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Abstract 

 
The composition of microbial communities play important roles in biology, ecology and human health 
(Bardgett and others, 2012; Berendsen and others, 2012; Human microbiome Project Consortium, 
2012). As indicated in Washburne and others (2016), the analyses of microbial communities aim 
either (i) to describe community quantifying the relative abundance of individual microbial taxa, (ii) 
to characterize how the microbial community change across space, time or in a response to a 
treatment, or (iii) to quantify differences between two communities. Distance and dissimilarities 
measures like Bray-Curtis or UniFract are commonly used (Coburn and others, 2015; Goslee and 
Urban, 2007) to compute the differences between microbial communities for non-parametric manova, 
dimensionality reduction or clustering methods.  
 
Recently the compositional nature of the data has been discussed and the methodology based on 
logratios is recommended for the analysis of such data sets (Gloor and others, 2016, Tsilimigran and 
Fodor, 2016). This opens the door to the Aitchison distance as an adequate distance or to other 
logratio indices, for example, the F-E index to discriminate amongst different intestinal disorders 
(Lopez-Siles and others, 2014). Following Tsilimigran and Fodor (2016), it remains an open question 
to study how much the use of the Aitchison distance would beneficially impact results compared with 
these more commonly used metrics. 
 
In this work we analyse several distances and dissimilarity measures that are popular in the biological 
sciences. In particular we show how the changes in size and shape of compositions of microbial 
communities affect to these measures and we explore its subcompositional coherence. To illustrate the 
performance of these measures real and simulated data sets are analysed.  
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