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The predominance of partial least squares-discriminant analysis (PLS-DA) used to analyze metabolomics
datasets (indeed, it is the most well-known tool to perform classiﬁcation and regression in
metabolomics), can be said to have led to the point that not all researchers are fully aware of alternative
multivariate classiﬁcation algorithms. This may in part be due to the widespread availability of PLS-DA in
most of the well-known statistical software packages, where its implementation is very easy if the
default settings are used. In addition, one of the perceived advantages of PLS-DA is that it has the ability to
analyze highly collinear and noisy data. Furthermore, the calibration model is known to provide a variety
of useful statistics, such as prediction accuracy as well as scores and loadings plots. However, this method
may provide misleading results, largely due to a lack of suitable statistical validation, when used by nonexperts who are not aware of its potential limitations when used in conjunction with metabolomics. This
tutorial review aims to provide an introductory overview to several straightforward statistical methods
such as principal component-discriminant function analysis (PC-DFA), support vector machines (SVM)
and random forests (RF), which could very easily be used either to augment PLS or as alternative
supervised learning methods to PLS-DA. These methods can be said to be particularly appropriate for
the analysis of large, highly-complex data sets which are common output(s) in metabolomics studies
where the numbers of variables often far exceed the number of samples. In addition, these alternative
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techniques may be useful tools for generating parsimonious models through feature selection and data
reduction, as well as providing more propitious results. We sincerely hope that the general reader is left
with little doubt that there are several promising and readily available alternatives to PLS-DA, to analyze
large and highly complex data sets.
ã 2015 Elsevier B.V. All rights reserved.
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1. Introduction
Partial least squares-discriminant analysis (PLS-DA) [1] is one of
the most well-known classiﬁcation procedures in chemometrics
[2]. This approach has also been extensively used in “omics”
related ﬁelds, for example: metabolomics [3], proteomics [4],
genomics [5,6] and in many other ﬁelds which generates large
amounts of data such as spectroscopy, as described elsewhere [7].
The increasing interest in PLS-DA, especially in the ﬁeld of
metabolomics, is mainly due to its availability in most of the
common statistical software packages such as: R, S-Plus, SAS, SPSS,
MATLAB [7–13]. However, as recently reported by Brereton and
Lloyd this method can often be misused by non-experts [2], largely
due to its prevalence in commercially available packages where the
non-cognoscenti can use the default setting for model construction
and validation which may not be appropriate. Therefore, this
review is inspired by the growing popularity of PLS-DA in
metabolomics as evident from the rapidly increasing number of
publications within the ﬁeld that are almost proportionate over the
last 10 years with the number of articles published in metabolomics (Fig. 1). This has been estimated using keywords such as:
metabolomics, PLS and PLS-DA. However, a large disproportion can
be observed between PLS-DA and metabolomics in terms of the
number of published papers. Similar statistics were observed
nearly a decade ago by Broadhurst and Kell, where these authors
highlighted the fact that, in most cases, the statistical approaches
that have been employed are not described in sufﬁcient detail, nor
are the models appropriately validated [14]. This is despite the fact
that certain recommendations have been provided by the
metabolomics standards initiative (MSI) [15–17], in terms of
reporting research studies.
As recently reported the global market for bioinformatics
(e.g., genomics, molecular phylogenetics, metabolomics, proteomics, chemoinformatics and drug design) is expected to reach
12.48 billion USD by 2020, according to a new study by Grand
View Research, Inc. [18]. In addition, bioinformatics-based
metabolomics applications are expected to grow at the highest
compound annual growth rate (CAGR) of over 23%. Therefore,
the objective of this review is to introduce the reader to some of
the alternative chemometrics approaches to PLS-DA. The
algorithms presented here are recognized as robust supervised
learning techniques which have been applied in various
scientiﬁc ﬁelds and therefore can be successfully applied for
the analysis of metabolomics data as shown in this study. Since
metabolomics deals with large and highly complex datasets [19]
here, we deliver what we would like to consider an introductory
and essential explanation targeted, in some degree, toward
researchers working in the exciting ﬁeld of metabolomics, as
well as others working with large and highly complex datasets
(e.g., spectroscopy, multi-readout sensors, and any data where
the number of collected variables is large).

