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Variable selection in microbiome 

compositional data analysis

• Variable selection is one of the most relevant 
tasks in microbiome analysis (e.g. identification 
of microbial signatures)

• CODA methods for variable selection
• Selbal (Selection of microbial balances)
• clr-penalized regression (clr-lasso)
• coda-penalized regression (coda-lasso)
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Case studies
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• Crohn's disease (CD) study:  n>>k

n=975 individuals (662 CD and 313 without any symptoms)

Microbiome data at genus level: k=48 genera

• High fat high sugar diet (HFHS) study: n<<k

n=47 mice (24 HFHS diet and 23 normal diet)

Stool sampling was performed at Day 0, 1, 4 and 7. We consider 
day 1 only (HFHS-day1). 

Microbiome data: k=558 OTUs



Microbiome data

Y Taxa1 Taxa2 Taxa3 ... Taxak TOTAL

Y1 X11 X12 X13 ... X1k N1

Y2 X21 X22 X23 ... X2k N2

... ... ...

Yn Xn1 Xn2 Xn3 ... Xnk Nn

• Count data (number of DNA reads)

• Large variability in the total number of counts per sample
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Microbiome data

5

Microbiome absolute abundances are not absolute: The magnitude of 

counts depends on the seq. process and is not a measure of the absolute 

microbiome abundance in the environment 

𝑥 = 𝑥1 = 300, 𝑥2 = 600,… , 𝑥𝐾 , ∑𝑥𝑖 = 3000

𝑦 = 𝑦1 = 100, 𝑦2 = 200,… , 𝑦𝐾 , ∑𝑦𝑖 = 1000

Microbiome relative abundances: proportions

𝑝 = 𝑝1 = 0.10, 𝑝2 = 0.20,… , 𝑝𝐾 , ∑𝑝𝑖 = 1

Working with proportions induces:
• Spurious correlations 
• Subcompositional incoherences 
• Large proportion of FP in univariate differential abundance testing 



Spurious correlations 
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Working with proportions induces spurious correlation (Pearson 1896): 
Two or more variables will be negatively correlated simply because the 
data are transformed to have a constant sum



Subcompositional incoherences 
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Subcomposition: reducing a full composition to a composition with 
fewer parts.  



Large proportion of FP in univariate differential 

abundance testing
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The change in abundance of one species induces changes in the observed 
abundances of the other species



Large proportion of FP in univariate differential 

abundance testing
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Compositional data analysis
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Aitchison, 1986:   

o Two proportional compositions contain the same information

o Equivalence classes: Two vectors are compositionally equivalent if

they are proportional. Each equivalence class has a representative in 

the unit simplex defined as:

𝑆𝑘 = { 𝑥 = 𝑥1, … , 𝑥𝑘 , 𝑥𝑖 > 0 , 

𝑖=1

𝑘

𝑥𝑖 = 1}

https://doi.org/10.3832/ifor2187-010

A composition is defined as a vector of positive real numbers, 𝑥 =
𝑥1, … , 𝑥𝑘 , 𝑥𝑖>0, that contains relative information.

https://doi.org/10.3832/ifor2187-010


Compositional data analysis
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CoDA principles: 

o permutation invariance

o scale invariance:   𝑓 𝑥 = 𝑓 𝑘 ∙ 𝑥

o sub-compositional coherence



The log-ratio approach
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The simplest invariant function is the log-ratio between two components:

𝑓 𝑥 = 𝑙𝑜𝑔
𝑥𝑖

𝑥𝑗
= 𝑙𝑜𝑔 𝑥𝑖 − 𝑙𝑜𝑔(𝑥𝑗), 𝑖, 𝑗 ∈ 1,… , 𝑘 .

i j log-ratio before log-ratio after

1 2 log(0.25/0.25)=0 log(0.7/0.1)=log(7)

1 3 log(0.25/0.25)=0 log(0.7/0.1)=log(7)

