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(ix) Maximum slope (ms): the maximum difference obtained
measuring magnitudes at successive epochs;

ms = max(|
(magi + 1 Š magi )

(ti + 1 Š ti )
|) =

�mag
�t

. (8)

(x) Percent amplitude (pa): the maximum percentage difference
between maximum or minimum �ux and the median;

pa = max(|xmax Š median(x)|, |xmin Š median(x)|). (9)

(xi) Percent difference �ux percentile (pdfp): the difference be-
tween the second and the 98th percentile �ux, converted in magni-
tudes. It is calculated by the ratioF5,95 on median �ux;

pdfp =
(mag95 Š mag5)
median(mag)

. (10)

(xii) Pair slope trend (pst): the percentage of the last 30 couples
of consecutive measures of �uxes that show a positive slope;

pst = P(xi + 1 Š xi > 0, i = n Š 30, . . . , n). (11)

(xiii) R Cor Bor (rcb): the fraction of magnitudes that is below
1.5 mag with respect to the median;

rcb = P(mag > (median(mag) + 1.5)). (12)

(xiv) Small kurtosis (sk): the kurtosis represents the departure of
a distribution from normality and it is given by the ratio between the
fourth-order momentum and the square of the variance. For small
kurtosis, it is intended the reliable kurtosis on a small number of
epochs;

sk =
µ 4

� 2
. (13)

(xv) Skew (skew): the skewness is an index of the asymmetry
of a distribution. It is given by the ratio between the third-order
momentum and the variance to the third power;

skew=
µ 3

� 3
. (14)

(xvi) Standard deviation (std): the standard deviation of the
�uxes.

Table 1. Structure of the confusion matrix for a two classes ex-
periment. The interpretation of the symbols is self-explanatory. For
instance,TP denotes the number of objects belonging to the class 1
who are correctly classi�ed.

OUTPUT
– Class 1 Class 2

TARGET Class 1 TP FN
Class 2 FP TN

3 THE METHODS

As it was said before, this work aims to classify transients using a
ML approach based on the use of various methods: MLPQNA, RF
and KNN.

MLPQNA stands for the classical MultiLayer Perceptron model
implemented with a Quasi Newton Approximation as learning rule
(Byrd, Nocedal & Schnabel1994). This model has already been
used to deal with astrophysical problems and it is extensively de-
scribed elsewhere (Brescia et al.2012; Cavuoti et al.2014).

RF stands instead for Random Forest, a widely known ensemble
method (Breiman2001), which uses a random subset of data fea-
tures to build an ensemble of decision trees. Our implementation
makes use of the public library scikit-learn (Pedregosa et al.2011).
This method has been chosen mainly because it provides for each
input feature a score of importance (rank) measured in terms of its
contribution percentage to the classi�cation results.

KNN is the well-known KNN method (Hastie et al.2001), widely
used both for classi�cation and regression. In the case of classi�ca-
tion, it tries to classify an object by a majority vote of its neighbours,
and the object is then assigned to the most common class among its
KNN.

The analysis of the results of the experiments is based on the
so-called confusion matrix (Provost, Fawcett & Kohavi1998), a
widely used classi�cation performance visualization matrix, where
columns represent the instances in a predicted class, and rows give
the expected instances in the known classes. In a confusion matrix
de�ned as in Table1, the quantities are:TP: true positive,TN: true
negative,FP: false positive,FN: false negative.

Figure 2. Feature importance list obtained by the RF in the case of the six-class experiment, with the importance percentage for each feature.
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Figure 3. ROC curves for the six-class classi�cation for the three models used. In the case of the KNN model, the curve was obtained by taking into account the
limitations imposed by the algorithm, which are determined by the choice of the number of nearest neighbours (in this case, �ve neighbours induce 20 per cent
of quantization).

