is the CRISPR associated with the CRISPR-Cas system and 

the number of CRISPRs in a genome. Using a special case of the Pearson correlation, we can 

determine the Spearman rank coefficient or Spearman rho coefficient to measure how strong of a 

correlation exists between the ranked versions of those two variables. This non-parametric 

method is also resistant to outliers which can be helpful in our case when a small number of 

genomes have a fairly large number of CRISPRs compared to the large majority of other 

genomes. The calculation of rho is determined by N ranks where Di is the difference between the 

ranks of our two variables of interest for each ith case [33]: 

ὶ ρ  
В

   (6) 

 

Spearmanôs rho can be easily calculated with the use of software, in this case R provides 

the cor.test function as part of their stats package [21].  



   

32 

 

It was hypothesized that CRISPR arrays of CRISPR-Cas systems tend to be larger than 

CRISPRs further away from the cas genes on the same chromosome when there is a single set of 

cas genes on the chromosome. 
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Abstract 

Orchids are an endangered group of plants that form beneficial endomycorrhizal 

associations with fungi in many diverse soils throughout the world. Orchids associate with 

complex ecological networks of understudied fungal taxa that contribute to enhanced seed 

germination and seedling growth. Despite ongoing efforts to preserve orchids and their habitats 

very little is known about the fungal lineages associated with soils where orchids grow. Many of 

these fungi are uncultured and undescribed making reference-based taxonomic assignment 

challenging. In this study, we applied DNA metabarcoding to orchid soil fungal communities 

and used a combination of reference database searches and multilevel phylogeny-based methods 

to uncover the taxonomic diversity and distribution of fungal taxa in soil associated with orchid 

species in Sweden. We reveal a phylogenetic expansion of distinct fungal lineages within the 

class Leotiomycetes, with many undescribed species in the order Helotiales. Phylogenetic 

placement unveiled the distinct trophic behaviors and lifestyles of unsampled fungal lineages 

sharing a common ancestor with representatives in the order Sebacinales, which are commonly 

associated with roots of orchids and other plant species.  
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Introduction  

The biodiversity of mycorrhizal associations across the plant kingdom is well 

documented and it is estimated that orchids, which represent approximately 9% of all plant 

species described, form beneficial endomycorrhizal associations with soil fungi and orchid roots 

(van der Heijden et al. 2015). The dependency of orchids on soil fungi, primarily in the genera 

Ceratobasidium, Sebacina, Thanatephorus, and Tulasnella, contribute to enhanced seed 

germination and seedling growth, and to the broad geographic distribution of orchids (Xing et al. 

2015). A recent study of endomycorrhizal communities of orchid roots in Italy identified a 

diverse group of fungi in the Ascomycota and Basidiomycota belonging to Ceratobasidiaceae, 

Sebacinaceae, and Tulasnellaceae (Pecoraro et 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 fungal taxa 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 fungi (Bahram et 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 with soils where 

orchids grow.  

The primary experimental and analytical approaches for characterizing soil mycobiomes 

typically identify Operational Taxonomic Units (OTUs) and fungal taxa present (Orgiazzi et al. 

2013; Peay et al. 2016). Using these approaches, over 80,000 species of fungi were detected 

from soil, based on samples from 365 sites around the world using 454 pyrosequencing and 

BLASTn searches (Tedersoo et al. 2014). More recently, improved methods for sequence-based 
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identification of microbiomes with Amplicon Sequence Variants (ASVs) have been developed 

and deployed for short and long-read barcode sequences in fungi and bacteria (Callahan et al. 

2017). This analytical approach can reduce error, provides finer phylogenetic and taxonomic 

resolution, and allows for greater reproducibility.  

Metabarcode sequencing of segments of the rRNA operon in bacteria and fungi has 

proven to be informative in elucidating the composition of soil microbiomes (Lindahl 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 uses a lowest common 

ancestor (LCA) approach (Huson et al. 2007), or the RDP Classifier that uses a naïve Bayesian 

classification method trained on an underlying taxonomy (Wang et al. 2007). Alternatively, the 

MARTA toolkit can be used which leverages NCBIôs BLAST and taxonomy database for 

making taxonomic assignments (Horton et al. 2010). It should be noted that the best BLAST hit 

is often not the nearest phylogenetic neighbor (Koski & Golding 2001) as this depends on the 

availability of close relatives present in the database. For example, the UNITE database is 

enriched in ectomycorrhizal fungi in northern Europe (Kõljalg et al. 2005; Kõljalg et al. 2013) 

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

or lowest common ancestor is not necessarily the correct taxonomic assignment. Another 

limitation of reference-based taxonomic assignment is that it does not take into consideration 

species co-evolution and dependency, which can obscure significant 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 

confounding variation (e.g. in regression analysis of single and multiple traits and variables) if 

not dealt with in microbiome studies (Washburne et al. 2018).  
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In this study, we leverage both the UNITE reference ITS database and phylogeny-based 

analytical methods to understand fungal diversity and distribution among soil fungal 

communities associated with orchid species in Sweden. By using a combination of reference 

database searches and phylogeny-based placement methods we sought to gain a better 

understanding of new and undescribed fungal lineages, as well as insights into their trophic 

behaviors and lifestyles. The results of this work could inform ongoing orchid conservation 

efforts and identify new target species for future studies on the orchid-fungus symbiosis.   

