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PREFACE 

 Microbiome is defined as “the entire habitat, including the microorganisms 

(bacteria, archaea, lower and higher eukaryotes, and viruses), their genomes (i.e., genes), 

and the surrounding environmental conditions,” based on the concept of “biome,” which 

contains both biological members and non-biological factors in a given environment (1). 

Microbiome is ubiquitous in but unique to each ecosystem; while every ecosystem 

including humans, animals and even office environments harbors microorganisms, the 

taxonomic composition, functional interactions and temporal dynamics of the 

microbiome are distinct each other (2-4). Furthermore, it has been revealed that human 

microbiome, the microbial communities on human body, are related to host health and 

diseases, such as type 2 diabetes, atopic dermatitis, and pre-term birth, attracting 

increasing attention in recent biomedical researches (5-7). 

While original researches utilized culture-based approach to characterize the 

microbiome, non-culturable microbes are not detected by culture process. Culture-

independent approach which utilize sequencing technology emerged in order to capture 

both culturable and non-culturable microbes (8). Currently, two major methodologies, 

amplicon sequencing and shotgun metagenome sequencing, are used (9). Amplicon 

sequencing is a technique which uses primers targeting a taxonomically informative gene 

to amplify the gene by PCR. Usually, the 16S rRNA or the internal transcribed spacer 

region are sequenced for bacterial or fungal communities, respectively. The PCR 

amplicon are then analyzed by a sequencer to find relative abundances of the microbial 

taxa at genus-level and species-level. Shotgun metagenome sequencing, on the other hand, 

analyzes all genomic contents within a sample, which have enabled strain-level profiling 
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of the microbiome. In addition, it is also possible to capture catalogue of functional genes 

by using shotgun metagenome sequencing, while it is relatively expensive and laborious 

(10). 

Rapid advances in sequencing technology have drastically changed the 

microbiome researches, which have revealed significant variation in the structure of the 

human skin microbiome among healthy individuals (11-13). Fierer et al. demonstrated 

that bacterial communities on the hands of different people share only 13% identity (14). 

Several studies have demonstrated individuality of the microbiome as a “bacterial 

fingerprint” to develop a novel method for the identification of people involved in crime 

scenes, in which metagenome datasets or 16S rRNA sequencing data were analyzed (11, 

15, 16). It is expected that bacterial DNA can be easily recovered from the surface of 

objects touched by a suspect, considering the abundance of bacteria on human skin, which 

is estimated to be approximately 10000 cells/cm2 (11, 17). The microbiome of the human 

skin has gained attention in recent years owing to low success rates of DNA profiling 

from an object touched by hands, which typically yields a small amount of DNA (18). 

Considering the number of samples for DNA profiling in Japan, which reaches 

approximately 300 thousand samples per year, it will be beneficial to achieve effective 

and reliable police activities that development of a new profiling method which can 

complement conventional DNA profiling by handling low human DNA samples (19). 

Identification of individuals in crime scenes based on microbial community 

diversity requires characterization of the microbiome community with a degree of high 

resolution. Schmedes et al. utilized whole-genome shotgun sequencing to discriminate 

personal microbiomes using a strain-level taxonomic profiling (15). Although the study 

achieved high accuracy for personal identification by analyzing public data, the high cost 
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and complexity of analysis precludes its practical use. In contrast, amplicon-based 

microbiome profiling is comparatively cost-effective as it can be performed using 

conventional methods such as microarray analysis (20-23). As a phylogenetic marker, 

16S rRNA gene has been widely used in microbiome studies. However, 16S rRNA-based 

personal identification is easily perturbed over time (24, 25). The temporal instability of 

the “bacterial fingerprint” is likely due to loss of minor species in an environment. 

Moreover, the resolution of amplicon sequencing using 16S rRNA is not sufficient to 

discriminate bacteria at the strain level, or, in many cases, at the species-level (26). The 

importance of strain-level classification of specific species for personal identification has 

been previously proposed (15, 27). Effective personal identification would require 

determination of the microbial community composition at high resolution; thus, novel 

strategies are needed to employ amplicon sequencing for forensic purposes. 

The clustered regularly interspaced short palindromic repeat (CRISPR) array 

corresponds to a genomic locus found in prokaryotes and is composed of identical repeats, 

formerly called direct repeats, and unique sequences between repeats, called spacers (28). 

Typically, CRISPR repeats range from 28 to 37 bp in length, whereas spacers range 

between 32 and 38 bp (29). Each CRISPR corresponds roughly to a specific taxon. 

However, some strains harbor multiple CRISPR loci and some CRISPRs are conserved 

in multiple species. CRISPRs along with CRISPR-associated proteins (Cas), comprise 

the adaptive immune system of prokaryotes (30). It serves as a defensive mechanism 

against foreign genetic entities, such as phages. To provide immunity against the re-

infecting foreign DNA, the CRISPR-Cas system integrates a short DNA fragment derived 

from the foreign DNA as a new spacer. Therefore, spacer sequences in a CRISPR array 

represent a history of past infection encountered by a bacterial strain and reflect the 
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structure of the viral community, which is more personalized than that of the bacterial 

community itself (31, 32). 

The present thesis aimed to develop and evaluate a new amplicon sequencing 

method which analyzes personalized skin microbiome with resolution of strain-level for 

forensic personal identification as a proof-of-concept. To achieve strain-level 

classification of skin microbiome, analytical method to evaluate diversity of CRISPR 

sequence in skin microbiome were developed. In chapter I, the diversity of CRISPR is 

evaluated to identify the most abundant CRISPR repeats in the human skin microbiome 

by mining publicly available datasets. In chapter II, CRISPR typing by the amplicon 

sequencing methodology was developed to analyze spacer diversity of three candidate 

CRISPRs in the skin microbiome. Then, the data was also used to predict the origin of 

the samples by a machine learning approach to evaluate the potential of CRISPR typing 

as a tool for personal identification. In chapter III, two DNA extraction protocol were 

compared to optimize the protocol of the metagenomic CRISPR typing developed in 

chapter II for forensic purpose. In addition, longitudinal stability of the CRISPR diversity 

was also evaluated by expanding the results in chapter II with results of samples newly 

analyzed in chapter III. 
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CHAPTER I 

Metagenomic reconstruction of CRISPR arrays in the human 

skin microbiome 

Introduction 

As variable spacers in a CRISPR array are flanked by conserved repeats, it can 

be used as a phylogenetic marker that provides higher resolution than that of other 

markers, such as 16S rRNA. CRISPR typing, which is also called spacer oligonucleotide 

typing (spoligotyping), using the spacer acquisition history of CRISPR arrays has been 

utilized for phylogenetic analysis of bacteria (33-42, and see reference 43 for a review). 

This typing strategy was also applied in some metagenomic studies to characterize 

complex microbial populations or identify host-virus interactions, both by reconstruction 

of CRISPRs from shotgun metagenomic datasets (44-47) and amplicon sequencing 

utilizing primers targeting the repeats of CRISPR (32, 44, 48-50). A limitation of CRISPR 

typing for microbiome characterization is that the spacers of a specific CRISPR locus 

recovered from a shotgun metagenome dataset may be insufficient to understand spacer 

diversity within the microbial community. For example, Rho et al. could not identify the 

distribution of CRISPR arrays in some skin datasets by CRISPR array reconstruction 

using shotgun metagenome datasets obtained from the Human Microbiome Project (45). 

Another limitation is that amplicon sequencing targeting CRISPR arrays is strongly 

dependent on a priori knowledge of repeat sequences (44); CRISPR spacers cannot be 

sequenced by amplicon sequencing without understanding which CRISPR arrays are in a 

specific environment, whereas amplicon sequencing can be utilized for complete 
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sequencing of spacers in a specific CRISPR locus. Therefore, it remains unclear whether 

it is possible to discriminate personal microbiomes using spacer diversity or identify the 

CRISPRs that are suitable for personal identification. To overcome these limitations, the 

identity of CRISPRs that are common in the human skin microbiome must be determined 

to enable characterization of the spacer diversity of CRISPRs in different individuals. 

In this chapter, the most abundant CRISPR repeats in the human skin 

microbiome were identified via metagenomic reconstruction of CRISPR arrays. In 

addition, number of reads containing CRISPR repeats were determined by an assembly-

independent manner, in order to identify the frequencies with which repeats are shared 

within the individuals. 

Materials and methods 

Metagenomic datasets 

Metagenomic datasets from the skin of the palm were downloaded from the 

European Nucleotide Archive in fastq format. The samples used in this study have been 

registered under BioProject PRJNA46333. Data collection methods were performed in 

accordance with previously reported method by Oh et al. (12). Samples containing 

multiple runs were merged before assembly. 

Identification of CRISPR arrays using metagenomic datasets and isolation of 

CRISPRs conserved across multiple individuals 

The scheme for CRISPR reconstruction from the metagenomic reads and 

isolation has been summarized in Figure 1. Reads were filtered using Trimmomatic 0.39 

to remove low-quality reads (51), bases with low-quality scores (Q < 20) were trimmed 
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from both ends, and short reads (< 50 bp) were removed. As the file was too large to 

assemble, 8 × 107 reads (22%) were subsampled from the largest dataset (SRX743731) 

using seqtk (https://github.com/lh3/seqtk). De novo assembly of the metagenome was 

performed using MEGAHIT v1.1.4 (52). The datasets were assembled with default 

parameters, except that the k-mer sizes were fixed as --k-list 29,39,59,79,99. Output 

contigs were analyzed using the PILER-CR v1.06 with default parameters to detect the 

CRISPR arrays (53). Each repeat in a CRISPR array detected by the PILER-CR was 

converted to a single read. All reads were then duplicated and one of the read pairs was 

reverse complemented, as the orientation of repeat sequence was unclear. 

Repeat reads were then analyzed using QIIME 2 v2019.7 (54). First, 

dereplication and de novo operational taxonomic unit (OTU) clustering at 90% were 

performed using q2-vsearch plug-in (55). The repeat reads were detected in less than two 

individuals and the duplicated reverse complement repeat reads were discarded. The 

representative CRISPR repeats of each OTU were annotated by BLAST using default 

settings (56). The subject with the highest max score was defined as the host species. 

Since CRISPRs are mobile genetic elements, multiple species were often found to share 

the same repeat (57); in such cases, one representative species was recorded. Eventually, 

heatmaps of the repeat reads on the OTU table were constructed using the heatmap 

visualizer of the q2-feature-table plug-in (58). The type and orientation of CRISPRs were 

determined by a search for same repeats in CRISPRCasdb (59). 

CRISPRCasFinder was utilized to identify cas genes associated with the 

CRISPR locus found in metagenomic contents (60). The contigs assembled by 

MEGAHIT were used as initial inputs. CRISPRCasFinder was then used with default 

settings in order to extract the contigs that contained CRISPRs with evidence-level 4 and 
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were > 1000 bp in length. The evidence-level was determined by CRISPRCasFinder. 

Subsequently, the extracted contigs were subjected to CRISPRCasFinder again to 

determine if the contigs contain cas genes and to subtype the identified cas genes based 

on the nomenclature proposed by Makarova et al. (61) using CRISPRCasFinder with the 

-cas parameter. Three representative contigs containing STEQ CRISPR arrays were 

compared with the genome of Streptococcus strains (Table 1) using CRISPR Visualizer 

(62). 

Measurement of repeats in the metagenomic dataset by BLAST search 

The number of reads containing each repeat in a dataset was measured using 

BLAST. The sequences of repeats were used as queries and the skin metagenome datasets 

in the Sequence Read Archive (SRA) of NCBI were used as subjects. The datasets used 

as subjects were identical to those used in the CRISPR reconstruction, except for samples 

from nares or cheek. Two samples (SRX740760 and SRX740761) from nares or cheek, 

representing oily and moist sites, respectively, of the same individual (HV07) were also 

included to evaluate repeat variation in different skin sites within an individual. Default 

parameters were used for the short-read search except that the maximum number of target 

sequences was set as 5000. Reads with > 90% identity and > 90% query cover were 

included in the downstream analysis. A hierarchically clustered gradient heat map of 

repeat frequency was plotted using the clustermap method in the Seaborn package 0.9.0 

(https://seaborn.pydata.org/generated/seaborn.clustermap.html) in Python 3.6.8. 

Results 

Identification of conserved CRISPR arrays among individuals in skin using 
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metagenome datasets 

Amplicon-based CRISPR sequencing cannot be used without prior knowledge 

of the CRISPRs present in a microbial community. Thus, the diversity of CRISPRs in in 

the human skin microbiome was investigated by analyzing metagenome datasets obtained 

in a previous study (12) via metagenomic reconstruction of CRISPRs. Although 

reconstructions of the CRISPR arrays in the human microbiome were previously reported 

(45, 46), the diversity of CRISPR arrays in the skin metagenomic data remained unclear. 

In this study, the data of samples collected from the Hp region were analyzed, as DNA 

from the hands are most likely to be collected from crime scenes. The metagenomic data 

were assembled using the de novo assembler MEGAHIT (52). CRISPR arrays were 

identified by PILER-CR, a tool developed for identifying CRISPRs (53). Using this 

pipeline, 862 arrays were identified from 15 samples among 14 individuals (Table 2). No 

CRISPR arrays were obtained from samples MET0022 (HV01), MET0161 (HV08), or 

MET0177 (HV07). This may be attributed to insufficient assembly, as the number of 

reconstructed CRISPR arrays greatly depends on the assembly quality. Interestingly, two 

samples, MET0177 (HV07; Hp-L) and MET0190 (HV07; Hp-R) derived from the same 

individual, yielded metagenomes with different detectable CRISPR arrays. These results 

suggest that the repeatability of metagenomic reconstruction is insufficient to fully 

measure CRISPR diversity. 

The origins of the repeats detected via metagenomic CRISPR reconstruction 

were identified by a BLAST search. Among 24 CRISPR repeat sequences, 14 CRISPR 

repeats were identical to their respective reference genomes, while the other 10 did not 

match exactly to the reference genomes (Table 3). Thus, the latter repeats may have been 

derived from previously unknown CRISPR arrays, although it remains unknown whether 
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these putative CRISPRs were correctly reconstructed. Note that, in such cases, the 

annotation of CRISPRs including host species, subtyping, or orientation might not be 

precise or be impossible and should be clarified in the future studies. The most frequently 

observed repeat was derived from Streptococcus equinus (STEQ), which was observed in 

eight individuals (Figure 2A, Table 2). This specific streptococcal repeat has been targeted 

in other studies using specific primers to amplify the spacers of Streptococcus species in 

the oral and skin microbiomes (50). In total, 24 putative CRISPR arrays were observed 

for at least two individuals, indicating that some CRISPR arrays were conserved among 

the population. To validate the reconstructed CRISPR arrays, the CRISPR-Cas systems 

were subtyped based on nomenclature proposed by Makarova et al. using 

CRISPRCasFinder and compared the arrays with a known CRISPR database if cas genes 

were also detectable (60, 61). Using CRISPRCasFinder, 42 CRISPRs that associated with 

cas genes were identified (Table 4); a representative CRISPR-Cas locus is shown in 

Figure 2C. Two CRISPR arrays were compared with the most relevant arrays in a public 

database. For the most abundant CRISPR, STEQ, three CRISPR arrays were detected by 

CRISPRCasFinder, one of which was subjected to a BLAST search to identify the most 

relevant CRISPR loci in the NCBI database. It was found that the most similar CRISPR-

Cas region for STEQ CRISPR was that of Streptococcus oralis strain FDAARGOS_367 

(GenBank: CP023507) and STEQ CRISPR was classified into type IIA, which is 

characterized by cas9 gene. Another example of CRISPR loci with cas genes was that of 

Streptococcus thermophilus (STTH). For STTH CRISPR, one contig containing both 

CRISPR and cas genes was obtained. This CRISPR-Cas was close to that of 

Streptococcus mitis strain S022-V3-A4 (GenBank: CP047883), which was also classified 

into type IIA. Repeats of both STEQ CRIPSR and STTH CRISPR were identical to those 
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of CRISPR1 and CRISPR3 of Streptococcus thermophilus (63), although the entire loci 

were close to other Streptococcal species, suggesting that these CRISPRs are widely 

preserved among Streptococcus. Then, three representative STEQ CRISPRs, which were 

detected with cas genes, were compared against those with the same repeats (Figure 3). 