By combining such terms, it is then possible to derive the follow-
ing statistical parameters (in brackets the label that will be used in
the tables):

(i) overall ef�ciency (Eff): the ratio between the number of cor-
rectly classi�ed objects and the total number of objects in the

data set;

Eff =
T P + T N

T P + FP + F N + T N
. (15)

(ii) class purity (Pur1 andPur2): the ratio between the number
of correctly classi�ed objects of a class and the number of objects
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Figure 4. Feature importance list obtained by the RF, with the importance percentage for each feature and for the CV versus ALL classi�cation.

classi�ed in that class, also known as ef�ciency of a class;

P ur1 =
T P

T P + FP
. (16)

P ur2 =
T N

F N + T N
. (17)

(iii) class completeness (Comp1andComp2): the ratio between
the number of correctly classi�ed objects in that class and the total
number of objects of that class in the data set;

Comp1 =
T P

T P + F N
. (18)

Comp2 =
T N

FP + T N
. (19)

(iv) class contamination: it is the dual of the purity. Namely, it is
the ratio between the number of misclassi�ed object in a class and
the number of objects classi�ed in that class. Since easily derivable
from the purity percentages, it is not explicitly listed in the results;

(v) Matthews correlation coef�cient (MCC): it is an index used
as a quality measure for a two-class classi�cation. It takes into ac-
count values derived from the confusion matrix, and can be used
also if the classes are very unbalanced. It can be regarded as a
correlation coef�cient between the observed and predicted binary
classi�cation, returning a value betweenŠ1 and 1. WhereŠ1 in-
dicates total disagreement between prediction and observation, 0
indicates random prediction, and 1 stands for a perfect prediction
(Matthews1975).

MCC =
T P × T N Š FP × F N

�
(T P + FP)(T P + F N )(T N + FP)(T N + F N )

.

(20)

These parameters can be used to describe completely the distri-
bution of the blind test patterns after training.

Moreover, in order to compare the three classi�ers used, we also
derived the Receiver Operating Characteristic or ROC curve plots
for the most signi�cant experiments. An ROC curve is a graphical

diagram showing the classi�cation performance trend by plotting
the true positive rate against the false positive rate as the classi-
�cation threshold is varied (Hanley & McNeil1982). The overall
effectiveness of the algorithm is measured by the area under the
ROC curve, where an area of 1 represents a perfect classi�cation,
while an area of .5 indicates a useless result.

4 CLASSIF ICATION EXPERIMENTS

We performed the following classi�cation experiments:

(i) multiclass (six-class), in which the whole catalogue, including
all the six classes, was separately considered, in order to investigate
the capability to correctly disentangle at once all the given categories
of variable objects;

(ii) cataclismic variables (CV) versus ALL, where the category
ALL includes AGN, SN, Fl, Bl types. Here, the RRL type was not
considered;

(iii) extra-Galactic (AGN and Bl types) versus Galactic (CV, SN
and Fl types), to search for an improvement with respect to the
previous separation. The inclusion of SN type in the Galactic class is
motivated by the fact that, even though mainly observed in external
galaxies, they are stars and therefore represent a completely different
category with respect to active galactic nuclei;

(iv) SN versus ALL, where ALL includes AGN, Bl, CV, Fl and
RRL types.

For each classi�cation experiment, we adopted the same strategy.
First of all, we run an RF experiment using all 20 features described
in Section 2.1, in order to obtain a feature importance ranking (i.e.
the relevance of each feature to the classi�cation expressed in terms
of information entropy). The results of the RF experiment allowed us
to select different groups of features (ordered by ranking), to be used
for a second set of binary classi�cation experiments performed with
MLPQNA, RF and KNN. Finally, using the best set of features, we
performed an heuristic optimization of the MLPQNA parameters
(i.e. complexity of the network topology as well as the Quasi-
Newton learning decay factor), aimed at improving the classi�cation
results.
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Figure 7. Feature importance list obtained by the RF, with the importance percentage for each feature and for the SN versus ALL classi�cation.

featurestd is often present within the best groups among different
experiments.

Concerning the MCC, this value is almost always above 0.50
for the MLPQNA and RF. In fact, just one experiment shows an
MCC below this value, while the best one is 0.74. Therefore, we can
conclude that the observed classi�cation with these three classi�ers,
is close to the expected one, and that the model shows a proper
behaviour.

