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 Microbial Census

- ASV table from DADA2 
- Taxonomy table from read recruitment 
- Taxonomy table from Sourmash-gather 
     …and many, many other methods…

Metagenomics or Marker-gene (MGS) Sequencing
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Data: Costea, et al. Nature Biotechnology, 2017.
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Every metagenomic measurement 
is biased* from the truth



The relative abundances measured by metagenomics 
are systematically inaccurate 

MGS measurements are not quantitatively reproducible 
across labs/methods 

Every metagenomic measurement 
is biased* from the truth



McLaren, Willis & Callahan. eLife, 2019.
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 Modeling Metagenomics Bias

Strong evidence that some bias mechanisms act in this way.
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McLaren, Willis & Callahan. eLife, 2019.

It works!

 Testing the Model

This is f( )



A simple model of bias links 
measurements to the truth



A simple model of bias links 
measurements to the truth

… at least in simple and well-controlled conditions. 
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 Synthesizing Across Studies

Image credit: Vaginal Microbiome Consortium.
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Image credit: Vaginal Microbiome Consortium.

Different Methods = Different Biases



Huang et al., bioRxiv, 2022.

All-study differential prevalence analysis, Bayesian approach 
- Pool: Assume same detection rate in each study


- Step: Allow for different detection rates across studies
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All-study differential prevalence analysis, Bayesian approach 
- Pool: Assume same detection rate in each study


- Step: Allow for different detection rates across studies Sign Error!

 Synthesizing Across Studies

Huang et al., bioRxiv, 2022.
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  Differential abundance estimators 
               based on ratios?
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 Towards True Calibration?
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 Some thoughts

All measurements are wrong, but some are useful. 
- (apologies to G.E.P. Box) 

New opportunities from measurement models. 
- Standard samples that are more than a process control?


What are the right units (e.g. genomes vs. cells vs. biomass…)? 
- That matter? That can be consistently measured? 

What estimates can we make? Should we make? 
- That are robust to the realities of our measurements?
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 A note of Caution

Bacteroides uniformis

Bacteroides ovatus

Bacteroides caccae

Bacteroides thetaiotaomicron

Barnesiella intestinihominis

Akkermansia muciniphila

Marvinbryantia formatexigens

Roseburia intestinalis

Clostridium symbiosum

Collinsella aerofaciens

−1 0 1 2
Log2 relative efficiency

Specimen type
Fecal
Inoculum

Differential extraction bias (E2/E1) in fecal and inoculum samples

(−) Proteobacteria > Escherichia coli

(−) Bacteroidota > Bacteroides uniformis

(−) Bacteroidota > Bacteroides ovatus

(−) Bacteroidota > Bacteroides caccae

(−) Bacteroidota > Bacteroides thetaiotaomicron

(−) Bacteroidota > Barnesiella intestinihominis

(−) Verrucomicrobiota > Akkermansia muciniphila

(+) Firmicutes > Marvinbryantia formatexigens

(+) Firmicutes > Roseburia intestinalis

(+) Firmicutes > Clostridium symbiosum

(+) Actinobacteriota > Collinsella aerofaciens

Acknowledgement: Michael McLaren, Angie Mordant, Manuel Kleiner.
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 Quantitative Qs about B(ias)



 Compositionality

Extraction PCR BioinfoSequencing
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+
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Normalize
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Image credit: Wikipedia.



 Compositional Data Analysis (CoDA)

Credit: Aitchison, 1980s

• Scale invariance


• Perturbation invariance


• Sub-compositional coherence



 Compositional Data Analysis (CoDA)

Credit: Aitchison, 1980s

• Scale invariance


• Perturbation invariance


• Sub-compositional coherence

Log-ratio Transforms:  



 Compositional Data Analysis (CoDA)

Image Credit: Gloor et al., Front. Microbiol., 2017

• Scale invariance


• Perturbation invariance


• Sub-compositional coherence

Log-ratio Transforms:  



 Compositional Data Analysis (CoDA)

Image Credit: Gloor et al., Front. Microbiol., 2017

• Scale invariance


• Perturbation invariance


• Sub-compositional coherence

Log-ratio Transforms:  

How to marry theory and  
compositional measurements?
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Then, the parameters of cLV  
approximately correspond to  
differences in parameters of gLV.”



 Compositional Modeling

Credit: Joseph et al., PLoS Comp Bio, 2020

“cLV is an approximation to gLV  
when the variance in community  
size, , is low.  
Then, the parameters of cLV  
approximately correspond to  
differences in parameters of gLV.”

Not typical that differently scaled communities

would follow same dynamics. 
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Microbial survey data 
Sampling zeros: Low abundance, no reads


- pseudo-counts

- imputation

- sampling layer

Image Credit: Luke Shelton



 Trouble with zeros
log(x/0) = -log(0/x) = bad

Microbial survey data 
Sampling zeros: Low abundance, no reads


- pseudo-counts

- imputation

- sampling layer

Essential zeros: True zero abundance

- separate treatment

Image Credit: Luke Shelton



Compositionality creates  
substantial technical and interpretability challenges  

for metagenomic data in microbial ecology.
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• Scale invariance


• Perturbation invariance 

• Sub-compositional coherence
Compositional 
perturbation

{

 Bias and CoDA

The differential bias between protocols is 

of the same mathematical form as bias

McLaren, Willis & Callahan. eLife, 2019.
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Image Credit: Vandeputte et al., Nature, 2017.
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 Absolute Abundance

Image Credit: Vandeputte et al., Nature, 2017.

Relative Abundances Absolute Abundances

Two types of Absolute Abundance estimation methods 

- Proportion-based “Bulk” estimation (e.g. normalize to cell counts)


- Ratio-based “Target” estimation (e.g. normalize to spike-in)



 Absolute Abundance

McLaren, Nearing, Willis, Lloyd, Callahan, bioRxiv, 2022.
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Actual
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Sign Error!

McLaren, Nearing, Willis, Lloyd, Callahan, bioRxiv, 2022.



 Absolute Abundance

Experimental manipulation of plant microbiome assembly in cottonwood leaves 

High-efficiency pathogen Melampsora × columbiana invades in T2. 

Synthetic (defined) community. 

Data Credit: Leopold and Busby, Current Biology, 2020.
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Correct fold-differences 
Biased absolute abundances

McLaren, Nearing, Willis, Lloyd, Callahan, bioRxiv, 2022.