Given that all spacers in the reconstructed arrays were unique among the 25 references in 

CRISPRCasdb (59), it is difficult to precisely identify the array origin. Expansion of the 

CRISPR database may improve classification accuracy in the future. Altogether, the 

results suggest that CRISPR reconstruction using metagenomic data accurately detects 

repeats present in the skin microbiome.  

CRISPR repeat abundance in the skin microbiome 

Insufficient CRISPR arrays were detected in multiple datasets, with some 

individuals sharing no CRISPR arrays with others, perhaps due to the low coverage of 

CRISPR arrays. Reads containing CRISPR repeats may be observed more frequently in 

metagenome datasets, even in those where no CRISPR arrays were reconstructed. For 

repeats observed in metagenomic CRISPR reconstruction, the number of reads containing 

each repeat were measured by using BLAST. The reads containing repeats were 

enumerated by searching the repeat sequence as a query against the metagenome dataset 

using the SRA as a subject. Repeats observed in at least three individuals in the CRISPR 

reconstructions were included as queries for read counting. Among the CRISPR repeats 

identified in CRISPR reconstructions, the repeats derived from STEQ, STTH, Neisseria 

polysaccharea, and Syntrophomonas wolfei were most frequently observed in read 

counting (Figure 2B, Table 5; repeat identifiers are listed in Table 2). Reads containing 

the repeats of these CRISPRs were detected from the hands of 14 of the 15 individuals 
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by read counting, while those CRISPRs were observed in 8, 5, 6, and 3 individuals, 

respectively, by metagenomic CRISPR reconstructions (Table 3). As shown in Figure 2B, 

individuals were categorized into three clusters based on the most abundant repeat; the 

most abundant repeats in the first and the second groups were derived from Micrococcus 

luteus (MILU) and Chryseobacterium, respectively. In the last group, repeats derived 

from MILU and Chryseobacterium were less abundant than other repeats, such as those 

derived from STEQ or N. polysaccharea. Clustering of repeat abundances was plausible 

because four samples from the same individual (HV07), including two samples each from 

nares and cheek (representing moist and oily sites, respectively), were grouped into the 

same cluster. Some repeats were observed in individuals even when no CRISPR array 

was detected in the assembled contigs (HV01 and HV08), suggesting that the prevalence 

of CRISPR arrays was underestimated by metagenomic reconstruction. Therefore, 

amplicon sequencing may be a more effective tool for studying CRISPR diversity. 

Discussion 

Regardless of previous studies that utilized amplicon sequencing for evaluation 

of spacer diversity in oral, skin, or lake environments (32, 44, 48-50), the high inter-

individual diversity of spacer sequences on human skin is still largely unknown, given 

that the specific CRISPR arrays in skin environments commonly shared among 

individuals have not been clarified. This study identified putative CRISPRs shared 

between the skin microbiomes of different individuals by reconstructing CRISPR arrays 

using publicly available metagenome datasets (Figure 2). 

Metagenomic reconstruction of CRISPR arrays identified the consensus repeats 

of CRISPR arrays conserved among individuals. The repeats of CRISPRs derived from 
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STEQ, N. polysaccharea, STTH, V. parvula, Aggregatibacter aphrophilus, and S. wolfei 

were observed in 14 of 15 individuals (Figure 2B), suggesting that CRISPR arrays with 

those repeats are widely spread among the human population. This observation is partially 

in agreement with a study by Robles-Sikisaka et al. (50), in which spacer diversity of 

Streptococcus-derived CRISPRs in the human skin microbiome was investigated by 

amplifying the spacer regions with primers targeting the repeat derived from STEQ.  

 Interestingly, CRISPR arrays derived from Cutibacterium acnes, which is the 

most abundant microorganism in the skin microbiota (12, 13), were rarely detected in the 

current study. This discrepancy may be attributed to the scarcity of CRISPR arrays in 

populations of C. acnes, as only one lineage of C. acnes among the three major groups 

harbors CRISPR arrays and those in the organism harbor a limited number of spacers (1–

9 spacers, with a mean of 3.31) (64-66). Fitz-Gibbon et al. reported that only two of the 

top 10 most abundant C. acnes ribotypes are associated with CRISPR-Cas and that the 

CRISPR-encoding ribotypes are not major in > 80 % of individuals (65), supporting the 

limited observation of the C. acne CRISPRs. In contrast, the repeats detected in the 

metagenomic CRISPR reconstruction were derived from minor genera in the skin 

metagenomic data, such as Chryseobacterium and Aggregatibacter, which comprised 

<0.10222% of reads in the metagenomic dataset produced by Oh et al. (12). The present 

study is the first to evaluate the ecology of CRISPRs in the skin microbiome, identifying 

previously unknown CRISPRs and evaluating CRISPR abundance in the human-

associated microbiome, providing insight into the nature of the skin microbiome. 

CRISPR arrays metagenomically reconstructed were also compared with 

reference arrays by CRISPR Visualizer. It is shown that all spacers in reconstructed 

CRISPRs are unique among 25 references strains, suggesting that CRISPRs in skin 
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microbiome are distinct from each other. This high diversity is in agreement with the 

previous reports demonstrating highly personal specific nature of virus community in the 

human microbiome, because spacers of a CRISPR are derived from viral genome (12, 31, 

32). Thus, diversity of CRISPRs may be utilized as a “bacterial fingerprint”, while it is 

required to comprehensively characterize CRIPSR diversity in skin microbiome by 

amplicon sequencing. 

While metagenome datasets were analyzed by assembly-based approach to 

analyzed CRISPRs in this chapter, some issues are still remained. First, repeats were 

found in the samples in which no CRISPR were obtained by assembly-based approach, 

as mentioned above. In general, repeat region causes gaps between contigs (67). As 

CRISPRs are repetitive elements, it is not surprising if the assembly errors are induced at 

CRISPR loci, which leading to failure in PILER-CR, a program based on repeat detection 

algorithm and used to identify CRISPRs from genome sequences. The failure of assembly 

at CRISPR locus was also supported by the representative CRISPR which is shown in 

Figure 2 because this CRISPR locus was also truncated due to assembly failure. Second, 

while reconstruction of CRISPR from entire metagenome can identify previously 

unknown CRISPRs, the number of reads derived from a specific CRISPR may be 

insufficient to reconstruct whole locus. Indeed, the number of reads containing a specific 

repeat was 4994 at most (Table 5), supporting the limitation of the metagenomic approach. 

Altogether, it suggested that an amplicon sequencing methodology should be developed 

to explore high diversity of a CRISPR in an environment. 

In this chapter, 24 putative CRISPRs were identified by reanalysis of publicly 

available metagenomic datasets. The repeat sequences of CRISPR arrays were found in 

up to 14/15 individuals, indicating that CRISPR arrays with those repeats are widely 
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spread among the human population. Furthermore, all metagenomically reconstructed 

spacers are unique among the 25 reference Streptococcus CRISPRs, suggesting high 

diversity of streptococcal CRISPRs. In conclusion, these data indicated the potential of 

CRISPRs as a new marker for characterization of personalized human skin microbiome. 
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Summary 

The highly personalized human skin microbiome may serve as a viable marker 

in personal identification. Amplicon sequencing resolution using 16S rRNA cannot 

identify bacterial communities sufficiently to discriminate between individuals. Thus, 

novel, higher resolution genetic markers are required for forensic purposes. CRISPRs are 

prokaryotic genetic elements that can provide a history of infections encountered by the 

bacteria. The sequencing of CRISPR spacers may provide phylogenetic information with 

higher resolution than other markers. However, using spacer sequencing for 

discrimination of personal skin microbiome is difficult due to limited information on 

CRISPRs in human skin microbiomes. It remains unclear whether personal microbiome 

discrimination can be achieved using spacer diversity, or which CRISPRs will be 

forensically relevant. Metagenomic reconstruction was utilized to identify common 

CRISPRs in the human skin microbiome in order to identify CRISPRs which can be used 

as personal identification marker. As a result, 24 putative CRISPR arrays were 

successfully reconstructed using metagenomic datasets. Abundance of putative CRISPRs 

were confirmed by measurement of CRISPR repeats in a metagenomic assembly-

independent manner. In addition, comparison of CRIPSRs identified by metagenomic 

reconstruction revealed uniqueness of CRISPR arrays found in skin microbiome, 

suggesting that CRISPRs identified in this chapter would be useful marker for the 

characterization of personal microbiome. 
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Table 1 List of Streptococcus strains used as reference CRISPRs. 

 

 

 

Strain Accession # Note 

Streptococcus agalactiae 2603V:R NC_004116.1  

Streptococcus agalactiae A909 NC_007432.1  

Streptococcus agalactiae GD201008-001 CP003810.1  

Streptococcus agalactiae NEM316 NC_004368.1  

Streptococcus lutetiensis 033 NC_021900.1 Two CRISPRs sharing same repeats were 
identified by CRISPRviz 

Streptococcus mutans GS-5 CP003686.1  

Streptococcus mutans LJ23 NC_017768.1   

Streptococcus mutans NN2025 NC_013928.1  

Streptococcus mutans UA159-FR NZ_CP007016.1  

Streptococcus mutans UA159 NC_004350.2  

Streptococcus mutans strain NG8 CP013237.1  

Streptococcus thermophilus ASCC 1275 NZ_CP006819.1  

Streptococcus thermophilus JIM 8232 NC_017581.1  

Streptococcus thermophilus LMD-9 NC_008532.1  

Streptococcus thermophilus MN-ZLW-002 NC_017927.1  

Streptococcus thermophilus ND03 NC_017563.1  

Streptococcus thermophilus strain CS18 NZ_CP030928.1  

Streptococcus thermophilus strain CS5 NZ_CP028896.1  

Streptococcus thermophilus strain CS9 NZ_CP030927.1  

Streptococcus thermophilus strain DGCC 7710 CP025216.1  

Streptococcus thermophilus strain KLDS 3.1003 NZ_CP016877.1  

Streptococcus thermophilus strain KLDS SM NZ_CP016026.1  

Streptococcus thermophilus strain MN-BM-A01 NZ_CP012588.1  

Streptococcus thermophilus strain MN-BM-A02 NZ_CP010999.1  

Streptococcus thermophilus strain SMQ-301 NZ_CP011217.1  
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Table 2 Summary of metagenomic CRISPR reconstruction using MEGAHIT and PILER-CR.  

Experim
ent 

SAM
PLE  

Patient ID
 

G
ender 

Age range 

Site - Sym
m

etry 

Total initial reads pair  

Too short after quality 

trim
m

ing (<50bp) 

Forw
ard only  

reverse only  

R
ead pair trim

m
ing 

discrepancy 

Total final reads pair 

%
 surviving reads 

R
eads used for assem

bly 

C
ontigs 

Total length (bp) 

M
inim

um
 contig length  

(bp)  

M
ax contig length  

(bp)  

Average contig length  

(bp)  

N
50 (bp) 

C
R

ISPR
 arrays 

SRX739783 MET0022 HV01 Male 30s Hp-R 2195791 44075 156983 45383 202366 1949350 88.78 3898700 3879 4319165 203 152685 1113 14651 0 

SRX740541 MET0041 HV03 Female 30s Hp-R 8650474 228189 814318 288853 1103171 7319114 84.61 14638228 49111 38948159 200 50006 793 976 41 

SRX740562 MET0065 HV02 Female 30s Hp-R 2353252 118865 324146 125893 450039 1784348 75.82 3568696 10732 5486321 203 4300 511 499 1 

SRX740589 MET0094 HV05 Male 20s Hp-R 5993912 226267 934709 256667 1191376 4576269 76.35 9152538 37854 26519835 200 25008 701 761 20 

SRX740632 MET0139 HV06 Female 30s Hp-R 11836038 213642 525767 123789 649556 10972840 92.71 21945680 97822 61019513 200 73932 624 645 39 

SRX740643 MET0161 HV08 Male 30s Hp-L 3375857 30652 73693 32244 105937 3239268 95.95 6478536 18927 10797241 202 24453 570 524 0 

SRX740842 MET0177 HV07 Male 20s Hp-L 19702061 25852 20636 1761 22397 19653812 99.76 39307624 15546 9391979 206 6144 604 685 0 

SRX741396 MET0190 HV07 Male 20s Hp-R 8777711 25256 5686 670 6356 8746099 99.64 17492198 65733 55065694 200 355222 838 999 18 

SRX743731 MET0207 HV09 Male 30s Hp-R 362229982 2099578 253204 32826 32826 359844374 99.34 80000000 84118 36044104 201 18239 428 391 20 

SRX743869 MET0224 HV10 Male 30s Hp-R 28464770 34601 22773 1907 24680 28405489 99.79 56810978 120680 122476808 200 230363 1015 1677 79 

SRX743913 MET0241 HV11 Female 20s Hp-R 22528504 31678 22929 2265 25194 22471632 99.75 44943264 106734 124822716 200 440822 1169 2175 100 

SRX744006 MET0259 HV12 Male 20s Hp-R 96800668 163669 45190 5509 50699 96586300 99.78 193172600 313045 268674794 200 460331 858 1114 187 

SRX744575 MET0276 HV13 Male 20s Hp-R 86617215 148445 40251 5484 45735 86423035 99.78 172846070 246676 198367753 200 483531 804 1009 172 

SRX744593 MET0293 HV14 Male 30s Hp-R 48404628 44950 33602 3244 36846 48322832 99.83 96645664 138201 153663452 200 679438 1112 2501 75 

SRX745020 MET0310 HV15 Female 30s Hp-R 48472837 93642 34345 3158 37503 48304350 99.65 96608700 298410 294144005 200 551747 986 1454 110 
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Table 3 Repeat sequences commonly detected in skin metagenome datasets. 

*1: Referred to as “CRISPR 3” in chapter II. 

*2: Referred to as “CRISPR 1” in chapter II.  

