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Statistics on model constructions
For each classifier several measurements are reported, including:
Time: the amount of time (in seconds) taken for the central processing unit (CPU) to execute

the classifiers within R.
Confusion matrix: This arrangement permits visualization and estimation of the
performance of an algorithm by reporting actual and predicted classifications along with their
accuracies. Each column of the matrix represents the occurrences in an actual class, while
each row represents the occurrences in a predicted class (Table S1). The resulting tables in
our study shows the confusion matrix for four classes’ classifiers; in that case the results are
considered comparing each factor level to the remaining levels in other words “one versus
all” method.

Table S1 Confusion matrix
Reference model
Predicted
model

Event
No Event

Event
TP
FN

No Event
FP
TN

=

=

+
Where: TP, true positive; TN, true negative; FP, false positive; FN, false negative

+

Accuracy: the proportion of the total number of correct predictions (sum of diagonal
elements of a table) to the total number of elements in the table:
=

+

+
+

+

95% CI: 95% confidence intervals.
No information rate (NIR): criterion which indicates the highest value among prevalence.
p-Value [Acc > NIR]: p-value for Acc>NIR.
Kappa: Cohen's kappa statistic, which is a criterion of quantity of arrangement after chance
arrangement. Kappa measures the percentage of data values in the main diagonal of the
confusion matrix and then adjusts these values for the volume of agreement that could be
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expected related to chance alone. Kappa ranges between 0 and 1, where 1 is perfect
agreement and 0 represents no agreement. Values between 0.8 - 1 are considered as a very
good agreement:

=
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The numerator represents the divergence amongst the observed probability of success and the
probability of success under the hypothesis of an extremely bad case.
McNemar's Test p-Value: p-value for the non-parametric technique used for categorical
variables. Can be used with two dichotomous measures on the same subjects (repeated
measurements). The null hypothesis shows that the two probabilities for each outcome are the
same:
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Hence, McNemar’s test is explained by equation:
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Prevalence: the proportion of all positives in the total number of observations:
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Precision (Positive Predictive Value): the proportion of true positives given a positive
prediction:
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Negative Predictive Value: the proportion of true negatives given a negative prediction:
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Detection rate: the proportion of true positives in the total number of observations:
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shows distribution of the predicted classes in the confusion matrix.
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SVM parameters selection
Cost parameter (C), gamma, degree and coef0 these were optimised as described in
manuscripts: cost regularizes the number of support vectors, gamma is used to avoid single
samples causing too much influence on the model; degree is a measure of the plane angle;
coef0 is responsible for support vectors that maximise group separation [1-4].
The procedure we have adopted for the optimisation of these SVM is as objective as we
could make it and the approach we used compares favourably with previous studies that have
also been used in generalised searches for parameter optimisation [1,5-9,3].
Table S2 Parameters selected for each kernel in SVM
Kernel
Ca
Linear
Polynomial
1
Radial
Sigmoid
a
C = cost parameter

Gamma
0.18
0.2
0.05

Degree
2
-

coef0
2.5
0
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Random forests
As shown in Fig. S1 random
andom subsets (1 to n) of trees are used where each tree starts off
with a different subset of input variables (in open boxes) which are randomly selected
(typically
typically the number that are selected is √(number of variables)).
). Red circles correspond to
internal nodes within each tree into
into which particular samples are assign based on judgment
points (these are the internal edges or branches of the tree), finally black triangles correspond
to leaf nodes where the final classifications
classification are made.. As many classifications are made then
these are ensemble to give an average classification from the forest [10].

Fig. S1 Cartoon of random forests algorithm

Variable importance plot – reflects variable importance measured by random forests (Fig.
S2).. These give a direct indication of which inputs are most useful for prediction. The VIPs
are reported
ported in two different ways: (A)
(A mean
ean decrease in accuracy and (B)
(B mean decrease in
Gini. Where, Gini index is a criterion that measures statistical dispersion. A decrease in Gini
demonstrates that a particular predictor variable shows a greater influence in separating the
data into the defined classes [10,11].
[10,11]
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Fig. S2 Variable Importance Plots generated by random forests algorithm: (a)) depicts the mean
mea decrease in
accuracy whilst (b) reports
ports the mean decrease in Gini

Validation procedures used in model construction
As discussed in the paper it is very important that chemometric models that employ
supervised
rvised learning are adequately validated. There are several ways in which this can be
achieved and in our work we have used cross-validation
cross validation and replacement methods like
bootstrapping. These are explained below.
Cross-validation: this is used to estimate the performance of a predictive model where the
data are separated into two sets, called the
th training set and the test set [12,13].
[12,13] To improve
results for the evaluation of the data, we used k-fold cross-validation
validation where k=10 such that
the data are divided into nearly equal sets where 9/10 of the data were used for training and
the remaining 1/10 are the independent data test sets (Fig. S3).. Each model is repeated 10
times where each 10th are used as the test set. This method allows for the estimation of how
correct a predictive model will be when implemented. Moreover, this method also permits
one to choose how large the final test set should be and how many trials are needed to
accomplishh this. To approximate the true distribution of the k-fold
fold cross-validation
cross
the
method is repeated multiple times (in our case 100) using different randomly selected
s
folds
from the data set [12,13].
6

