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Online supplement 3.  

 

Statistics of exhaled VOCs. 

It is well known that the distribution of some exhaled biomarkers (VOCs, but also NO) is not 

normally distributed and therefore specific attention is needed to appropriate analysis and 

presentation of data. It is required that the study provides information on the distribution of 

data and provides estimates of data dispersion. This may include the presentation of 

interquartile intervals or 95% interval (2.5 to 97.5 percentile). By scaling the influence of 

VOCs with large variation in multi-variate modelling can be reduced. The intensity of data 

points can be adjusted for (1) the sum, (2) the mean or (3) the (square root of the) standard 

deviation [1]. Alternatively, log-transformation may be attempted to approximate a 

Gaussian distribution and reduce variation.   

 

Processed data can subsequently be used for statistical analysis. Useful guidelines for data 

interpretation and presentation are provided by the Metabolomics Standards Initiative [2]. 

Initial data description relates total number of features, average features per sample, and 

how many shared features are common across samples. Volatiles present in a minority of 

samples may be excluded but this may risk omission of important but rare peaks (e.g. 

related to specific pathogens or drugs). 

 

Exploratory (unsupervised; hypothesis-free) data analysis typically involves principal 

components analysis (PCA) or other clustering methods, which can reveal novel relationships 

within the data and generate research questions. Success may be limited because dominant 

influences frequently arise from non-disease factors such as gender, environment or co-

morbidities [3,4]. 

 

For hypothesis-driven (supervised) research univariate analysis can be used, when adjusted 

for multiple testing [5]. Multivariate techniques are then applied on the predictor matrix or 

on a projection (principal component analysis: PCA). Common methods include discriminant 

analysis, support vector machines, neural networks, decision trees and Bayesian approaches 

[6,7].   
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