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Abstract Correctly measured classification accuracy is

an important aspect not only to classify pre-designated

classes such as disease versus control properly, but also to

ensure that the biological question can be answered com-

petently. We recognised that there has been minimal

investigation of pre-treatment methods and its influence on

classification accuracy within the metabolomics literature.

The standard approach to pre-treatment prior to classifi-

cation modelling often incorporates the use of methods

such as autoscaling, which positions all variables on a

comparable scale thus allowing one to achieve separation

of two or more groups (target classes). This is often

undertaken without any prior investigation into the influ-

ence of the pre-treatment method on the data and super-

vised learning techniques employed. Whilst this is useful

for deriving essential information such as predictive ability

or visual interpretation in many cases, as shown in this

study the standard approach is not always the most suitable

option available. Here, a study has been conducted to

investigate the influence of six pre-treatment methods—

autoscaling, range, level, Pareto and vast scaling, as well as

no scaling—on four classification models, including:

principal components-discriminant function analysis (PC-

DFA), support vector machines (SVM), random forests

(RF) and k-nearest neighbours (kNN)—using three publi-

cally available metabolomics data sets. We have demon-

strated that undertaking different pre-treatment methods

can greatly affect the interpretation of the statistical mod-

elling outputs. The results have shown that data pre-treat-

ment is context dependent and that there was no single

superior method for all the data sets used. Whilst we did

find that vast scaling produced the most robust models in

terms of classification rate for PC-DFA of both NMR

spectroscopy data sets, in general we conclude that both

vast scaling and autoscaling produced similar and superior

results in comparison to the other four pre-treatment

methods on both NMR and GC–MS data sets. It is there-

fore our recommendation that vast scaling is the primary

pre-treatment method to use as this method appears to be

more stable and robust across all the different classifiers

that were conducted in this study.

Keywords Pre-treatment � Metabolomics � Classification
accuracy � Scaling � Chemometrics

1 Introduction

Metabolomics deals with (bio)chemical profiling in order

to enable the identification and quantification of the

metabolites in a biological system under a set of given

conditions (Fiehn 2002; Fiehn et al. 2000). Since the field
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delivers tools that are useful in tracking low molecular

weight compounds this research area has become very

popular in many studies including those addressing:

organisms and their gene functions, abilities and weak-

nesses (Oliver et al. 1998), drug discovery (Kell and

Goodacre 2014), monitoring cell biotransformations

(Winder et al. 2011), biomarker discovery of disease

(Mamas et al. 2011), mammalian metabolomes (Dunn et al.

2011), aroma analysis (Allwood et al. 2014), and many

more (Hollywood et al. 2006). Whilst the field can employ

a variety of analytical technologies to address these bio-

logical challenges the most frequently used are nuclear

magnetic resonance (NMR) spectroscopy and mass-spec-

trometry (MS) (Schuhmacher et al. 2013).

The most common characteristic for these analytical tech-

nologies based on NMR and MS is that they generate infor-

mation-rich and complex data of biological variables, as a

result of this, extracting the important information is a puzzling

process (Goodacre et al. 2004). For that reason it is crucial to

build a robust handling data pipeline which will allow for the

interpretation of these large metabolomics datasets. The typi-

cal pipeline utilised within metabolomics data analysis have

been well described in the literature (Brown et al. 2005;

Goodacre et al. 2007; Sumner et al. 2007) and should include

the following steps: (1) pre-processing—extracting features

from raw instrumental data to a suitable form; (2) pre-treat-

ment—normalization, scaling, centring etc., these are used to

put all samples and variables on a comparable scale; (3) pro-

cessing—statistical modelling; (4) post-processing—this

covers understanding and visualization of data; (5) valida-

tion—estimation of predictive capability of applied statistical

models, andfinally (6) interpretation—generationof a research

hypothesis (summary of data analysis).

Amongst all of the above-mentioned steps in the meta-

bolomics analysis pipeline data pre-treatment is an

important ‘key’ step (Goodacre et al. 2007). This is due to

its ability to make the data clearer and more suited for the

analysis ahead. It is one of the first steps in the data

preparation process where the data are transformed to

minimize variable redundancy and therefore make all

variables more comparable in size (Bro and Smilde 2003).