 

Materials and Methods 

Sample Collection 

Eight soil samples were collected from field locations in four cities (Dorkarby, 

Falköping, Gubbo, and Marma) in central Sweden with a 2.5 cm diameter soil probe where at 

least one of the following orchid species was growing, Cypripedium calceolus L., Dactylorhiza 

incarnata (L.) Soó, D. maculata (L.) Vermuel, Epipactis palustris (L.) Crantz, Listera ovata (L.) 

R. Brown, (syn. Neottia ovata (L.) Bluff & Fingerh), or Plantathera bifolia (L.) Rich. (Figure 1).  

https://en.wikipedia.org/wiki/Carl_Linnaeus
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Figure 1. Geographic locations of orchid soil samples collected in Sweden. 

 

Each sample consisted of four cores taken from a depth of 5-cm on each of four sides and 

8-cm from an individual orchid seedling adjacent to a mature plant. All cores were mixed in a 

plastic bucket to create a composite soil sample, placed into a paper bag, transported 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 properties. Total C and N were determined by dry 

combustion using a Leco CN-2000 analyzer (LECO Corporation, St. Joseph, MI) and Ca, K, Mg, 

P, Fe, Cu, Mn, and Zn were determined following digestion of homogenized/milled soil samples 

in concentrated HNO3 using an ICP-OES spectrometer (SPECTRO Analytical Instruments 

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

H2O. 

 

DNA Extraction and Metabarcoding 

Total genomic DNA was extracted from each sample (1 g) using the MoBio RNA 

PowerSoilÊ Total RNA Isolation Kit and DNA Elution Accessory Kit (MO BIO Catalog # 

12866-25, 12867-25) according to manufacturerôs directions. The nuclear ribosomal internal 

transcribed spacer 2 (nrITS2) region was amplified with primers fITS9 forward (5ô-

GAACGCAGCRAAIIGYGA-3ô) (Ihrmark et al. 2012) and ITS4 reverse (5ô-

TCCTCCGCTTATTGATATGC-3ô) (White et al. 1990). ITS4 primer contained an 8-base 

barcode sequence unique for each soil sample. Each 50 ɛl reaction volume contained: 200 ɛM 

dNTPs (ThermoFisher Scientific, Germany), 1.0 ɛM (fITS9) and 0.3 ɛM (ITS4) primers, 2.0 

mM MgCl2, 1x NH4 buffer (Bioline, USA), 1 U of Biotaq polymerase (Bioline, USA) and 1 ɛl 

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 min. 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 analyzed by electrophoresis on 
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1% (w/v) agarose gels pre-stained with Nancy-520 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) according to manufacturerôs 

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 concentrations and freeze dried. Pyrosequencing was 

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

to the manufacturerôs recommendations (Roche, Branford, CT, USA). 

 

Inference of Amplicon Sequence Variants (ASVs) 

Raw sequence reads from 454 were processed using the DADA2 algorithm (Callahan et 

al. 2017) to infer unique sequence variants. We used a modified version of the DADA2 pipeline 

implemented in DeCIFR (https://tools.decifr.hpc.ncsu.edu/dada2) to process single strand non-

overlapping nrITS2 reads. Reads were first trimmed to remove adaptors and then subsequently 

trimmed at a specified cut-off length using CutAdapt 1.16 (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. A trimming length of 450 bp was determined to yield 

sequences with at least 80% of the strand having a Phred score Ó 30. Reads less than 50 bp long 

were removed before ASV inference. 

 

Taxonomic assignment 

Initial taxonomic assignment in the DADA2 pipeline was based on a naïve Bayesian 

classifier method using the UNITE fungal nrITS database (Release date: 01.12.2017; 
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http://unite.ut.ee/) (Kõljalg et al. 2013) as a reference taxonomy training set (Callahan et al. 

2017). ASVs were also classified using BLASTn sequence similarity searches against the same 

UNITE database using the tbasunite.py script, which is available as an optional taxonomy filter 

when performing phylogeny-based placement on reference trees in T-BAS.  In identifying the 

best BLAST hit, the ASVs are first grouped into Operational Taxonomic Units (OTUs) with 

VSEARCH (Rognes et 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 Evalue < e-20 and phylum not 

'unidentified'. From this list, the 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 using the Shannon and Simpson Indices (McMurdie & Holmes 2013) and beta 

diversity. Non-metric multidimensional scaling (NMDS) ordinations were based on the ASV 

counts converted to relative abundance and calculating the Bray-Curtis dissimilarity index to 

visualize fungal community structure associated with each orchid species (McMurdie & Holmes 

2013). The distribution of orchid species across the soil chemistry spectrum was examined for 

each sampled location using ggplot2 (Wickham 2016). Sampled sites were further partitioned by 

fungal phylum (Lüdecke 2017, 2018), classes within the Ascomycota, and orders within the class 

Agaricomycetes. Data were normalized to account for read count differences between sites 

(Venables & Ripley 2013). All statistical tests and visualizations were performed using the R 

statistical software version 2020 (R 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 assignments (Czech et al. 2019). This method 

starts by placing ASVs on reference trees at higher taxonomic ranks (first level) and then moves 

