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Humans have always asked
key questions about life 

- What kinds of animals are there?
 (taxonomy)

- How many kinds of animals can
 I find where I hunt? 
 (alpha diversity)

- How different is one place from
  another? (beta diversity)

- Who can I eat, and who can
 eat me? (interactions)



How do we describe and
compare diversity?

α Diversity:
 “How many species are in a sample?”  
(e.g. 6 colors in A and 6 in B)
e.g.: Are polluted environments 
less diverse than pristine?

β Diversity:
“How many species are shared “How many species are shared 
between samples?”
(e.g. 2 shared colors between A and B)
e.g.: Does the microbiota differ with 
different disease states?



Qualitative versus quantitative
measures

Qualitative: Considers presence/absence only
α: How many species are in a sample?
 e.g.: 6 colors in both A and B.
β: How many species shared among samples?
 e.g.: A and B are identical because the 
 same colors are present in both. 

Quantitative: Also considers relative abundance.Quantitative: Also considers relative abundance.
α: Accounts for “evenness”:
 e.g. B, where the population is evenly distributed 
 across the 6 species, is more diverse than A, 
 where all species are present but red dominates.
β: Samples will be considered more similar if the 
 same species are numerically dominant versus rare.
  e.g. B and A no longer look identical because of 
 differences in abundance.



Phylogenetic vs Taxonomic
diversity measures



Lots of diversity measures exist...



Sequencing is getting much
cheaper...
Human Genome Project 
cost roughly $3 billion, 
12 years (1991-2003)

Sequencing James 
Watson’s genome in 2007 
cost $2 million, 2 months

Today, you could get your Today, you could get your 
genome sequenced for 
about $2,500 and it would 
take a couple of weeks



Sanger vs Illumina sequencing



Sequencing instruments



Sequencing technology rapidly
advancing, enables big projects

Kuczynski et al. 2011 Nat Rev Genet;
Gevers et al. 2012 PLoS Biol  



Sequencing technologies to
watch out for!



Sequencing technologies to
watch out for!
Emerald Isle, Inc.:

Leprechaun-based
technology uses
half-silvered mirror
on the rainbow,
lets you choose 
sequences, pot of sequences, pot of 
gold (no more
grant writing!)



Sequencing technologies to
watch out for!
Hail Mary
Technologies:

Lies make the baby
Jesus cry. By
measuring the flow
rate, the error rate
can be recalibratedcan be recalibrated
for unprecedented
accuracy.

87%!



Sequencing technologies to
watch out for!
Petagenomics GmbH:

Throughput optimized
to produce 1015

sequences (each 1 base
of Q17 data) and can
sequence every rRNA
in the human gut!in the human gut!

Taxonomy assignment
methods are rapidly
improving...
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Sequencing technologies to
watch out for!
Monoceros:

Unicorns are fabled for
their ability to detect
poisons, including viral
and bacterial toxins and
even the genes that
encode them...encode them...



Sequencing technologies to
watch out for!
Zer0-Molecule Genomics:

Single-molecule bio-
physics is too hard for
many users because of
lack of reproducibility.

The next frontier, zero-
molecule, fixes this issue.molecule, fixes this issue.

Specificity excellent,
sensitivity improving fast...



Marker gene and shotgun studies
produce abundance tables...

Lozupone et al. in press, Nature



...that can be used for a suite of
downstream analyses
16S Shotgun

Lozupone et al. in press, 
Nature



It’s important to recognize there 
are (too many?) other omics...

McDonald et al. in press, GigaScience



It’s important to recognize there 
are (too many?) other omics...

Peak “omics”?

McDonald et al. in press, GigaScience



...but there are only a few “main”
omics you need to worry about

-  Genomics (whole genomes)

- Metagenomics (DNA fragments)

- Metatranscriptomics (RNA fragments)

-  Metaproteomics (Protein fragments)

- Metabolomics (small-molecules)

All produce essentially same types of tables

Peak “omics”?

McDonald et al. in press, GigaScience



Key challenge: relating different
microbial communities



Key challenge: relating different
microbial communities

One community: can say
something about taxa
present, but not so
informative...

Dethlefsen et al. (2007) Nature 449:811



Key challenge: relating different
microbial communities

...more informative to compare
across communities, but pie
chart approach doesn’t scale...

Dethlefsen et al. (2007) Nature 449:811



Key challenge: relating different
microbial communities

...more informative to compare
across communities, but pie
chart approach doesn’t scale...

...and are the results different
because of differences in the
community, or because of
technical biases? (in DNAtechnical biases? (in DNA
extraction, PCR, analysis, etc.)