However, this step in the metabolomics data analysis

pipeline is very often overlooked and in some cases hardly

addressed. This is despite the fact that this process may

completely change the result of the final output (e.g. clas-

sification accuracy) and has been reported as an important

step in the proposed minimum standards for data analysis

in metabolomics (Goodacre et al. 2007). Whilst this report

was published several years ago there is still a considerable

amount of information that needs to be delivered about the

key importance of these standards to ensure that they are

applied by all metabolomics researchers (Salek et al. 2013).

Therefore, we believe that there is a need to analyse and

clarify how selection of correct approaches in pre-treat-

ment may influence the data analysis.

To date, a limited number of studies have presented

various pre-treatment approaches employing more-or-less

common methods such as: autoscaling and range scaling

for functional genomics data (van den Berg et al. 2006), the

application of variable stability (vast) scaling to NMR-

based metabolic profiling (Keun et al. 2003), or normali-

zation and scaling in the analysis of 1H NMR spectroscopic

data (Craig et al. 2006).

Given considerable confusion in the literature aboutwhat is

the correct, vis-à-vis the most efficient approach for data pre-

treatment of metabolomics data, the aim of this study is to

compare five different approaches that are described in the

literature as Class II methods. The pre-treatment approaches

covered by these category corresponds to the so called scaling

methods which divides each variable by a factor (scaling

factor) which is different from each variable (van den Berg

et al. 2006). These include: autoscaling, Pareto scaling, range

scaling, level scaling, vast scaling and aswell as employing no

scaling. These approaches were verified on a range of meta-

bolomics data generated using typical instrumentation applied

in the area of metabolomics such as: NMR spectroscopy and

gas-chromatography time-of-flight mass spectrometry (GC-

TOF/MS).Whilst not the main aim of this study we shall also

demonstrate the influence of pre-treatment methods on four

different classification methods that have been successfully

applied in the analysis of metabolomics data (Alsberg et al.

1997; Gromski et al. 2014a, b), principal components-dis-

criminant function analysis (PC-DFA) (Manly 1986), support

vector machines (SVM) (Vapnik 1998), k-nearest neighbours

(kNN) (Keller et al. 1985), and random forests (RF) (Breiman

2001). To the best of our knowledge, the influence of the

above-mentioned pre-treatment methods on the classification

accuracy of RFs models calibrated with metabolomics data

has not yet been investigated.

2 Materials and methods

All data analyses performed in this study were conducted

within R (2.15.2), an open access software environment (R

Core Team 2013). Details of all applied packages with

corresponding references can be found in Table S1 in

supplementary information (SI).

In this study we have employed six different approaches of

pre-treatment in combinationwith four classificationmethods

used to classify three publically available metabolomics data

sets available from MetaboLights. These include:

1. NMR-based metabolomics analysis of type 2 diabetes

mellitus (T2DM) from human volunteers (Salek et al.

2007) [accession MTBLS1];
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2. characterization of genotype-dependent metabolomics

regulations by metabolomics approach in Arabidopsis

thaliana by GC-TOF/MS (Kusano et al. 2007) [acces-

sion MTBLS40]; and finally

3. metabolomics changes related to the development of

acute kidney injury (AKI) following cardiac surgery

based on NMR spectroscopy (Zacharias et al. 2013)

[accession MTBLS24].

Figure 1 displays the overall workflow conducted in this

study, which will be expanded below, where the starting

point is the biological question of interest and for each of

the three data sets is categorical identification in nature,

and the endpoint is the assessment of the classification

accuracy for four different supervised learning algorithms

(vide infra).

2.1 Data

A comparison of the three data sets used in this study and their

structures are shown in Table 1. These data sets were down-

loaded from the European Bioinformatics Institute’s Metab-

oLights database for metabolomics experiments and derived

information (Haug et al. 2014). This is an open access general

repository where the data are uploaded following Metabolo-

mics Standards Initiative (MSI) requirements (Fiehn et al.

2007; Hardy and Taylor 2007; Sansone et al. 2007). In the

following subsectionwe provide a brief summary of each data

set; for a full detailed description of the studies the reader is

directed to follow the accession codes—MTBLS1,MTBLS24

and MTBLS40—on the MetaboLights website (http://www.

ebi.ac.uk/metabolights/). These data sets have been chosen

because they encompass typical metabolomics studies and

have different number of classes, sample size andmetabolites/

features.