1 4 log(0.25/0.25)=0 log(0.7/0.1)=log(7)

2 3 log(0.25/0.25)=0 log(0.1/0.1)=0

2 4 log(0.25/0.25)=0 log(0.1/0.1)=0

3 4 log(0.25/0.25)=0 log(0.1/0.1)=0



The log-ratio approach
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The simplest invariant function is the log-ratio between two components:

𝑓 𝑥 = 𝑙𝑜𝑔
𝑥𝑖

𝑥𝑗
= 𝑙𝑜𝑔 𝑥𝑖 − 𝑙𝑜𝑔(𝑥𝑗), 𝑖, 𝑗 ∈ 1,… , 𝑘 .

• clr-transformation -> clr-lasso

• Compositional Balances -> Selbal

• log-contrast -> coda-lasso

Log-ratio extensions:   log(···/reference)



clr-transformation
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The centered log-ratio transformation (clr transformation) is defined as:

𝑐𝑙𝑟 𝑥 = 𝑐𝑙𝑟 𝑥1, … , 𝑥𝑘 = 𝑙𝑜𝑔
𝑥1
𝑔(𝑥)

, … , 𝑙𝑜𝑔
𝑥𝑘
𝑔(𝑥)

where 𝑔(𝑥) = ∏𝑥𝑗
1/𝑘

is the geometric mean of the composition. 

https://doi.org/10.3832/ifor2187-010

https://doi.org/10.3832/ifor2187-010


clr-lasso
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The clr-linear regression with lasso penalization considers the linear 

regression model after the clr transformation of 𝒙𝑖

𝑦𝑖 = 𝛽0 + 𝛽1𝑐𝑙𝑟(𝑥1𝑖) + ⋯+ 𝛽𝑘𝑐𝑙𝑟(𝑥𝑘𝑖) + 𝜀𝑖

The regression coefficients 𝛽 = (𝛽0, . . . 𝛽𝑘) are estimated to minimize

∑𝑖=1
𝑛 (𝑦𝑖 − 𝛽0 − 𝛽1𝑐𝑙𝑟 𝑥1𝑖 −⋯− 𝛽𝑘𝑐𝑙𝑟(𝑥𝑘𝑖))

2+λ ∑𝑗≥ 1 |𝛽𝑗|

where 𝜆 is the penalization parameter. 

➢ Interpretability of clr selected variables??

➢ Not subcompositionally consistent 



clr-lasso
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clr-regression can be equivalently written as 

𝑦𝑖 = 𝛽0 + 𝛽1(𝑙𝑜𝑔 𝑥1𝑖 −𝑀𝑖) + ⋯+ 𝛽𝑘(𝑙𝑜𝑔 𝑥𝑘𝑖) − 𝑀𝑖 + 𝜀𝑖 (4)

= 𝛽0 +𝛽1𝑙𝑜𝑔 𝑥1𝑖 +⋯+ 𝛽𝑘𝑙𝑜𝑔 𝑥𝑘𝑖) − 𝑀𝑖(𝛽1 +⋯+ 𝛽𝑘 + 𝜀𝑖 . (5)

where 𝑀𝑖 =
1

𝑘
∑𝑗 𝑙𝑜𝑔 𝑥𝑗𝑖

➢ Although lasso penalization removes irrelevant variables from the 

model, in fact all variables remain in the term 𝑀. 

𝑐𝑙𝑟 𝑥 = 𝑐𝑙𝑟 𝑥1, … , 𝑥𝑘 = 𝑙𝑜𝑔 𝑥1/𝑔(𝑥) , … , 𝑙𝑜𝑔 𝑥𝑘/𝑔(𝑥) =

= 𝑙𝑜𝑔 𝑥1 −𝑀 ,… , 𝑙𝑜𝑔 𝑥𝑘 −𝑀 where 𝑀 =
1

𝑘
∑𝑗 𝑙𝑜𝑔 𝑥𝑗 . 



