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The human microbiome

» The collection of micro-organisms living in and on our body
» Crucial to human health and disease
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Microbiome data structure

Samples species1 ... speciesp Library size Covariates
P

sample 1 x131 .. Xip Zj:l X1j Cy
P

sample 2 x»1 .. X2p Ej:l X2j Cz
P

sample n xp1 .. Xnp 2121 Xnj Cn

» ~75% zeroes
» Varying library sizes: total number of counts per sample
> Example datasets:

> Anterior nares (nasal cavity) of healthy humans
» Observational study of colorectal cancer patients and controls



Microbiome count data
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Explorative visualization of high-dimensional datasets

P> Requires a dimension reduction

» Biplots: show species and samples in the same plot
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» Triplots: add patient covariates
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Outline

» Existing methods

» Principal coordinates analysis (PCoA)
» Compositional data analysis (CoDa)

» RC(M)-model

» Unconstrained
» Constrained: add patient covariates



Principal coordinates analysis (PCoA)

» Calculate ecological distances between all sample pairs
> e.g. Bray-Curtis dissimilarities, UniFrac distance
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» Xpxp = Dnxn
» Contribution of different species is lost
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Principal coordinates analysis (PCoA)

» Apply eigendecomposition to optimally to represent these
distances in 2D




PCoA
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Compositional data

A B
Bacterial population
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Sequence counts

» Account for compositionality by working with log-ratios
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» Addition of pseudocounts needed because of the many zeroes
» Ratios discard information on variance



Compositional data biplot

Library sizes 5000 10000 15000

20 o« ©
[ ]
10
[ ]
N
g ?
o °
-10
[ ]
-20 oru, WS4
S o
[ ]
-60 -40 -20 0 20 40

Dim1




RC(M) model

» Signal in the data = Departure from independence

Independence model K
—
log (E(Xij)) = uj + uj +Z Yk likSik
k=1

» ri: sample scores, sj: species scores
> 1) strength of the departure
> Augment with any error distribution!

» Negative binomial captures skewness and overdispersion



RC(M) plot
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Conditioning: Looking past the obvious

> Biologically insignificant variables affect the sequencing data
» E.g. sequencing center or technology

» Condition on confounder matrix G

Biological signal

Independence model L K
—
log (E(Xi')> = uj + uj +> g+ D> hrikSic
=1 k=1

Extended null model



Conditioning: Looking past the obvious
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Incorporating covariates

K

log (E(XU)) =uit+u+ Z Urfi(aCi)
k=1

> af an environmental gradient: reveals which variables shape
the environment

> aiC,— = rjy the environmental score: a linear combination of
environmental variables

» f; a species specific response function



Estimating the environmental gradient

> o is estimated by comparing two different models

Every species reacts differently to the environment

n p
H H /(X,'J'|Ui, uj, Ci, o, 1, 6)

i=1j=1

n p
LT T /(Xilui, uj, Cis x4, £)

i=1j=1

All species react equally

» Optimize LR(a) w.r.t.
» Encourage competition and differential niche use between
species



Constrained RC(M): linear response function
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Constrained RC(M): Non-parametric response function

Expected abundance
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Environmental score of dimension 1

Diagnosis
I Cancer

| Normal
| Small_adenoma

Taxon

Desulfovibrio desulfuricans
Fusobacterium gonidiaformans
Fusobacterium necrophorum
Lactobacillus ruminis
Leuconostoc citreum
Porphyromonas asaccharolytica
Prevotella bivia

Prevotella nigrescens
Ruminococcus champanellensis



Checking the assumptions

Deviance residuals
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Pros and cons of the RC(M)-method

Weaknesses
> Parametric assumption
Strengths

» Intuitive interpretation

» Flexible in dealing with covariates: conditioning and
constrained analysis

» Naturally deals with missing values

> Assumptions are made explicit and can be checked
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Thanks for your attention!

Any questions?



RC(M) plot: orthogonal projection
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RC(M) plot: orthogonal projection
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Shape of the Response function
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