2.1.1 Type 2 diabetes data set generated using NMR

spectroscopy [accession MTBLS1]

In this study high-resolution 1H NMR spectroscopy (Bru-

ker DR9700 MHz spectrometer) was used to inspect the

urinary metabolomic changes in two study groups (healthy

untreated control volunteers with good daily dietary vs.

T2DM patients) (Salek et al. 2007). Experimental design

covered eight healthy males, four healthy females, 17 male

diabetics and 13 female diabetics. Samples were collected

at seven different time points for healthy volunteers and for

1–3 time points for diabetics. In total 134 samples were

Fig. 1 Flowchart detailing the

pre-treatment methods and

classification models for the

three different data sets. Six

different pre-treatment

approaches and four

classification methods are

applied and the classification

accuracy calculated.

Bootstrapping has been applied

to provide reliable and likely to

be robust results which maybe

comparable when applied in

different circumstances
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collected, 84 samples from healthy volunteers and 50 from

T2DM patients. However, due to rigorous selection con-

ditions two outlying T2DM samples were removed by the

authors and were not included in the data on MetaboLights.

The data have already been baseline corrected by the

authors and in their study they used principal component

analysis (PCA) and partial least squares-discriminant ana-

lysis (PLS-DA), the later to attempt to classify the two

classes using data from all time points. Their results gen-

erated R2 = 0.67 and Q2 = 0.51, both calculated for three

PLS components and modelling was validated using jack-

knife cross-validation (Salek et al. 2007).

In general a Q2[ 0.5 (for the independent test data) is

considered to be a satisfactory output, however special

caution needs to be taken as this is very much an appli-

cation-dependent and the value for R2 must also be taken

into consideration (Eriksson et al. 2001). Furthermore,

since the authors’ publication rather than using PLS-DA

scores plots and R2 and Q2 comparisons, a more appro-

priate metric are used to correctly assess classification

accuracy for instance by considering the predictive ability

using the Y-output variable (Broadhurst and Kell 2006;

Westerhuis et al. 2008, 2010). For that reason, in this study

we have avoided direct comparison with previous results.

2.1.2 Arabidopsis thaliana plants data generated using

GC-TOF/MS [accession MTBLS40]

In this work, metabolomic networks between the wild-type

Arabidopsis thaliana plants and two mutants namely:

methionine-over accumulation 1 (mto 1) and transparent

testa4 (tt4) have been investigated (Kusano et al. 2007).

Overall 50 samples were collected: 17 samples represent-

ing wild type; 20 for tt4; and 13 for mto 1. Relative

quantitative information for 171 metabolites was extracted

from the GC-TOF/MS data using the National Institute of

Standards and Technology (NIST) mass spectral search

program. PLS-DA was used as the classification tool for

the three groups, and the number of components (n = 3)

used was estimated using 7-fold cross-validation. Yet

again, as in the study above R2 and Q2 were used to

measure predictive ability (Kusano et al. 2007). For that

reason, once again in this study we have avoided direct

comparison with previous results.

2.1.3 NMR based metabolomics of acute kidney injury

[accession MTBLS24]

In this research NMR spectroscopy-based analysis of urine

samples has been used to identify metabolomic changes

related to the development ofAKI following cardiac surgery.

The data were acquired on 600 MHz Avance III spectrom-

eter (BrukerBioSpin, Rheinstetten, Germany). Altogether,

106 samples of urine were collected from the patients

undergoing cardiac surgery at two time points: before and

after surgery. Following surgery 34 patients was diagnosed

with AKI. Multivariate data analysis such as SVM was

applied to classify control and injury patients and showed an

average prediction accuracy of 76 % across all stages

(Zacharias et al. 2013). In this study, the complete data set

was used, corresponding to 106 samples (biopsy kidney

normal or AKI) and 701 variables (Table 1) and we directly

compare our results with the 76 % classification accuracy.