The three classi�ers perform differently on different types of
objects and, as usual in classi�cation experiments, this implies that
the overall performance can be increased by combining the output of
the three models. To verify this hypothesis we analysed the overall
ef�ciency variation by taking into account the objects classi�ed by
single models and those equally classi�ed by the combination of
MLPQNA and RF, MLPQNA and KNN, RF and KNN, and by all
three classi�ers together.

For this analysis shown in Tables2, 3 and 4, we performed
experiments by randomly splitting the catalogue into a training

Table 2. Statistical analysis on the test output for the best experiments of
CV versus ALL classi�cation for the three models (5� in TableA4 for the
MLPQNA, 20 in TableA5 for the RF, and 6 in TableA6 for the KNN).
The �rst row reports the total amount of test objects. Second, third and
fourth rows indicate the overall ef�ciency obtained by the three models.
While the �fth row reports the number of objects equally classi�ed by the
three models (i.e. only the objects for which the three models provide the
same classi�cation). Finally, the last four rows report the overall ef�ciencies
referred only to the equally classi�ed objects.

CV versus ALL Size Fraction

Total test objects 266 –
MLPQNA Eff 224 84 per cent
RF Eff 231 87 per cent
KNN Eff 199 75 per cent
(MLPQNA and RF and KNN) equally classi�ed 189 71 per cent
(MLPQNA and RF) Eff 216 89 per cent
(MLPQNA and KNN) Eff 177 90 per cent
(RF and KNN) Eff 184 90 per cent
(MLPQNA and RF and KNN) Eff 174 92 per cent

and a blind test set, containing respectively the 80 per cent and the
20 per cent of the data. The increase in performance is quite evident.
These results are also visualized as Venn diagrams in Fig.8.

The relevance of the various features in the experiments can be
better investigated by looking at their distributions. For the sake of
clarity in Fig. 9, we show a few relevant examples. In panels a,
b and c we show the distribution of the featureslt, pa and ls for
the SN versus ALL experiment while in panel d and e, we show
instead the distribution the parameterstd in the SN versus ALL
and in the CV versus ALL experiments. Finally, in panel f, we
show the distribution of theampl feature in the CV versus ALL
experiment. In all cases, what appears evident is that individual
features fail to separate unequivocally the classes, thus con�rming
that their combination is needed to achieve a proper classi�cation.
Nevertheless, the different roles played by thestd(panels d and e)
in the experiments SN versus ALL and CV versus ALL (cf. Figs4
and7, respectively) is con�rmed by the histograms.

Table 3. Statistical analysis on the test output for the best experiments of
X-GAL versus GAL classi�cation for the three models (5� in Table A7
for the MLPQNA, 10 in TableA8 for the RF, and 10 in TableA9 for the
KNN). The �rst row reports the total amount of test objects. Second, third
and fourth rows indicate the overall ef�ciency obtained by the three models.
While the �fth row reports the number of objects equally classi�ed by the
three models (i.e. only the objects for which the three models provide the
same classi�cation). Finally, the last four rows report the overall ef�ciencies
referred only to the equally classi�ed objects.

X-GAL versus GAL Size Fraction

Total test objects 266 –
MLPQNA Eff 236 89 per cent
RF Eff 243 91 per cent
KNN Eff 224 84 per cent
(MLPQNA and RF and KNN) equally classi�ed 223 84 per cent
(MLPQNA and RF) Eff 233 92 per cent
(MLPQNA and KNN) Eff 211 92 per cent
(RF and KNN) Eff 216 93 per cent
(MLPQNA and RF and KNN) Eff 210 94 per cent
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Table 4. Statistical analysis on the test output for the best experiments of
SN versus ALL classi�cation for the three models (3� in Table A10 for
the MLPQNA, 10 in TableA11 for the RF, and 3 in TableA12 for the
KNN). The �rst row reports the total amount of test objects. Second, third
and fourth rows indicate the overall ef�ciency obtained by the three models.
While the �fth row reports the number of objects equally classi�ed by the
three models (i.e. only the objects for which the three models provide the
same classi�cation). Finally, the last four rows report the overall ef�ciencies
referred only to the equally classi�ed objects.

