Journal of Biomedical Informatics 53 (2015) 291-299

Contents lists available at ScienceDirect

Journal of Biomedical Informatics

journal homepage: www.elsevier.com/locate/yjbin

Comparative analysis of targeted metabolomics: Dominance-based

CrossMark
rough set approach versus orthogonal partial least square-discriminant
analysis
H. Blasco *>“* J. Blaszczyfiski 9, J.C. Billaut !, L. Nadal-Desbarats ™€, P.F. Pradat", D. Devos’,
C. Moreau', C.R. Andres *"<, P. Emond ¢, P. Corcia*"/, R. Stowifski ¢
4 Inserm U930, Tours, France
b Université Francgois-Rabelais, Tours, France
€ Laboratoire de Biochimie et Biologie Moléculaire, CHRU de Tours, Tours, France
dInstitute of Computing Science, Poznai University of Technology, 60-965 Poznari, Poland
€ Systems Research Institute, Polish Academy of Sciences, 01-447 Warsaw, Poland
Université Francois-Rabelais de Tours, CNRS, LI EA 6300, OC ERL CNRS 6305, Tours, France
& PPF, Université Francois-Rabelais, Tours, France
f’Fédération des Maladies du Systéme Nerveux, Centre Référent Maladie Rare SLA, Hopital de la Pitié-Salpétriére, Paris, France
'Service de Neurologie, CHRU de Lille, Lille, France
I Centre SLA, Service de Neurologie, CHRU Bretonneau, Tours, France
ARTICLE INFO ABSTRACT
Article history: Background: Metabolomics is an emerging field that includes ascertaining a metabolic profile from a
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ogy. However, metabolomic data are complex and are usually analyzed by statistical methods. Although
the methods have been widely described, most have not been either standardized or validated. Data anal-

Keywords: ysis is the foundation of a robust methodology, so new mathematical methods need to be developed to
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Diagnosis prediction bal and local monotonic relationships between condition and decision attributes. We used previously pub-
Amyotrophic lateral sclerosis lished metabolomics data (18 variables) for amyotrophic lateral sclerosis (ALS) and non-ALS patients.

Results: Principal Component Analysis (PCA) and Orthogonal Partial Least Square-Discriminant Analysis
(OPLS-DA) allowed satisfactory discrimination (72.7%) between ALS and non-ALS patients. Some discrim-
inant metabolites were identified: acetate, acetone, pyruvate and glutamine. The concentrations of acetate
and pyruvate were also identified by univariate analysis as significantly different between ALS and non-ALS
patients. DRSA correctly classified 68.7% of the cases and established rules involving some of the metabo-
lites highlighted by OPLS-DA (acetate and acetone). Some rules identified potential biomarkers not
revealed by OPLS-DA (beta-hydroxybutyrate). We also found a large number of common discriminating
metabolites after Bayesian confirmation measures, particularly acetate, pyruvate, acetone and ascorbate,
consistent with the pathophysiological pathways involved in ALS.
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Conclusion: DRSA provides a complementary method for improving the predictive performance of the mul-
tivariate data analysis usually used in metabolomics. This method could help in the identification of metab-
olites involved in disease pathogenesis. Interestingly, these different strategies mostly identified the same
metabolites as being discriminant. The selection of strong decision rules with high value of Bayesian con-
firmation provides useful information about relevant condition-decision relationships not otherwise
revealed in metabolomics data.

© 2014 Elsevier Inc. All rights reserved.

1. Background

Metabolomics is defined as the study of all metabolites in a sys-
tem, and includes the identification of metabolic signatures from a
combination of small molecules in biological fluid. This emerging
“omics” approach is increasingly used in medicine to find diagnos-
tic and prognostic biomarkers of diseases and to identify patho-
physiological pathways involved in these pathologies. The
methods involve studying metabolites across a large spectrum of
concentrations, polarity and masses [1-3], based on high-
throughput techniques [4]. “Untargeted” metabolomics is based
on metabolic profiles without systematic identification of metabo-
lites included in this profile, and “targeted” methodologies focus
on specific metabolites. Whatever the approach, data preprocess-
ing and analysis are the foundation of a robust methodology. There
has been increasing work in bioinformatics to try to standardize
these steps [5-8]. The greatest risk associated with high-
throughput techniques is mishandling multiple and complex data,
leading to biased results. Multivariate statistical analysis including
Principal Component Analysis (PCA: the aims of which include
description) and Orthogonal Partial Least Squares Discriminant
Analysis (OPLS-DA: for predictions) are the most widely used sta-
tistical methodologies in “omics” studies. However, standard crite-
ria to validate the models are often unavailable. Efforts have to be
made to validate the models statistically or to validate this strategy
using another mathematical approach. Internal validation based on
cross-validation with the current cohort is the most common strat-
egy; external validation based on experiments performed on
another platform using samples from a different origin is rare.
Consequently, it would be valuable to test different methods of
statistical treatment to assess the similarity of the biomarkers
identified and the performance of predictive models. Also, it would
be helpful to provide the proof of concept that different mathemat-
ical tools could be used to analyze metabolomics data.