Sequence Hit by BLAST search Repeat 
ID 

Max 
score Total score Query cover E value Ident (%) Frequency # of Samples 

Observed In 
Potential 
Cas Type 

Potential 
direction 

GTTTTAGAGCTGTGTTGTTTCGAATGGTTCCAAAAC Streptococcus equinus strain NCTC11436 genome assembly, 
chromosome: 1 STEQ*1 66.2 1945 100% 1E-08 100.00 157 8 IIA - 

CCAGCCGCCTTCAGGCGGCTGTGTGTTGAAAC Neisseria polysaccharea strain M18661 chromosome, complete 
genome NEPO 59 4750 100% 0.000001 100.00 273 6 IC ND 

GTTTTTGTACTCTCAAGATTTAAGTAACTGTACAAC Streptococcus thermophilus isolate NWC_1_1 chromosome, complete 
genome STTH*2 66.2 1982 100% 1E-08 100.00 78 5 IIC - 

GTTTCAATACCGTAAACGGTAAGCACTGTTGCAAC Veillonella parvula strain NCTC11810 genome assembly, chromosome: 
1 VEPA 64.4 2183 100% 3E-08 100.00 97 5 IIID - 

GTTGTGAATTGCTTTCAAAAATTATTATCTTCGTGATGAAGGACAAC Chryseobacterium sp. H6466 chromosome, complete genome CHXX 86 1199 100% 4.00E-14 100.00 105 4 IIC ND 

GCTGGGGTTCAGTTCTCATTACCCCTGATAGACTTC Corynebacterium diphtheriae strain NCTC7838 genome assembly, 
chromosome: 1 CODI 52.7 368 100% 0.0003 91.67 68 4 IIU ND 

GTCTCCGCTCCTGTGGGGAGCGGACTTCGTTGAGGC Micrococcus luteus strain SGAir0127 chromosome, complete genome MILU 66.2 1950 100% 1.00E-08 100.00 91 3 IU ND 

GTTGTAGCTCCCTTTTTCATTTCGCAGTGCTATAAT Haemophilus parainfluenzae strain LC_1315_18 chromosome, 
complete genome HAPA 66.2 182 100% 1E-08 100.00 73 3 IIU ND 

GTCAGAAAGCACCCAGCACCAGAAGGTGCATTAAGAC Actinomyces oris strain T14V, complete genome ACOR 68 2980 100% 3E-09 100.00 33 3 ND ND 

GTTTTAGAGGTTTACAGAATTACACTACTCTCAAAC Veillonella rodentium strain NCTC12018 genome assembly, 
chromosome: 1 VERO 61.7 1689 100% 5E-07 97.22 19 3 IIA ND 

GCAGCCACCTTCGGGTGGCTGTGTGTTGAAAC Aggregatibacter aphrophilus strain NCTC11096 genome assembly, 
chromosome: 1 AGAP 59 530 100% 0.000001 100.00 20 3 IC ND 

GTCGCACCCCACACGGGTGCGTGGATTGAAAC Syntrophomonas wolfei subsp. wolfei str. Goettingen G311, complete 
genome SYWO 54.5 3098 100% 0.00004 96.88 164 3 ND + 

GTTTCAATCCACCACCTAGTCGAAACCAGGTGGAAAC NA  NA NA NA NA NA 42 2   

GTTTCAATTAACAGCCTCTCCGTAGAAAGGCTGCAACC Alistipes sp. Marseille-P5997 genome assembly, chromosome: 
contig00001 

 37.4 37.4 71% 6.9 92.59 8 2   

GTCGCAGCCTCTCTCCGGAGGGGCTGAGGATTGAAAC Mesorhizobium sp. M6A.T.Cr.TU.016.01.1.1 chromosome  41.9 41.9 67% 0.47 96.00 16 2   

GTTTCAATCCACGCTCCCGCGTAAGGAGCGAC Uncultured bacterium gwf2_scaffold_15186 CRISPR-Cas system 
sequence 

 54.5 871 100% 0.00004 96.88 14 2   

GTTTCCGTCCCCTCTCGAGGTAGATAGGTTCTTATA Streptococcus oralis strain S.MIT/ORALIS-351, complete genome  66.2 992 100% 1E-08 100.00 10 2   

GTAAGAAACCCCAGTCACCTCGGGAGGGGACGGAAAC Streptococcus sanguinis SK36, complete genome  68 1555 100% 3E-09 100.00 9 2   

GTTTCCGTCCCCTCTCGGGGATTAAGGCATCTGAAC Mycobacterium tuberculosis RGTB327, complete genome  44.6 1424 94% 0.039 88.24 12 2   

GTTGGGAATCTTCACTAACTATCCTTGCTAGACTTA Rothia dentocariosa ATCC 17931, complete genome  42.8 42.8 77% 0.13 92.86 9 2   

GTTTTCGTCCCCTCTCGGGGAGTAAGGTATCTGAAC Mogibacterium pumilum strain ATCC 700696 genome  37.4 373 55% 5.7 100.00 6 2   

GTCGCACCCTTCGCGGGTGCGTGGATTGAAAT Streptococcus sp. Z15 chromosome, complete genome  59 59 100% 0.000001 100.00 9 2   

GTTTCAACACGCAGCCGCCCGAAGGCGGCTGG Neisseria elongata strain M15911 chromosome, complete genome  59 532 100% 0.000001 100.00 11 2   

GGTTTTTGTAGTCTCCAAAATTGTGACCGATAAAAC Streptococcus pneumoniae strain 2245STDY6020221 genome 
assembly, chromosome: 1  66.2 66.2 100% 1E-08 100.00 7 2   
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Table 4 Summary of CRISPRCasFinder results.   

C
R

ISPR
_ID

C
ontig_length

D
uplicated_Spacers

C
R

ISPR
_Start

C
R

ISPR
_End

C
R

ISPR
_Length

Potential_O
rientation

(AT%
)

C
onsensus_R

epeat

R
epeat_ID

Spacers_N
b

M
ean_size_Spacers

N
b_R

epeats_m
atching_

C
onsensus

C
onservation_R

epeats
(%

 identity)

C
onservation_Spacers

(%
 identity)

R
epeat_Length_plus_m
ean_size_Spacers

Evidence_Level

C
as

SRX740541-k99_14457_1 1701 0 581 1628 1047 Unknown TTTCTTAGCTGCCTATACGGCAGTGAAC 17 32.0 15 71.4 0.0 60.0 4 CAS-TypeIF[17;457],
SRX740541-k99_34147_1 2064 0 1427 2004 577 Unknown GTGTTCCCCACATGCGTGGGGATGAACCG 9 32.0 10 100.0 0.0 61.0 4 CAS-TypeIE[117;1362],
SRX740541-k99_4199_1 6443 0 5535 6403 868 Unknown GTTCATGGCGGCATACGCCATTTAGAAA 14 32.1 15 100.0 0.0 60.1 4 CAS-TypeIF[1320;5402],
SRX740589-k99_19418_1 2447 0 1 501 500 Unknown GTTTCCGTCCCCATCAGGGGATTATTTAATTTAAC 6 42.7 7 100.0 0.0 77.7 4 CAS[819;2091],
SRX740632-k99_26903_1 2756 0 2070 2699 629 Unknown GTTTTAGAGCTGTGTTGTTTCGAATGGTTCCAAAAC STEQ 9 30.0 10 100.0 0.0 66.0 4 CAS[120;1979], CAS-TypeIIA[1317;1979], CAS-TypeIIU[120;1979],
SRX740632-k99_60691_1 1608 0 909 1606 697 Unknown GCAGCCGCCTTCGGGCGGCTGTGTGTTGAAAC 10 34.6 11 100.0 0.0 66.6 4 CAS[424;717],
SRX741396-k99_56038_1 5623 0 4925 5564 639 Unknown GTGCTCCCCGCGTGAGCGGGGATGAGCC 10 33.2 11 100.0 2.0 61.2 4 CAS-TypeIE[277;4839],
SRX743869-k99_125839_1 3642 0 1455 3069 1614 Reverse GGAAATACCTCCGCGTGCGCGGAGAAGAG 26 32.0 24 86.2 0.0 61.0 4 CAS-TypeIE[3088;3402],
SRX743869-k99_20198_1 11050 0 6316 7077 761 Reverse GTTTTAGAGCTGTGCTGTTTCGAATGGTTCCAAAAC 11 30.0 12 100.0 0.0 66.0 4 CAS[221;6215], CAS-TypeIIA[5550;6215], CAS-TypeIIU[221;6215],
SRX743869-k99_45857_1 15116 0 108 623 515 Reverse GGCTCATCCCCGCTCACGCGGGGAGCAC 8 33.0 9 100.0 0.0 61.0 4 CAS[710;9885], CAS-TypeIE[710;7008],
SRX743869-k99_7556_1 10355 0 9774 10350 576 Unknown GTGCTCCCCGCGTAAGCGGGGATGAGCC 9 33.0 10 100.0 0.0 61.0 4 CAS[509;9686], CAS-TypeIE[3386;9686],
SRX743869-k99_95278_1 4873 0 17 656 639 Unknown AGGGCTCATCCCCGCATGCGCGGGGAACAC 10 31.0 4 93.3 0.0 61.0 4 CAS-TypeIE[737;4869],
SRX743869-k99_9627_1 13578 0 10288 10983 695 Reverse GTTTTAGAGCTGTGTTGTTTCGAATGGTTCCAAAAC STEQ 10 30.0 10 94.4 4.5 66.0 4 CAS[4160;10197], CAS-TypeIIA[9535;10197], CAS-TypeIIU[4160;10197],
SRX743913-k99_44863_1 19595 0 13692 17684 3992 Forward GTTCGCTGCCGCACAGGCAGCTCAGAAA 66 32.1 62 57.1 0.0 60.1 4 CAS-TypeIF[5159;13561],
SRX743913-k99_91515_1 7731 0 6404 7690 1286 Unknown GTTTTTGTACTCTCAAGATTTAAGTAACTGTACAAC STTH 19 29.8 20 100.0 0.0 65.8 4 CAS[474;5293], CAS-TypeIIU[474;4965],
SRX744006-k99_132483_1 1376 0 52 348 296 Unknown GTTTCAACACACAGCAGCCCGAAGGCGGCTGG 4 34.3 4 96.9 6.8 66.3 4 CAS[538;831],
SRX744006-k99_146201_1 4760 0 4214 4760 546 Unknown CGTGTCCTCCGGTGTAAGCCGGAGGCTCCATTGCGGG 7 35.9 6 97.3 2.2 72.9 4 CAS[68;4044], CAS-TypeID[2666;3757],
SRX744006-k99_17893_1 6883 0 6366 6863 497 Unknown GTTTTAGAGCTGTGTTGTTTCGAATGGTTCCAAAAC STEQ 7 30.0 8 100.0 2.2 66.0 4 CAS[280;6275], CAS-TypeIIA[5613;6275], CAS-TypeIIU[280;6275],
SRX744006-k99_185168_1 4901 0 515 945 430 Unknown CCAGCCGCCTTCGGGCGGCTGTGTGTTGAAACA 6 33.3 4 72.7 2.1 66.3 4 CAS[32;325],
SRX744006-k99_193588_1 7413 0 18 501 483 Unknown GTTGGGATTCTTTCTAAATACTCCTTGATATACTTA 7 28.0 8 100.0 2.8 64.0 4 CAS[676;1897], CAS-TypeIIU[986;1897],
SRX744006-k99_246214_1 2048 0 1546 2043 497 Unknown ATTATAGCACTGCGAAATGAAAAAGGGAGCTACAAC HAPA 7 30.0 8 100.0 2.6 66.0 4 CAS[247;1483], CAS-TypeIIU[247;1164],
SRX744006-k99_277696_1 12685 0 10079 10511 432 Reverse ATTGTAGCACTGCGAAATGAGAAAGGGAGCTACAAC 6 30.2 6 81.1 2.9 66.2 4 CAS[5470;10015], CAS-TypeIIU[5470;9696],
SRX744006-k99_300010_1 2584 0 1187 1581 394 Reverse ATTTCCCCGCCTTCGGGCGGGGACTTTCATTGAGGC 5 35.8 5 81.1 0.0 71.8 4 CAS[595;894],
SRX744006-k99_309270_1 8422 0 7468 8411 943 Unknown GTGCTCCCCGCAGACGCGGGGATGAGCC 15 33.1 16 100.0 0.0 61.1 4 CAS-TypeIE[1368;7423],
SRX744006-k99_31955_1 1436 0 837 1397 560 Unknown GCAGCCGCCTCCGCGCGGCTGTGTGTTGAAAC 8 34.1 9 100.0 1.6 66.1 4 CAS[352;645],
SRX744006-k99_7713_1 4840 0 4045 4561 516 Reverse GTCAGCCCCGCGCATGCGGGGGTAGAGG 8 33.1 3 64.3 0.0 61.1 4 CAS-TypeIU[1506;2717],
SRX744006-k99_78272_1 8929 0 2854 3327 473 Reverse CCCTCAATGAAAGTCACCCATTTTCATGGGTGAGAC 6 37.0 4 88.9 5.7 73.0 4 CAS[3522;8905], CAS-TypeIU[7919;8905],
SRX744006-k99_81987_1 5386 0 1 367 366 Unknown GTTTTAGAGGTTTACAGAATTACACTACTCTCAAAC VERO 5 30.2 6 100.0 2.6 66.2 4 CAS[432;5214], CAS-TypeIIA[432;1106], CAS-TypeIIU[432;5214],
SRX744575-k99_13938_1 1273 0 9 377 368 Unknown GTTTCAACACACAGCCGCCTAAAGGCGGCTGG 5 35.4 6 100.0 4.2 67.4 4 CAS[567;860],
SRX744575-k99_163833_1 13840 0 12207 13778 1571 Unknown GAAGTCTATCAGGGGTAATGAGAACTGAACCCCAGC CODI 24 28.0 25 100.0 0.0 64.0 4 CAS-TypeIIU[10926;11846],
SRX744575-k99_1683_1 20838 0 2041 2434 393 Forward GTTTTCCCCGCCTACGCGGGGGTGAGCC 6 33.0 7 100.0 0.0 61.0 4 CAS-TypeIE[29;1986],
SRX744575-k99_3867_1 15289 0 12317 15272 2955 Unknown GTGCTCCCCGCGTGAGCGGGGATGAGCC 48 33.0 47 92.9 0.0 61.0 4 CAS[3017;12232], CAS-TypeIE[5928;12232],
SRX744575-k99_41114_1 12204 1 41 2023 1982 Unknown GGGCTCATCCCCGCGGGTGCGGGGCAAAC 32 32.1 24 93.1 0.0 61.1 4 CAS[2283;11405], CAS-TypeIE[5160;11405],
SRX744575-k99_58530_1 3712 0 1088 1480 392 Reverse GTTTCAATCCACCACCTAGTCGAAACCAGGTGGAAAC NA 5 34.2 4 91.9 7.0 71.2 4 CAS[34;3567], CAS-TypeIC[1948;2976],
SRX744575-k99_75278_1 14891 0 1633 1780 147 Forward AACCCCGCATACGCGGGGAAAGAG 2 37.5 0 70.8 53.8 61.5 1 CAS[3706;10912], CAS-TypeIE[6322;10912],
SRX744575-k99_75278_2 14891 0 3068 3211 143 Reverse AACCCCGCATACGCGGGGAAAGAG 2 35.5 0 75.0 51.2 59.5 1
SRX744575-k99_75278_3 14891 0 3310 3637 327 Reverse AACCCCGCATACGCGGGGAAAGAG 5 36.8 1 66.7 10.6 60.8 3
SRX744575-k99_75278_4 14891 0 10980 11673 693 Forward CTTTTCCCCGCGCGTGCGGGGTTGTTCC 11 32.5 3 78.6 0.0 60.5 4
SRX744575-k99_8708_1 12432 0 51 1908 1857 Unknown GGCTCATCCCCGCTCACGCGGGGAGCAC 30 33.0 31 100.0 0.0 61.0 4 CAS[2213;11306], CAS-TypeIE[5116;11306],
SRX744593-k99_124510_1 2516 0 42 434 392 Unknown GGTCGCAGCCTCTCTCCGGAGGGGCTGAGGATTGAAAC 5 33.0 3 94.7 5.0 71.0 4 CAS[546;2455], CAS-TypeIC[1137;2165],
SRX744593-k99_27333_1 3244 0 580 3188 2608 Unknown GTTCATGGCGGCATACGCCATTTAGAAA 43 32.0 44 100.0 0.0 60.0 4 CAS-TypeIF[28;447],
SRX745020-k99_123677_1 2865 0 2345 2794 449 Unknown GTTTACTGCCGTGCAGGCAGCTTAGAAAAT 7 30.0 3 83.3 0.0 60.0 4 CAS-TypeIF[241;2076],
SRX745020-k99_185373_1 11716 0 3 930 927 Unknown TTTCTAAACCATCTATGCGATGGCGAAC 15 32.0 16 100.0 0.0 60.0 4 CAS-TypeIF[1028;9452],
SRX745020-k99_226394_1 6396 0 339 698 359 Reverse GTTGTGAGTTCCTTTCACTTTTAGTAATTTTACGTAAGTAGTTACAAC 4 30.0 5 100.0 5.7 78.0 4 CAS[805;5596], CAS-TypeIIU[1140;5596],
SRX745020-k99_32511_1 22370 0 8936 9818 882 Forward GTGTTCCCCGCGCTAGCGGGGATAAACCG 14 32.0 15 100.0 0.0 61.0 4 CAS[389;8839], CAS-TypeIE[3061;8839],
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Table 5 Numbers of reads containing the CRISPR repeat in the samples. 