There are a variety of chemometrics methods available that can
be used in metabolomics and many of them can be found in the
literature [20–26]. In this article we will refer to the following
examples: principal component-discriminant function analysis
(PC-DFA) [27], support vector machines (SVM) [28,29] and random
forests (RF) [30], as these are starting to be used within the
metabolomics ﬁeld. As these methods have been comprehensively
described elsewhere [27,30–41], here we shall avoid in-depth and
complex descriptions of the mathematics behind these classiﬁcation models and instead provide simple explanations which
include both the advantages and caveats as well as practical
application within the ﬁeld of metabolomics. We shall start by ﬁrst
introducing the different types of data and data structures that are
generated by typical metabolomics experiments.
2. Technologies used for generation of metabolomics data
The term metabolome was ﬁrst described by Oliver et al. [42]
as the complete set of low molecular weight compounds present
in a cell that are required for its maintenance, growth and normal
function and contributes to the metabolic reactions of a cell in a
particular physiological or developmental stage [43]. As metabolites are down-stream products of gene transcription and
translation (proteins), compared to genomic and proteomics,
metabolomics approaches can provide a clearer picture of the
phenotype of a biological system. However, compared to the
genome and proteome the metabolome is much more complex, for
example the plant kingdom as a whole is estimated to contain
200,000 or more metabolites and phytochemicals [43]; moreover,
there are currently 41,815 metabolite entries on the human
metabolome database [44], a ﬁgure which is increasing and which
does not include many metabolites found in humans (in particular
the plethora of lipids within the lipidome; http://www.lipidmaps.
org) and which may not as yet been registered in such databases
[45].
The speciﬁc physicochemical properties of different groups of
metabolites further adds to the complexity of metabolomics
studies, which have been the driving force behind the development of various protocols, as well as the application of a widerange of analytical platforms [46]. However, due to the complexity
of the metabolome one method does not ﬁt all [21] and covering
this wide-range of metabolites requires the use of multiple
protocols and analytical instruments [47–49].
The high precision of mass spectrometry (MS) and the
reproducibility of nuclear magnetic resonance (NMR) spectroscopy combined with their ability to elucidate chemical structures
[50–52] have resulted in these being the most common analytical
technologies employed for metabolomics studies. However,
vibrational spectroscopic techniques such as Raman and Fourier
transform infrared (FT-IR) have recently gained in popularity in
metabolomics [53–55], used for disease diagnostics [56–59],
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Fig. 1. Number of publications in the ﬁeld of metabolomics per year (red line) versus the number of publication that include PLS-DA as a tool for the analysis of metabolomics
data (blue line) (from Thomas Reuters’ ISI Web of Science1 using the keywords [metabolomics; PLS* and PLS-DA*]). (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the web version of this article.)

and these are able to effect spatial measurements without
destroying the sample [60,61]. Table 1 describes the advantages
and disadvantages of some of the most common analytical
techniques used in metabolomics approaches; for a more detailed
discussion on instrumentation and their applications the reader is
directed to the following papers [46,49,62–65].
Depending on the complexity of the samples, chromatographic
separation techniques such as liquid (LC) or gas chromatography
(GC) can be coupled to MS to enhance resolution [62]. A recent study
[66] employed GC–MS, LC–MS and NMR for the analysis of human
blood resulting in the quantiﬁcation, identiﬁcation and validation of
more than 4000 serum and plasma metabolites, followed by an

extensive survey of the literature yielding an extra 665 complementary metabolites. The collected information was combined into a
single repository forming the most comprehensive electronically
accessible database containing 4229 serum/plasma compounds and
their reported links to different diseases.
Bearing in mind the intricate features of the metabolome
combined with the ever improving capabilities of metabolomics
technologies and platforms and the development of more efﬁcient
protocols (recovery and detection of even more metabolites), not
even considering the different experimental conditions, one can
imagine the vast amount of data generated by metabolomics
studies. Another example is the recent study of over 1000 healthy

Table 1
Typical advantages and disadvantages of common analytical techniques used in metabolomics studies.
Techniques

Advantages

GC–MS

 High resolving power and accuracy
 Volatility can be a restriction
 Reproducible retention time
 Heat sensitive compounds cannot generally be analysed
 Applicable to volatile and semi-volatile compounds (through derivatiza-  Derivatization may complicate sample preparation and identiﬁcation
tion)

Disadvantages

(due to additives and multiple derivative products)

 low cost compared to LC–MS and NMR
 Comprehensive databases available
LC–MS

 High accuracy, resolving power, sensitivity and speciﬁcity
 Without comprehensive MS–MS or MSn structural information is limited
 Sample preparation is minimal compared to GC–MS (generally no  Matrix effects
derivatization required)
 Formation of multiple adducts
 Applicable to complex mixtures, polar and non-polar compounds

NMR







FT-IR

Robust and highly reproducible
Provides very speciﬁc structural information
Non-destructive (samples can be recovered)

 Very expensive
 Spectral interpretation is time consuming
 Low sensitivity (micromolar range) compared to MS (picomolar range)

Minimal sample preparation
Highly quantitative

 Rapid and high throughput
 Relatively inexpensive
 Provides information rich data

 Water is an issue in mid IR (samples must be dried), although wet samples
can be analysed using attenuated total reﬂectance (ATR)