Dethlefsen et al. (2007) Nature 449:811



Direct environmental sequencing
sees the “other” 99% of microbes

2. PCR amplify
 (usually SSU
 rRNA gene)

1. Get samples
 and extract
 DNA

1. Get samples
 and extract
 DNA

3. Sequence

4. BLAST sequences,
 group by similarity 
 to GenBank seqs 

4. BLAST sequences,
 group by similarity 
 to GenBank seqs 



Direct environmental sequencing
sees the “other” 99% of microbes

2. PCR amplify
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1. Get samples
 and extract
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3. Sequence

X4. BLAST sequences,
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4. Align, build tree4. Align, build tree





...and we’ve all seen papers like
this...
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...but when we add samples we
can find extreme environments...

Ley, Lozupone, Hamady, et al. (2008) Nature Reviews Microbiology



...most strikingly, in the 
vertebrate gut

Ley, Lozupone, Hamady, et al. (2008) Nature Reviews Microbiology





Clear clustering by diet...



...with the carnivores clustering
together...



...two types of herbivores, the
foregut and hindgut fermenters...



...and one group of omnivores...



...that includes humans, despite
our diverse habitat and diet





QIIME: integrating analysis of 
hundreds of samples

Tag 16S genes from
hundreds of samples
with DNA barcode

Mix samples and
sequence on 454’s
GS FLX instrument

Because each sequence
has a barcode, can tell
which sample each is from

Align sequences 
to identify taxon-
specific regions

Clip off 
barcodes

Hamady et al. 2008 Nature Methods 5:235; &aporaso et al. 2010 Nature Methods 7:335

454: short sequence 
+ added barcode

Use the sequences to
build phylogenetic tree
with samples on branches

Use the tree to cluster the
samples, e.g. healthy/
diseased samples cluster?



QIIME resolves technical challenges 
in dealing with next-gen data



Our philosophy: wrap “name-
brand” algorithms

...with the generics, you don’t know what you’re getting!

vs.



QIIME resolves technical challenges 
in dealing with next-gen data



QIIME resolves technical challenges 
in dealing with next-gen data

Error-correcting codes allow
precise demultiplexing (e.g.
12-base Golay codes detect
4 simultaneous errors, correct 3)



QIIME resolves technical challenges 
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QIIME resolves technical challenges 
in dealing with next-gen data



QIIME resolves technical challenges 
in dealing with next-gen data



BLAST to Reference Tree Protocol
(global dataset reanalysis)



QIIME resolves technical challenges 
in dealing with next-gen data



...and the choices made in the
pipeline can really matter!

UniFrac Kulczynski Euclidean

Tree-based metric (UniFrac) reveals patterns that
are obscured using taxon-based metrics because
the tree better reconstructs evolutionary history

Micah Hamady (data from Lozupone & Knight 2007 PNAS)



The region of the 16S rRNA can
have large effects on clustering...

Procedure: clip parts
of sequence, check
if UniFrac clustering
is the same

Liu et al. 2007, NAR 35:e120



...and taxonomy: method not
sample can dominate result!

Procedure: clip parts
of sequence, check
if taxonomy assignment
(using several methods)
is the same

Liu et al. 2008, NAR 36:e120



Turnbaugh et al. (2009) Nature 457:480





Dirk Gevers (Broad Institute) + HMP Consortium

HMP data confirms trend across
body habitats



Langille et al. 2013 Nat Biotech

...and of course 16S rRNA isn’t the
whole story...



Langille et al. 2013 Nat Biotech

...and of course 16S rRNA isn’t the
whole story...



...though it’s more than you might
think...

Langille et al. 2013 Nat Biotech



...though it’s more than you might
think...

Langille et al. 2013 Nat Biotech



Can match multilevel data (e.g. 16S
rRNA vs metagenomic) w/ Procrustes

Muegge et al. 2011 Science



As sequencing moves from a
cottage industry...



...to a real industry...



...the labeling requirements also
change



Supervised Classification 

Using a set of samples with known 
category labels, learn to put 
unlabeled samples in the correct 
category

E.g. identify cancer cells from 
microarrays

Differs from unsupervised Differs from unsupervised 
classification (e.g. PCA), 
where we don’t have 
predetermined categories



Supervised Classification and
mislabeling 
Koenig et al. 2010: initially puzzling results 
disappear on resequencing the samples 
(Knights et al. 2010 ISME J)

When patterns are clear, trusting pattern 
is better than trusting asserted labels

-> use supervised learning to fix labels



Label correction works!

Using data from Fierer et al. 2010 PNAS and Costello et al. 
2009 Science, randomly introduced labeling errors can be 
corrected by a random forests classifier

[What’s a random
forest? Decision
trees trained on
random samplerandom sample
of data and few
variables, each
tree votes once
on new data so
errors cancel]



QIIME in the cloud lets anyone
analyze their data...



...seriously, anyone...



Data integration workflow

Antonio Gonzalez



Infant gut microbiota changes
radically: integrate with adults?

day

d
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Koenig et al. PNAS 2011 108 suppl 1:4578
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