ID Total initial 
reads pair STEQ NEPO STTH VEPA CHXX CODI MILU HAPA ACOR VERO AGAP SYWO 

HV15_Hp-R 48472837 114 443 162 360 1759 10 89 66 73 4 449 1070 

HV03_Hp-R 8650474 59 0 41 4 523 0 0 0 63 0 0 7 

HV02_Hp-R 2353252 6 6 27 2 224 2 14 0 4 2 2 19 

HV14_Hp-R 48404628 150 153 198 23 2961 134 42 27 41 2 149 234 

HV13_Hp-R 86617215 338 967 159 203 15 1325 1200 52 66 131 272 1046 

HV01_Hp-R 2195791 0 1 3 0 0 2 7 0 0 0 0 4 

HV07_Hp-R 8777711 92 51 30 29 4 0 204 8 66 22 42 190 

HV07_N 62115237 2 0 0 0 0 0 12 0 0 0 0 0 

HV07_Hp-L 19702061 38 44 8 3 4 0 99 2 16 6 37 39 

HV07_Ch 46861012 17 10 10 7 0 0 52 1 15 12 10 20 

HV06_Hp-R 11836038 495 2409 420 54 0 2 59 209 213 134 1923 46 

HV09_Hp-R 362229982 3028 4994 1231 315 38 370 2042 1128 1201 122 4880 1300 

HV08_Hp-L 3375857 4 4 0 0 0 0 0 0 0 0 0 0 

HV12_Hp-R 96800668 2570 2126 873 351 17 162 901 561 496 241 1617 493 

HV10_Hp-R 28464770 487 220 179 96 57 102 20 337 31 5 206 897 

HV05_Hp-R 5993912 215 6 120 105 0 0 33 19 114 72 1 1 

HV11_Hp-R 22528504 729 212 575 141 318 0 13 31 56 125 199 367 
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Figure 1 Schematic of CRISPR reconstruction from the metagenomic reads and identification 

of shared CRISPR repeats. 

De novo assembly of the metagenome was performed with MEGAHIT v1.1.4. Output contigs were 

analyzed using PILER-CR v1.06 with default parameters to detect the CRISPR arrays. All reads were 

then duplicated, and one of the read pairs was reverse-complemented. Repeat reads were then 

dereplicated and clustered into OTUs by QIIME 2 v2019.7. The duplicated reverse complement 

repeat reads were discarded after OTU clustering.  
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Figure 2 Metagenomic reconstruction of CRISPR arrays identified commonly shared repeats 

in skin metagenome datasets.   
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(Continued) 

(A) Heatmap of the repeat matrix depicting the abundance of each repeat derived from putative 

CRISPR arrays detected in metagenomic data of the bacterial community in human skin. The bar 

chart under the heatmap shows the total contig length after de novo assembly. (B) Heatmap indicating 

the abundance of CRISPR repeats in metagenomic datasets detected by BLAST search against SRA 

data. Each column was standardized by the z-score. The bar chart under the heatmap shows reads 

containing repeats used as queries in the BLAST search. Hp, palm; N, nares; Ch, cheek. (C) 

Representative putative STEQ CRISPR-Cas system detected by metagenomic reconstruction. 

CRISPR-Cas locus of Streptococcus oralis strain FDAARGOS_367 (GenBank: CP023507) is shown 

as the reference. The presence of the characteristic csn2 gene in the locus suggests that this system is 

type II-A CRISPR-Cas system; the cas9 gene, the effector protein of type II system, was partially 

detected in the reconstructed CRISPR array because 5′-end of the entire CRISPR-Cas locus was 

truncated. The box below indicates the partial sequence of the CRISPR array. The marked sequences 

are repeat sequences, while the sequences colored in green are spacer sequences. Forward and reverse 

primer binding sites on the repeats are indicated by red and blue arrows, respectively. 



26 

 

Figure 3 Alignment of the representative metagenomically reconstructed Streptococcal 

CRISPR arrays against reference CRISPRs. 

Spacers of three STEQ CRISPRs detected by CRISPRCasFinder and 26 Streptococcal reference 

CRISPRs were visualized by CRISPR Visualizer (60, 62). Each colored box represents a spacer. Grey 

boxes with “x” represent missing spacers. Note that similar colors do not indicate similar sequences. 

All metagenomically reconstructed spacers are unique among the 26 arrays. 

 

Metagenomically 
reconstructed

S. agalactiae

S. lutetiensis

S. mutans

S. thermophilus



27 

 

CHAPTER II 

Evaluation of CRISPR diversity in the human skin 

microbiome for personal identification 

Introduction 

 CRISPR is a genetic region of prokaryotes, which is composed of conserved 

repeats and hypervariable spacers. As the variation of spacer sequences reflect history of 

phage infection and are distinct for each strain, CRISPRs provide phylogenetic 

information that is useful for strain-level typing of pathogenic bacteria, such as 

Mycobacterium spp. (33). Such characteristics are also used to visualize host-phage 

interaction by amplicon sequencing of CRISPR loci (32, 44, 48-50), suggesting that PCR-

based CRISPR analysis could be utilized for personal identification which requires high 

resolution classification. 

 In chapter I, 24 putative CRISPR loci were identified by metagenomic 

reconstruction of CRISPRs in human skin microbiome. However, it would be difficult to 

capture spacer diversity comprehensively by an assembly-based approach. Moreover, 

metagenome analysis is difficult to use routinely for forensically relevant samples due to 

its limitations, including analytical complexity and high cost. Thus, it is necessary to 

develop a new PCR-based typing method. 

 The studies on CRISPR diversity utilizing amplicon sequencing are limited until 

now. Previous reports analyzed Streptococcus CRISPRs in order to analyze host-phage 

interaction in oral microbiome (32, 48-50, 68, 69). Interestingly, metagenomic 
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reconstruction performed in chapter I revealed that Streptococcus CRISPRs are the most 

abundant CRISPRs in human skin environments. As Streptococcus is a most abundant 

genus of skin microbiome and streptococcal CRISPRs are also analyzed in the previous 

study (50), streptococcal CRISPRs could be good targets for PCR-based personal 

microbiome typing rather than conventional 16S rRNA sequencing, the resolution of 

which is limited to genus-level. 

 In this chapter, the spacers of three putative CRISPR arrays in the skin 

microbiome were sequenced to characterize the diversity of spacer sequences. In addition 

to two streptococcal CRISPRs, a CRSPR locus from Micrococcus luteus, which is also 

shown to be another abundant CRISPR in chapter I, was analyzed for comparison. The 

diversity of spacer sequences was evaluated by calculating the alpha diversity index and 

the beta diversity index. Then, it is evaluated whether CRISPR array sequencing can be 

used as a novel tool in personal identification by using machine learning approach. This 

CRISPR based analysis was validated by comparing the pipeline with 16S rRNA 

sequencing. 

Materials and methods 

Sample collection 

 Five individuals were asked to participate in this study and swab samples were 

collected for spacer sequencing. The participants provided information regarding their 

gender, age range, systemic antibiotics usage in the past six months, steroid usage in the 

past six months, skincare product usage in the past 24 h, and handwashing in the past 2 h. 

Table 6 summarizes the detailed information of samples. Skin surfaces (approximately 5 
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× 5 cm) were swabbed with cotton-tipped swabs soaked in water. The hypothenar palm 

(Hp), antecubital fossa (Ac), and retroauricular crease (Ra), representing dry, moist, and 

sebaceous sites, respectively, were selected for swabbing (12). For the initial sampling 

(timepoint 1), only Hp sample was obtained, except for one individual (P05). Two to three 

months later (timepoint 2), three skin sites (Hp, Ac, and Ra) were sampled for all 

individuals. After swabbing, the cotton tips were separated and placed in 2 ml tubes. A 

pre-moistened swab tip placed directly in the 2 ml tube was used for a blank for DNA 

extraction (EC). Samples were stored at -20 °C before DNA extraction. All procedures 

involving human participants were approved by the Institutional Ethics Committee of the 

National Research Institute of Police Science. 

DNA extraction 

 Genomic DNA was extracted from swabs using the DNeasy PowerSoil Kit 

(Qiagen, Aarhus, Denmark) with some minor modifications (11, 70). Briefly, frozen 

cotton tips were transferred into the bead tube provided with the DNeasy PowerSoil Kit, 

followed by incubation at 70 °C for 15 min after addition of the C1 solution. Tubes were 

then horizontally shaken at 3200 rpm for 2 min on a bead beater-type homogenizer µT-

12 (TAITEC, Saitama, Japan). Remaining steps were performed following the 

manufacturer’s instructions. Genomic DNA was eluted in 100 μl of the C6 solution.  

Amplification and sequencing of spacers 

 To amplify the spacer regions of the putative CRISPRs, three pairs of primers 

were designed based on the specificity of the CRISPR repeat, namely STEQ, STTH, and 

MILU (Table 7). These primer pairs are specific to the 3’ region of each CRISPR repeat, 

so that the primer pair flanks a spacer. The length of primers was determined to meet the 
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melting temperature requirement on the Illumina 16S Metagenomic Sequencing Library 

Preparation protocol (https://www.illumina.com/content/dam/illumina-

support/documents/documentation/chemistry_documentation/16s/16s-metagenomic-

library-prep-guide-15044223-b.pdf). PCR was performed in a 50-μl reaction volume 

using the KOD FX (Toyobo, Osaka, Japan). Each reaction consisted of 1× PCR Buffer 

for KOD, 0.4 mM dNTPs, 0.3 μM of each primer, 1.0 U of KOD FX, and 2 μl of the DNA 

template. EC and a non-template control (NTC) for PCR were included as negative 

controls. The following conditions were used for amplification: 2 min at 94 °C, 35 cycles 

of denaturation at 95 °C for 30 s, annealing at 60 °C for 30 s, and extension at 72 °C for 

30 s, followed by final extension at 72 °C for 5 min. Next, 25 μl of the products was 

purified using 1.8× volume of the Agencourt AMPure XP kit (Beckman Coulter, Brea, 

CA) twice and washed using freshly prepared 80% ethanol. DNA was eluted in 52.5 μl 

of 10 mM Tris (pH 8.5) and 0.1% Tween 20 elution buffer. If low-molecular-weight bands 

were observed using agarose gel electrophoresis, additional purification was performed 

using 1.8× volume of the Agencourt AMPure XP kit. Purified DNA was indexed using 

the Nextera XT DNA index kit (Illumina, San Diego, CA,) and KOD FX in a reaction 

volume of 50 μl. Each reaction consisted of a 1× PCR Buffer for KOD, 0.4 mM dNTPs, 

4.5 μl of each index primer, 1.0 U of KOD FX, and 5 μl of the purified DNA as template. 

The index PCR product was purified using 1.8× volume of the Agencourt AMPure XP kit 

and eluted in 27.5 μl of 10 mM Tris (pH 8.5) and 0.1% Tween 20 elution buffer. The 

indexed libraries were quantified using GenNext NGS Library Quantification Kit 

(Toyobo) and then diluted to 4 nM with an elution buffer. If the library concentration was 

less than 4 nM, the library was pooled with other libraries without dilution. Denaturing 

and final dilution were performed according to the manufacturer’s instructions. Each run 
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included > 15% of the PhiX control v3 (Illumina) to improve sequencing quality. 

Paired-end sequencing of 300 cycles (2 × 151 bp) was performed on a MiSeq platform 

(Illumina) with the MiSeq v2 chemistry, according to manufacturer’s instructions. 

Amplification and sequencing of 16S rRNA 

 Sequence libraries of the 16S rRNA were prepared according to the Illumina 16S 

Metagenomic Sequencing Library Preparation protocol with some modifications. The 

primer pair targeting V1-V3 region (71, 72) was used in this study (Table 7). PCR was 

performed in a 25-μl reaction volume using the KAPA HiFi HotStart ReadyMix kit 

(KAPA Biosystems, MA). Each reaction consisted of 1× KAPA HiFi HotStart ReadyMix, 

0.3 μM of each primer, and 2 μl of the DNA template. The following conditions were 

used for amplification: 5 min at 95 °C, 25 cycles of denaturation at 95 °C for 30 s, 

annealing at 62.3 °C for 30 s, and extension at 72 °C for 30 s, followed by final extension 

at 72 °C for 5 min. Then, 25 μl of the products was purified using 0.8× volume of the 

Agencourt AMPure XP kit and washed using freshly prepared 80% ethanol. DNA was 

eluted in 52.5 μl of 10 mM Tris-HCl (pH 8.5) and 0.1% Tween 20 elution buffer. Purified 

DNA was indexed using the Nextera XT DNA index kit (Illumina) and the KAPA HiFi 

HotStart ReadyMix kit in a reaction volume of 50 μl. Each reaction consisted of a 1× 

KAPA HiFi HotStart ReadyMix, 5 μl of each index primer, and 5 μl of the purified DNA 

as template. The index PCR product was purified using 1.1× volume of the Agencourt 

AMPure XP kit and eluted in 27.5 μl of 10 mM Tris (pH 8.5) and 0.1% Tween 20 elution 

buffer. The indexed libraries were quantified by the GenNext NGS Library Quantification 

Kit and diluted to 4 nM with an elution buffer. If the library concentration was less than 

4 nM, the library was pooled with other libraries without dilution. Denaturing and final 
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dilution were performed according to the manufacturer’s instructions. Each run included 

> 15% of the PhiX control v3 to improve sequencing quality. Paired-end sequencing of 

600 cycles (2 × 301 bp) was performed on a MiSeq platform (Illumina) with the MiSeq 

v3 chemistry, according to the manufacturer’s instructions. 

Data processing for spacer analysis 

 Initial quality controls were carried out using the CLC Genomics Workbench 

12.0.2 (Qiagen). After low-quality sequences (Q < 20) and primer sequences were 

removed, reads shorter than 20 bp or longer than 40 bp were filtered. The remaining 

spacer sequences were then analyzed using QIIME 2 v2019.7 (54). Spacer reads were 

denoised and dereplicated with the denoise-paired method of q2-dada2 plug-in (73) with 

min_fold_parent_over_abundance = 32; the resulting amplicon sequence variant (ASV) 

tables were further analyzed. Rarefaction curves were created with the q2-diversity plug-

in with 100 iterations and 40 steps at 10000 reads of maximum depth. Based on 

rarefaction curve analysis, each sample was rarefied to 4829 reads for normalization in 

further analysis and samples with less than 4829 spacer ASVs were omitted from the 

calculation (74). The EC and NTC were removed at this step; however, EC was included 

in STEQ spacer analysis. Shannon indices were calculated in bits with the q2-diversity 

plug-in and Kruskal–Wallis tests were performed to compare Shannon indices between 

samples (75). For calculation of the beta-diversity index, the Bray-Curtis dissimilarity 

index was calculated by the q2-diversity plug-in and used for Principal coordinates 

analysis (PCoA) plots. Mann–Whitney U test was calculated using the 

“stats.mannwhitneyu” function of the python library “SciPy” (version 1.3.0) to compare 

the Bray-Curtis dissimilarity indices. Hill numbers were calculated using the library 
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“vegan” (version 2.5-4) in R (version 3.4.4) (76). 

 To compare the CRISPR arrays in the samples, we reconstructed the arrays from 

spacer amplicons. The trimming and assembling described below were performed using 

the CLC Genomics Workbench 12.0.2. First, reads that were longer than 100 bp were 

extracted after low-quality sequences (Q < 20) were removed, so that reads contain two 

spacers per read. Then, these reads were de novo assembled by “Map reads back to 

contigs” mode with length fraction = 0.8 and similarity fraction = 0.9. These assembled 

contigs were then compared and visualized using CRISPR Visualizer (62). 

 The spacer sequences were subjected to BLAST analysis with default settings. 

If the reads had e-values of less than 0.01, they were further classified. If the description 

includes “phage” or “virus”, the query was classified as “Virus”. If the description 

includes name of host genus (“streptococcus” for STEQ or STTH and “micrococcus” for 

MILU), the query was classified as “Host”. Remaining queries with significant hits were 

classified as “Other”. 