2.2 Model validation using resampling

It is important to validate any supervised learning method

in order to build a robust and reliable model. Therefore, in

this study the quality of each model is assessed using

classification accuracies and 95 % confidence intervals

(95 % CI) using bootstrapping as described by (Efron

1979; Efron and Gong 1983). This approach is based on the

random resampling of the data set into multiple data sub-

sets using replacement. In bootstrapping the data are split

into random subsets of training data and test data. The

training data sets are used to build the model and the test

sets are used to validate the model. For each bootstrap

selection on average *63.8 % of all samples are placed in

Table 1 Summary of the

metabolomics data sets used in

this study

mto 1, methionine-over

accumulation 1; tt4, transparent

testa4; wild type, wild-type

Arabidopsis thaliana plants

Biological data set No. classes No.

samples

collected

No. metabolites/

features included in

the analysis

Pre-treatment

method used

previously

NMR spectroscopy used

for identification of

T2DM patients

2 (disease, control) 132 188 Pareto

GC-TOF/MS in the

analysis of Arabidopsis

thaliana plants

3 (mto1, tt4

and wild type)

50 171 log10
transformation

NMR spectroscopy in the

analysis of AKI data

2 (normal, injury) 106 701 autoscaling
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the training set and the rest are used to test the model. In

this study we used double bootstrapping: (1) the first

bootstrap selected samples to be placed in the training and

test sets and all statistics reported in this paper used these

1009 splits; and (2) the second bootstrap was used to tune

each of the supervised learning methods (which we call

Model Selection; see Sect. 2.4.5 below), in terms of the

number of components (PC-DFA), cost parameters (SVM),

number of trees and variables per tree (RF) and number of

neighbours (kNN). In (2) 100 bootstraps were performed to

split the training data into calibration and tuning data sets.

Once the above parameters were tuned for PC-DFA, SVM,

RFs or kNN the full training data were used for model

construction and used to predict the data in the test set from

(1). This process was also repeated 100 times so that the

generalized prediction power of the classification models

could be measured in terms of average classification rates

as well as confidence intervals calculated from the 100 test

sets.

2.3 Data pre-treatment

A number of pre-treatment methods were used in this study

and were compared with analyses directly on the raw data

(i.e., no scaling was used). These methods involve several

statistical calculations that are detailed in the SI such as:

scaling factors that correspond to the mean measured for

each column (metabolite or feature), standard deviation,

and maximum and minimum values.

Among all methods used in this study perhaps the most

well known in metabolomics is autoscaling. In this process

for each column its mean from the whole data set is sub-

tracted (this procedure is also known as centering) fol-

lowed by dividing by the standard deviation of that column

(van den Berg et al. 2006). This scales all metabolites to

unit variance, so that they are now equally important and

have a comparable scale.

In a range scaling, after centering each column values

are divided by the minimum and maximum range of that

metabolite. As many technologies used in metabolomics

studies produce zero value outputs, and these values are

recognised to be natural lower boundaries, only the maxi-

mum values seem to be reflected as the essential divider.

Note this method is sensitive to outliers where the range is

very large (Wehrens, 2011).

Pareto scaling is similar to autoscaling but after mean

centering each column is divided by the square root of the

standard deviation. However, this does have the disad-

vantage that it is very sensitive to large fold changes (van

den Berg et al. 2006).

Variable stability (which is also known as vast scaling)

is a fairly new and robust method that could be considered

as another extension of autoscaling. This is due to the fact

that the final value of autoscaling is multiplied by a scaling

factor divided by the standard deviation (Keun et al. 2003).

Therefore, this method may be useful in the identification

of metabolites with small fluctuations (van den Berg et al.

2006).

The final method used in this study is called level

scaling. The first step is to also mean centre each column

and then divide by that same mean. However its potential

downside is related to inflation of the measurement errors

(van den Berg et al. 2006).

In summary, as all pre-treatment methods have associ-

ated advantages and disadvantages, therefore one needs to

be very careful when selecting the method of use. All

corresponding equations can be found in the SI.

2.4 Description of classification models

After pre-treatment we compared the classification accu-

racy using the following four methods: PC-DFA, SVM, RF

and kNN. Below we provided a brief introduction to each

of these well-established supervised learning methods.