 Mixtures may complicate data interpretation
 Not all compounds can be detected
 Low chemical speciﬁcity
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individuals using GC–MS and LC–MS analysis of the human serum
metabolome with the goal of starting to deﬁne the molecular
phenotype of healthy populations in the UK [67]. Therefore,
visualization of such complex data sets requires the aid of robust
statistical analysis techniques and strategies for its transformation
to interpretable biological knowledge which can be linked to
metabolism [20,21].
3. Data analysis applied in metabolomics
The main steps in metabolomics data analysis comprise preprocessing, pre-treatment, processing, post-processing, validation
and ﬁnally, interpretation. It would be remiss of us not to mention
the need for adequate statistical design for sample collection
before data are even collected. This is often overlooked until after
the data are collected! And is of course necessary to ensure that the
only non-random effect is the feature (e.g., disease versus healthy)
that one is trying to predict [14]. Here we will focus on the
‘processing’ step in the analysis of metabolomics data as the other
steps are reviewed in more detail elsewhere [7,22,68–76]. A typical
metabolomics study begins with a biological question which, in the
case of clinical studies for example, usually encompasses two
groups of individuals, often called case and control (e.g., disease/
healthy) [14]. This experimental design (Fig. 2) is followed by the
selection and employment of appropriate techniques that will
extract useful information from the samples, and numerous
statistical techniques can be used. These may include discriminant
analysis, classiﬁcation trees and machine learning. However, each
of these techniques has related advantages and disadvantages.
Thus, a combination of different analytical technologies and
statistical tools must be used to gain a comprehensive interpretation of the results. This may of course include traditional univariate
statistical testing as detailed in [14] and we shall not focus on these
methods here.
The analysis of metabolomics data is perhaps the most
challenging and time consuming step in the processing pipeline,
therefore careful selection of appropriate statistical techniques
needs to be considered. This subject has been repeatedly reported in
the literature [14,21–24,68,69] with classiﬁcation difﬁculties in
metabolomic analyses being mainly a result of high data dimensionality, where the generated data contains many variables and
insufﬁcient number of samples. In addition, one of the main

challenges that data analysts encounter when analyzing metabolomics data is the over-ﬁtting of the model, meaning that the chosen
statistical approach classiﬁes the training data too well, but
subsequent samples are very often incorrectly classiﬁed [77]; that
is to say the model is unable to ‘generalize’ because it has learnt the
training data perfectly. Other hurdles may be related to the analytical
technology used to generate the data, as well as statistical methods
used for the analysis. Therefore, robust statistical analyses that allow
for the generation of accurate results are required.
3.1. Partial least squares-discriminant analysis (PLS-DA)
PLS-DA is a chemometrics technique used to optimise separation between different groups of samples, which is accomplished
by linking two data matrices X (i.e., raw data) and Y (i.e., groups,
class membership etc.). The method is in fact an extension of
PLS1 which handles single dependent continues variable whereas
PLS2 (called PLS-DA) can handle multiple dependent categorical
variables [1,37]. This approach aims to maximize the covariance
between the independent variables X (sample readings; that is to
say the metabolomics data) and the corresponding dependent
variable Y (classes, groups; that is to say the targets that one wants
to predict) of highly multidimensional data by ﬁnding a linear
subspace of the explanatory variables. This new subspace permits
the prediction of the Y variable based on a reduced number of
factors (PLS components, or what are also known as latent
variables). These factors describe the behavior of dependent
variables Y and they span the subspace onto which the independent variables X are projected. For example, if we consider the
division of samples into different classes, such as case-control
study (Fig. 3A), then the variable Y will comprise of a single vector
which will have an entry 0 for all samples in the ﬁrst class and an
entry 1 for all samples in the second class (or vice versa, it does not
matter). When the data contain three classes then the three groups
will be binary encoded in 3 variables with the Y matrix as [1 0 0] for
all samples from class 1, [0 1 0] for samples from class 2, and ﬁnally
[0 0 1] for samples from class 3, as is illustrated in Fig. 3B [1,37].
The main advantage of this PLS-DA approach is the availability
and handling of highly collinear and noisy data, which are very
common outputs from metabolomics experiments [11]. In addition, this provides several statistics such as loading weight,
variable importance on projection (VIP) and regression coefﬁcient

Fig. 2. A graphical representation of the different analytical approaches and informatics techniques employed in metabolomics studies. A standard experimental design in a
metabolomics study includes sample preparation and data acquisition using for instance LC–MS, GC–MS, NMR or FT-IR. Once the data have been generated, several types of
univariate statistical (not depicted here) and multivariate algorithms such as: discriminant analysis, classiﬁcation trees and machine learning can be applied to reduce the
dimensionality of the data and facilitate biological interpretation, and which could also improve the design of subsequent or future experiments.
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Fig. 3. An illustration of partial least squares-discriminant analysis (PLS-DA) for models that includes (A) two classes and (B) three classes. When two classes are considered
the Y corresponds to a vector else to the matrix where binary encoding is used on the Y vectors. In the matrices show for the X input data there are i samples and j metabolites
and the Y output will have n samples (where n is the number of targets to predict) and will be of length i (i.e., it is the same as the number of samples in X).