ASVs that fall into sub-clades to more resolved reference trees (i.e. with more taxa) at lower 

taxonomic ranks (second level). We used three published reference trees: sub-phylum 

Pezizomycotina (representing 18 classes) (Carbone et al. 2019) for class level resolution within a 

multilocus framework; Leotiomycetes (60 families) (Johnston et al. 2019) and Sebacinales 

(Garnica et al. 2016) reference ITS phylogenies for family-level and trophic level insights, 

respectively. Multilevel phylogenetic placements were performed using T-BAS v2.1.1 (Carbone 

et al. 2016). For each selected reference tree, ASVs were aligned to the reference sequence 

alignment using MAFFT v6.822 (Katoh & Toh 2010). Alignments were trimmed using trimAl 

(Capella-Gutiérrez et al. 2009) and then subjected to phylogeny-based placement using 

maximum likelihood methods, either the evolutionary placement algorithm (EPA) (Berger et al. 

2011; Berger & Stamatakis 2011) or rapid bootstrap searches using the 70% majority consensus 

tree as the reference backbone constraint tree. The 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 of the sites in Dorkarby associated 

with Dactylorhiza maculata and one of the sites in Falköping, associated with Dactylorhiza 

incarnata, respectively. Soil carbon levels (22.40 to 253.90 g/kg) were highly variable across 

sampling locations, while the levels of most 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 

sampling of orchid soils. 

 

Taxonomic distribution of soil fungi associated with orchid species 

In total, 78,710 nrITS2 reads were filtered and trimmed yielding 78,231 high-quality 

sequences that identified a total of 1,475 unique ASVs (Supplemental Table S2). The most 

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%), Rozellomycota (1%), 

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 found in at least 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 the exception of two additional phyla, 

Olpidiomycota, and Entorrhizomycota, and an unclassified category containing sequences 

unclassified at the phylum level (Figure 2B).  
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Figure 2. Distribution of major fungal phyla in orchid soil from the eight sampling locations in 

Sweden.  Taxonomic assignments based on the reference UNITE database using (A) BLASTn 

sequence similarity searches, and (B) the naïve Bayesian classification method. 
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Within the dominant phylum Ascomycota, ASV relative abundances were highest in the 

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 3A). The most 

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 abundances, not exceeding 

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 Leotiomycetes-order 

incertae sedis (11.37%) (Figure 3B).   
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Figure 3. Distribution of orchid soil fungi within the phylum Ascomycota from eight sampling 

locations in Sweden.  Taxonomic assignments based on the UNITE reference sequence database 

for (A) classes within the Ascomycota, and (B) orders within the class Leotiomycetes. 
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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%), 

Cystobasidiomycetes (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 Gubbo1 to 54.01% 

in Dorkarby1. 
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Figure 4. Distribution of orchid soil fungi within the phylum Basidiomycota from eight 

sampling locations in Sweden.  Taxonomic assignments based on the UNITE reference sequence 

database for (A) classes within the Basidiomycota, and (B) orders within the class 

Agaricomycetes.  
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Fungal Alpha and Beta Diversity  

There was a clear difference in alpha diversity between the soil-associated mycobiome 

communities associated with the orchid species Epipactis palustris and Dactylorhiza incarnata. 

Both the Shannon and Simpson indices 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 the Bray-Curtis NMDS, 

indicated that mycobiomes sampled from soil associated with different orchid species were 

clearly separated from one another, with the exception of mycobiomes of soil associated with 

Listera ovata and Plantathera bifolia, sampled from Marma and Dorkarby1, respectively, which 

appear to share a core mycobiome (Supplemental Figure S1). There was also no clear separation 

between the soil mycobiomes of Dactylorhiza incarnata sampled from Falköping1 and 

Falköping2. 

 

Phylogenetic Placement 

Phylogenetic placement of ASVs on the Pezizomycotina reference tree revealed ASVs 

clustering with taxa in Sordariomycetes, Saccharomycetes, Pezizomycetes, Orbiliomycetes, 

Leotiomycetes, Eurotiomycetes, Dothideomycetes with an ASV-dominated clade in 

Leotiomycetes (Supplemental Table S3; Figure 5A). Several distinct monophyletic clades 

comprising 209 ASVs in the Ascomycota were identified using maximum likelihood with 

bootstrap analysis within the Leotiomycetes sub-clade (Figure 5B). Many of these clades 

represent new lineages within the order Helotiales 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 related to an undescribed family of Helotiales incertae sedis, Hyaloscypha and other 

species in the Hymenoscyphus species 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 sedis (Figure 6B). 
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Figure 5. Phylogenetic placement of Amplicon Sequence Variants (ASVs) on the 

Pezizomycotina reference tree.  The branches and outer ring of the tree are colored by class and 

the ASVs (unknown queries) are shown in grey. The arc in (A) shows a Leotiomycete-specific 

expansion of 209 ASVs. (B) A maximum likelihood analysis with bootstrap analysis of the 209 