2.4.1 PC-DFA

In discriminant analysis a normal distribution for distinct

groups is to be expected. If that condition is fulfilled the

new object from the test set will be classified based on the

probability density of previously classified groups from the

training set during calibration. DFA separates two or more

groups by looking for a linear combination of variables in

the subspace that maximises the between-group distances

and simultaneously reducing within-group distances

(Manly 1986). However, it suffers when data are highly

collinear and when the number of features (here metabo-

lites) are higher than the number of samples. For that

reason PCA was performed prior to DFA. PCA is a useful

tool for feature extraction and dimensionality reduction.

The technique defines new uncorrelated variables (latent

variables or principal components (PCs)), consisting of

linear combinations of the original correlated variables in

such a way that the first component describes most of the

variation in the data.

2.4.2 SVM

SVMs are a machine learning classification technique that

tries to determine samples based on the boundaries

between classes comprising the whole data set (Vapnik

1998). As this approach relies on kernel functions that map

samples into high dimensional space, it can therefore deal

with both linear and non-linear problems. This is useful,

especially in the metabolomics area were researchers very

often have to cope with complex and feature-rich data

688 P. S. Gromski et al.
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where linear approaches fail in separation between differ-

ent groups. The main advantage of SVM models are their

robustness and resistance to noise, and this is due to the

fact that the technique calculates the separation boundaries

between two classes using a subset of samples, so called

‘support vectors’ (Burges 1998; Xu et al. 2006).

2.4.3 RF

Random forests is a relatively new and powerful approach

that allows for data exploration and predictive modelling

(classification accuracy) (Breiman 2001) and is so far

under utilised in metabolomics studies. The classification is

derived from randomly grown ensemble trees based on the

following steps: (1) the original data are randomly divided

using bootstrapping into a training and test set; (2) trees are

grown using the training set, where each of the trees is

based on randomly selected variables, usually the square

root of numbers of variables (metabolites) [e.g., for the

GC-TOF/MS data (Table 1), each tree will have on average

about 13 metabolites]; (3) as long as all the trees are built

the self-testing is performed based on the ‘unseen’ test set,

this allows the analyst to estimate performance of the

model (Breiman 2001). The main advantage of this

approach is that it can handle many variables and can be

useful in the identification of important variables.

2.4.4 kNN

kNN is a non-parametric classification method that is one

of the simplest ways of classifying a new object into one of

k classes. In model construction the model is told the

number of k but not which samples belong to which class;

that is to say the k classes are found naturally using local

Euclidean distance optimisation on the training data. After

this the classification model is presented with each of the

test samples which are then placed into the training data set

neighbourhood and each new sample is assigned to the

group with which it is most close to (Keller et al. 1985).

2.4.5 Model selection

All the classification models have one or more model

parameters which need to be appropriately tuned during

model construction. These parameters include: the number

of PCs to be retained in PC-DFA; the cost parameter in

linear SVM; the number of trees to be grown and the

number of variables selected as candidates at each split in

RF; and the number of nearest neighbours to be considered

in kNN. These parameters were tuned by employing an

additional bootstrapping resampling (100 iterations) on the

training set where the training set was split it into cali-

bration and tuning data sets. The tuning data were used to

select the parameter(s) which yielded the best classification

rate for the tuning data set. These has been accomplished as

shown in our latest study (Gromski et al. 2014a) by

selecting first local maxima at which an optimum classifi-

cation rate has been achieved and these internal model

parameters were employed in final construction using the

full training data (i.e. calibration ? tuning data sets).

3 Results and discussion

The main aim of this study was to study the influence of

different pre-treatment methods on the classification accu-

racy of different types of metabolomics data encompassing

the main two analytical approaches NMR spectroscopy and

GC–MS for separating either two or three groups. In order to

achieve this, a robust validation procedure employing

bootstrapping with replacement was implemented.