 To identify a subset of predictive spacers and to improve interpretability of the 

classification, we performed feature selection using Support Vector Machine based on 

Recursive Feature Elimination (SVM-RFE). SVM-RFE is a machine-learning technique 

used to select a subset of features (e.g., genes associated with a specific disease), which 

are relevant to sample types from a large set of features, by recursively ranking the 

features and eliminating irrelevant features (77). In this study, SVM-RFE was 

implemented using the python library “Scikit-learn” (version 0.22.1) (78). For SVMs, the 

linear kernel was used with default parameters. Using SVM-RFE, 20 ASVs were selected 

from the dataset including all samples from an individual. Then, using the selected 20 

features, the individuals were predicted by linear-kernel SVM using leave-one-out cross-
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validation to measure predictive accuracy. However, nested cross-validation were not 

performed to optimize the selection of ASVs used in the linear-kernel SVM. This is 

because it is difficult to split the data twice for inner and outer cross validation due to the 

small sample size, which may cause overfitting of the data. 

Data processing for 16S rRNA analysis 

 Reads were analyzed using QIIME 2 v2019.7 (54). Initially, 16S rRNA reads 

were denoised and dereplicated with the denoise-paired method of q2-dada2 plug-in (73). 

The parameters of trim_left_f = 20 and trim_left_r = 20 were set to trim primer sequences. 

The resulting ASV tables and representative reads were further analyzed. Representing 

reads were annotated by classify_sklearn methods of q2-feature-classifier plug-in with 

the SILVA 16S rRNA database v132 (78, 79). In this study, contaminants derived from 

Sphingomonadaceae and Pseudomonadaceae, which are known as common contaminants 

(80), were observed in both swab samples and NTC due to low biomass. Therefore, reads 

annotated as Sphingomonadaceae or Pseudomonadaceae were removed from the tables 

and representative reads using filter-table and filter-seqs methods of q2-taxa plug-in. The 

genus-level composition of the top 11 abundant ASVs were visualized as a bar plot using 

q2-taxa plug-in. For the calculation of the beta-diversity index, the Bray-Curtis 

dissimilarity index was calculated using the q2-diversity plug-in and then used for PCoA 

plots. Mann–Whitney U test was calculated using the “stats.mannwhitneyu” function of 

the python library “SciPy” (version 1.3.0). Feature selection and individual prediction 

were performed using SVM-RFE with linear kernel, as described above. 

Data availability 

 Spacer sequences are available in the SRA database under accession numbers 
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DRA009650 and DRA010353. Meta 16S rRNA sequences are available in the SRA 

database under accession number DRA010342. 

Results 

Stability of evenness and richness of CRISPR spacer sequences in the skin 

microbiome 

 In chapter I, reconstruction of CRISPR arrays using metagenomic data detected 

putative CRISPR repeats commonly found in the skin microbiome. To test whether 

repeats detected in the reconstructed CRISPR arrays are also detected via PCR-based 

methods, three pairs of primers were designed in such a way that the primers flank the 

spacer and target the repeats of STEQ, STTH, and MILU, as they were frequently found 

during metagenomic reconstruction and are members of a major genus in the human skin 

(Figure 2C). CRISPR spacers were amplified with these primer pairs and sequenced using 

MiSeq. Primers targeting the repeats were used rather than primers flanking the entire 

CRISPR locus to amplify a broader range of CRISPR arrays (48). Note that the spacer 

amplicon is a mixture of spacers derived from multiple species since the same repeats are 

shared by several species. Thus, this approach cannot precisely determine which species 

are the origin of each spacer. Cutaneous skin swabs were collected from five individuals 

in their 20s to 40s and from the skin sites Hp, Ac and Ra, representing dry, moist, and 

sebaceous sites, respectively. The swab collections were conducted twice at a 2–3-month 

interval. DNA extracted from these swabs were used as a template for library 

construction; amplicon sequencing was performed using an Illumina MiSeq sequencer. 

The spacer reads were then trimmed to remove primer sequences; sequencing statistics 
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before and after primer trimming are summarized in Table 8. The average length of the 

spacer reads after primer trimming were 29.9, 29.7 and 35.3 for STEQ, STTH and MILU, 

respectively, which were comparable to typical spacer length and the spacer length 

observed in CRISPRCasFinder analysis (Table 4). These trimmed reads were then used 

as input for downstream analysis. After quality control implemented in QIIME2 (54), we 

detected a total of 476185 spacers and 664 unique spacers for STEQ, 460309 spacers and 

759 unique spacers for STTH, and 286968 spacers and 204 unique spacers for MILU 

from 25 samples. 

 A rarefaction curve based on the observed ASVs reached a saturation plateau at 

a sequencing depth of 4000, indicating that the spacer diversities of all samples were well-

represented at a relatively low sequencing depth (Figure 4A–C). Saturation of the 

rarefaction curve suggested low PCR error in the MiSeq results; therefore, an ASV table 

was used to evaluate spacer diversity rather than OTU clustering (81). Samples were 

rarefied to 4829 reads for normalization and those with lower numbers of reads were 

discarded from downstream analyses. Richness and evenness of the spacer diversity in 

each sample were evaluated by calculating the Shannon diversity index. The medians of 

Shannon diversity indices, after rarefaction and removal of low-depth samples, were 5.27 

(interquartile range [IQR]: 4.32–5.81), 6.22 (IQR: 5.29–6.50), and 4.39 (IQR: 3.23–5.27) 

for STEQ, STTH, and MILU, respectively. The diversity profile of each CRISPR array 

was also estimated using Hill numbers, which reflect richness and evenness if plotted as 

a function of the parameter q (82). The Hill numbers plot indicated that STTH had the 

highest spacer richness and evenness (Figure 5). There were no significant differences in 

Shannon indices of the STTH and MILU spacers when we grouped samples by gender, 

age, or site characteristics. In contrast, significant differences in Shannon indices of the 
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STEQ spacers were observed when samples were grouped by gender (Figure 4D-F). 

These results indicate that the evenness and richness of spacer sequences in the skin 

microbiome are not affected by the environment from which the bacteria were collected.  

 Then, it was determined whether each spacer was specific to each individual or 

sample type characterized the distribution of each spacer sequencers among the 

individuals. In accordance with a previous report (48), it was found that the STEQ or 

STTH spacer sequences were shared within individuals even for samples collected from 

different skin sites or at sampling timepoint (Figure 6A and B), suggesting that these two 

CRISPRs are suitable for personal identification purposes. In contrast, the most abundant 

MILU spacers were shared between individuals, regardless of sample type (Figure 6C). 

Although microbial communities harboring the CRISPR arrays sequenced in this study 

were obtained from the same environment, a high degree of inter-individual CRISPR 

spacer dissimilarities were observed in STEQ and STTH but not in MILU. These results 

suggest that the frequency of formational change in CRISPR arrays, including spacer 

acquisition or loss, differs among CRISPRs even in the same environment.  

CRISPR reconstruction from spacer amplicons 

 While the reads analyzed were limited to those containing a single spacer in a 

read, longer reads that contain two spacers in a read were also obtained. Using these reads, 

the CRISPR loci were also assembled from amplicons, as was done by Robles-Sikisaka 

et al. (50). Among the 136 assembled arrays, 35 arrays were found to share at least one 

spacer with another array; groups of arrays sharing spacers are shown in Figure 7. Among 

them, the STEQ CRISPR group 1 contains two identical CRISPRs from the same 

individual at different timepoints, suggesting a conserved CRISPR array on the skin. 
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Furthermore, it was observed that the CRISPR arrays shared identical spacers from the 

same individual at different sites on the skin at the same time point (e.g. STEQ group 2, 

STTH group 6, and MILU group 1), from the same individual at the same site on the skin 

at different time points (e.g. STEQ group 3, STTH group 4, and MILU group 2), or even 

from different individuals (e.g. STEQ group 1, STTH group 1 and MILU group 1), 

suggesting both conservation and diversity of these CRISPRs. However, it could not be 

determined whether these partial matches are derived from the acquisition/loss of spacers 

or assembling errors, especially when the spacers of the array ends did not match. 

Nevertheless, it was observed that the internal spacers were lost in some groups (STEQ 

group 1 and 6 and STTH group 7), suggesting that amplicon sequencing can be used to 

trace the phylogenetical relationship of CRISPR arrays in the environment. 

Assessment of skin bacterial community by 16S rRNA sequencing 

 The structure of the skin microbiome was also assessed by using 16S rRNA V1-

3 amplicon sequencing with a MiSeq sequencer. As a result, 1530894 reads were obtained 

from 25 samples after reads filtering (mean: 61235.76 reads/sample, IQR: 33802-90173). 

A total of 2,358 unique reads with a median length of 476 bp (IQR: 432-487) after primer 

trimming were obtained. Rarefaction analysis indicated that the number of observed 

species did not plateau at 5,000 reads, suggesting that 16S rRNA analysis requires more 

sequencing depth than spacer sequencing (Figure 4A–C, Figure 8). This relatively high 

number of required reads for 16 rRNA sequencing is consistent with a previous report 

that analyzed the V4-5 region (83). As shown in Figure 6D, the most common genus in 

the skin microbial community was Cutibacterium, which is represented by C. acnes, the 

most abundant species in the human skin (12, 13). Although Moraxella was specifically 



39 

 

and stably observed in individual P02, other abundant genera were observed in all 

individuals (e.g., Cutibacterium, Staphylococcus, and Corynebacterium) or specifically 

but not stably observed in an individual (e.g., Acinetobacter in individual P03). Thus, 

compared with CRISPR spacer diversity, the composition of abundant genera in the skin 

microbiome is likely insufficient for personal discrimination.  

Putative protospacers of the spacers reads 

 Spacers of a CRISPR locus are acquired from previously encountered foreign 

genetic elements by host bacteria (28). To identify possible protospacers, which are the 

origins of spacers, spacer reads were subjected to BLAST searches (Figure 6E). For 

streptococcal CRISPRs (STEQ and STTH), 27.7% of spacer sequences were previously 

found in viruses, the sources of new spacers. In contrast, only one virus sequence was 

identified from MILU spacers. Some sequences were those of host bacteria; 15.1% for 

streptococcal spacers and 31.0% for MILU. These host-derived spacers may target 

plasmids, CRISPR loci, or are self-targeting (84). Interestingly, 34 sequences (16.7% of 

total unique spacers) of MILU spacers derived from the “host” were sequences of single 

strains of M. luteus (GenBank: CP025616.2). Spacers of the strain were regularly ordered 

with consistent repeats in the same direction, indicating that they were located on a single 

CRISPR locus. In total, 56.8% of the spacers were previously unknown sequences. This 

high percentage of unassigned reads was expected, as most phages have no homologous 

sequence in public databases (85). Altogether, the sequences identified by our spacer 

sequencing are likely derived from actual environmental CRISPRs, supporting the 

validity of our proposed method. 
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Individual-specific spacer patterns 

 The Bray-Curtis dissimilarity index for CRISPR spacers, which represents 

ecological similarities of the spacer community between samples, was calculated and 

compared with that of 16S rRNA V1-3 sequences; Bray-Curtis dissimilarity index = 1 if 

the two communities do not share any spacers, while Bray-Curtis dissimilarity index = 0 

if the two communities are identical. PCoA of Bray-Curtis dissimilarity index of STEQ 

and STTH spacers showed strong clustering of the samples from the same individuals, 

indicating that the diversity of these spacers was more reflective of the host than of sample 

type (Figure 9A–F). In contrast, neither the PCoA plot of Bray-Curtis dissimilarity index 

of MILU spacers nor 16S rRNA showed any specific clustering (Figure 9G–L). Notably, 

STEQ and STTH spacers were significantly more individual-specific than site-specific 

(Figure 10A and B). No significant differences were observed in MILU spacers when the 

dissimilarities were compared among or between individuals (Figure 10C), indicating the 

differences in inter-individual dissimilarities of spacers among these CRISPRs. For STEQ 

and STTH, none of the Bray-Curtis dissimilarity indices calculated from a pair of inter-

individual samples was <0.8, indicating that these high inter-individual dissimilarities 

may sufficiently discriminate two individuals. This high dissimilarity in inter-individual 

samples was not observed for 16S rRNA sequencing (Figure 10D), suggesting that inter 

individual dissimilarity of microbiome measured by 16S rRNA sequencing does not have 

sufficient discriminating power for forensic cases. Collectively, these results indicate that 

STEQ and STTH spacer diversity in the skin microbiome is highly personalized 

compared to the microbiome diversity measured by 16S rRNA V1-3 sequencing; thus, 

this individuality can be used as a discriminating marker.  
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Personal identification by a set of predictive spacers 

 It was tested whether a set of discriminant spacers can aid identification of the 

personal microbiome by utilizing SVM-RFE (see Materials and Methods for details), a 

machine learning technique used in bioinformatics research to predict sample type with a 

small number of features (86, 87). Using SVM-RFE, 20 predictive features were 

successfully selected for each CRISPR and 16S rRNA (Figure 11). For STEQ CRISPR, 

20 spacers achieved 95.2% accuracy for personal identification, which was the highest 

performance in our datasets. Although 20 spacers from STTH achieved 85.0% accuracy, 

the accuracy rates obtained using selected features of MILU or 16S rRNA were 47.1 % 

and 52.6%, respectively. The relative abundance heatmap of the 20 spacers showed that 

the presence of spacers in streptococcal CRISPRs had a distinct and specific pattern for 

each individual (Figure 11B, C), whereas MILU spacers did not (Figure 11D). These 

individual specific spacers likely contributed to the higher accuracy. Therefore, the spacer 

pattern of even a single CRISPR array, such as STEQ CRISPR, may sufficiently 

discriminate personal microbiome signatures for future personal identification. 

Discussion 

 CRISPR typing has been used to discriminate bacterial species at the strain-level 

(33-37, 39). This study proposed metagenomic CRISPR typing as a new personal 

microbiome typing method, instead of conventional 16S rRNA V1-2/V4 sequencing (11, 

16, 88). In chapter I, putative CRISPRs shared between the skin microbiomes of different 

individuals were identified by metagenomic reconstruction of CRISPR arrays. In this 

chapter, the distribution of spacers in the skin microbiome was further examined by 

amplicon sequencing, revealing that CRISPR diversity was highly person-specific 
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regardless of skin site, unlike the skin microbiome structure assessed by 16S rRNA V1-3 

sequencing (Figure 6, Figure 9, and Figure 10). 

 Spacer sequences in the human skin microbiome were amplicon sequenced to 

identify the CRISPRs that are shared by multiple individuals and are highly individual-

specific. Although the number of participants was limited, the spacers were successfully 

amplified from all five individuals, supporting the notion that putative CRISPRs in the 

metagenomic datasets were conserved among individuals. As hypothesized, the diversity 

of the STEQ and STTH spacers were highly distinct, whereas major spacers of the MILU 

CRISPR were shared between individuals (Figure 6 and Figure 11), indicating that STEQ 

and STTH are good candidates for future personal identification markers. Unexpectedly, 

even major spacers were shared between samples collected at different timepoints from 

the same individual, suggesting that spacer diversity was stable over two months (Figure 

6 and Figure 11). Yang et al. demonstrated that 16S rRNA V1-2 sequencing is not 

sufficient to discriminate personal microbiomes (27). This study also supports that skin 

microbiome composition measured by 16S RNA sequencing is insufficient for personal 

discrimination (Figure 10 and Figure 11). In contrast to bacterial communities, 

membership of bacteriophage communities was mostly individual-specific (32). The 

membership of CRISPR spacers also reflects this individual specificity of bacteriophages, 

which likely contributes to high inter-individual dissimilarity. This speculation was 

supported by the observation of phage derived sequences in the predictive spacers of 

streptococcal CRISPRs (Figure 11B and C). Thus, polymorphisms of CRISPR spacers, 

rather than conventional 16S rRNA, may be useful for discriminating between suspects 

in criminal investigations. 