ASVs within the Leotiomycetes in (A) where the outer ring is colored by order. ASVs show 

significant lineage structure and divergence from reference taxa. 
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Figure 6. Taxonomic resolution at the family (-aceae) and lower taxonomic ranks for 209 

Amplicon Sequence Variants (ASVs) placed on the Leotiomycetes reference tree. The arc in (A) 

shows an expansion of families comprising 62 ASVs within the Stamnaria lineage/Han Clade. A 

maximum likelihood analysis with bootstrap analysis of the 62 ASVs is shown in (B) where the 

outer ring is colored by accepted family. ASVs represent distinct lineages that share a common 

ancestor with members in this family. 
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A comparison of family-level placements for the 209 ASVs using BLAST searches of the 

UNITE reference database and phylogeny-based 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 family or incertae sedis. In 

cases where only one of the three assignment methods was of high confidence (BLAST 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 phylogeny-based methods. For example, ASV 273 

was assigned to family Vibrisseaceae using BLAST but to Loramycetaceae with a cumulative 

likelihood score of 1 on both the Pezizomycotina and Leotiomycetes reference tree. A further 

search of the ASV 273 sequence against the non-redundant NCBI nucleotide database showed a 

best hit (99.62% identity, 91% query coverage and E= 7e-133) to an uncultured fungus clone 

2170_1439 sampled from Scolytus multistriatus in Sweden (Menkis et al. 2016). Other high 

scoring matches were to Loramycetaceae but not Vibrisseaceae. Phylogeny-based 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 (cumulative likelihood 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 globally (Figure 7B). For example, ASV 234 and ASV 731 share 

a recent common ancestor with HQ154282 sampled from Galium anisophyllum in Germany. 
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Figure 7. Placement of 33 Sebacinales-specific Amplicon Sequence Variants (ASVs) on the 

Sebacinales reference tree. The outer ring in (A) maps the nine nutritional modes on the tree and 

the arc shows the placement of 11 ASVs. A maximum likelihood analysis with bootstrap 

analysis of the 11 ASVs is shown in (B) where the outer rings are for nutritional mode and 

locality. 
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Discussion 

This study focused on the published Pezizomycotina, Leotiomycetes and Sebacinales 

reference trees, alignments, and voucher metadata as an example 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 can be downloaded directly from 

TreeBase [www.treebase.org]. A 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 taxonomic ranks 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 keratitis (Cullen et al. 2019), species limits 

of an emerging fungal pathogen of bio-sweetener plant Stevia rebaudiana Bertoni (Koehler et al. 

2019) and elucidate the evolutionary context of endophyteïhost associations (U'Ren et 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 clustered together when examined phylogenetically on a comprehensive bacterial 

reference tree, representing all major classes of archaea and bacteria (Hug et al. 2016). 

The accuracy of multilevel phylogenetic placement is highly dependent on the 

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 

experts (Czech et al. 2019). Alternative methods such as hierarchical clustering analysis of 

sequences in GenBank, using their reported taxonomy as a backbone constraint has been used for 

reconstructing the most comprehensive seed plant phylogeny (Smith & Brown 2018). A similar 

approach can be used to cluster fungal sequences to inform taxonomy. Because this approach 

http://www.treebase.org/
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relies on taxonomic assignments which are frequently based on sequence predictions that are 

prone to annotation errors (Edgar 2018), it cannot, on its own, determine the optimal placement 

of new undescribed sequences and must therefore work in concert with phylogeny-based 

methods.  

In multilevel phylogenetic placement, unknown DNA sequences are initially placed on 

phylogenies at the highest 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 resolution. For example, 

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 Leotiomycete-specific ASVs on a Leotiomycetes enriched nrITS 

reference tree revealed a close relationship with many undescribed family-level clades. Although 

deeper relationships were poorly supported, the larger number of taxa represented compared to 

the Pezizomycotina was useful in resolving genera level relationships (e.g. Hyaloscypha) and 

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 informative in exploring correlations among traits 

or taxa abundances, and to associate ASVs with previously published sequences and their 

metadata. For example, phylogeny-based placement on the Leotiomycetes reference tree 

revealed that Leotiomycetes ASVs from soil in Sweden included representatives from 

Hyaloscypha associated with orchid roots and other species in the Hymenoscyphus species 

complex that comprise fungi isolated from plant root epi- and endophytes (Fehrer et al. 2019). 

Close ASV relatives included Hymenoscyphus menthae and H. scutula that are distantly related 
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to H. ericae, which form mycorrhizal associations with ericaceous plants, distinct from orchid 

endomycorrhizal types (Perotto et al. 2018; Zhang & Zhuang 2004). There were 67 ASVs that 

placed in the family Hyaloscyphaceae in the order Helotiales which includes diverse mycorrhizal 

fungi and plant endophytes associated with the roots of epiphytic orchids (Herrera et al. 2010). 

