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Introduction BEI Mock Staggered Community Clostridium difficile Patient, Fecal Microbiota Transplant (FMT)

There are many sequencing-based approaches to understanding complex metagenomic communities (a) Distribution and Topology of Taxonomic hits (b) Mapping Nucleotide Data (b) T
spanning targeted amplification to whole-sample shotgun sequencing. While targeted approaches provide ® ® ® O omacnmanes 5| .

valuable data at low sequencing depth, they are limited by primer design and PCR amplification. Whole- o ° ®sctorsides wiaeus Class reltive abundance: Microaray
sample shotgun experiments generally use short-read, second-generation sequencing, which results in data | | @1t s ’ -l ~“MRRRE
processing difficulties. For example, reads less than 1 Kb in length will likely not cover a complete gene or R ' -
region of interest, and will require assembly. This not only introduces the possibility of incorrectly combining W CCS - Gene Prediction

sequence from different community members, it requires a high depth of coverage. As such, rare community I — .Staph;:c uuuuuuuuu .

members may not be represented in the resulting assembly. ™ | @ o s

Circular-consensus, single molecule, real-time (SMRT®) Sequencing reads in the 1-2 kb range, with >99% A

accuracy can be efficiently generated for low amounts of input DNA. 10 ng of input DNA sequenced in 4

SMRT Cells would generate >100,000 such reads. While throughput is low compared to second-generation

sequencing, the reads are a true random sampling of the underlying community, since SMRT Sequencing
has been shown to have no sequence-context bias. Long read lengths mean that that it would be reasonable
to expect a high number of the reads to include gene fragments useful for analysis.
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Figure 3. CCS profile analysis of pre- and post-
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Figure 1. Comparison of CCS-gene prediction and other mapping strategies (a) Distribution of taxonomic hits to the Silva Database* using CCS gene fecal transplant samples. (a) Class level

SMRTbell™ libraries were prepoed from whole-sample predictions (blue) and 16S sequences (red). Filtered at 0.0005% abundance. Pie charts on nodes show total of all downstream assignments. * Indicates Assianments compare well with previous|
prepp P known members of the mock community. * Incorrect assignment likely due to gene sharing between Salmonella, Shigella and E. coli. (b) Mapping predicted '9 pare wet WIth previously
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S s 3 metagenomes that were each sheared to target size of 2 genes gives comparable abundance numbers to mapping of raw sequence reads. : . published results from similar samples

K 4 “erenst Kb. Libraries were sequenced using P6/C4 chemistry with characterized using microarrays and 165
3.hr collection fimes. . techniques. (b) Full species-level classification Pt o

shows very distinct community profiles pre- and
post-transplant. (c) Profiling using genes allows

: : _ NN N T T T, %, data to be visualized using SEED® functional
Polymerase Read == — (A) Species Histogram (B) Taxonomic Tree CYC N S Omy classifications, here pre-FMT secretion system

® ! ) % 5, %, 2 )
\ \ / O [ Y- I N Y T, T, S, genes are seen that are not present post-FMT.
, , Multiple sequencing passes were generated from each ) ) “’

Subread . . ~— SMRTbell template, generating high quality circular
l consensus sequence (CCS) reads.
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§° °°°°°°° preuminie an infant stool sample Metagenomic CCS profiling offers distinct advantages over both 16S and shotgun assembly methods.
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S Nodes of the tree are While having a high tolerance for sample input problems such as low input quantities and fragmented DNA,

Q. scaled to the number of CCS profiling allows species level taxonomic classification and functional studies.
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