that can be used to identify the most important variables [78–80].
This technique provides a visual interpretation of complex datasets
through a low-dimensional, easily interpretable scores plot that
illustrates the separation between different groups [81]. Comparison of loadings and scores plot supports investigations in terms of
the relationship between important variables that can be speciﬁc
to the group of interest [1,37,82]. However, more recently scores
plots have been questioned in terms of their strength [38].
To date, there are several caveats associated with PLS-DA
that need to be considered when using this model, which have
been reported in the literature [38,39,77,83,84]. These include:
(1) difﬁculties in the identiﬁcation of small numbers of
variables that are responsible for the separation between two
or more groups (classes) and therefore a larger number of
variables are required to achieve a good prediction accuracy; (2)
in many cases when the number of variables signiﬁcantly
exceeds the number of samples, the model is likely to lead to
good classiﬁcations by chance (tendency to over-ﬁt); (3) quoting
R2 and Q2 are questionable statistics to describe the predictive
ability of classiﬁcation models as these two statistics were
designed for regression models and not categorical models [85];
and ﬁnally, (4) Westerhuis et al. advocate against the use of PLSDA scores plots for inference of class differences as it provides an
over-optimistic understanding of the separation between two or
more classes, whilst similar results can be achieved when
random data are classiﬁed [38]. Paradoxically, many researchers
have ignored the Y variable and these target vectors should be
inspected as they can be used to assess the accuracy of the
predictions. That is to say, if one wanted to predict a casecontrol (1 versus 0; Fig. 3A) then predicted values from
validation data should be close to 0 and 1 for controls and
cases respectively, if predictions are close to 0.5 then the model
has insufﬁcient discriminatory power and should not be used for
predictions. However, special attention needs to be given to the
latest publication by Nuzzo, where the author highlighted the
fact of overuse of p-value as a tool to solve most of the problems,
and suggests applying the methods as supportive techniques
along with other multivariate approaches and therefore the
same should apply to PLS-DA [86].
As an example of the use of PLS-DA, a very recent paper by
Gromski et al. [87] compared modern feature selection and
classiﬁcation approaches for the analysis of mass spectrometry
data. In this study PLS-DA was compared to a number of other
approaches including LDA, SVM and RF in terms of variable
selection and classiﬁcation. This study emphasized the limited
ability of PLS-DA compared to other approaches with regard to
prediction accuracy, when used for data sets with a low number

of variables, whilst prediction accuracy signiﬁcantly improved
when larger numbers of variables were included in the
classiﬁcation model. Elsewhere, Szymanska et al. [3] investigated
how different validation approaches inﬂuence the outcomes of
PLS-DA when applied to metabolomics data. Their ﬁndings
showed that the commonly used parameter Q2, which is used to
assess the goodness of prediction [88] for optimization and
performance of PLS-DA, had been outperformed by other
approaches such as number of misclassiﬁcations (NMC) and
the area under the receiver operating characteristic (AUROC)
[85,89]. Therefore, if one wants signiﬁcantly to reduce the large
number of features and use the same model for classiﬁcation,
then PLS-DA is not the best approach. We do not wish to be over
critical and of course there are plenty of examples that have
successfully and judiciously applied PLS-DA in the analysis of
metabolomics data. These include: an investigation of lung
cancer metabolic signatures in urine [90]; the analysis of liver
and serum metabolites of obese and lean mice fed on high fat or
normal diets [91], and comprehensive metabolomic proﬁling and
pathways of large biological data sets [92].
3.2. Principal components-discriminant function analysis (PC-DFA)
DFA, also known as canonical variates analysis (CVA) [27,93–95],
is based on linear discriminant analysis (LDA) and ﬁts a straight line
into variable hyperspace effectively dividing that space into relevant
regions [27]. This line corresponds to a vector which best
discriminates between two or more classes. This vector is calculated
based on a generalized distance matrix. In other words, for a given
number of classes (groups) which correspond to dependent variable
Y, DFA searches for a linear arrangement in the hyperspace
constructed on the independent variable X that produces the
largest mean difference between analysed classes, thereby maximizing between-class distance while minimizing within-class
distance (directly related to the Fischer ratio). However, as this
method is very sensitive to collinearity in the X matrix (as described
in [96]) the method is very often preceded by principal component
analysis (PCA) to overcome this limitation, hence PC-DFA (Fig. 4
shows a pictorial explanation of this algorithm). PCA is a commonly
used technique for the dimensionality reduction of multivariate
data whilst preserving most of the variance [97]; which is achieved
without a priori knowledge of the groupings within samples in the
original data set. Therefore, only small numbers of new uncorrelated latent variables (principal components) that best describe
natural relationships between samples are applied to DFA. This
allows for the reduction of noise in the data without reducing
relevant information from the original data set.
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Fig. 4. PC-DFA outline. Initially the unsupervised approach of PCA is applied only to the X input data (independent variables) taken from the “original data set” (top left). The
algorithm rotates the original data space (top middle) into a “new principal components space” (top right) such as the new axes; here PC1 and PC2 correspond to direction of
highest variance as calculated from the original data (X). In this example, “PCA scores plot” (bottom right) represents two-dimensional plane that usually allow drawing
qualitative conclusions about separation of the samples. In the next step the certain numbers of components that cover most of the variance from the original data set are used
for DFA. Here, DFA allows separating different classes (Y) by searching a linear combination in a “new subspace” that maximize distance amongst two or more classes and
instantaneously minimizing within-class distance (bottom middle). This allows obtaining a two-dimensional (bottom left) representation of the data that permits drawing
valid conclusions.