Fig. S3 Cartoon of 10-fold cross-validation.
validation. In this example data set of n samples and n features (X) with Y as
class descriptor is divided into 10 equal parts

Bootstrapping: this is a general approach to statistical inference based on building a
sampling distribution model for a statistic by resampling from the original data [14]. In nonparametric bootstrapping, samples are repeatedly selected from the original data set (each
(e
with an equal probability of selection) and then replaced (Fig.
(F S4 shows this pictorially).
Performing this resampling many times allows for the better estimation of prediction
accuracy from the population by calculating multiple alternative versions of
o the single
prediction accuracy that would ordinarily be calculated from one selection of the training set.
Randomly simulated samples obtained from the original data should approximate the true
source population, resulting in a new ‘pseudo-population’.
‘pseudo
Repeating this process thousands
of times allows the calculation of confidence intervals for the statistics of interest. In general,
the technique will generate a defined number of independent training and test data sets. In
comparison to other cross-valida
validation
tion approaches, this method allows several samples to be
selected numerous
erous times in each split [14].
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Fig. S4 A cartoon depicting the bootstrapping process which in this example uses an experimental data set of
size 10 from a bag. In this process we first take a sample randomly from the bag; we assign that
number to the train set
et and put it back in to the original bag. We do this multiple times using this
replacement technique until the new bag (training set selection) is the same size as the original bag. The
samples that were not selected are marked to the test set. We perform this process n times (usually
1000) until we receive satisfactory bootstrap replications on which we can conduct statistics in terms of
accuracy, predicted on the test sets only

Chemical interpretation of models
In order to interpret the various models we have constructed the vectors that are used in
model construction need to be inspected. These vectors give information on which variables
are important and these are introduced and depicted below.
Scores plot: for LDA and PLS-DA
PLS
the projection of the scaled
aled latent variable scores in two
dimensions. The scores plot helps to visualise the relationship between observations
(samples).
Loadings plot: for LDA and PLS-DA
PLS DA this depicts the relationship (correlation) between
input variables. The loadings can be regarded as the weights (vector) for each original
variable when computing the latent variables. Loadings plots help to interpret patterns seen in
the scores plot and to identify variables that are responsible for discrimination. Loadings
Loadin
close to zero have a rather low impact on the identification process, whereas high values
indicate a large contribution.
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Fig. S5 (a) PLS-DA
DA scores plot of the first two latent variables,
variables and (b) PLS-DA
DA loadings plot representing
variables associated with these
th
first and second components

GP results
Table S3 Genetic programming results
Acetone
Sensitivity
0.91
Specificity
0.96

DMMP
0.86
0.88

Methanol
0.79
0.87

Propanol
0.79
0.83
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Fig. S6 Confusion matrix for the LDA classification where the calculations were based on 100 random runs of
ten-fold cross-validation
validation

Fig. S7 Confusion matrix for the PLS-DA
PLS
classification where the calculations were based on 100 random
runs of ten-fold cross-validation
validation
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Fig. S8 Confusion matrix for the RF classification where the calculations were based on 100 random runs of
ten-fold cross-validation
validation

Fig. S9 Confusion matrix for the SVM classification based on linear kernel where the calculations
calcu
were based
on 100 random runs of ten-fold
ten
cross-validation
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Fig. S10 Confusion matrix for the SVM classification based on polynomial kernel where the calculations were
based on 100 random runs of ten-fold
ten
cross-validation

Fig. S11 Confusion matrix for the SVM classification based on radial kernel where the calculations were
based on 100 random runs of ten-fold
ten
cross-validation
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Fig. S12 Confusion matrix for the SVM classification based on sigmoid kernel where the calculations were
w
based on 100 random runs of ten-fold
ten
cross-validation

Fig. S13 Confusion matrix for the LDA classification where the calculations were based on 1000 bootstraps

13

Fig. S14 Confusion matrix for the PLS-DA classification where the calculations were based on 1000
bootstraps

Fig. S15 Confusion matrix for the RF classification where the calculations were based on 1000 bootstraps
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Fig. S16 Confusion matrix for the SVM classification based on linear kernel where the calculations were
based on 1000 bootstraps

Fig. S17 Confusion matrix for the SVM classification based on polynomial kernel where the calculations were
based on 1000 bootstraps

15

Fig. S18 Confusion matrix for the SVM classification based on radial kernel where the calculations were
based on 1000 bootstraps

Fig. S19 Confusion matrix for the SVM classification based on sigmoid kernel where the calculations were
based on 1000 bootstraps
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