Compositional balances
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A balance is an extension of the concept of log-ratio between two taxa: 

𝑙𝑜𝑔(𝑋𝑖/𝑋𝑗) = 𝑙𝑜𝑔(𝜋𝑖/𝜋𝑗)

Given a composition 𝑋 = (𝑋1, 𝑋2, … , 𝑋𝑘) and two disjoint subgroups of 
taxa in 𝑋, group A and group B, the balance between A and B is defined as:

ℬ(𝐴, 𝐵) = 𝐶 ∙ 𝑙𝑜𝑔
)𝑔(𝑋𝐴
)𝑔(𝑋𝐵
= 𝐶 ∙ 𝑙𝑜𝑔

∏𝑖∈𝐼𝐴
𝑋𝑖

1
𝑘𝐴

∏𝑗∈𝐼𝐵
𝑋𝑗

1
𝑘𝐵



Selbal: an algorithm for selection of balances
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Compositional balances: a new perspective for microbiome analysis
Rivera-Pinto et al. mSystems, 2018

ℬ(𝐴, 𝐵) = 𝐶 ∙ 𝑙𝑜𝑔
)𝑔(𝑋𝐴
)𝑔(𝑋𝐵



Selbal: an algorithm for selection of balances
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𝑌 , response variable, numeric or dichotomous, 

𝑋 = (𝑋1, 𝑋2, … , 𝑋𝑘) composition

𝑍 = (𝑍1, 𝑍2, … , 𝑍𝑟) covariates

Goal: to determine the sub-compositions 𝑨 and 𝑩 so that the balance ℬ

between 𝐴 and 𝐵 is highly associated with 𝑌 after adjustment for 𝑍

For a continuous variable 𝑌: 𝑌 = 𝛽0 + 𝛽1 ∙ 𝓑(𝑨,𝑩) + 𝛾′𝑍

For a dichotomous variable 𝑌: 𝑙𝑜𝑔𝑖𝑡(𝑌) = 𝛽0 + 𝛽1 ∙ 𝓑(𝑨,𝑩) + 𝛾′𝑍



Selbal forward selection
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STEP 0: Zero replacement

STEP 1: Optimal balance between two components, ℬ(1)

The algorithm evaluates all possible balances between two components: 

ℬ(𝑋𝑖 , 𝑋𝑗) =
1

2
𝑙𝑜𝑔 𝑋𝑖 − 𝑙𝑜𝑔(𝑋𝑗) for 𝑖, 𝑗 ∈ 1, . . . , 𝑘 𝑖 ≠ 𝑗.

STEP s: Optimal balance adding a new component

For 𝑠 > 1, evaluate the balances obtained by adding  𝑙𝑜𝑔 𝑋𝑝 to ℬ(𝑠−1), 

for each variable 𝑋𝑝 that was included previously and selects ℬ(𝑠) that 

maximizes the optimization criterion (R2, AUC). 

STOP criterion: cross-validation



Crohn disease 
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Selbal: optimal number of variables



Crohn disease 
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Selbal balance



Log-contrast functions
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Aitchison: Any invariant function of a composition can be expressed as 

a log-contrast: 

𝑓 𝑥 = 

𝑖=1

𝑘

𝑎𝑖 𝑙𝑜𝑔 𝑥𝑖 ; 𝑤𝑖𝑡ℎ 

𝑖=1

𝑘

𝑎𝑖 = 0.



coda-lasso
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Coda linear regression with lasso penalization is formulated as a log-

contrast model: (Lin et al. Biometrika, 2014; Lu et al. Biometrics 2018)