Initially, four different classification algorithms were

assessed in combination with five different scaling

approaches as well as using no scaling. Consequently, six

classification accuracies along with their corresponding

95 % CI were recorded for each of the classifiers. The total

number of calculations for this study is 72 [(6 pre-treatment

methods) 9 (4 classifiers) 9 (3 data sets)] and this is

excluding model selection which has been estimated for

each of pre-treatment approaches separately. The classifi-

cation task here was: first to attempt to separate T2DM

patients from control (untreated) patients where the data

were generated using NMR spectroscopy; second to dif-

ferentiate wild type Arabidopsis thaliana from two mutant

types using GC-TOF/MS; and finally, to classify patients

that suffered kidney injury from healthy controls based on

the data generated using NMR spectroscopy. We believe

that by including three different data sets with different

number of groups to be classified would allow us to

establish whether different approaches for pre-treatment

methods have a significant impact on the final classification

output. We believe that this is an important aspect when

relatively small numbers of samples are used in the initial

calibration phase, as these models will be under represen-

tative of the problem domain. By way of example: there

was an estimated 150 million people worldwide that suf-

fered from type 2 diabetes in 1999 (Ismail and Gill 1999),

thus a mere 1 % difference in classification accuracy due to

incorrect pre-treatment method selected means 1.5 million

people will be wrongly diagnosed. In addition, to further

consolidate our findings we have performed a resampling

process ten times using 100 bootstrap iterations. Conse-

quently, the minimum and maximum average values are

presented in Table S2-S4 for all three data sets. Below we

briefly summarise our main findings for each of the three

data sets.
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3.1 Influence of pre-treatment methods

on classification rate of NMR metabolomics

analysis of T2DM data

In this study by Salek et al. (2007) the urinary metabolite

changes in T2DM patients and control volunteers (both

males and females) were investigated using NMR spec-

troscopy (Salek et al. 2007). Moreover, the authors applied

Pareto scaling as an alternative approach to autoscaling

which the authors claim should decrease the influence of

noise and samples in the models and mean-centering which

may fail to detect small changes in metabolite concentra-

tion (Salek et al. 2007).

The classification task we set ourselves, using six pre-

treatment methods and four classifiers, was to attempt to

separate T2DM patients from control volunteers. The

results of the average classification accuracies from the

bootstrapping procedure are displayed in Fig. 2g, and these

also include 95 % CI.

In general all pre-treatment approaches for PC-DFA

resulted in an average accuracy of *90 % with very

narrow 95 % CI. The worse result was obtained from

level scaling (85.31 %) and the best from vast scaling

(91.25 %). In addition, vast scaling demonstrated the

highest stability in terms of classification accuracy as

shown in Table S2. This is perhaps due to the well-

Fig. 2 Histograms showing the distribution of the scores of the PC-

DFA latent variable DF1 for two classes from NMR type 2 diabetes

data [T2DM (red hatches (LHS)) versus control (blue hatches

(RHS))] after five pre-treatment methods including no scaling.

Where: a autoscaling; b range scaling; c level scaling; d Pareto

scaling; e vast scaling; f no scaling. g Summary of the average

classification rates (%) for 100 bootstrapped iterations with its 95 %

CI in parentheses; ahighest and blowest classification accuracy for

each particular supervised learning model (Color figure online)
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established application of vast scaling in discriminatory

analysis of NMR spectroscopy data when applied to the

data with small variations (Keun et al. 2003). The poorest

results were obtained from level scaling which may

originate from the fact that this method focuses on relative

response and therefore is only suitable for data which has

large changes (van den Berg et al. 2006). Range scaling

demonstrated the second best result (90.87 %) and this

may be due to the fact that NMR spectroscopy generates

zero values as a natural lower bound, therefore for many

metabolites (variables) only a maximum value is consid-

ered when applying this method (Wehrens 2011). How-

ever, this approach is less consistent when compared to

vast scaling as can be observed in Table S2. We note that

the classification accuracy for PC-DFA when applied with

Pareto scaling (90.00 %) is lower than vast scaling and

this may be a result of the scaling weight (1/standard

deviation) which retain measurements to be closer to real

values which may influence the sensitivity of the approach

to large fluctuations (Keun et al. 2003; van den Berg et al.

2006). Finally, using no scaling (88.46 %) worked

remarkably well and this may be the reflections of the

variables in the original data were of a similar scale.