 Two CRISPR arrays, STEQ and STTH, were derived from Streptococcus species, 



43 

 

which are also known as S. thermophilus CRISPR-Cas9 system in CRISPR1 and 

CRISPR3 loci, respectively. The CRISPR loci of S. thermophilus have been intensively 

studied in both evolutionary and genome editing perspectives (63). The CRISPR arrays 

of S. thermophilus are classified into four CRISPRs: CRISPR1 (STEQ), CRISPR2, 

CRISPR3 (STTH), and CRISPR4. Paez-Espino et al. revealed that spacer acquisition 

ability differs between them, as CRISPR1 integrated new spacers at a high frequency 

while CRISPR2 and CRISPR4 acquired no spacers in 232 days (89). In contrast to 

Streptococcus CRISPRs, which integrate a new spacer frequently, the spacer integration 

of MILU spacers, which is derived from M. luteus, has not been investigated but the cas 

genes of M. luteus strain SGAir0127 were classified into type I CRISPR-Cas system by 

CRISPRCasFinder. Although M. luteus is also a major member of the skin microbiome 

(12), the only available MILU CRISPR array in the NCBI database was that of strain 

SGAir0127, a strain isolated from indoor air samples (90). Though the nature of MILU 

CRISPR is unknown, it was speculated that it lost its spacer acquisition ability during its 

evolution.  

 This study focused on the diversity of spacers on a community level and did not 

comprehensively evaluate the temporal changes of single CRISPR arrays. The spacer 

acquisition ability of the streptococcal CRISPR-Cas system, which may contribute to the 

high inter-individual spacer dissimilarity observed in this study, should be further 

assessed using other technologies, such as CRISPR locus PCR with the primer pair 

flanking an entire CRISPR region (38, 40-42). Nonetheless, partial or entire CRISPR 

arrays were successfully reconstructed from amplicon reads (Figure 7), suggesting that 

amplicon sequencing may be utilized to phylogenetically analyze CRISPR loci of interest, 

while technical optimizations, such as utilizing size selection during library construction 
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and/or other sequence chemistries such as the paired-end sequencing of 600 cycles, will 

improve the shortcomings of the methodology on the CRISPR locus reconstruction 

analysis presented in this study. 

 Although the resolution of CRISPR typing is sufficiently high for strain 

discrimination, other typing methods such as multilocus sequence typing, variable 

number tandem repeats typing (VNTR-typing) or 16S ribotyping can also be used to 

discriminate specific bacterial strains (65, 91-93). Recent studies also utilized such high-

resolution typing methods in metagenomic contexts to characterize the composition of a 

specific species or bacterial communities (27, 94, 95). High interpersonal diversity of 

spacer sequences measured in this study demonstrate its potential of application in future 

forensic cases; however, it should be compared with other typing methods, such as C. 

acnes ribotyping. Importantly, the diversity of CRISPR arrays were similar between 

different skin sites from the same individual (Figure 6, Figure 9, and Figure 11), 

suggesting that CRISPR spacers are shared among the skin sites. This spatial stability of 

CRISPR typing may be an advantage against C. acnes ribotyping, in which only palm 

samples were analyzed (27). 

 Though the results presented in this chapter suggest that spacer diversity is 

highly personalized and useful as a new marker for personal identification, some aspects 

regarding the real-life applicability of this approach require further analysis. For example, 

the approach presented in this study was not used to test the microbiome on the surface 

of an object, such as a phone, a keyboard or shoes, touched by a person of interest 

(suspect/victim) (11, 16, 27, 96). Another limitation of this study is the small sample size. 

Although it was demonstrated that spacer diversity was sufficiently individual-specific, 

the application in forensic cases requires population-wide validation to assess their 
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validity and reliability. In addition, the performance in terms of personal identification 

was evaluated only for comparing the CRISPR-based and 16S rRNA-based approaches. 

Therefore, the score obtained in this study does not predict the performance of CRISPR 

typing on personal identification in a population, although 95.2 % accuracy was obtained 

using STEQ as a marker. By confirming the accuracy of CRISPR-based personal 

identification using mock forensic samples and conducting population-wide surveys in 

future studies, CRISPR-based microbiome analysis can be applied in actual forensic cases.  

 Although further developmental validation is required, the highly personalized 

diversity of CRISPR spacers in the human skin microbiome is an attractive tool for 

personal identification. Though the viral community is more personalized than the 

bacterial community (31, 32, 50), the lack of a common marker for characterizing the 

virome complicates its use for personal identification. In this study, the spacer sequences 

of CRISPRs were utilized as a proxy for the virome. This approach may also be utilized 

to better understand the ecology of the skin microbiome and explore the complex 

relationship between the human skin microbiome and diseases such as atopic dermatitis 

(97). The present study suggests that the diversity of the CRISPR spacer sequences in the 

skin microbiome can be used as a new marker for personal identification. 
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Summary 

 Streptococcal CRISPRs can be used as a genetic marker to discriminate personal 

microbiome, however, little is known about diversity of Streptococcal CRISPRs in human 

skin microbiome. In this chapter, streptococcal CRISPRs were comprehensively 

sequenced by PCR-based sequencing. A total of 1223462 reads from three CRISPR arrays 

revealed that spacers in the skin microbiome were highly personalized, and conserved 

repeats were commonly shared between individuals. These individual specificities 

observed using CRISPR typing were confirmed by comparing the CRISPR diversity to 

microbiome diversity assessed using 16S rRNA amplicon sequencing. Furthermore, it 

was tested whether a set of informative spacers can discriminate the personal microbiome 

by utilizing SVM-RFE, showing that CRISPR typing achieved 95.2 % accuracy, whereas 

16S rRNA sequencing only achieved 52.6 %. These results suggest that sequencing 

streptococcal CRISPRs in the skin microbiome may be a more powerful approach for 

personal identification and ecological studies compared to conventional 16S rRNA 

sequencing. 
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 Table 6 Metadata for all samples collected in this chapter.  

Sample ID Participant ID Sampling Date Gender Age Range Systemic antibiotics 
usage in 6 months 

Steroids usage in 6 
months 

Skin care products 
usage in 24 hours Hand wash in 2 hours Site-Symmetry Site characteristic 

MCP000 P04 2019-05-30 Male 20s No No No Yes Hp-L Dry 

MCP001 P01 2019-07-02 Male 30s No Yes Yes Yes Hp-R Dry 

MCP003 P02 2019-07-02 Female 20s Yes No Yes Yes Hp-R Dry 

MCP005 P03 2019-07-03 Female 40s No No No Yes Hp-R Dry 

MCP008 P04 2019-08-07 Male 20s No No No Yes Hp-R Dry 

MCP010 P04 2019-08-07 Male 20s No No No Yes Ac-R Wet 

MCP012 P04 2019-08-07 Male 20s No No No Yes Ra-R Sebaceous 

MCP013 EC 2019-08-07       EC EC 

MCP014 P01 2019-09-02 Male 30s No Yes No No Hp-L Dry 

MCP016 P01 2019-09-02 Male 30s No Yes No No Ac-L Wet 

MCP018 P01 2019-09-02 Male 30s No Yes No No Ra-L Sebaceous 

MCP020 P03 2019-09-02 Female 40s No No Yes Yes Hp-L Dry 

MCP023 P03 2019-09-02 Female 40s No No Yes Yes Ac-R Wet 

MCP024 P03 2019-09-02 Female 40s No No Yes Yes Ra-L Sebaceous 

MCP027 P02 2019-09-12 Female 20s No No No Yes Hp-R Dry 

MCP028 P02 2019-09-12 Female 20s No No No Yes Ac-L Wet 

MCP031 P02 2019-09-12 Female 20s No No No Yes Ra-R Sebaceous 

MCP039 P05 2019-12-12 Male 30s Yes No No Yes Hp-R Dry 

MCP041 P05 2019-12-12 Male 30s Yes No No Yes Ac-R Wet 

MCP043 P05 2019-12-12 Male 30s Yes No No Yes Ra-R Sebaceous 

MCP050 EC 2020-01-20       EC EC 

MCP057 P05 2020-03-09 Male 30s No No Yes Yes Hp-L Dry 

MCP060 P05 2020-03-09 Male 30s No No Yes Yes Ac-R Wet 

MCP061 P05 2020-03-09 Male 30s No No Yes Yes Ra-L Sebaceous 
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Table 7 Primer sequences used in this study.  

Name Sequence 5' > 3' Ref 

ilF-STEQ_DR_F TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGTCGAAACAACACAGCTCTAAAAC  

ilR-STEQ_DR_R GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGTGTTGTTTCGAATGGTTCCAAAAC  

ilF-STTH_DR_F TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGACTCTCAAGATTTAAGTAACTGTACAAC  

ilR-STTH_DR_R GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCAGTTACTTAAATCTTGAGAGTACAAAAAC  

ilF-MILU_DR_F TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGGGAGCGGACTTCGTTGAGGC  

ilR-MILU_DR_R GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCTCCCCACAGGAGCGGAGAC  

ilF-27F TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGAGAGTTTGATCMTGGCTCAG  

ilR-534R GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGATTACCGCGGCTGCTGG  

Nadkarni_F TCCTACGGGAGGCAGCAGT 
 

(98) 

Nadkarni_R GGACTACCAGGGTATCTAATCCTGTT 
 

(98) 
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Table 8 Sequencing statistics for spacer sequencing. 

  

Repeat 
ID 

Sample 
ID 

Subject 
ID Number of reads Average length Number of reads 

after trimming 
% reads kept after 
trimming 

Average length 
after trimming 

STEQ MCP000 P04 22476 97.8 22017 97.96% 30 
STEQ MCP001 P01 45298 94.9 43661 96.39% 30 
STEQ MCP003 P02 47090 97.5 43853 93.13% 30 
STEQ MCP005 P03 39854 95.3 38895 97.59% 30 
STEQ MCP008 P04 41256 151 40609 98.43% 30.1 
STEQ MCP010 P04 46400 151 45093 97.18% 30 
STEQ MCP012 P04 57552 151 56564 98.28% 30 
STEQ MCP013 EC 36462 151 33436 91.70% 29.6 
STEQ MCP014 P01 104016 89.5 101880 97.95% 30 
STEQ MCP016 P01 66056 96.5 64536 97.70% 30.0 
STEQ MCP018 P01 6864 93.9 5161 75.19% 30 
STEQ MCP020 P03 55094 88.5 53462 97.04% 30.1 
STEQ MCP023 P03 68372 95.1 66489 97.25% 29.9 
STEQ MCP024 P03 15316 92.4 13636 89.03% 30.2 
STEQ MCP027 P02 23984 86.8 23039 96.06% 30 
STEQ MCP028 P02 98700 97.3 79021 80.06% 29.1 
STEQ MCP031 P02 28486 103.5 19084 66.99% 29.6 
STEQ MCP039 P05 127392 93.3 125279 98.34% 30.0 
STEQ MCP041 P05 97342 97.9 91871 94.38% 29.8 
STEQ MCP043 P05 75890 95.3 64638 85.17% 28.9 
STEQ MCP050 EC 12282 126.4 3738 30.43% 29.2 
STEQ MCP057 P05 77872 92.0 75546 97.01% 30.0 
STEQ MCP060 P05 72374 93.8 69941 96.64% 30.0 
STEQ MCP061 P05 84210 95.9 79993 94.99% 30.0 
STTH MCP000 P04 47982 98.8 41361 86.20% 30 
STTH MCP001 P01 47342 100.8 41724 88.13% 29.9 
STTH MCP003 P02 32664 95.6 26826 82.13% 30 
STTH MCP005 P03 40444 93 32075 79.31% 29.9 
STTH MCP008 P04 47884 151 46391 96.88% 30 
STTH MCP010 P04 46550 151 44784 96.21% 30 
STTH MCP012 P04 40254 151 37945 94.26% 30 
STTH MCP013 EC 28252 151 4071 14.41% 27.5 
STTH MCP014 P01 32286 99.9 31158 96.51% 29.8 
STTH MCP016 P01 81590 96.1 74543 91.36% 29.8 
STTH MCP018 P01 63556 73.5 35228 55.43% 29.9 
STTH MCP020 P03 37676 96.4 35507 94.24% 29.9 
STTH MCP023 P03 3986 51.9 855 21.45% 29.8 
STTH MCP024 P03 114390 87.4 88743 77.58% 29.9 
STTH MCP027 P02 149238 96.2 141020 94.49% 29.9 
STTH MCP028 P02 101118 55.2 27356 27.05% 29.8 
STTH MCP031 P02 37242 44.4 1888 5.07% 28.4 
STTH MCP039 P05 73466 97.3 68699 93.51% 29.9 
STTH MCP041 P05 80116 83.1 55445 69.21% 29.8 
STTH MCP043 P05 210646 85.2 154578 73.38% 29.8 
STTH MCP050 EC 25018 49.7 2883 11.52% 29.6 
STTH MCP057 P05 73634 80.0 51427 69.84% 29.9 
STTH MCP060 P05 135314 93.7 120872 89.33% 29.8 
STTH MCP061 P05 70174 56.3 18657 26.59% 29.8 
MILU MCP000 P04 46426 100.6 45206 97.37% 35.8 
MILU MCP001 P01 44944 103.3 43641 97.10% 36 
MILU MCP003 P02 3356 106.3 2974 88.62% 36.5 
MILU MCP005 P03 15014 97.8 14365 95.68% 35.9 
MILU MCP008 P04 74810 151 71252 95.24% 35.8 
MILU MCP010 P04 86940 151 83123 95.61% 35.8 
MILU MCP012 P04 76306 151 71612 93.85% 36.2 
MILU MCP013 EC 15626 151 153 0.98% 31.1 
MILU MCP014 P01 40720 94.3 39216 96.31% 36 
MILU MCP016 P01 63274 98.2 59881 94.64% 36.3 
MILU MCP018 P01 60962 86.7 57163 93.77% 35.9 
MILU MCP020 P03 31122 92.9 30166 96.93% 35.8 
MILU MCP023 P03 2508 82.8 1093 43.58% 33.7 
MILU MCP024 P03 1950 101.2 1081 55.44% 33.8 
MILU MCP027 P02 47014 91.2 45020 95.76% 35.9 
MILU MCP028 P02 40672 96.1 36696 90.22% 35.6 
MILU MCP031 P02 47460 93.4 45886 96.68% 35.4 
MILU MCP039 P05 43154 96.2 40357 93.52% 35.4 
MILU MCP041 P05 7598 104.0 6562 86.36% 33.2 
MILU MCP043 P05 20260 95.1 17896 88.33% 37.0 
MILU MCP050 EC 594 126.2 25 4.21% 32.9 
MILU MCP057 P05 32050 81.7 30996 96.71% 36.5 
MILU MCP060 P05 19232 99.0 18085 94.04% 38.6 
MILU MCP061 P05 1892 147.4 60 3.17% 32.8 
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Figure 4 Alpha diversity of CRISPR spacer sequences in the skin microbiome. 

(A-C) Rarefaction curves based on the ASVs of spacer sequences were calculated using the q2-

diversity plug-in in QIIME 2 with 100 iterations and a maximum sequence depth of 10000. STEQ 

(A), STTH (B), and MILU (C) spacers. (D–F) The Shannon diversity index of each sample was 

calculated using the q2-diversity plug-in in QIIME 2. The Shannon indices of each sample group 

were compared using the Kruskal–Wallis test (*p < 0.05). Comparisons in terms of age range (D), 

gender (E), and site characteristics (F). 
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Figure 5 Hill numbers plotted as a function of the parameter. 

The Hill numbers were calculated using the library, “vegan” in R. 
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Figure 6 The pattern of CRISPR spacer and that of microbiome measured by 16S RNA in the 

skin microbiome. 