One possible avenue for future work is to phylogenetically integrate uncultured ASVs with 

reference sequences from cultured specimens to create a scalable taxonomy 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 

ñmicrobial dark matterò will accelerate predictive modeling and mining of 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 mycorrhiza (green orchids), orchid mycorrhiza 

(achlorophyllous) and endophytic nutritional traits which are reported to be phylogenetically 

well-defined core groups based on hierarchical clustering analysis (Garnica et al. 2016). The 

widespread geographic distribution of these distinct ecological trophic level traits suggests that 

they might function, along with Helotiales 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 geographies (Oliveira et al. 2014; TŊġitelov§ 

et al. 2015). TŊġitelov§ and coworkers examined roots of Neottia ovata (also examined in this 

study) and Neottia cordata from forty-one locations in Europe, including three sites (Falköping, 

Larbro and Fårösund) from Sweden and found Sebacinales were present at all three localities. 

Representative Sebacinales, Helotiales and Leotiomycetes fungi were also identified in the roots 
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sampled from the endangered orchids (Hadrolaelia jongheana, Hoffmannseggella caulescens, 

and Hoffmannseggella cinnabarina) of Brazil (Oliveira et 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 easements (Wetterin 

& Mossberg 2016). Instead, we sampled soil surrounding roots since 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 pelotons directly 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 limited 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 

examine fungi present in the soil (Pecoraro et 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 formosanus) and these may represent different species such as Ceratobasidium, 

Thanatephorus, and Tulasnella (Jiang et al. 2015). Mycorrhizal interactions 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 taxa in Helotiales 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, Sordariomycetes) is a common saprotroph of angiosperm 

wood in boreal forests worldwide. Recent ecological studies have revealed D. loculata has a 

cryptic life stage as an endophyte inhabiting the photosynthetic tissues of phylogenetically 

diverse plants and lichens.  Although the population genetic structure of D. loculata isolated 

from fruiting bodies has been investigated, to date very 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 isolates of D. loculata isolated from temperate 

and boreal forests in North America and Eurasia using genotyping by sequencing. Examination 

of 4,297 genome-wide single nucleotide polymorphisms (SNPs) revealed evidence of five 

distinct evolutionary lineages, as well as recombination at local spatial scales. Populations of 

endophytic D. loculata were significantly structured by locality (Alaska, Canada, Russia, and 

Sweden), host species, and photobiont composition (i.e., land plant, green algal clade, or 

cyanobacteria), 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 roles that can range from mildly parasitic to mutualistic 

(e.g., enhance growth and protect plants against adverse environmental conditions; (Higgins et 

al. 2007; Saunders et 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 fungi; Arnold et al. 2009). The 

majority of fungal endophytes are 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 standard conditions; thus, endophyte 

taxonomy is typically estimated via sequencing of the internal 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 databases suggest that 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 of studies have revealed an extremely high richness of xylariaceous 

endophytes that appear closely related to previously described saprotrophic or pathogenic species 

(e.g., U'Ren et al., 2016). In such cases, the wealth of ecological metadata generated by 

endophyte 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 large-scale studies of endophytic fungi in sub-tropical, 
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temperate, and boreal forests revealed >1,500 cultured endophytic isolates with a close 

phylogenetic relationship to the saprotrophic species, Daldinia loculata (Xylariales, 

Sordariomycetes) (U'Ren et al., 2016; U'Ren et al., 2019).  

Daldinia loculata typically forms ascomata on wood of Betulaceae hosts in temperate, 

boreal, and montane forests of the Northern Hemisphere, although the species also has been 

observed on wood of closely related plant families (i.e., Salicaceae, Fagaceae, and Rosaceae; 

Stadler et al. 2014). Previous studies of D. loculata illustrate the important role of forest fires on 

the population genetic structure of this fungus (Guidot et al. 2003; Johannesson et al. 2001a). In 

periods between fires, D. loculata invades and grows vegetatively in living wood of Betula until 

the tree is damaged or killed by wildfire. After the host is killed, D. loculata grows rapidly 

within its hostôs tissue, forming conidia via asexual reproduction. When conidia of different 

mating types interact, the sexual cycle is initiated, producing ascospores that are wind-dispersed 

to asymptotically infect the unburned wood of young saplings again (Guidot et al., 2003). Such 

dispersal events result in increased genetic diversity within existing local populations of D. 

loculata (Johannesson et al., 2001). 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 populations of D. loculata in non-burned forests 

(e.g., populations separated by more than 7000 km; Johannesson et al., 2001). However, UôRen 

et al. (2016) illustrated that endophytic isolates of D. loculataðabundant in the living 

photosynthetic tissue of phylogenetically diverse plants and lichensðalso may be reproducing 

asexually in periods in between fire events (U'Ren et al., 2016).  

In this study, we used genotyping by sequencing (ddRADseq) to explore the population 

dynamics of >300 endophytic isolates of D. loculata cultured from surface-sterilized 
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photosynthetic tissues of phylogenetically diverse hosts in boreal forests of North America and 

Eurasia (U'Ren et al., 2019). With these data, we examine the role of geography, host 

associations, and substrates in shaping D. loculata population dynamics. Specifically, we 

examined the degree of genetic isolation and drift among D. loculata isolates from central 

Alaska, Canada (Alberta and Québec), and eastern Russia. If genetic isolation and drift are major 

evolutionary forces structuring populations, then we would expect 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 

mating-type system in D. 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 from surface-sterilized tissues of living, 

apparently healthy plants (angiosperms, conifers, lycophytes, ferns, and bryophytes), and lichens 

(with diverse mycobionts, substrates, and growth forms) from five sites representing distinct 

environmental, biological, and biogeographic regions across the continental United States 

(UôRen et al., 2012). In each of these sites, >2,000 fungi also were cultured from surface-

sterilized tissues of senescent leaves from the canopy of selected woody plants (i.e., dead plant 

leaves, DP) and leaf litter (i.e., fallen leaves of the same species, FP) (see UôRen et al., 2010; 

U'Ren & Arnold 2016).  

