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Motivation: democratized platform for species-level microbiome analyses
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Fig 2: 16S rRNA targeted amplicon sequencing makes 
for a simpler approach over whole-genome shotgun 
(WGS), but limits analyses3.
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�������Fig 1: The ONT MinION1 device 
can be used for inexpensive spe-
cies-level microbiome analyses 
from full-length 16S rRNA se-
quences; however the software 
for generating community profiles 
was missing. We developed Emu 
to fill this void.

Fig 3: Short-read 16S rRNA analysis is limited to ge-
nus-level resolution due to the short length of each 
reads; however sequencing the full 16S gene has the 
potential for species-level results.
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Fig 4: Emu cor-
rects for ONT se-
quencing error 
through an expec-
tation-maximiza-
tion (EM) algo-
rithm. Here, read 
classification are 
influenced by the 
community pro-
file; when it is dif-
ficult to distin-
guish between 
species classifica-
tions for a given 
read, species that 
are in higher 
abundances in 
the sample are 
given a higher 
likelihood.

Short vs long 16S reads Emu method

Error correction in Emu
Fig 5: Species-level error (overestimate in red; underes-
timate in blue) for test data set throughout EM iterations 
within Emu. Furthest left column is synonymous to clas-
sification without error-correction; furthest right is Emu 
results. 
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Evaluation of approaches
Fig 6: Performance of 6 different software on generating a species-level com-
munity profile from simulated full-length 16S rRNA sequence data of 350+ 
species mimicking a mouse gut microbiome6. Heat map of relative abun-
dance error (left); L1- and L2-norm (top right); detection accuracy (bottom 
right).   

https://gitlab.com/treangenlab/emu
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