  

A B C

Site
Timepoint

Individual

Z-score Z-score Z-score

S
ite

Elbow (Ac)

Ear (Ra)

Palm (Hp)

EC
Ti

m
ep

oi
nt

Timepoint 1

Timepoint 2
(2 months later)

P04

P03

P02

P05

P01

In
di

vi
du

al

EC

D

Cutibacterium
Staphylococcus

Leptotrichia

Corynebacterium 

Other

Acinetobacter
Paracoccus
Enhydrobacter

Streptococcus

Moraxella

Finegoldia

Neisseria

Site
Timepoint

Individual

R
el

at
iv

e 
ab

un
da

nc
e 

(%
)

STEQ MILUSTTH

Unassigned

Other

Host

Virus

E



53 

 

(Continued) 

(A-C) A heatmap of the CRISPR spacers in the skin microbiome. Each row represents a unique spacer 

sequence ASV and the columns represent samples from five individuals. Each row was clustered by 

the Wards method implemented in the Seaborn package. Each column was standardized by the z-

score. The ASVs that were observed equal or more than 100 times in total were used to generate the 

heatmaps. STEQ (A), STTH (B), and MILU (C) spacers. (D) Skin microbiome profile measured by 

16S rRNA V1-3 sequencing. The composition of the top 11 genera is shown. (A–D) Boxes below the 

graph indicate sampled individual, site, and timepoint. (E) Numbers of unique spacer sequences and 

classification of the sequences were compared by CRISPRs. 
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Figure 7 Comparison of putative CRISPR arrays reconstructed from amplicon sequencing. 

(A–C) The STEQ (A), STTH (B), and MILU (C) CRISPR arrays were reconstructed from spacer 

amplicons and analyzed by CRISPR Visualizer (62). CRISPR arrays sharing spacers were grouped 

together. Each colored box represents a spacer. Grey boxes with “x” represent missing spacers. Note 

that similar colors do not indicate similar sequences. 
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Figure 8 Rarefaction curve analysis of 16S rRNA V1-3 sequencing data. 

Rarefaction curves based on the ASVs of 16S rRNA V1-3 sequences were calculated using the q2-

diversity plug-in in QIIME 2 with 100 iterations and a maximum sequence depth of 40000. 
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Figure 9 Principal coordinate analysis of the spacers and 16S rRNA. 

(A–L) PCoA plots of the STEQ (A–C), STTH (D–F), and MILU (G–I) spacer sequences as well as 

the 16S rRNA V1-3 sequences (J–L). The Bray-Curtis dissimilarity index was used as a metric for 

PCoA. Each datapoint is colored according to the individual (A, D, G, and J), skin site (B, E, H, and 

K), or timepoint (C, F, I, and L).  

In
di
vi
du
al

P01
P02
P03
P04
P05
EC

Si
te

Hp
Ra
Ac
EC Ti

m
ep
oi
nt

1
2

A B

D

G

J

C

E F

H I

K L



57 

 

Figure 10 CRISPR spacers are individual-specific rather than site-specific. 

(A–D) Violin plots of the Bray-Curtis dissimilarity indices within (“intra”) or between (“inter”) 

individuals/hosts site of STEQ (A), STTH (B), MILU (C) and 16S rRNA V1-3 (D). The Bray-Curtis 

dissimilarity indices were compared using the Mann–Whitney U test.  
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Figure 11 Identification of the predictive spacer sequences for personal identification. 

(A) Comparison of accuracy results using STEQ, STTH and MILU CRISPRs and 16S rRNA data. 

The accuracy results were obtained using 20 features selected by SVM-RFE. After feature selection, 

SVM with leave-one-out cross-validation was performed to classify the origins of the samples. 

Baseline accuracy is indicated by grey dashed line. (B–D) Heatmap of the relative abundance of the 

20 selected features for STEQ (B), STTH (C), and MILU (D). Data points with absent features are 

greyed out. The annotation of each spacer sequence was based on the BLAST search. 
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CHAPTER III 

Optimization of microbial DNA extraction from human skin 

samples for CRISPR typing 

Introduction 

 Short tandem repeat (STR), which is also known as microsatellite or simple 

sequence repeat, is a repetitive structure of genomic DNA containing array of short repeat 

units which are typically several base pairs in length (99). DNA profiling using STR 

typing is the current standard method for forensic human identification, an essential 

procedure in criminal investigations. However, STR typing of samples touched by a 

person of interest is difficult because of the low levels of DNA (18, 100). For example, 

Daly et al. recovered and quantified trace DNA from glass objects held by volunteers to 

evaluate the transfer of DNA from human hands (18). They obtained less than 0.65 ng of 

human DNA from 74% of the samples and no profile from 19/40 samples using the 

AmpFlSTR® SGM Plus™ Amplification Kit (Applied Biosystems) on an ABI PRISM 

3130 Genetic Analyzer (Applied Biosystems), indicating the difficulty in DNA profiling 

using human DNA recovered from touched objects. Therefore, alternative genetic 

markers may be used to complement such inconclusive STR profiling. 

 To complement STR profiling, previous reports have proposed the microbiome 

as a new forensic genetic marker for human identification (11, 15, 23, 25, 27, 88, 100, 

101). In chapter II, spacers of Streptococcus CRISPRs were sequenced by amplifying the 

spacer sequences using primer pairs targeting the repeats to characterize the human skin 
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microbiome for forensic individual identification. The sequencing of two Streptococcus 

CRISPRs achieved higher accuracy in human identification than conventional 16S rRNA 

sequencing; however, the validity and reliability in forensic casework could be assessed 

further by optimizing each technical experimental protocol step. 

 DNA extraction, an essential step in the processing of a skin microbiome sample, 

severely affects the results of downstream analysis because the DNA extraction protocol 

can alter DNA recovery efficiency or microbial composition estimation accuracy (102, 

103). Thus, we need to choose an appropriate DNA extraction protocol for microbial 

genomic DNA extraction from human skin samples (102, 104).  

 Forensic researchers have made significant efforts to automate nucleic acid 

extraction from a variety of crime scene samples to handle an increasing number of 

samples. EZ1 Advanced XL (Qiagen, Aarhus, Denmark), along with the EZ1 DNA 

Investigator Kit, is a representative convenient automated nucleic acid extraction 

platform that is used in many forensic laboratories (23, 105-107). As this platform is 

widely used in forensic testing, forensic analysts can use extracted DNA for both human 

and microbial DNA analysis if the platform is also available for microbiome analysis; 

however, its use in microbiome studies is limited. While Nishi et al. utilized this platform 

to investigate the human skin microbiome (23), it is still debatable whether the genomic 

DNA extracted using the EZ1 platform for forensic DNA typing is also suitable for 

analyzing the microbiome.  

 In this chapter, the EZ1 platform was compared with a widely used column-

based manual DNA extraction kit, the Qiagen DNeasy PowerSoil DNA isolation kit, 

which has been used previously, to benchmark the suitability of the EZ1 platform for 

microbiome studies (2, 11, 70). The results of chapter III, which expand the results of 
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chapter II by analyzing 40 additional samples, suggest that these two DNA extraction 

protocols are comparable in terms of both quantity and quality of extracted microbial 

DNA. 

Materials and methods 

Sample collection 

 Sample collection procedures have been described in chapter II. Five healthy 

adult human volunteers were recruited for this study, and skin swabs were collected for 

spacer sequencing. Table 6 and Table 9 summarizes the detailed sample information. Skin 

surfaces (approximately 5 × 5 cm) were swabbed with cotton-tipped swabs moistened 

with water. Swabs were sampled from the Hp, Ra and Ac, representing dry, sebaceous, 

and moist sites, respectively (12). For the initial sampling (time point 1), only the Hp 

sample was obtained, except for one participant (P05). Two to three months later (time 

point 2), three skin sites (Hp, Ac, and Ra) were sampled from all participants. 

Approximately 6 months after the initial sampling (time point 3), the three skin sites were 

sampled from three participants, P01, P03, and P04. 

DNA extraction 

 Genomic DNA was extracted from swabs using the EZ1 DNA Investigator Kit 

(Qiagen; EZ1) or the DNeasy PowerSoil Kit (Qiagen, Aarhus, Denmark; PS). For the EZ1 

kit, DNA was extracted using the EZ1 DNA Investigator Handbook (April 2009). Briefly, 

frozen cotton tips were transferred into 2-ml tubes containing 290 μl of 2-fold diluted 

Buffer G2. After the addition of 10 μl of proteinase K, the tubes were incubated at 56 °C 

for 15 min and at 95 °C for 5 min. Then, up to 200 μl of the solution was transferred into 
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a new tube and subjected to “Trace Protocol” on EZ1 Advanced XL (Qiagen). We did not 

make any modifications, such as lysozyme treatment or bead beating, in the EZ1 protocol. 

Genomic DNA was eluted using 50 μl of water. For the PS kit, DNA was extracted as 

described in chapter II. The samples analyzed with the PS protocol included both newly 

obtained skin swab samples and those obtained in chapter II. Specifically, descriptions of 

the DNA extraction methods and individual sample sources newly analyzed are provided 

in Table 9. 

Quantification of 16S rRNA gene copy number 

 To quantify bacterial DNA, 16S rRNA gene quantification was performed 

through qPCR using SYBR Premix Ex Taq (TaKaRa Bio, Shiga, Japan) or TB Green 

Premix Ex Taq (Tli RNase Plus) (Takara), and QuantiStudio 5 (Thermo Fisher Scientific, 

Waltham, MA) with the primer pair targeting the bacterial 16S rRNA gene, Nadkarni_F 

and Nadkarni_R (98). The primer sequences are summarized in Table 7. The standard 

curve was generated by serially diluting genomic DNA of C. acnes JCM6425 from 1 

ng/μl to 0.1 pg/μl. Each reaction was performed in a reaction volume of 10 μl containing 

5 μl of 2 × SYBR Premix Ex Taq or 2 × TB Green Premix Ex Taq (Tli RNase Plus), 0.4 

μM of each primer, 1 × ROX II dye, and 2 μl of genomic DNA. An NTC was used for 

each reaction. The following conditions were used for amplification: 30 s at 95 °C, 40 

cycles of denaturation at 95 °C for 5 s, annealing and extension at 60 °C for 34 s, followed 

by melting curve analysis from 60 °C to 95 °C. Each qPCR was performed in triplicate. 

Note that all of the calculated DNA concentrations for EC and NTC samples were below 

the lower limit of the standard curve, 0.1 pg/μl. 
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Amplification and sequencing of spacers 

 Spacer sequencing was performed as described in chapter II. In this chapter, two 

streptococcal CRISPRs, CRISPR3 and CRISPR1 which are referred to as STEQ and 

STTH in chapter II (38), were analyzed using two primer pairs (Table 7).  

Statistical analysis 

 The Mann-Whitney U test was performed using “stats.mannwhitneyu” function 

of the python library SciPy (version 1.3.0) to compare DNA concentrations extracted 

from skin swab samples.  

 For spacer analysis, statistical analysis was performed as described in chapter II, 

with minor modifications. The parameters and versions of the software were the same as 

those in chapter II, unless otherwise stated. Initial quality control and ASV table 

construction were performed using the CLC Genomics Workbench (Qiagen) and q2-

dada2 plug-in of QIIME 2 v2020.2 (54, 73). Then, each sample was rarefied to 3158 reads 

for normalization, and samples with less than 3158 reads were omitted from the 

calculation. The EC and NTC samples were removed from the ASV table in the following 

analysis. The ASV table was then standardized by calculating the z-score and 

incorporated into R (version 4.0.2). A heatmap was generated from the table using the 

ComplexHeatmap library (version 2.6.2) to visualize spacer diversity (108). To perform 

individual prediction, we used a SVM-REF (77). SVM-RFE was implemented using the 

Python library “Scikit-learn” (78). Using SVM-RFE with a linear kernel, 20 ASVs were 

selected from each dataset, including samples grouped by extraction protocols or by 

combining the two datasets. Then, using the selected 20 features, the individuals were 

predicted using linear-kernel SVM via leave-one-out cross-validation to measure 
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predictive accuracy. 

Results 

Comparison of DNA extraction protocol based on amount of microbial DNA 

 To evaluate the microbial DNA yields of different DNA extraction protocols, 

microbial genomic DNA were extracted from a total of 31 skin swabs using the EZ1 DNA 

Investigator Kit in combination with EZ1 Advanced XL, which is commonly used to 

obtain human genomic DNA from forensic specimens. The results were compared with 

those of 33 skin swabs from which microbial DNA was extracted using the PS protocol, 

which is commonly used in microbiome studies (2, 11, 70). The DNA recovery of both 

protocols were evaluated by quantifying the amount of DNA using qPCR with universal 

primers targeting bacterial 16S rRNA. As shown in Figure 12, the median DNA yield of 

the EZ1 protocol was 330.5 pg (IQR: 68.2-725.6), while that of the PS protocol was 196.4 

pg (IQR: 75.5-1038.3). There were no significant differences between the two protocols. 

Thus, these data suggest that the performance of the EZ protocol in terms of microbial 

DNA yield is sufficient for microbiome studies.  

Comparison of DNA extraction protocol based on spacer diversity analysis 

 While the results of DNA quantification supported efficient DNA recovery with 

the EZ1 protocol, the DNA extraction method may also alter the results of the microbiome 

analysis (102). It is evaluated whether the DNA extraction protocol altered the 

composition of CRISPRs, by comparing the spacer diversity of the skin swab samples 

treated with different DNA extraction protocols. As shown in Figure 13, the spacer 

diversity patterns were distinct among the participants, in accordance with the previous 
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report revealing highly personalized spacer diversity (50). For example, spacer cluster 1 

on CRISPR3 was specifically and stably observed in participant P03, whereas cluster 3 

of CRISPR3 corresponded to participant P05. Conversely, the signatures were not altered 

by DNA extraction protocols for both Streptococcus CRISPRs, while some discrepancies 

were observed between sample pairs, such as wet site samples collected from participant 

P03 at time point 2 for CRISPR3 analysis. All sample pairs analyzed with different DNA 

extraction protocols were derived from opposite sides of the same skin site (for example, 

left Hp and right Hp). Thus, anatomical differences in the skin site may also cause 

discrepancies in the spacer patterns. These results suggest that the difference in DNA 

extraction protocol may not alter the results of spacer diversity analysis, but it is unknown 

how many CRISPR arrays are required to obtain stable results through CRISPR analysis. 

DNA extraction protocol does not influence predictive accuracy of spacer diversity 

analysis 

 In chapter II, metagenomic CRISPR typing was utilized to predict individuals 

from spacer diversities using a machine learning approach, SVM-RFE. Individual 

prediction models were built for EZ1 and PS samples to evaluate the influence of DNA 

extraction protocols on the accuracy of human identification. The accuracies of individual 

predictions from DNA extracted using EZ1 were comparable to those of the PS protocol 

(Table 10), suggesting that the influence of DNA extraction protocols can be ignored in 

individual predictions. Moreover, the highest accuracies were obtained by combining 

both sample sets, probably because roughly double samples were used as training data 

during the construction of each predictive model. 
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Discussion 

 In this chapter, two DNA extraction protocols, EZ1 and PS, were compared to 

optimize the metagenomic CRISPR typing method for forensic applications. While a 

previous report described the use of the EZ1 platform in microbial community analysis 

via T-RFLP analysis (23), they only compared the efficiency of DNA yield. Thus, to our 

knowledge, this is the first report showing both the efficiency of the EZ1 protocol based 

on DNA yield and the influence of the protocol on community structure analysis and 

individual prediction accuracy. The results indicated that the microbial DNA yields of the 

automated EZ1 protocol were comparable to those obtained using the manual PS protocol. 

Furthermore, the differences in the DNA extraction methods did not affect the profiles of 

metagenomic CRISPR typing or the prediction accuracy of individual identification. 

These results suggest that the EZ1 protocol could also be used for microbiome research, 

including metagenomic CRISPR typing, while further validation, such as analysis of 

mock casework samples, should be performed before the application of microbiome 

analysis for forensic case studies. 