𝑦𝑖 = 𝛽0 + 𝛽1𝑙𝑜𝑔 𝑥1𝑖 +⋯+ 𝛽𝑘𝑙𝑜𝑔 𝑥𝑘𝑖 + 𝜀𝑖

with constraints ∑𝑗≥ 1 𝛽𝑗 < 𝑡 and   ∑𝑗≥ 1𝛽𝑗 = 0

The regression coefficients are estimated to minimize



𝑖=1

𝑛

(𝑦𝑖 − 𝛽0 − 𝛽1𝑙𝑜𝑔 𝑥1𝑖 −⋯− 𝛽𝑘𝑙𝑜𝑔 𝑥𝑘𝑖 )
2+λ 

𝑗≥ 1

|𝛽𝑗| subject to 

𝑗≥ 1

𝛽𝑗 = 0

➢ Implementation of the minimization process is performed in 
two iterative steps based on soft thresholding and projection 



Relationship between clr-lasso and coda-lasso
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If we add the constraint ∑𝑗≥ 1𝛽𝑗 = 0, the clr transformation cancels out, 

and clr-lasso is equivalent to coda-lasso: 

𝐸(𝑦𝑖) = 𝛽0 + 𝛽1𝑐𝑙𝑟 𝑥1𝑖 +⋯+ 𝛽𝑘𝑐𝑙𝑟 𝑥𝑘𝑖

= 𝛽0 + 𝛽1(𝑙𝑜𝑔 𝑥1𝑖 −𝑀𝑖) + ⋯+ 𝛽𝑘(𝑙𝑜𝑔 𝑥𝑘𝑖) − 𝑀𝑖

= 𝛽0 + 𝛽1𝑙𝑜𝑔 𝑥1𝑖 +⋯+ 𝛽𝑘𝑙𝑜𝑔 𝑥𝑘𝑖) − 𝑀𝑖(𝛽1 +⋯+ 𝛽𝑘

= 𝛽0 + 𝛽1𝑙𝑜𝑔 𝑥1𝑖 +⋯+ 𝛽𝑘𝑙𝑜𝑔 𝑥𝑘𝑖

since 𝛽1 +⋯+ 𝛽𝑘 = 0



Relationship between selbal and coda-lasso
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Selbal can be expressed as a log-contrast linear model since the sum of 

the regression coefficients is equal to zero: 

𝐸 𝑌 = 𝛽0 + 𝛽1ℬ 𝐴, 𝐵 = 𝛽0 + 𝛽1 𝑙𝑜𝑔
)𝑔(𝑋𝐴
)𝑔(𝑋𝐵

=

=𝛽0 + 𝛽1
1

𝑘𝐴
∑𝑖∈𝐼𝐴

𝑙𝑜𝑔 𝑋𝑖 −
1

𝑘𝐵
∑𝑗∈𝐼𝐵

𝑙𝑜𝑔 𝑋𝑗

The difference is that the coefficients in selbal are all equal to 𝛽1/𝑘𝐴 for 

taxa in group A and 𝛽1/𝑘𝐵 for taxa in group B, where 𝑘𝐴 and 𝑘𝐵 is the 

number of taxa in group A and group B, respectively.



Relationship between selbal and coda-lasso
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Coda-lasso can be interpreted as a weighted balance:

𝛽0 +

𝑖∈𝐼+

𝛽𝑖 𝑙𝑜𝑔 𝑋𝑖 − 

𝑖∈𝐼−

𝛼𝑖 𝑙𝑜𝑔 𝑋𝑖 = 𝛽0 + 𝑠𝛽 𝑙𝑜𝑔
𝑔+(𝑋)

𝑔_(𝑋)

where 𝐼+ ⊂ {1,… , 𝑘} and 𝐼− ⊂ {1,… , 𝑘} are the indices of the positive and 

negative coefficients, respectively; 𝛼𝑖 = −𝛽𝑖 for 𝛽𝑖 < 0;  𝑠𝛽 = ∑𝑖∈𝐼+
𝛽𝑖 =

∑𝑖∈𝐼−
𝛼𝑖, and, the weighted geometric means are defined as follows:

𝑔+ 𝑋 = 𝑒𝑥𝑝
1

𝑠𝛽
∑𝑖∈𝐼+

𝛽𝑖 𝑙𝑜𝑔 𝑋𝑖 and  𝑔− 𝑋 = 𝑒𝑥𝑝
1

𝑠𝛽
∑𝑖∈𝐼−

𝛼𝑖 𝑙𝑜𝑔 𝑋𝑖 .