SN versus ALL Size Fraction

Total test objects 325 –
MLPQNA Eff 278 85 per cent
RF Eff 288 89 per cent
KNN Eff 241 74 per cent
(MLPQNA and RF and KNN) equally classi�ed 238 73 per cent
(MLPQNA and RF) Eff 271 90 per cent
(MLPQNA and KNN) Eff 220 89 per cent
(RF and KNN) Eff 229 90 per cent
(MLPQNA and RF and KNN) Eff 218 91 per cent

Given the peculiar shape of the SN light curves, it is not a surprise
that in the experiment SN versus ALL, thelt has a relevance of
24 per cent followed in third position bypa with a relevance of
7.7 per cent. The fact that in this experiment the Lomb–Scargle
index (ls) is ranked second, might seem strange since it is used as
an indication of periodic behaviour. The histogram in panel c shows,
however, that this is due to the fact that on average objects in the SN
class (being non-periodic) have anls much smaller than the ALL
class.

In the speci�c context of the CRTS, a completeness of
� 96 per cent and a purity of 84 per cent in the SN versus ALL
classi�cation experiment imply that the sample of candidate SNs
produced with our method, would correctly identify� 2520 out of
the 2631 con�rmed SNs and would produce a sample of� 420
possibly spurious objects. These results, however cannot be easily
extrapolated to other surveys, since the performance of the method
depends drastically on the parameter space covered by the training
sample, which as it has been discussed before, is strictly depending
on the speci�c survey.

The capability to disentangle SN class objects through the most
relevant selected features appears evident by comparing them
among each other. In particular from Figs10 and 11, it is pos-
sible to locate sub-regions entirely populated bySN-type objects
(those labelled as A in the plots), as well as regions characterized
by a weak (labelled as B) or strong (labelled as D) density of SN-
type objects. This implies that, besides the particular choice of the
classi�er, in the parameter space de�ned by the most relevant fea-
tures there are combined ranges of feature distributions (for in-
stance,ls, pa, ltandstd) able to classify SN-type objects from the
rest of the data types with a high con�dence. This evidence is also
con�rmed by the purity percentages obtained in the case of SN
versus ALL experiment by the three classi�ers used.

6 CONCLUSIONS

This work focused on the use of three well-tested ML methods,
respectively, RF, MLPQNA (Multi Layer Perceptron trained by the
Quasi Newton learning rule) and KNN, to classify transient objects
and it is a �rst step towards a framework where different classi�ers
shall work in collaborative way on the same data to obtain a reliable,
accurate and reproducible classi�cation of variable objects.

Figure 8. Venn diagrams showing all the objects (left-hand column) and
the correctly classi�ed objects (right-hand column), based on ef�ciency, for
the three different types of classi�cation in the three experiment types. The
intersection areas then show the objects that are classi�ed in the same way
by different methods. Values are taken from Tables2, 3 and4, respectively.

We run a multiclass (all six object categories available) and de-
rived three types of binary classi�cation experiments: (i) CV versus
ALL (AGN, SN, Fl, Bl types); (ii) Extra-Galactic (AGN and Bl
types) versus Galactic (CV, SN and Fl types); (iii) SN versus ALL
(AGN, Bl, CV, Fl and RRL types).

