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Abstract 

The compositional nature of microbiome data requires specific compositional data 

analysis (CoDA) methods. We present a new methodology for the identification of 

microbial signatures in time-to-event studies. The algorithm implements a CoDA 

adaptation of elastic-net penalized Cox regression and is integrated in the R package 

coda4microbiome as an extension of the existing functions for cross-sectional and 

longitudinal studies. 
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1. Introduction 

Human microbiome is the complete set of microbes found in our bodies, and it plays an important 

role on human health. Challenging experimental and computational analysis are required to investigate 

the presence of different microorganisms and understand the complex interactions between them and 

the environment. High throughput sequencing techniques (16S rRNA and shotgun sequencing), used 

for identification and quantification of microbial communities, have a limited sequencing capacity 

which limits the total number of reads that can be revealed from the sample. This total sum restriction 

implies a great dependence between bacterial species in the analysed sample [1]. Data constraint to a 

total sum is called compositional data. Compositions are vectors of real positive numbers that contain 

relative information, which means that each part of the composition on its own is not informative. 

Information of a composition is extracted from the relation between two or more components [2]. 

Microbiome data is compositional, therefore, performing its analysis with methods that do not take in 

account its compositionality may lead to inaccurate results [3], [4]. 

Compositional Data Analysis (CoDA) was stablished by Aitchison in 1982 [5], who introduced 

the so-called log-ratio approach, that consists of analysing logarithms of ratios between components 

instead of each component separately.  

coda4microbiome [6] is an algorithm for microbiome analysis based on the log-ratio approach 

that aims to find a model (microbial signature) with the highest prediction accuracy. coda4microbiome 

has been implemented as an R package and it is developed for cross-sectional and longitudinal studies. 

In this work, we present a new methodology that extends coda4microbiome algorithm to survival data. 
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The new approach implements elastic-net penalized Cox regression conveniently adapted to CoDA to 

identify a set of microbial species, and maybe other variables, associated to survival time, i.e., the time 

until the occurrence of an event of interest, such as, disease onset, response to a treatment, remission, 

or death.  

 

2. Methods 

coda4microbiome algorithm is developed to characterize a microbial signature that best predicts 

the response variable, and it is structured in three main steps: modelling, variable selection and 

reparameterization. (1) A regression model with all pairwise log-ratios of microbial species is 

considered (modelling step), followed by (2) a variable selection step with elastic-net penalization that 

identifies those log-ratios more associated to the outcome; finally (3) the linear predictor of the log-

ratio model is reparametrized to obtain a microbial signature written in terms of the selected bacteria, 

instead of pairs of bacteria (reparameterization step). Bellow we describe the new coda4microbiome 

algorithm for survival studies. 

Assume a survival study with n subjects where the time when the event of interest occurs for 

subject i is denoted as 𝑡𝑖. Let 𝑋𝑖  =  (𝑋𝑖1, 𝑋𝑖2, … , 𝑋𝑖𝐾) be the microbial composition for K taxa in the i-

th subject. Microbial abundances (X) can be either raw counts or relative abundances.  The goal of this 

method is to identify those microbial taxa whose relative abundances are associated to survival time.  

We consider the Cox’s proportional hazard regression model (1970) [7] with all possible pairwise 

log-ratios of taxa as covariates (1). This regression model finds the relationship between pairs of 

microbes (log-ratios) and the risk of the given event to occur. Using log-ratios in the model, CoDA’s 

principal of scale invariance is ensured.  

ℎ(𝑡|𝑥) = ℎ0(𝑡) · exp(∑ 𝛽𝑗𝑘 ·  log(𝑋𝑗 𝑋𝑘⁄ )1≤j<k≤K )   (1)  

Variable selection is carried out by the estimation of the regression coefficients (𝛽𝑗𝑘) subjected 

to an elastic-net penalization (2) where L is the loss function for (1). This step allows the removal of 

those log-ratios less associated to the outcome, thus only log-ratios with non-zero coefficients are kept. 

Such penalization can also be written in terms of 𝜆 and 𝛼, which control the amount of penalization and 

the mixing between norms, respectively (3).  

�̂� = argmin
𝛽

{𝐿(𝛽) + 𝜆1‖𝛽‖2
2 + 𝜆2‖𝛽‖1}    (2) 

𝜆1 = 𝜆(1 − 𝛼); 𝜆2 = 𝜆𝛼      (3) 

By default, 𝛼 is set to 0.9 (adjustable by the user), and optimal 𝜆 value is selected after a cross-

validation process performed by cv.glmnet() from glmnet R package [8]. coda4microbiome also allows 

non-compositional variables (i.e., age, sex, clinical variables, etc) to adjust the model. 

After modelling and variable selection, the result is a Cox model composed by the logarithms of 

pairs of bacteria with non-zero coefficient that are associated to the outcome. The linear term of the 

model, the linear predictor (right side of equation 4), provides an individual prediction (microbial 

signature score) for the survival time. 

𝑀𝑖 = log (ℎ𝑖(𝑡)/ℎ0(𝑡)) = ∑ �̂�𝑗𝑘 ∙ log(𝑋𝑗 𝑋𝑘⁄ )1≤j<k≤K  , 𝑖∈{1,…,𝑛} (4) 

The linearity of logarithms permits the reparameterization of (4) into single bacterial species, 

instead of pairs of bacteria, which makes interpretation of results more meaningful. 

𝑀𝑖 = ∑ 𝜃𝑗 ∙ log(𝑋𝑗)1≤𝑗≤𝐾       (5) 

This final microbial signature is a log-contrast function, i.e.  ∑ 𝜃 = 0,𝐾
𝑗=1  which ensures the scale 

invariant CoDA principle. It also provides a convenient interpretation of the signature as a weighted 



balance between two groups of bacteria, those with a positive coefficient vs those with a negative 

coefficient [9].  

 

3. Results 

To exemplify the application of the proposed methodology we used a dataset of simulated 

intestinal microbiome data from non-obese diabetic mice proposed by Koh, 2018 [10]. Samples from 

control mice at six weeks of age which were not exposed to any antibiotic treatment were used as 

template.  Survival time, event (developing/not developing diabetes), censoring, age, and sex were also 

simulated in Koh’s dataset. A final dataset of 100 samples and 353 different bacteria was used to 

perform the survival analysis using coda4microbiome. The aim of the analysis was to characterize a 

microbial signature able to predict the risk of developing diabetes. 

The initial Cox model performed in the modelling step contained all possible pairwise log-ratios 

from the 353 bacteria’s relative abundances, and it was adjusted by age and sex. Variable selection was 

performed with elastic-net and the optimal penalized parameter was stablished by cross-validation. It 

resulted in a model of 4 pairs of log-ratios with a mean cross-validation Harrell C index of 0.64 (±0.05). 

After reparameterization, the final microbial signature was expressed as a weighted balance between 4 

bacterial species with positive coefficient and 3 with negative coefficient (Figure 1). 

 

 

4. Conclusions 

We introduced a new methodology for microbial analysis in survival studies that accounts for the 

compositional nature of microbiome data. The algorithm identifies a microbial signature that predicts 

the risk of a given event with the highest accuracy. Such signature is expressed as a balance between 

two groups of bacteria.  

The algorithm has been implemented in R and it has been integrated in the existing R package 

coda4microbiome so that it can be easily used in survival studies to identify which microbial species 

are more associated to the development of a disease, response to a treatment, or even death. 
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Figure 1: Bacterial species (vertical axis) with their respective coefficients that compose the 

microbial signature for the survival data analysis with coda4microbiome. 
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