To date, several advantages of this method have been reported
extensively in the literature that describes variation of this
approach and the interested reader is directed to the following
Refs. [27,98–106]. The main advantages of this approach include
simplicity, robustness, and statistics. Moreover, this technique
identiﬁes a linear separation between two or more groups without
loss of information. Plotting of the ﬁrst two PC-DFA scores
recovered from all of the samples in many cases allows for visual
interpretation, and other advantages such as x2 conﬁdence
intervals can be plotted around the different groups allowing
the robustness of the clustering to be assessed [101,102]. Likewise,
the method seeks to reduce dimensionality whilst optimizing class
separation. Finally, PC-DFA loadings can be used to determine
which variable discriminates between two or more classes, and of
course PC-DFA can be used like all supervised learning methods to
derive a classiﬁcation model for predicting the group membership
of new observations.

We note that under certain circumstances PC-DFA is similar to
PLS-DA, as shown by Barker and Rayens [37]. However, as recently
demonstrated by Brereton and Lloyd researchers encounter more
hurdles with the latter [2]. Other caveats that need to be considered
when using this method may be related to the fact that the method
assumes unimodality of a Gaussian probability. Finally, this
approach generates C 1 feature projections, where C corresponds
to the number of classes therefore plotting of the scores plot for
two class problems is rather abstract [27,77,99,100,102]; although
this can be largely overcome by generating frequency histograms
where the abscissa represents the distance in the ﬁrst discriminant
function and the ordinate contains information on the number of
samples that appear in that area [107].
The PC-DFA technique was explored by Broadhurst and Kell
where the authors investigated this approach in comparison to
PLS-DA in terms of false discoveries in metabolomics and related
experiments [14]. The authors emphasized the importance of
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Fig. 5. SVM outline. (A) Application of SVM for linear cases, where the algorithm searches in the input space (left) for an optimal dimension plane (right) that will allow the
maximization of the margins between two different groups. The closest points located on the both side of the margins here green line (right) are being deﬁned as support
vectors. Therefore, a new sample is classiﬁed based on which side of the margin it falls. (B) Application of SVM for non-linear cases (here “polynomial” kernel). In this case
SVMs project a data space (left) that cannot be linear separable (middle) into a higher-dimensional feature space, where the optimal hyper-plane that separates two groups is
identiﬁed. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

proper validation and the inﬂuence of parameter selection and,
they recommended taking great care when optimizing both
models. PC-DFA has been successfully implemented in several
metabolomics studies which include: the analysis of a closely
related groups of bacteria belonging to the genus Bacillus where
PC-DFA was used to group these bacteria based on their SERS
ﬁngerprints [108]; in another study PC-DFA was used to
demonstrate a linear trend with respect to recombinant protein
production in cultures of Chinese hamster ovary (CHO) and murine
myeloma non-secreting 0 (NS0) cell lines [109]; or more recently in
the analysis of uropathogenic E. coli isolates [110].
3.3. Support vector machines (SVM)
SVM is an effective non-parametric machine learning technique
suitable for both classiﬁcation and regression problems [28]. This
method is based on mapping data into a high-dimensional space
that allows for the separation of two groups of samples into
distinctive regions. This process is graphically explained in Fig. 5
where two simple examples of SVMs have been chosen: one for
linear cases (“linear” kernel has been described) and one for nonlinear problems (“polynomial” kernel has been explained). As
shown in Fig. 5 separation is achieved by identifying only a small
fraction of the samples, referred to as ‘support vectors’, between
which the separating hyper-plane is identiﬁed. In order to
maintain a good generalization performance when SVMs are
applied to cases where perfect separation is not achievable (i.e., to
avoid over-ﬁtting), a “slacking” variable is introduced so that a
fraction of training samples are allowed to be misclassiﬁed before
attempting to increase the complexity of the model. This is called
soft margin in SVMs related literature [32,34,111]. The