 Human skin microbiome samples are regarded as low-biomass; therefore, the 

selection of DNA extraction methods can skew the microbial community analysis results 

(72). The DNA yields in both the previous study (23) and this study were typically below 

10 ng, which was far less than the DNA yields of fecal microbiome specimens, which are 

typically above 100 ng (109, 110). Generally, low DNA yield may lead to unstable results 

in microbiome analysis, due to both contamination and stochastic effects (80, 111). Thus, 

such characteristics of skin specimens might cause partial or whole spacer loss in some 

samples analyzed in this study (Figure 13), suggesting the importance of DNA 
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quantification in microbiome analysis. While microbial DNA was quantified through 

qPCR targeting the 16S rRNA gene, as there is no method for specifically quantifying 

CRISPR arrays, the stability of CRISPR analysis is likely affected by the copy number of 

CRISPR arrays. Future studies should focus on the development of quantification 

methods for CRISPR arrays, which may facilitate the determination of the quality of 

metagenomic CRISPR typing results, to better understand the CRISPR diversity in human 

skin environments and to control the quality of methodologies. 

 The EZ1 platform, an automated nucleic acid extraction platform, can be 

employed in forensic laboratories to improve the speed and reproducibility of DNA 

extraction from forensically relevant samples with forensic-grade quality. Therefore, 

utilization of the EZ1 protocol in microbiome analysis could be beneficial, as forensic 

analysts can share the same extracted DNA samples for both human and microbial DNA 

analysis, because most microbiome studies utilize DNA extraction protocols that are not 

forensically approved. Thus, this study proposes the utilization of the EZ1 protocol not 

only for forensic human DNA analysis but also for microbial DNA analysis for efficient 

sample consumption and convenience. The results of this chapter will be useful for future 

development of forensic microbiome analysis to achieve more informative human 

identification by complementing human STR typing from low-biomass samples, such as 

touched objects.  
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Summary 

 The human skin microbiome, a complex microbial community harbored by the 

human skin surface, has been proposed as a new forensic genetic marker for human 

identification to complement STR typing. Streptococcus CRISPR polymorphism of the 

skin microbiome was utilized to characterize individuality of the skin microbiome in 

chapter II; however, further validation is required for forensic purposes. Optimization of 

the DNA extraction protocol is critical for both forensic human DNA and microbiome 

analyses. Previous reports have demonstrated that DNA extraction protocols may alter 

the results of microbiome analysis, suggesting careful selection of DNA extraction 

protocols. In this study, protocols for DNA extraction from skin swab samples were 

evaluated by comparing two DNA extraction protocols, EZ1 DNA Investigator Kit and 

DNeasy PowerSoil Kit, in order to optimize the metagenomic CRISPR typing method. 

Quantification of 16S rRNA gene copy numbers and qualification of CRISPR diversities 

suggested that microbial DNA yield and composition of the CRISPRs were not altered by 

the two DNA extraction methods. Furthermore, the accuracy of the individual prediction 

models built using each sample set was comparable. Thus, these results support that the 

EZ1 platform, an automated DNA extraction protocol used in forensic laboratories, can 

also be used for metagenomic CRISPR typing intended for forensic human identification. 
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Table 9 Metadata for all samples newly collected in this chapter.

Sample ID Participant ID Date Time Point Gender Age Range Systemic antibiotics 
usage in 6 months 

Steroids usage in 6 
months 

Skin care products 
usage in 24 hours Hand wash in 2 hours Site-Symmetry Site 

characteristic Method 

MCP002 P01 2019-07-02 1 Male 30s No Yes Yes Yes Hp-L Dry EZ1 
MCP004 P02 2019-07-02 1 Female 20s Yes No Yes Yes Hp-L Dry EZ1 
MCP006 P03 2019-07-03 1 Female 40s No No No Yes Hp-L Dry EZ1 
MCP007 P04 2019-08-07 2 Male 20s No No No Yes Hp-L Dry EZ1 
MCP009 P04 2019-08-07 2 Male 20s No No No Yes Ac-L Wet EZ1 
MCP011 P04 2019-08-07 2 Male 20s No No No Yes Ra-L Sebaceous EZ1 
MCP015 P01 2019-09-02 2 Male 30s No Yes No No Hp-R Dry EZ1 
MCP017 P01 2019-09-02 2 Male 30s No Yes No No Ac-R Wet EZ1 
MCP019 P01 2019-09-02 2 Male 30s No Yes No No Ra-R Sebaceous EZ1 
MCP021 P03 2019-09-02 2 Female 40s No No Yes Yes Hp-R Dry EZ1 
MCP022 P03 2019-09-02 2 Female 40s No No Yes Yes Ac-L Wet EZ1 
MCP025 P03 2019-09-02 2 Female 40s No No Yes Yes Ra-R Sebaceous EZ1 
MCP026 P02 2019-09-12 2 Female 20s No No No Yes Hp-L Dry EZ1 
MCP029 P02 2019-09-12 2 Female 20s No No No Yes Ac-R Wet EZ1 
MCP030 P02 2019-09-12 2 Female 20s No No No Yes Ra-L Sebaceous EZ1 
MCP032 P04 2019-12-02 3 Male 20s No No No No Hp-L Dry PowerSoil 
MCP033 P04 2019-12-02 3 Male 20s No No No No Hp-R Dry EZ1 
MCP034 P04 2019-12-02 3 Male 20s No No No No Ac-L Wet PowerSoil 
MCP035 P04 2019-12-02 3 Male 20s No No No No Ac-R Wet EZ1 
MCP036 P04 2019-12-02 3 Male 20s No No No No Ra-L Sebaceous PowerSoil 
MCP037 P04 2019-12-02 3 Male 20s No No No No Ra-R Sebaceous EZ1 
MCP038 P05 2019-12-12 1 Male 30s Yes No No Yes Hp-L Dry EZ1 
MCP040 P05 2019-12-12 1 Male 30s Yes No No Yes Ac-L Wet EZ1 
MCP042 P05 2019-12-12 1 Male 30s Yes No No Yes Ra-L Sebaceous EZ1 
MCP044 P03 2020-01-20 3 Female 40s No No No No Hp-L Dry EZ1 
MCP045 P03 2020-01-20 3 Female 40s No No No No Hp-R Dry PowerSoil 
MCP046 P03 2020-01-20 3 Female 40s No No No No Ac-L Wet EZ1 
MCP047 P03 2020-01-20 3 Female 40s No No No No Ac-R Wet PowerSoil 
MCP048 P03 2020-01-20 3 Female 40s No No No No Ra-L Sebaceous PowerSoil 
MCP049 P03 2020-01-20 3 Female 40s No No No No Ra-R Sebaceous EZ1 
MCP051 P01 2020-01-21 3 Male 30s No No Yes Yes Hp-L Dry PowerSoil 
MCP052 P01 2020-01-21 3 Male 30s No No Yes Yes Hp-R Dry EZ1 
MCP053 P01 2020-01-21 3 Male 30s No No Yes Yes Ac-L Wet PowerSoil 
MCP054 P01 2020-01-21 3 Male 30s No No Yes Yes Ac-R Wet EZ1 
MCP055 P01 2020-01-21 3 Male 30s No No Yes Yes Ra-L Sebaceous PowerSoil 
MCP056 P01 2020-01-21 3 Male 30s No No Yes Yes Ra-R Sebaceous EZ1 
MCP058 P05 2020-03-09 2 Male 30s No No Yes Yes Hp-R Dry EZ1 
MCP059 P05 2020-03-09 2 Male 30s No No Yes Yes Ac-L Wet EZ1 
MCP062 P05 2020-03-09 2 Male 30s No No Yes Yes Ra-R Sebaceous EZ1 
MCP063 EC 2020-07-03               EC EC EZ1 
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Table 10 Comparison of accuracies of individual prediction using different DNA extraction 

protocols. 

CRISPR name Sample Group N Accuracy (%) 

CRISPR3 EZ1 25 80 

 PS 30 80 

 Overall 55 89 

    

CRISPR1 EZ1 23 96 

 PS 27 93 

 Overall 50 96 
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Figure 12 Comparison of DNA yields of different DNA extraction methods. 

The total amount of microbial DNA extracted from skin swab samples using different DNA extraction 

methods was compared. The Mann-Whitney U test was used for pairwise comparison. ns, non-

significant. 
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Figure 13 Visualization of personalized spacer diversity. 

The spacer abundances of (A) CRISPR3 and (B) CRISPR1 were standardized as z-scores and then 

visualized as heatmaps. Columns represent samples split by individuals, while rows represent unique 

spacer sequence ASVs split into six blocks by spacer cluster based on dendrograms obtained using 

the Ward method. Top annotations denote sample type, including time point, skin site characteristics, 

and DNA extraction method. See also Table 6 and Table 9 for detailed information on the annotations. 

The ASVs that were equal to or more than 200 times in total were used to generate the heatmaps. 
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CONCLUSION 

 While forensic personal identification is essential for criminal investigation, STR 

typing is difficult when the amount of human DNA recovered from the samples is too low. 

Microbiome-based measures may serve as an alternative approach for such low-biomass 

samples. In this thesis, metagenomic CRISPR typing which analyze diversity of 

Streptococcus CRISPRs was developed and assessed to achieve forensic personal 

identification.  

 In chapter I, 24 putative CRISPR arrays were identified by metagenomic 

reconstruction using publicly available datasets, as putative CRISPRs shared between the 

skin of different individuals. In addition, comparison of CRIPSRs identified by 

metagenomic reconstruction revealed uniqueness of CRISPR arrays found in skin 

microbiome, suggesting that CRISPRs identified in chapter I would be useful marker for the 

characterization of personal microbiome 

 In chapter II, spacer sequences of three CRISPR loci were analyzed by amplicon 

sequencing. A total of 1223462 reads from three CRISPR arrays revealed that spacers in 

the skin microbiome were highly personalized, and conserved repeats were commonly 

shared between individuals. These individual specificities observed using CRISPR typing 

were confirmed by comparing the CRISPR diversity to microbiome diversity assessed 

using 16S rRNA amplicon sequencing. CRISPR typing achieved 95.2 % accuracy in 

personal classification, whereas 16S rRNA sequencing only achieved 52.6 %, suggesting 

that sequencing CRISPRs in the skin microbiome may be a more powerful approach for 

personal identification compared to 16S rRNA sequencing. 

 In chapter III, two DNA extraction protocols were compared, in order to optimize 
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the metagenomic CRISPR typing method. Quantification of 16S rRNA gene copy 

numbers and qualification of CRISPR diversities suggested that microbial DNA yield and 

composition of the CRISPRs were not altered by the two DNA extraction methods. 

Furthermore, the accuracy of the individual prediction models built using each sample set 

was comparable. Thus, the results provided in this chapter support that the automated 

DNA extraction protocol used in forensic laboratories can also be used for metagenomic 

CRISPR typing intended for personal identification. 

 Amplicon sequencing of CRISPRs identified by metagenomic reconstruction 

revealed highly personalized nature of streptococcal CRISPRs in skin microbiome. While 

this study is a proof-of-concept, CRISPR typing developed in the present thesis may be 

used as forensic tool to complement conventional DNA typing methods. Continuous 

effort on the optimization and validation of the CRIPSR typing should be made to address 

the major issues remained for forensic application. 
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和文要旨 

 近年の DNA 配列解析技術の⾰新に伴ってマイクロバイオーム研究が急速に

進展し、ヒトの体表を含めた環境中には、環境毎にその系統や組成が異なった微

⽣物の集団が⽣存していることが明らかにされてきている。法科学領域におい

てはマイクロバイオームの構造が環境によって異なることを応⽤して、ヒト⽪

膚マイクロバイオーム解析による個⼈識別法の開発を⽬指す研究が各国で進め

られている。近年のマイクロバイオーム研究は⼤きく⼆つの⼿法によって実施

されており、⼀つがアンプリコンシーケンス解析、他⽅がショットガンメタゲノ

ム解析である。従来⽤いられることが多かったアンプリコンシーケンス解析は、

PCR により 16S rRNA 配列などのマーカー遺伝⼦を増幅し、網羅的に解読する

⼿法である。しかしながら 16S rRNA 配列は近縁種では類似しており、しばしば

属単位までの系統情報しか得られないことがある。そのため、個⼈識別において

は解像度が低いと⾔われてきた。他⽅、ショットガンメタゲノム解析は試料中の

DNA を断⽚化し、これを網羅的に解読する⼿法で、⾼い解像度でマイクロバイ

オームの構造を把握することができる。しかし、解析にかかるコストが⾼く、

PCR による増幅を経ないために多量の DNA が必要となるといった難点を抱え

る。このような背景から、ヒト⽪膚マイクロバイオーム解析による個⼈識別法の

実現には、16S rRNA 配列よりも⾼い解像度で微⽣物の群集構造を捉えるマーカ

ー遺伝⼦を利⽤した、新規アンプリコンシーケンス解析法を開発する必要があ

ると考えられる。 

 CRISPR は原核⽣物の持つリピート配列で、Cas タンパク質と共に原核⽣物に

おける「獲得免疫系」を担う。CRISPR はその機能を果たす上で、細胞内へ侵⼊

してきたファージを中⼼とする可動性遺伝因⼦の DNA 配列を、リピート配列中

にスペーサーと呼ばれる配列として取り込む性質を持つ。このような性質から

CRISPR 配列の多様性は環境中のウイルス叢の構造を反映している。ヒトの⽪膚
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におけるウイルス叢は細菌叢に⽐べて個⼈間の多様性が⼤きいことが知られて

おり、本研究では CRISPR をマーカーとする新規アンプリコンシーケンス解析

法を開発し、CRISPR の多様性に基づいた個⼈識別の法科学領域における有⽤性

を検討することを⽬的とした。 

 第 I章では、公開データベースに登録されたデータセットを利⽤して、⽪膚マ

イクロバイオーム中に存在する CRISPR を再構築し、複数⼈の間で共有される

CRISPR のリピート配列を同定した。また、再構築された CRISPR について、そ

の配列をリファレンスとなる CRISPR と⽐較したところ、再構築された CRISPR

のスペーサー配列はいずれもリファレンス CRISPR には存在しない独⾃の配列

であり、マーカーとしての有⽤性が⽰唆された。 

 第 II章では、3 種類の候補 CRISPR について、スペーサー配列をアンプリコン

シーケンスにより解析した。性能評価のために 16S rRNA 配列と⽐較したとこ

ろ、スペーサー配列の多様性は 16S rRNA 配列の多様性より個⼈間の多様性が⼤

きく、⾼い正答率で個⼈を識別可能であった。このことは CRISPR の配列解析が

16S rRNA の配列解析に⽐べ、個⼈識別⽤途に優れる可能性を⽰唆するものであ

る。 

 第 III章では、解析系の DNA抽出法を最適化するために、第 II章で使⽤した

細菌叢解析に使⽤される DNA抽出法と、⾃動抽出装置を⽤いた法科学領域で使

⽤される DNA抽出法の、2 種類の DNA抽出法を⽐較した。16S rRNA 配列のコ

ピー数の定量と CRISPR の多様性評価の結果、2 種類の DNA抽出法は細菌 DNA

の抽出効率について同等であり、CRISPR の多様性は DNA抽出法によらず安定

していると考えられた。また、試料の識別精度も同等であり、法科学領域で使⽤

される⾃動抽出装置によって抽出された DNA が CRISPR の多様性評価にも使⽤

可能であることが⽰された。 

 メタゲノムデータセットから同定された CRISPR のアンプリコンシーケンス
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解析により、⽪膚上の連鎖球菌に由来する CRISPR の多様性が個⼈特異的であ

ることが明らかになった。本研究は概念実証ではあるが、開発した CRISPR 解析

法は従来の DNA型検査法を補完する⼿法として、法科学領域において応⽤可能

であると考えられる。今後もさらなる解析系の最適化と法科学的評価進めるこ

とで、実⽤化に向けた課題の解決を⽬指し、さらなる解析系の最適化と法科学的

評価が必要である。  
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