In this study PC-DFA has also been used as a visuali-

zation tool to display the difference between various pre-

treatment approaches graphically. We acknowledge the

fact that both SVM and kNN could be used for this purpose

as well, however we have tested all combinations (data not

shown) and PC-DFA displayed the best visual interpreta-

tion. As this study was a binary classification (T2DM vs.

healthy) only a single latent variable can be calculated and

therefore we have displayed this as a histogram. As can be

observed in Fig. 2e vast scaling is the only method with

clear separation, while all others have a small overlaps

(Fig. 2) in the two histograms, and this simply confirms

what has been observed in Fig. 2g.

The default for SVM is to use auto-scaling (Kara-

tzoglou et al. 2006). However, this may not always be

the best option as shown in this study, where autoscaling

resulted in 89.04 % accuracy which is a little lower in

comparison to 91.39 % accuracy when vast scaling was

applied. This difference may be related to the fact that in

many case auto-scaling may increase noise of uninfor-

mative variables (metabolites) (Wehrens 2011), although

clearly that was not a major influence in this study. In

terms of the other pre-treatment methods similar results

as described above for PC-DFA were observed. How-

ever, we do note that range scaling with a 88.72 %

accuracy is slightly lower in comparison to the previous

classifier and this may originate from the fact that SVM

operates on the whole data set whereas PC-DFA operates

on the selected number of components (Manly 1986;

Vapnik 1998).

For the RF classifier no significant differences were

observed and all estimated average accuracies were

*90 % (Fig. 2g). This is perhaps a reflection of the non-

parametric origins of the method and as such, transfor-

mation or scaling may not influence the final results sig-

nificantly (Breiman 2001; Liaw and Wiener 2002).

Finally we compared the effect of different pre-treat-

ment approaches on kNN. We note that when comparing

kNN with other classifiers it demonstrated somewhat

poorer accuracies (79.7–88.36 %). The best model used

Pareto scaling and this result is encouraging, as different

pre-treatment methods prior to kNN have been shown to

greatly affect the results of classification methods (Todes-

chini 1989). The kNN we used employed Euclidean dis-

tances to measure the distance between samples of data sets

and may thus have benefited from the fact that Pareto

handles data that were originally close to zero well (Keller

et al. 1985).

3.2 Influence of pre-treatment methods

on classification rate for GC-TOF/MS Arabidopsis

Thaliana data

Figure 3 shows a comparison of the pre-treatment

approaches for the GC-TOF/MS Arabidopsis thaliana data

(wild type, tt4 and mto 1). Very good results were observed

for the linear approach whereas the non-parametric

approaches were slightly worse. In addition, as the original

study had previously used log10 transformation as the pre-

treatment method of choice (Kusano et al. 2007), we also

tested this approach and have included the results in Table

S5.

In general similar results as for T2DM data set were

observed. However, we note that these data display high

accuracy across all pre-treatment approaches and vary

between 96.18 % for level scaling and 97.86 % for range

scaling (Fig. 3g). In addition, at first glance when look-

ing at Fig. 3 we might conclude that autoscaling displays

the best separation, however this plot corresponds to a

single iteration and when compering all classification

along all bootstrap iterations the approach is slightly

worse than vast scaling as observed in Table S3. How-

ever, as can be observed in Table S3 vast scaling and

autoscaling are the most consistent methods as these

have small ranges between minimum and maximum

average classification accuracy. For most of the models

there is clear separation between the three different

classes (Figs. 3a, b, c, d ,e, f) and the 95 % CI overlap

(Fig. 3g), which in combination suggests that the original

data are very well.

The SVM results also show similar consistency to PC-

DFA with one exception which is when the raw data

without scaling were used as inputs to SVM. Yet again,
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autoscaling and vast scaling demonstrated the best results

with 97.01 % and 96.75 % recorded classification accu-

racy, respectively. For the RF classifier once again no dif-

ference was observed between the different pre-treatment

approaches where classification accuracies were

89.04–89.68 %. Similar results can be observed for kNN

classifier with classification accuracy *86 %. It seems that

non-parametric methods do not perform very well with this

data set as both the RF and kNN methods predicted rela-

tively lower (*7–10 %) compared to the linear methods of

PC-DFA and SVM.