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

operational taxonomic units (OTUs) based on 95% sequence identity to estimate species 



   

71 

 

boundaries (see U'Ren et al., 2012). To further characterize endophytes within the context of the 

known species of Xylaraceae sensu lato, a representative isolate of each OTU was then selected 

for multi-locus sequencing using ribosomal (ITS, 5.8S, and LSU rDNA) as well as protein 

coding genes (RPB2, beta-tubulin, and alpha-actin) (see U'Ren et al., 2016). These phylogenetic 

analyses placed five endophytic OTUs (representing >352 individual isolates) within a well-

supported clade containing two isolates of 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 

isolates (U'Ren et al., 2019), which were sequenced and clustered into OTUs following the 

methods in U'Ren et al. (2012).  Based on these results, we identified >1,100 additional isolates 

in the same D. loculata OTU (see U'Ren et al., 2019). From these >1,500 endophytic and 

saprotrophic isolates putatively identified as D. loculata, 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, we selected 14 isolates representing a closely 

related clade of Hypoxylon to compare with the D. loculata endophytes, for a total of 380 

isolates.  

 

DNA extraction and genotyping by sequencing 

Pure cultures of each isolate were grown on 2% malt extract agar (MEA) and mycelium 

was harvested for DNA extraction using the DNeasy UltraClean® Microbial Kit (Qiagen) 

following the manufacturers protocol. DNA was resuspended into molecular-grade water during 

the final elution step and subsequently quantified using the Qubit fluorometer (Invitrogen). Each 
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isolate was genotyped by double digest restriction site digestion DNA sequencing (ddRADseq) 

as described previously (Peterson et al. 2012). Enzyme selection was based on in silico 

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

et al., unpublished data). Two restriction enzymes, MluCI(=Tsp509I) and MspI, were identified 

that yielded approximately 5000 fragments that were 350-450 bp in size. Total genomic DNA 

from each isolate (200 ng) was digested with MluCI and MspI and adapters were ligated to the 

ends (Peterson et al. 2012). After size selection of a 450-550 bp fragment pool, Illumina indexes 

were annealed to allow for library demultiplexing first by Illumina index and then by barcode. A 

maximum of 200 isolates were multiplexed on a 300 bp paired end Illumina MiSeq run, which 

was predicted to yield at last 15X coverage given an approximate Daldinia genome size of 35 

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

  

Data processing  

All data was analyzed using a custom online Galaxy instance (Afgan 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 performing variant calling).  Briefly, sub-libraries were 

demultiplexed using the process_radtags script (http://catchenlab.life.illinois.edu/stacks/). 

Cutadapt v1.16 was used to trim the adapters and remove any sequences shorter than 20 bp and 

ensuring a quality cut off score of at least 30 (Martin 2011). Quality trimmed, paired-end reads 

were aligned using BWA-MEM (Li 2013) to the D. loculata AZ0526 reference genome 

(https://mycocosm.jgi.doe.gov/DallocAZ0526_2/DallocAZ0526_2.home.html) (U'Ren et al, 

unpublished data).  

http://catchenlab.life.illinois.edu/stacks/
https://mycocosm.jgi.doe.gov/DallocAZ0526_2/DallocAZ0526_2.home.html
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Phylogenetic placement and parsimony networks 

To confirm the taxonomic placement of isolates within the D. loculata clade, we 

performed a phylogeny-based placement (based only on ITS and partial LSU sequences) using 

the Xylariaceae sensu lato reference tree (based on the multi-locus phylogeny from U'Ren et al., 

2016) available in T-BAS v2.1.1 (Carbone et al. 2019; Carbone et al. 2016). Placements were 

performed using the maximum likelihood evolutionary placement algorithm (EPA) and 

assignments were based on cumulative likelihood weights of greater than 0.90 (Berger et al. 

2011; Berger & Stamatakis 2011). For isolates within the D. loculata clade, network inference 

was performed in T-BAS with TCS v.1.21 (Clement et 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 for the combined ITS-LSU region. For all subsequent analyses described 

below, we used only isolates that fell within the D. loculata clade (Fig. 1).  

  

D. loculata variant discovery 

Prior to variant calling, SAM alignment files were converted to BAM format and 

coordinated-sorted. Duplicate reads were flagged and ranked by the sum of their base-quality, 

and read group information was added to track strains in downstream analyses (Barnett et al. 