Taking into account the results of the binary classi�cation ex-
periments only, the performance can be summarized as it follows:
for the SN versus ALL, the best method is RF, which achieves a
� 87 per cent ef�ciency, with a completeness of� 73 per cent and
a purity for SNs of� 86 per cent. In the same experiment, the
MLPQNA obtains a slightly higher purity (� 90 per cent) at a price
of a lower completeness (� 61 per cent). In the CV versus ALL,
the best performance is achieved by the MLPQNA (� 86 per cent
ef�ciency with a completeness of� 79 per cent and a purity for
CVs of � 80 per cent). It is however worth noticing that the com-
bination of the outcome of the three models allows us to achieve
better performance (� 92 per cent ef�ciency for both experiments).
Finally, in the third experiment (X-GAL versus GAL), the best
results were achieved by the RF model, obtaining� 92 per cent ef-
�ciency, with a X-GAL class completeness of� 69 per cent and a
purity of � 88 per cent.

By exploiting the feature importance score provided by the RF
model, the ranking between feature grouping and classi�cation per-
formance was investigated and it led to the identi�cation of a special
group of features which carry most information, regardless the spe-
ci�c experiment. This is a crucial issue since, in the big data regime
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Figure 9. Distribution of thelt (panel a),pa (panel b),ls (panel c) andstd (panel d) in the case SN versus ALL experiment. The diagram shows a zoomed
portion of the distribution to better visualize the region of interest. Red colour is related to SN objects, dark grey colour to ALL class objects, while dark brown
shows the overlay area of the histogram. Panels (e) and (f): distribution of the, respectively,stdandampl features in the case of CV versus ALL experiment.
Purple colour is related to CV objects, dark grey represent the ALL class objects, while in dark purple is shown the overlay area of the histogram.

which is typical of future surveys the identi�cation of an optimal
set of feature is needed in order to reduce computing time.

Overall, RF and MLPQNA achieve better results when the clas-
si�ers are used in combination. The combined and hierarchical use
of a wide set of classi�ers could be �nalized into a framework hav-
ing as main purpose the capability to disentangle and identify the
largest variety of variable objects (Donalek et al.2013).
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Figure 10. Panel (a): comparison of featuresstdversuslt in the case of SN versus ALL experiment; panel (b): the same plot but betweenpa andlt features;
panel (c): the same plot but betweenls andlt features. Red colour is related to SN objects and black to ALL class objects. The labels indicate, respectively,
(A) pure SN region (i.e. a region populated only by SN objects), (B) sparse SN region (weak percentage of SN objects), (C) mixed zone and (D) almost pure
SN region. The overabundance of points havinglt = 0 re�ects the fact that RRL and AGN as well as any other impulsive variable have in average a constant
behaviour.
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Figure 11. Panel (a): comparison of featuresstdversusls in the case of SN versus ALL experiment; panel (b): the same plot but betweenpa andls features;
panel (c): the same plot but betweenstdandpa features. Red colour is related to SN objects and black to ALL class objects. The labels indicate, respectively,
(A) pure SN region (i.e. a region populated only by SN objects), (B) sparse SN region (weak percentage of SN objects), (C) mixed zone and (D) almost pure
SN region. The vertical structure atls = 1 is an effect introduced by the sampling frequency of the survey (the structure is mainly populated by AGN, Bl
and SN).
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APPENDIX A: EXPERIMENT TABLES

Table A1. Results of the experiments with the MLPQNA for the six-class
experiment, obtained using the features in order of importance, following
the list of Fig.2. All the results are in percentage.

Statistics All features Five features Three features

Eff 72.46 73.85 73.54
Comp CV 71.43 73.63 72.53
Comp SN 63.21 78.30 80.19
Comp Bl 31.58 26.31 26.82
Comp AGN 61.29 58.06 74.19
Comp Fl 47.37 52.63 57.89
Comp RRL 84.74 96.61 91.52
Pur CV 57.52 71.28 74.16
Pur SN 65.69 76.85 76.58
Pur Bl 33.33 29.41 23.43
Pur AGN 76.00 64.28 58.97
Pur Fl 90.00 83.33 68.75
Pur RRL 87.72 86.36 77.14

Table A2. Results of the experiments with the Random Forest for the
six-class experiment, obtained using the features in order of importance,
following the list of Fig.2. All the results are in percentage.