classiﬁcation of the test set is determined by projecting each of
the new points into this space and identifying to which side of the
support vectors the new sample falls [32,34,111].
In comparison to PLS-DA, SVM is not inﬂuenced by the
distribution of the different sample classes, on the contrary, it
focuses on which side of the support vectors particular test
samples fall [32]. The main advantage of this technique is its
ﬂexibility in the choice of the kernel function that allows the
separation of two groups of samples, and this kernel can be chosen
for either linear or non-linear problems. When one wants to deal
with non-linear problems then the so-called ‘kernel trick’ is
applied [34]. This allows for the transformation of the input space
into a high-dimensional feature space where classes are linearly
separable. The following kernels can be used: polynomial, radial
basis function (RBF, also called Gaussian) or sigmoid functions
[34,112]. When the ‘kernel trick’ is applied no assumptions about
the functional form of the transformation, which makes data
linearly separable, are necessary [34].
The main disadvantage of this technique is the lack of
transparency of the results. There are no statistics such as scores
and loadings available for easy visualization. The main caveat that
needs to be considered when this technique is applied is that the
algorithm was primarily developed to solve binary problems and so
is ideal for case-control studies [28,29]. However, this problem
may be overcome when three methods based on binary classiﬁcations are considered: ‘one-against-all’, ‘one-against-one’, and by
application of directed acyclic graph (DAG) [111]. Finally, the
identiﬁcation of important variables is rather abstract, due to the
lack of transparency. Yet again, this obstacle can be circumvented,
either by the application of kernel-penalized SVM (KP-SVM), which
allows the exclusion of the features that display low importance for
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the classiﬁer [113], or by selection of relevant features via application
of SVM-based on recursive feature elimination (RFE) [114,115].
Numerous studies have compared SVM’s performance against
other commonly used models and SVM’s robustness and excellent
generalization performance have been demonstrated many times
in various ﬁelds [35,116–119]. As an example in a study by
Mahadevan et al. [120] two multivariate analyses, PLS-DA and
SVM, were compared in terms of feature selection and classiﬁcation. For this purpose data collected from healthy matched controls
and patients with Streptococcus pneumoniae were used. In terms of
feature selection variable importance on projection (VIP) for PLSDA and RFE coupled to SVM were compared. Based on the reduced
number of features the classiﬁcation accuracies were measured,
and it was shown that SVM outperformed PLS-DA, both in terms of
feature selection as well as classiﬁcation accuracy [120]. Other
examples of successful application of SVM to metabolomics data
include: application of SVM in understanding chemical or
biological processes [121]; to classify lung cancer cases versus
controls [122]; and in prediction of metabolic reactions based on
atomic and molecular properties of small-molecules [123].
3.4. Random forests (RF)
RF belongs to the family of classiﬁcation trees [30,33], whereby
this approach generates many decision trees, each of which is
constructed using different sets of randomly selected input (X)
variables. This method as shown in the Fig. 6 begins with splitting

the original data set using bootstrapping (with replacement). The
sampling procedure consequently allows the construction of a
series of training sets, which on average include 63.2% of all
samples, and a series of test sets, which includes the remaining
36.8% samples [124,125]. The training data sets are used to
construct the trees whereas the test sets are used to estimate
classiﬁcation accuracy [30,33].
The following advantages of random forests have been reported
in the literature [33,126–136], including its ability to: deal with large
datasets without variable deletion; provide a feature importance
measure of the predictor variables (mean decrease in accuracy); a
measure of the internal structure of the data (mean decrease in Gini
index); as well as being able to handle missing values. Furthermore,
this approach is robust to over-ﬁtting and no scaling is required prior
to the analysis. In summary, RF is a highly accurate classiﬁer which
produces an internal unbiased estimation of the generalization error,
and ﬁnally the model is robust to outliers.
However, random forests can tend to overﬁt under some data
distributions where maximal unpruned trees are used, consequently reducing performance of the model which is something
that needs to be considered when applying this approach [137].
Moreover, the feature selections implemented in the model are not
reliable in situations where variables differ in their scale of
measurement or their number of categories [132–134].
Menze et al. compared the random forests classiﬁer, with its
associated Gini feature importance to PLS-DA and its associated
variable importance on projection (VIP) coefﬁcient [138]. Here the