2011; Li 2011; Li et al. 2009). We called variants using the HaplotypeCaller variant discovery 

pipeline in GATK v4.1.0.0 (McKenna et al. 2010). Genome variant call format (GVCF) files 

were joint genotyped using the GATK GenotypeGVCFs tool. The output VCF file was further 

filtered according to GATK Best Practices recommendations (DePristo et al. 2011; van der 

Auwera et 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 of 0.5 (Danecek 
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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 lower max-missing value was 

used if the next higher value eliminated a disproportionate 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 

(Dereeper et 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 data was determined using the Tracy-Widom 

statistic (Tracy & Widom 1994) and the number of distinct genetic clusters was determined using 

the Gap Statistic (Tibshirani et 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 ggplot2 and ggrepel 

packages (Slowikowski et al. 2018; Wickham 2016), implemented in R (Team 2020). To 

determine if populations have experienced bottlenecks, we used the three largest contigs in each 

population to test for violations in population size constancy using Tajimaôs D, as implemented 

in Variscan 2.0 (Hutter et al. 2006; Vilella et al. 2005).   

 

Linkage disequilibrium  

The extent of linkage disequilibrium (LD) along the three longest scaffolds was examined 

using Haploview 4.2 (Barrett et al. 2005). LD blocks were estimated using the solid spine blocks 

(SPI) 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 coloring scheme bright red 

represents strong LD (LOD Ó 2, D' = 1) and blue represents weak LD (LOD < 2, D' = 1). 

 

Statistical analyses 

Ten sample metadata attributes (as listed in Supplemental Table S2) were condensed into 

four independent categories: origin, 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 Benjamini-Hochberg method was adopted to control the 

false discovery rate (FDR) at the alpha = 0.05 level. For comparison, these tests were also 

performed on genome-wide haplotypes (GWHs) inferred by clustering SNPs at four levels of 

sequence identity (0.91, 0.93, 0.94, and 0.95), using the mean shift algorithm implemented in 

MeShClust (James et al. 2018).  

 

Mating types 

A previous study revealed an unusual organization of mating-type regions in Daldinia 

and other members of the order Xylariales (Robinson & Natvig 2019). Two isolates of 

Xylariaceae sensu lato, Daldinia eschscholzii and Xylaria hypoxylon, were reported to contain 

the MAT1-2 idiomorph, which encodes 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 mating-type system. In the Xylariales, the mating type idiomorph was not flanked by 

the genes encoding DNA lyase (apn2) and a cytoskeleton assembly protein (sla2), as is the case 

in other heterothallic members of the Ascomycota. We explored the mating type organization in 

D. loculata by performing tBLASTn and BLASTx searches (Johnson et al. 2008) for homologs 

of the MAT1-1 and MAT1-2 idiomorphs in the D. loculata reference genome (U'Ren et al, 

unpublished).  

When searches revealed the existence of homologs, we designed oligonucleotide primers 

to examine the region in a representative set of D. loculata strains 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, 5`-GCCGTCCTATGCGATACCAA-3`). The thermal cyling 

program for PCR amplifications was as 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 North Carolina State University.   

 

Results 

Phylogenetic placement and parsimony networks 

A two-locus phylogenetic placement showed that 354/365 sequences putatively clustered 

within an OTU of D. loculata (based on U'Ren et al., 2016) were closely related to D. loculata 

(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; Figure 2; Supplemental Table S3). The network 
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based on the ITS-LSU 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 of D. loculata (Supplementary Table S3, S4). These isolates included representatives 

from North America (Alaska (n=115), Quebec (n=9), Wood Buffalo (n=45), Michigan (n=6)), as 

well as Eurasia (eastern Russia (n=7), central Russia (n=20), Sweden (n=1)). These isolates were 

further subjected to variant discovery and population genetic analysis. Although all 203 strains 

had identical ITS rDNA sequences, seven isolates belonged to different ITS-LSU rDNA 

haplotypes (H54 (AK0161, AK0168), H59 (AK0005), H75 (AK0070, AK1049), H0 (AK1509) 

H39 (WB0307); Supplemental Table S3). 

 



   

78 

 

     

 

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 predominantly red color indicates a 

large sample of isolates from Eagle Summit (Alaska) that are closely related to D. loculata 

reference strains from U'Ren et al., (2016). 
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Figure 2. Parsimony networks inferred for the ITS rDNA locus alone or the combined ITS-LSU 

rDNA loci. The different connected networks are shown where each node is a haplotype and the 

size of the nodes indicates the number of strains in each haplotype.  The smallest sized node 

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 endophytic D. loculata isolates (Supplemental Table S5). Results of 

genome-wide 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 

largest scaffolds with lengths of 2,155,844, 1,508,945, and 1,015,981 base pairs.  Isolates were 

grouped into three broad geographic regions: Alaska (n=115), Canada (n=54), and Eurasia 

(n=28). By adjusting the maximum for missing data between 0.84 and 0.93, we identified 

approximately 400 SNPs per scaffold (Supplemental 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).  A post-hoc analysis using Fisherôs exact test, with  

controlled FDR at 5% using the BenjaminiïHochberg procedure to get the adjusted p-values,  

revealed a significant association of cluster with origin (P = 0.0000399996), lichen photobiont (P 

= 0.0409062576), and host (P  = 0.0409062576). There was no significant association of cluster  

with host tissue category (P = 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, contained 163, 169, 167, and 94 strains, respectively. Testing at each level revealed no  

significant association of haplotype with origin, habitat, host, or lichen photobiont. Tajimaôs D  

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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Figure 3. PCA plots showing association of cluster with (a) geographic origin and (b) 

photobiont composition (i.e., land plant, green algal clade, or cyanobacteria). 
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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 of the metadata categories. Tajimaôs D was less than one across all 

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

geographic regions (Figure 4). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Plots of Tajimaôs D across three scaffolds and three populations.  This is a windowed 

approach examining 30 SNP intervals along each scaffold.  A line of Tajimaôs D value of 0 is 

shown in red.  Most of the values for Tajimaôs D were less than 0, pointing to a deviation in 

population size constancy. 
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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 258,862- 489,483 

bp.  There were three major LD 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.  