Statistics All features Five features Three features

Eff 79.14 77.30 72.08
Comp CV 79.12 79.12 68.13
Comp SN 83.96 83.96 78.30
Comp Bl 36.84 31.58 26.31
Comp AGN 77.42 67.74 64.52
Comp Fl 52.63 47.37 52.63
Comp RRL 94.91 93.22 93.22
Pur CV 74.22 73.47 66.67
Pur SN 76.72 76.72 74.11
Pur Bl 50.00 37.50 31.25
Pur AGN 85.71 80.77 74.07
Pur Fl 100.00 81.82 71.43
Pur RRL 93.33 94.83 87.30

Table A3. Results of the experiments with the KNN for the six-class ex-
periment, obtained using the features in order of importance, following the
list of Fig. 2. All the results are in percentage.

Statistics All features Five features Three features

Eff 55.38 66.77 61.54
Comp CV 64.83 68.13 68.13
Comp SN 62.26 72.64 58.49
Comp Bl 15.79 10.53 5.26
Comp AGN 61.29 61.29 48.39
Comp Fl 10.53 36.84 47.37
Comp RRL 52.54 84.74 76.27
Pur CV 55.14 63.26 59.61
Pur SN 55.46 66.38 65.38
Pur Bl 16.67 10.00 12.50
Pur AGN 70.37 70.37 57.69
Pur Fl 25.00 87.50 52.94
Pur RRL 67.39 89.28 68.18
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Table A4. Results of the experiments with the MLPQNA for the CV
(class 1) versus ALL (class 2) classi�cation, obtained using the features
in order of importance, following the list of Fig4. All the results are in
percentage, except the MCC. The last row (5*) refers to the best result,
obtained with an optimization of the model con�guration parameters.

Features Eff Comp1 Comp2 Pur1 Pur2 MCC

20 77.82 69.23 82.28 67.02 83.72 0.51
3 79.70 54.94 92.57 79.36 79.80 0.53
5 82.71 70.33 89.14 77.11 85.24 0.61
6 79.70 67.03 86.28 71.76 83.42 0.54
9 80.07 73.63 83.43 69.79 85.88 0.56
10 77.82 72.53 80.57 66.00 84.94 0.52
11 79.70 73.63 82.86 69.07 85.80 0.56
5* 86.09 79.12 89.71 80.00 89.20 0.69

Table A5. Results of the experiments with the RF for the CV (class 1)
versus ALL (class 2) classi�cation, obtained using the features in order of
importance, following the list of Fig.4 and a cross validation withk = 10.
All the results are expressed as percentages, except the MCC.

Features Eff Comp1 Comp2 Pur1 Pur2 MCC

20 84.02 70.01 91.81 81.96 85.12 0.64
3 77.47 60.49 86.87 71.18 80.46 0.49
5 83.04 71.57 89.38 78.17 85.50 0.62
6 83.49 71.83 89.89 79.21 85.62 0.63
9 84.85 74.46 90.74 81.09 86.84 0.66
10 85.08 74.73 90.86 81.28 86.99 0.67
11 84.32 72.97 90.63 80.55 86.21 0.65

Table A6. Results of the experiments with the KNN for the CV (class 1)
versus ALL (class 2) classi�cation, obtained using the features in order of
importance, following the list of Fig.4 and a cross validation withk = 10.
All the results are expressed as percentages, except the MCC.

Features Eff Comp1 Comp2 Pur1 Pur2 MCC

20 78.07 57.75 89.04 73.71 79.82 0.50
3 77.32 59.80 86.94 71.42 80.19 0.49
5 78.07 67.95 83.62 68.91 82.98 0.52
6 79.65 70.04 84.96 71.55 84.00 0.55
9 78.82 64.75 86.51 71.90 82.08 0.52
10 78.75 63.55 87.03 72.33 81.79 0.52
11 78.22 61.87 87.23 72.14 81.10 0.51

Table A7. Results of the experiments with the MLPQNA for the X-GAL
(class 1) versus GAL (class 2) classi�cation, obtained using the features
in order of importance, following the list of Fig.6. All the results are in
percentage except the MCC. The row (5†) is referred to the features selected
in the CV versus ALL experiment. The 5* is the best result obtained by
optimizing the model parameters, while the last row (5†*) is the best result
obtained in the case of CV versus ALL experiments.

