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Characteristics of microbiome data
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Multi-level summarization of
microbiome data
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Diversity measures quantify community-
level properties
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Each diversity measure captures a different
aspect of the community properties
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Each diversity measure captures a different
aspect of the community properties

Different richness,
same evenness
(Sobs, Chao1)

Same richness,
different evenness
(Shannon, Simpson)

Same richness,
same evenness,
different phylogeny
(Phylogenetic diversity)
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UniFrac distance (Knight group) captures
phylogenetically related community difference

Bray-Curtis/Jaccard distances are UniFrac equivalents without using phylogeny.

A B

Lozupone, C., & Knight, R. (2005). UniFrac: a new phylogenetic method for comparing microbial 
communities. Applied and environmental microbiology, 71(12), 8228-8235.
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Diversity depends on the sampling effort
(sequencing depth)

HMP 18 body sites

As we sequence more deeply, we will detect more rare species.
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Differential sequencing depth could
produce false patterns
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Diversity measure and rarefaction

To conduct a fair comparison of diversity
measures, esp. for unweighted measures, the
sequencing depth should be equal. The process
of down-sampling the sequences to the same
depth is called rarefaction.

We usually down-sample the sequences at
different depths and create a rarefaction curve.
The rarefaction curve can be used to assess the
adequacy of the sampling depth.

Unless rarefied to a very low depth, rarefaction
does not lose much statistical power for diversity
analysis. It could even increase the power for
unweighted analysis.
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Rarefaction corrects the false pattern
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Rarefaction corrects the false pattern
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Central themes of microbiome studies

Hall, A. B., Tolonen, A. C., & Xavier, R. J. (2017). Human genetic variation and the gut microbiome in disease. Nature Reviews Genetics, 18(11), 690-699.

Warnecke, F., & Hugenholtz, P. (2007). Building on basic metagenomics with complementary technologies. Genome biology, 8, 1-5.
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MicrobiomeGPS overview
�Overview



©2012 MFMER  |  slide-15

Center for INDIVIDUALIZED MEDICINE

Exploratory data analysis

Xu, Z. Z., et al. (2019). Calour: an interactive, microbe-centric analysis tool. Msystems, 4(1), 10-1128.

Vázquez-Baeza, Y., et al. (2013). EMPeror: a tool for visualizing high-throughput microbial community data. Gigascience, 2(1), 2047-217X.
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Exploratory data analysis (examples)
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Exploratory data analysis (examples)
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Microbiome association test

(differential abundance analysis)
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Multiple testing correction
Assume we are testing 500 taxa, if we use the traditional type I error cutoff
0.05, by definition, we will detect an average of 25 differential taxa while none
are truly differential!!
P-values should be corrected for multiple testing.

Family-wise error rate (FWER) control (e.g. Bonferroni correction) controls the
probability of making any false discovery in the results. May be too conservative.
False discovery rate (FDR) control (e.g. Benjamini-Hochberg procedure) controls
the average percentage of false discoveries in the results. Balance of power and
false positives.

Left shows the proportion of true
positives (blue) and false
positives (yellow) on six example
datasets by using unadjusted,
FWER-adjusted, and FDR-
adjusted p-values at 0.05 level.
The size of the circle represents
the number of discoveries made.
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Challenges of differential abundance analysis

Microbiome sequencing data are “compositional”: the change of the
abundance of one taxon will lead to the changes of the relative
abundances of other taxa

The severity of compositional effects depends on the number of
differential taxa, their abundance level, and the direction of change
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Assumption for differential abundance
analysis based on relative abundance data
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Approaches to address compositional effects

Zhou, H., He, K., Chen, J., & Zhang, X. (2022). LinDA: linear models for differential abundance analysis of microbiome compositional data. Genome biology, 23(1), 95.

Lin, H., & Peddada, S. D. (2020). Analysis of compositions of microbiomes with bias correction. Nature communications, 11(1), 3514.

Yang, L., & Chen, J. (2022). A comprehensive evaluation of microbial differential abundance analysis methods: current status and potential solutions. Microbiome, 10(1), 130.
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A non-exhaustive list of existing
differential abundance analysis methods
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LinDA: linear models for differential abundance
analysis with bias correction (Zhou et al., 2022,
Genome Biology)

https://cran.r-project.org/web/packages/MicrobiomeStat/
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Microbiome-based prediction with Random
Forest algorithm

https://towardsdatascience.com/from-a-single-
decision-tree-to-a-random-forest-b9523be65147

Algorithm based on decision trees with bootstrap
samples and splitting on a random set of features

Advantages
Capture nonlinear effects
Capture interaction between taxa
Can accommodate a large number of taxa
Robust to outliers
Provide importance rank of the taxa
Can couple with Boruta feature selection to
identify biomarker taxa
Out-of-bag (OOB) error gives a reasonable
error estimate (may overestimate)

Important parameters
Number of trees (default may be small)
Number of features to split (default is usually
OK)

https://towardsdatascience.com/from-a-single-decision-tree-to-a-random-forest-b9523be65147
https://towardsdatascience.com/from-a-single-decision-tree-to-a-random-forest-b9523be65147
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Microbiome-based prediction -
considerations

What input to Random Forest?
Taxonomic or original OTU/ASV abundance
Whether to incorporate phylogenetic information
Taxonomic or functional abundance
How to normalize the data
Whether to perform feature filtering and selection

Performance evaluation by cross-validation (CV)
If all the parameters are set as default, OOB error or traditional CV can
be used to evaluate prediction performance.
If we tune the parameters and perform feature filtering/selection, two-
stage nested CV should be used.
Feature filtering/selection should be performed in the training data only.
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Nested cross-validation for objective
assessment of prediction performance
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mPower: a power calculation tool for
microbiome study design

https://microbiomestat.shinyapps.io/mPower/ (ongoing project)

https://microbiomestat.shinyapps.io/mPower/
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MicrobiomeStat: a R package supporting
comprehensive microbiome data analysis

www.microbiomestat.wiki (ongoing development)

http://www.microbiomestat.wiki/