Knowledge discovery from data describing a piece of the real or
an abstract world is a field of computer science: it involves the pro-
cess of searching the data automatically for patterns that can be
considered knowledge about this piece of the world. The patterns
are evidenced by induction some “condition-decision” relation-
ships hidden in the data. The most natural representation of these
relationships is by “if...,then...” decision rules relating some condi-
tions on independent variables (called condition attributes) to
some decisions on a dependent variable (called the decision
attribute). The same representation of patterns is used in multi-
attribute classification, and therefore the data searched for
discovery of these patterns can be seen as classification data.

In this paper, we analyze metabolomics data using the standard
descriptive and predictive methodologies (PCA and OPLS-DA). We
also adopt the classification perspective to apply an original meth-
odology based on dominance-based rough set approach (DRSA) to
induction of “condition-decision” relationships from the data and
representing them by so-called monotonic decision rules. The
DRSA was never applied to metabolomics. Consequently, we

assessed the complementarity and the usefulness of the novel con-
cept of analyzing metabolomics data by DRSA; this included test-
ing for the potential concordance of results between DRSA and
standard statistical methods of metabolomics data treatment, par-
ticularly in the identification of relevant variables (condition attri-
butes). We used some data from targeted metabolomics
investigations: 'H Nuclear Magnetic Resonance (NMR) analysis of
cerebrospinal fluids (CSF) from patients with amyotrophic lateral
sclerosis (ALS) and non-ALS patients. Some of these data were pub-
lished previously [9]. The ultimate aims of this project were to dis-
criminate ALS patients and non-ALS subjects, and to identify the
variables relevant for this discrimination.

This study is the first to apply the DRSA to the analysis of met-
abolomics data and to assess the “added value” of this method over
standard statistical methods.

2. Methods
2.1. Sample collection and NMR acquisition

The methodology for collection, handling and analysis of CSF
samples and for NMR acquisition has been described elsewhere
[9]. Briefly, we collected 50 samples from ALS patients at the time
of diagnosis and 49 from non-ALS subjects. Information on age at
onset and gender were obtained for each subject. The 'TH NMR
spectra were acquired with a Bruker DRX-500 spectrometer (Bru-
ker SADIS, Wissembourg, France). Data were processed using
XWinNMR version 3.5 software (Bruker Daltonik, Karlsruhe, Ger-
many). Metabolite peaks were determined with the ERETIC peak
as a quantitative reference.

We quantified (by XWin NMR software) 17 CSF metabolites in
ALS and non ALS patients, defined as follows: amino-acids (alanine,
glutamine, tyrosine), organic acids (citrate, acetate, o-hydroxybu-
tyrate (AHBT)), ketone bodies (B-hydroxybutyrate (BHBT), acetone,
acetoacetate), glucose, fructose, metabolites involved in glucose
metabolism (pyruvate, lactate), creatinine and creatine, recently
identified as markers of mitochondrial dysfunction [10], the anti-
oxidant molecule ascorbate, formate, and ethanol. Thus, we
obtained the following data for each subject: age, gender, concen-
trations of the CSF metabolites (additional file 1).

2.2. Univariate analysis

Wilcoxon tests and t-tests were used to compare CSF metabo-
lite concentrations between ALS and non ALS patients to identify
disturbances in metabolic pathways associated with ALS. We also
compared sex and age between the two groups. A correction for
multiple tests (Bonferroni adjustment) was applied to adjust the
p values by accounting for the 19 parameters evaluated in the anal-
ysis. Differences were considered as significant when p < 0.0026.
JMP statistical software version 7.0.2 (SAS Institute, Cary, North
Carolina) was used for all statistical analyses.
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