Features Eff Comp1 Comp2 Pur1 Pur2 MCC

20 87.97 66.00 93.05 68.75 92.20 0.60
5 88.34 72.00 92.13 67.92 93.43 0.63
10 86.09 72.00 89.35 61.02 93.24 0.58
5† 88.34 66.00 93.52 70.21 92.24 0.61
5* 88.72 68.00 93.52 70.83 92.66 0.62
5†* 88.72 66.00 93.98 71.74 92.27 0.62

Table A8. Results of the experiments with the RF for the X-GAL (class 1)
versus GAL (class 2) classi�cation, obtained using the features in order of
importance, following the list of Fig.6, and a cross validation withk =
10. All the results are in percentage except the MCC. The last row (5†) is
referred to the features selected in the CV versus ALL experiment.

Features Eff Comp1 Comp2 Pur1 Pur2 MCC

20 91.41 66.69 97.64 87.87 92.17 0.71
5 90.73 66.40 96.90 84.50 92.04 0.69
10 91.71 68.51 97.55 88.19 92.58 0.73
5† 88.47 59.91 95.46 76.37 90.64 0.61

Table A9. Results of the experiments with the KNN for the X-GAL
(class 1) versus GAL (class 2) classi�cation, obtained using the features
in order of importance, following the list of Fig.6, and a cross validation
with k = 10. All the results are in percentage except the MCC. The last row
(5†) is referred to the features selected in the CV versus ALL experiment.

Features Eff Comp1 Comp2 Pur1 Pur2 MCC

20 89.83 71.83 94.44 76.30 92.98 0.68
5 87.80 64.68 93.73 72.19 91.35 0.61
10 90.05 70.33 95.32 78.71 92.59 0.68
5† 86.66 65.09 91.96 67.46 91.39 0.58

Table A10. Results of the experiments with the MLPQNA for the SN
(class 1) versus ALL (class 2) classi�cation, obtained using the features
in order of importance, following the list of Fig.7. All the results are in
percentage except the MCC. The last column (3*) is referred to the best
results obtained by an optimization of the model parameters.

Features Eff Comp1 Comp2 Pur1 Pur2 MCC

20 80.00 68.87 85.39 69.52 85.00 0.54
5† 85.23 71.70 91.78 80.85 87.01 0.66
3 84.92 62.26 95.89 88.00 84.00 0.65
5 85.23 72.64 91.32 80.21 87.34 0.66
10 82.15 77.36 84.47 70.69 88.52 0.60
3* 85.23 61.32 96.80 90.28 83.79 0.66

Table A11. Results of the experiments with the RF for the SN (class 1)
versus ALL (class 2) classi�cation, obtained using the features in order of
importance, following the list of Fig.7, and a cross validation withk = 10.
All the results are in percentage except the MCC.

Features Eff Comp1 Comp2 Pur1 Pur2 MCC

20 86.60 71.84 93.62 84.47 87.26 0.68
5† 85.98 72.23 92.76 82.67 87.14 0.67
3 85.30 69.74 92.77 82.27 86.26 0.65
5 86.54 72.53 93.27 83.71 87.46 0.68
10 87.34 72.81 94.25 86.00 87.72 0.70

Table A12. Results in percentage, except the MCC, of the experiments with
the different groups of features from Fig.7, obtained using the KNN for the
classi�cation SN (class 1) versus ALL (class 2) and a cross validation with
k = 10.

Features Eff Comp1 Comp2 Pur1 Pur2 MCC

20 76.47 57.98 85.92 66.89 80.33 0.45
5† 82.03 63.37 91.21 78.38 83.40 0.58
3 83.32 66.33 91.58 79.38 84.66 0.61
5 79.87 59.39 89.89 74.00 81.81 0.52
10 79.25 65.67 85.81 69.25 83.58 0.52
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