Fig. 6. Random forests outline. The process starts with the original data as the input matrix. In the ﬁrst stage (Stage 1) the data are divided into training and test sets using
bootstrapping (with replacement). This method allows for the generation of large collection of data sets encompassing different variations: on average 63.2% of all samples
from the original data set are placed into the training sets and the remaining 36.8% used as the test set. In Stage 2 the training sets are used to build large collection of decorrelated decision trees that later are used in Stage 3 for classiﬁcation. In Stage 2 each tree is grown using bootstrapped samples of training data set and starts with a root
node (represented here as squares) where small subsets of input variables are selected randomly (usually according to the square root of the number of variables). This process
allows optimizing the splits in the trees within the forest. Circles correspond to internal nodes where the samples are split based on the values of different variables. Finally,
triangles correspond to leaf nodes where the classes are recognized. In Stage 3 each tree within the forest is challenged with the test sets: here each of the bootstrap partitions
are run through each of the trees in the forest (as highlighted in orange) and the votes are counted. In Stage 4 when all the bootstrap samples from the test set are run through
decision trees the numbers of votes are aggregated to get multi-class classiﬁcation results. Finally, the algorithm generates a probability distribution of random forests. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
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Table 2
Comparison of the four common chemometrics algorithms used in the analysis of metabolomics data. These comparisons include generally recognised advantages (pros)
along with speciﬁc caveats for each of the methods.
PLS-DA
PROS

PC-DFA

 can be used to predict either 
continuous (PLS1) or categorical 
(PLS2) variables

 availability of packages
 ranks variables

 reduces dimensionality

 resistant to multi-collinearity and a 
much larger number of variables
than observations
 handles noisy data
 ability to draw conﬁdence intervals
around different groups
 robust classiﬁer that can separate
multiple groups

SVM

kernel functions
identiﬁes a linear separation be-  not inﬂuenced by the distribution
of samples
tween groups
ability to separate multiple groups  provides a single solution
 targets both linear and non-linear
reduces dimensionality
data (dependent on kernel)
ability to draw conﬁdence intervals
 less likely to overﬁt and robust to
around different groups
noise
 no local minima
handles noisy data

 robustness to outliers

CAVEATS  model validation is essential and  may overﬁt data if not properly
often overlooked
validated
 scores plot may present an overop-  visualization of output in binary
timistic view of the separation
classiﬁcation can be somewhat
between the classes
abstract as only single latent variable can be plotted
 tendency to overﬁtting
 limitations of R2 and Q2 in terms of  the relationship between variables
are assumed to be linear in all
description of the predictive ability
groups
of categorical models
 DFA without prior PCA is sensitive
to multi-collinearity

authors emphasize that RF may not always be adapted to spectral
data due to ‘the topology of its constituent classiﬁcation trees’
[138]; however, they appreciate the capabilities of RF in terms of
feature selection. The authors showed that RF outperformed PLSDA in terms of variable selection, whilst PLS-DA outperformed RF
in terms of classiﬁcation. As a result the authors recommended
exploring the advantages of both approaches by connection of Gini
index for feature selection and PLS-DA for classiﬁcation. Further
successful applications of RF classiﬁer were demonstrated by
Patterson et al. in the classiﬁcation of type 2 diabetes mellitus
(T2DM) versus controls [139] and by Fan et al. in the identiﬁcation
of serum protein biomarkers panels of prostate cancer [140].
3.5. Parameters selection
One of the most important considerations when using any of
the methods described above is parameter selection: Table 2
summarizes the main advantages of all statistical methods
presented in this review, along with important caveats that must
be considered during calibration or when used for predictions. For

RF

 ﬂexibility by having many potential  handles thousands of input vari-

simple and robust classiﬁer

ables without variable deletion

 produce estimates of what variables are important in the classiﬁcation
 ability to handle missing values
 robust to overﬁtting and outliers

 handles data without pre-processing

 handles noisy data

 visualization for some kernels  complex visualization of output
might be abstract (i.e., polynomial,
decision trees due to large number
sigmoid or radial)
of trees
 solves only two class problems  selection of parameters however in
(binary classiﬁer); for multi-class
many cases default values are
problems, pair-wise estimation can
essential
be used (one against all)
 higher correlation between any
two trees in the forest increases
 computationally expensive with
large number of classes
the forest error rate, therefore,
sensitive to the number of variables
 selection of parameters
selected at each node
 variable selection is rather abstract

PLS-DA and PC-DFA it will be the number of components (latent
variables) to be used for modelling and these need to be judiciously
chosen. However, this obstacle can be easily circumvented by
employing a validation technique such as bootstrapping [124,125].
For SVM the parameters are not pre-deﬁned and therefore careful
parameter selection is required [141]. However, this can be easily
optimized by the application of grid search, which identiﬁes the
correct values for each of the parameters based on misclassiﬁcation error [34,112]. Finally, RF is governed by parameters, such as
the number of samples to be selected at each node and the number
of trees to be grown. Again these parameters can be selected
sensibly by applying a grid search where different parameters are
tested against each other [33,135,136].
In summary, after introducing PLS-DA we have presented three
different approaches as alternatives to PLS-DA. This is of course not
an exhaustive list and new multivariate approaches are continually
being developed, as well as researchers using other established
chemometrics approaches. The reader is directed to more detailed
examples of these speciﬁc techniques which are provided in
Table 3.