 

 

 

Figure 5. LD plots across three scaffolds and three populations. LD blocks are shown as 

triangular plots and the black lines outlining the edges of the triangle are the SNPs under strong 

LD. In the coloring scheme bright red represents strong LD (LOD Ó 2, D' = 1) and blue 

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

Using BLAST searches, we identified a single MATA_HMG domain on scaffold 4 of the 

D. loculata reference genome. A second-best hit was found on scaffold 6 with similarity to 

STE11 (MEK kinase). All BLAST searches failed to find a homolog to MAT1-1 in the reference 

genome or in any of the endophytic isolates sequenced here. We successfully PCR amplified the 

putative MATA_HMG domain across the 203 strains in the D. loculata cluster.  DNA 

sequencing of these PCR amplicons revealed the existence of at least two distinct MATA_HMG 

lineages.  Putative homologs of apn2 and sla2 were 74,734 bp apart on scaffold 38 of the D. 

loculata reference genome.  

 

Discussion 

Previous work examined Eurasian populations of D. loculata isolates collected as fruiting 

bodies. These studies suggested D. loculata populations have low genetic differentiation and 

limited or no evidence of structure over large distances (Johannesson et al. 2001b). On a local 

scale previous studies provided evidence of fertilization of mycelia (representing the female 

parent) by sexually compatible male conidia possibly vectored via insects (Guidot et al. 2003). In 

addition, previous studies examining the population structure of D. loculata in Sweden 

demonstrate evidence of heterothallism and long-lived haploid mycelia that can be genetically 

more dissimilar on a local scale than over large distances (Johannesson et 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 illustrate that D. loculata is highly 

abundant as an endophyte in phylogenetically diverse angiosperms, conifers, lycophytes, mosses, 

and lichens (U'Ren et al., 2016; 2019), yet the genetic structure of endophytic D. loculata 
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isolates has only been examined using sequences of the ITS-LSU locus (U'Ren et al., 2019), 

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

the population genetic structure of >200 D. loculata endophytes across North America and 

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

shaping D. loculata population dynamics.   

Our data identify five distinct evolutionary lineages in populations of endophytic D. 

loculata that are significantly structured by locality (Alaska, Canada, Russia, and Sweden), host 

species, and their photobiont composition (i.e., land plant, green algal clade, or cyanobacteria). 

Four out of the five clusters (C0, 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 other parts 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 geographical distances 

(Johannesson et 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 diversity of endophytic D. 

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 deviations from neutrality (Figure 4). These patterns are 

consistent with the lack of sexual reproduction due to living as an endophyte in long-lived 

evergreen plant leaves and lichen thalli. Although we have evidence of infrequent recombination 

the exact mechanism for genetic exchange and recombination is unclear.  
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In heterothallic fungi, the MAT1-1 and MAT1-2 mating type idiomorphs are located 

within a single mating-type region, and are typically flanked by the genes encoding DNA lyase 

and a cytoskeleton assembly protein (Martin et al. 2010).  We were able to amplify and sequence 

the MATA_HMG domain from the MAT1-2 idiomorph from our isolates, which corresponds to 

the MATa idiomorph of Saccharomyces cerevisiae (Butler et al. 2004). A putative homolog of 

STE11 MEK kinase on scaffold 6 was also identified; STE11 is one of the elements of the MATa 

pheromone activated MAP kinase cascade that plays a role in mating (Fraser & Heitman 2003). 

Thus, while D. loculata undergoes sexual reproduction, only some of the genes required for 

sexual reproduction have been identified (Iyer et al. 2009). There was no evidence of a homolog 

of MAT1-1 from BLAST searches of the D. loculata reference genome (isolated as an 

endophyte) and the closely related D. eschscholzii isolated from human hosts (Chan et al. 2015).  

Since D. loculata is reported to be heterothallic (Johannesson et al. 2001a) 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 in D. loculata were located 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 Xylariales (Robinson & Natvig 2019). PCR 

screens showed that the MATA_HMG domain was present in most D. loculata strains examined 

in this study, which suggests that if the fungus is heterothallic the populations are strongly 

skewed to MAT1-2.  Alternatively, D. loculata could undergo some form of unisexual 

reproduction as reported in the human pathogens, Cryptococcus neoformans (Lin et al. 2005) 

and Candida albicans (Alby et al. 2009); however, this will require further investigation to 

confirm.  
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Appendix A: Chapter 2 Supplemental Material 

 

 

 
 

 

Additional File 1:  Goodness of fit. Probability plots confirming that overall, class I 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 

differentiated on type and subtype for both positive (blue) and negative orientation (red). 
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