Crohn disease 
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Crohn disease 
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Repeted 5-fold cv 20 times: 

Selbal microbial signatures led to slightly better classification 

accuracy



High fat high sugar diet in mice
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Best Log-ratio according to selbal: 
OTU 290253 : g_Oscillospira vs OTU 263479 o_Bacteroidales; f_s24-7



High fat high sugar diet in mice
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Maximum discrimination: 100% proportion of explained deviance
• Selbal: 2 taxa 
• Coda-lasso: 7 taxa 
• clr-lasso: 17 taxa  (10 taxa provided 95% of explained deviance)



High fat high sugar diet in mice
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Not unique solution: It is highly probable that in 𝑛 ≪ 𝑘 datasets the 
solution is not unique and alternative microbial signatures may provide 
similar results. 



High fat high sugar diet in mice
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Selbal seeks for the most parsimonious model with maximum prediction 
or classification accuracy. 
Penalized regression models are useful for the identification of the 
variables that are most associated with the outcome but this does not 
guarantee that the resulting model has the best performance.



Simulation study
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Simulation study
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Simulation study. Crohn study
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Mean AUC for variable selection 
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Simulation study. HFHS study 
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Mean AUC for variable selection 
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Variability of M after clr transformation (Crohn dataset) as a function of the total number of variables.

Simulation study

Since, 𝑐𝑙𝑟 𝑥𝑗𝑖 = 𝑙𝑜𝑔 𝑥𝑗𝑖 −𝑀𝑖, the variability of 𝑀 reduces the power to 

detect a possible association between the response Y and taxa j. 

However, as the total number of taxa k increases, the variability decreases:

𝑣𝑎𝑟 𝑀 =
1

𝑘2


𝑗=1

𝑘

𝑣𝑎𝑟 𝑙𝑜𝑔 𝑥𝑗 + 2 

𝑙,𝑗=1;𝑙≠𝑗

𝑘

𝑐𝑜𝑣𝑎𝑟 ൯𝑙𝑜𝑔 𝑥𝑙 , 𝑙𝑜 𝑔( 𝑥𝑗



Discussion
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• Variable selection: (1) identification of relevant microbial species or 

(2) detection of microbial signatures. No method can be optimal for 

both aims. users should choose the method that best fits their needs. 

• Selbal: simple, intuitive, nice graphical representation. Good 

performance. Not necessarily optimal (forward selection). 

Computational cost. 

• Coda-lasso: Computationaly efficient. The results can be interpreted 

as balances between two groups of taxa with weights. It does not 

necessary lead to the best accuracy nor the most parsimonious 

model.



Discussion
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• clr-lasso: not subcompositionally consistent (different 

subcompositions will rise to different transformations of the data).     

It uses all taxa as the ‘reference frame’. Such reference may not be     

suitable as it combines both taxa that are rather stable and taxa that 

might be quite variable across experimental conditions. 

Irrelevant variables are not entirely removed from the analysis.

• Zeros: The proportion and nature of the zeros in the dataset will 

determine the treatment of zeros and also the performance of 

variable selection methods.



Implementation
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• Selbal algorithm is implemented as an R package available in GitHub 

(https://github.com/UVic-omics/selbal).  

• Clr-lasso first requires a clr transformation and penalized regression 

was implemented with the R package glmnet (Friedman et al. 2010). 

• Coda-lasso is implemented in R: https://github.com/UVic-omics/CoDA-

Penalized-Regression

• A reproducible bookdown vignette on GitHub: 

https://uvic-omics.github.io/Microbiome-Variable-Selection/

https://github.com/UVic-omics/selbal
https://github.com/UVic-omics/CoDA-Penalized-Regression
https://uvic-omics.github.io/Microbiome-Variable-Selection/