Table 3
Glossary of chemometric models applied in the analysis of metabolomics data.
Abbreviation

Term

Example of use

ANN
BN
GA-BN
GP

Artiﬁcial neural network [142]
Bayesian network [144]
Genetic algorithm-Bayesian network [144,146]
Genetic programming [148]

KPLS

Kernel partial least squares [150]

MB-PCA
MB-PLS

Multiblock principal component analysis [152]
Multiblock partial least squares [153]

ML-PLSDA
OPLS-DA
PARAFAC
PLS-R

Multilevel partial least squares discriminant analysis [156] and
orthogonal partial least squares discriminant analysis [157]
Parallel factor analysis [158]
Partial least squares regression [1]

Identiﬁcation of 1,3-dicyclohexylurea in human serum [143]
Metabolomic analysis of Shewanella oneidensis [145]
Rapid identiﬁcation of Bacillus spores and classiﬁcation of Bacillus species [147]
Pattern identiﬁcation of metabolites that distinguish plasma from case and control
[149]
Detection of the metabolite dipicolinic acid from Bacillus spores using surface
enhanced Raman scattering [151]
Analysis of metabolomics data with two inﬂuential factors [152]
Application to metabolic proﬁling of meat spoilage detection [154] or in the analysis
of HIV protease inhibitors on expressing cervical carcinoma cells [155]
Metabolomics data from human nutritional intervention studies [39]
In the analysis of metabolites in regulatory mutants of yeast [159]
Metabolite proﬁling on serum and plasma sample [160]
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Table 4
Comparison of four classiﬁers based on common characteristics.
Characteristic

PC-DFA

PLS-DA

RF

SVM

Handling of missing values
Robustness to outliers
Predictive power
Ability to rank variables
Interpretability and visualization
Resistance to overtraining
Dimensionality reduction
Resistance to overﬁtting
Selection of parameters
Data pre-processing

Poor
Fair
Good
Fair
Good
Fair
Good
Fair
Yes
Yes

Poor
Fair
Fair
Good
Fair
Fair
Good
Fair
Yes
Yes

Good
Good
Good
Good
Poor
Good
Fair
Good
Yes
No

Poor
Good
Fair/Gooda
Poor
Poor
Fair
Poor
Good
Dependsa
Yes

a

Dependent on the applied kernel function; yes for linear classiﬁers, but no when non-linear kernels are used (viz., polynomial, RBFs or sigmoid functions).

4. Conclusions
Metabolomics is a relatively young, vigorous, and continuously
expanding ﬁeld, which has been said to offer some unique
advantages in comparison to the other ‘omics’ [161]. Metabolomics
is providing novel insights and exciting opportunities for a widerange of disciplines such as the clinical/medical and environmental
sciences, agri-food, systems and synthetic biology and industrial
biotechnology amongst others. Therefore continual developments in
this area require specialized chemometrics and (bio) informatics
tools to meet the increasing challenges (and ever larger and more
complex datasets) within the ﬁeld. That being the case, despite the
wide availability of chemometrics techniques many of them are not
commonly used. Here, we have hopefully illustrated that there is no
universal choice of method which is superior in all cases, but
understanding how the method actually works is absolutely crucial.
These have been summarized in Table 4 where the main characteristics of each algorithm are highlighted, many of which have been
conﬁrmed by our latest study [162]. We believe that PLS-DA is an
excellent tool for the analysis of metabolomics data, despite its
limitations, but only if well understood by those choosing to apply it.
Though, it must be said, in many cases it can potentially lead to
incorrect interpretations when used by inexperienced researchers.
In summary, we have shown that in many cases PLS-DA is
outperformed in terms of variable selection and classiﬁcation by
the other approaches described above such as PC-DFA, SVM and
RF. Of course, the selection of the classiﬁcation models presented
here are not exhaustive, but should shed at least some light on
alternative approaches to PLS-DA. One point being that there are
always alternatives available and the researcher need not feel
obliged to use PLS-DA to analyze metabolomics datasets without
further exploration, or at least awareness, of other options,
several of which we have mentioned in this article. We would
heartily encourage this exploration, both experimentally and
through the literature, as we believe that further progress within
metabolomics strongly depends on the understanding and
application of a variety of statistical approaches, as one model
is not always suitable for all data. Metabolomics may go hand in
hand with PLS-DA at the moment, and this may be seen as a
marriage of convenience and perhaps researchers should look
outside this default algorithm and explore the ‘chemometrics zoo’
that exists for multivariate analysis [21].
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