3.3 Influence of pre-treatment methods

on classification rate for NMR based metabolomics

of acute kidney injury following cardiac surgery

In the final selected data set downloaded from Metabo-

Lights Zacharias et al. employed NMR spectroscopy with

SVM to classify with 76 % accuracy AKI following car-

diac surgery from controls who had no AKI after surgery

(Zacharias et al. 2013). In the present analysis, our results

were consistent with these finding as our SVM with auto-

scaling recorded 76.19 % accuracy, closely followed by

Fig. 3 PC-DFA scores biplots of GC-TOF/MS Arabidopsis thaliana

data for three classes (wild type—black circles, tt4—red triangles and

mto 1—green pluses) after five pre-treatment methods including no

scaling. Where: a autoscaling; b range scaling; c level scaling;

d Pareto scaling; e vast scaling; f no scaling. g Summary of the

average classification rates (%) for 100 bootstrapped iterations with

its 95 % CI in parentheses; ahighest and blowest classification

accuracy for each particular supervised learning model (Color figure

online)
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range scaling with 76.18 % accuracy (Fig. 4g). For this

data set we have observed similar behaviour as previously

discussed where vast scaling appears to be best choice for

PC-DFA. RF recorded similar results across all pre-treat-

ment approaches. Finally, as has become evident by now

kNN is the model that requires special attention in terms of

selecting the correct pre-treatment approach.

4 Concluding remarks

We have investigated six pre-treatment methods (including

the analysis of the raw data) to three diverse metabolomics

data sets prior to applying four different classification

algorithms. A bootstrapping procedure was applied to

divide these data sets into training (calibration) and test

sets. We believe the use of resampling is crucial for the

purpose of performing an objective assessment of the

classification accuracy for different classification models

(viz. PC-DFA, kNN, RF and SVM). In addition, a so-called

double bootstrapping approach was used prior to classifi-

cation to choose the correct parameters for each of the four

classifiers.

The methods presented here are relatively commonly

used for the analysis of many metabolomics technologies.

However selection of the appropriate pre-treatment method

Fig. 4 Histograms showing the distribution of the scores of the PC-

DFA latent variable DF1 for two classes from NMR Acute Kidney

injury data [normal (red hatches (LHS)) versus injury (blue hatches

(RHS))] after five pre-treatment methods including no scaling.

Where: a autoscaling; b range scaling; c level scaling; d Pareto

scaling; e vast scaling; f no scaling. g Summary of the average

classification rates (%) for 100 bootstrapped iterations with its 95 %

CI in parentheses; ahighest and blowest classification accuracy for

each particular supervised learning model (Color figure online)
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and classifier is likely to be different from data type to data

type, and therefore knowing which approach to select for

general use is hardly possible. There is no free lunch!

However, some judicious suggestions can be made from

this study if someone were to analyse data that are similar

to the data sets presented in this study.

Vast scaling produced the most robust models in terms

of consistent classification rates for discriminant analysis

of both NMR spectroscopy data sets, outperforming all

other approaches. This approach seems to be a reasonable,

robust and easily implemented data pre-treatment method

for the improvement of discriminant analysis when applied

to NMR spectra. This was also reported by other studies

(Keun et al. 2003). For the linear SVM the best result has

been reported for vast scaling and autoscaling and therefore

vast scaling may also be a good starting point for this

SVM-based analysis of metabolomics data. On the other

hand, the kNN models were highly sensitive to the choice

of data pre-treatment method. The reason is that kNN relies

on a distance metric for classification and distance metric is

highly sensitive to the scale of the data; note that we

employed Euclidean distances in this study. Thus, the data

for each study will have to be processed in an appropriate

manner according to the study and type of sample. Finally,

we tested the influence of different pre-treatment approa-

ches on RF for metabolomics data and we have confirmed

that this approach is not very sensitive to the choice of data

pre-treatment. Finally, for all four classifiers level scaling

and raw data input without scaling performed poorly and

are not recommended.

When considering the GC-TOF/MS data set we ana-

lysed both autoscaling and vast scaling performed very

well with slightly better results towards latter. Moreover,

more consistency across all methods could be observed in

comparison to the NMR data set.

In conclusion, the data analyses we have performed here

suggest that when consideringwhich pre-treatment approach

to select we recommend that the researcher begin with vast

scaling as this method appears to be more stable and robust

across all the classifiers that were conducted in this study.
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