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ABSTRACT

This supplementary material aims to describe the proposed multi-
label classification (MLC) search spaces based on the MEKA and
WEKA softwares. First, we overview 26 MLC algorithms and meta-
algorithms in MEKA, presenting their main characteristics, such
as hyper-parameters, dependencies and constraints. Second, we re-
view 28 single-label classification (SLC) algorithms, preprocessing
algorithms andmeta-algorithms in theWEKAsoftware. These SLC
algorithms were also studied because they are part of the proposed
MLC search spaces. Fundamentally, this occurs due to the problem
transformation nature of several MLC algorithms used in this work.
These algorithms transform an MLC problem into one or several
SLC problems in the first place and solve them with SLC model(s)
in a next step. Therefore, understanding their main characteristics
is crucial to this work. Finally, we present a formal description of
the search spaces by proposing a context-free grammar that encom-
passes the 54 learning algorithms. This grammar basically compre-
hends the possible combinations, the constraints and dependencies
among the learning algorithms.

1 STUDYING THE SEARCH SPACE OF
MULTI-LABEL CLASSIFICATION
ALGORITHMS

We perform a study of 26 multi-label and meta multi-label classi-
fication algorithms from the MEKA software [54], which are de-
scribed in the following two sections.

Table 1 lists these 26 MLC algorithms and present their associa-
tion to the different versions of the designed search spaces, showing
their names, names’ acronyms and their respective types. Table 1
also indicates if the MLC algorithm in the row belongs or not (‘Y’
for yes and ‘N’ for no) to the respective search space in the column
(i.e., if theMLC search space comprehends that algorithm), and how
many hyper-parameters (#HP) it encompasses (when it is used).

It is also important to mention that the algorithms in (this ver-
sion of) MEKA can define a threshold to perform the classifica-
tion using the model’s confidence outputs (typically, class proba-
bilities). For the general multi-label context, it is in general better
to optimize the threshold than simply using an arbitrary threshold

of 0.5 [18, 53]. This parameter (pred_tshd) [-threshold] could take
the following values:

• Proportional cut method by instance (PCut1) [47]: It takes
into account the label cardinality of the dataset, which is
simply the average number of labels associatedwith each in-
stance of this dataset. Thus, PCcut1 automatically calibrates
the prediction confidence threshold, by minimizing the dif-
ference between the label cardinality of the training set and
the label cardinality obtained with a given set of predicted
labels – where the latter set is determined by the threshold
value. This does not require access to the true predictions
in the test set.

• Proportional cut method by label (PCutL): It is used to cali-
brate the prediction confidence threshold the same way as
PCut1, but for each label individually.

• The threshold could also take a unique real value between
zero (0.0) and one (1.0) for all instances being classified. For-
mally, the threshold can also be defined by the following
interval: {threshold ∈ R | 0.0 < threshold < 1.0}.

Default value: PCut1.

2 SEARCH SPACE – TRADITIONAL MLC
ALGORITHMS

This section covers the main traditional MLC algorithms in the
MEKA software [54].

2.1 Binary Relevance

The standard binary relevance (BR) algorithm [61]. It creates a bi-
nary classification problem for each label and learns a model for
each label individually. Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

There are no dependencies/constraints in BR.

2.2 The ‘quick’ version of Binary Relevance

The quick version of BR (BRq) [53] is a version of BR which is able
to downsample the number of training instances across the binary

http://arxiv.org/abs/1811.11353v4


Table 1: Overview of the employed multi-label classification (MLC) algorithms from the MEKA software∗.

Small Medium Large

id Algorithm Name Acronym Type Used? #HP Used? #HP Used? #HP

1 Back Propagation Neural Network ML-BPNN AA Y 4 Y 4 Y 4

2 Binary Relevance BR PT Y 0 Y 0 Y 0

3 Classifier Chain CC PT Y 0 Y 0 Y 0

4 Label Powerset LP PT Y 0 Y 0 Y 0

5 Random K-Label Pruned Sets RAkEL PT Y 4 Y 4 Y 4

6 Bayesian Classifier Chains BCC PT N - Y 1 Y 1

7 Binary Relevance – Quick Version BRq PT N - Y 1 Y 1

8 Classifier Chain – Quick Version CCq PT N - Y 1 Y 1

9 Four-Class Pairwise Classification FW PT N - Y 0 Y 0

10 Monte-Carlo Classifier Chains MCC PT N - Y 3 Y 3

11 Probabilistic Classifier Chains PCC PT N - Y 0 Y 0

12 Pruned Sets PS PT N - Y 2 Y 2

13 Pruned Sets with Threshold PSt PT N - Y 2 Y 2

14 Random K-Label Disjoint Pruned Sets RAkELd PT N - Y 3 Y 3

15 Ranking and Threshold RT PT N - Y 0 Y 0

16 Classifier Trellis CT PT N - N - Y 6

17 Conditional Dependency Networks CDN PT N - N - Y 2

18 Conditional Dependency Trellis CDT PT N - N - Y 5

19 Population of MCC PMCC PT N - N - Y 6

20 Bagging of Multi-Label Classifiers BaggingML Meta-MLC N - N - Y 1

21 Bagging of Multi-Label Classifiers (Duplicate) BaggingMLDup Meta-MLC N - N - Y 2

22 Classification Maximization CM Meta-MLC N - N - Y 1

23 Ensemble of Multi-Label classifiers EnsembleML Meta-MLC N - N - Y 2

24 Expectation Maximization EM Meta-MLC N - N - Y 1

25 Random Subspace Multi-Label RSML Meta-MLC N - N - Y 3

26 Subset Mapper SM Meta-MLC N - N - Y 0
∗All algorithm names are clickable links to their respective part in this supplementary material.

models. It is intended for use in an ensemble (but it works in a
standalone fashion as well).

Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Down-sample ratio (dsr)[-P]: It is a ratio used to reduce the

number of instances across the binary models. Low values
meanmore removals and high values mean less removals, as
BRq uses the following formula (1−dsr )∗number_o f _instances
to calculate the number of instances to remove. This param-
eter is constrained by the interval:
{dsr ∈ R | 0.2 ≤ dsr ≤ 0.8}.
There is no explanation about this parameter in the original
paper and in other papers in the multi-label classification
literature. The justification – about the used interval – is
that we would like to have (at least) 20% of the instances
from the original data to construct the model (otherwise,
the algorithm may not have sufficient instances to build the
model). Additionally, we would like to have (at most) 80%
of the instances from the original data in order to learn the
classifier (otherwise, the algorithm would be very similar to
BR).
Default value: 0.75.

There are no dependencies/constraints between the parameters
of BRq.

2.3 Classifier Chain

The classifier chain (CC) algorithm [53] is also similar to BR, but
the label outputs predicted by a classifier become new inputs for
the next classifiers in the chain. It uses a single random order of
labels in the chain.

Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

There are no dependencies/constraints in CC.

2.4 The ‘quick’ version of Classifier Chains

The quick version of CC (CCq) [53] is a version of CCwhich is able
to down-sample the number of training instances across the binary
models. It is also intended for use in an ensemble (but it works in
a standalone fashion as well). Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Down-sample ratio (dsr)[-P]: It is a ratio used to reduce the

number of instances across the binary models. Low values
meanmore removals and high valuesmean less removals, as
CCq uses the following formula (1−dsr )∗number_o f _instances



to calculate the number of instances to remove. This param-
eter is constrained by the interval:
{dsr ∈ R | 0.2 ≤ dsr ≤ 0.8}.
There is no explanation about this parameter in the original
paper and in other papers in the multi-label classification
literature. The justification – about the used interval – is
that we would like to have (at least) 20% of the instances
from the original data to construct the model (otherwise,
the algorithm may not have sufficient instances to build the
model). Additionally, we would like to have (at most) 80%
of the instances from the original data in order to learn the
classifier (otherwise, the algorithm would be very similar to
CC).
Default value: 0.75.

There are no dependencies/constraints between the parameters
of CCq.

2.5 Bayesian Classifier Chain

The Bayesian classifier chain (BCC) algorithm [65] creates a maxi-
mum spanning tree based onmarginal dependencies, define a Bayesian
network from it, and then employ a classifier chain (CC) using the
order of the labels found in the Bayesian network model. The orig-
inal paper used Naïve Bayes as a base classifier, but other types of
classifiers can be used. Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Dependency type (dp)[-X]: Theway tomeasure and find the

dependencies. It may take ten categorical values: 1. C (co-
occurrence counts); 2. I (mutual information); 3. Ib (mutual
information using binary approximation); 4. Ibf (Mutual in-
formation using fast binary approximation); 5. H (Condi-
tional information); 6. Hbf ( Conditional information using
fast binary approximation); 7. X (Chi-squared); 8. F (Frequen-
cies); 9. No label dependence; 10. L (The “LEAD” method for
finding conditional dependence).
Default value: Ibf.

There are no dependencies/constraints between the parameters
of BCC.

2.6 (Bayes Optimal) Probabilistic Classifier
Chain

The probabilistic classifier chain (PCC) algorithm [15] acts exactly
like CC at training time, but explores all possible paths as inference
at test time (hence, “Bayes optimal”). Parameters:

• Base classifier (bc)[-W]: It can be any classifier fromWEKA.

Dependencies/Constraints:

(1) PCC has poor scalability, i.e., it is very slow when the num-
ber of labels is greater than a certain threshold. In the PCC’s
original paper [15], it is said that this threshold should be
15 labels. In the future, we might consider it to scale the
proposed solution to evolve multi-label learning algorithm.
For instance, we must impose a constraint in the grammar
that specifies the use of PCC only if the number of labels is
less than 15. We can also specify a time budget for all MLC
algorithms, depending on the size of the dataset. This will

consequently limit the effectiveness of the PCC algorithm
in more complex types of data.

2.7 Monte-Carlo Classifier Chains

The algorithms based on Monte-Carlo classifier chains, MCC and
M2CC [48, 49], apply classifier chains with Monte Carlo optimiza-
tion, using a maximum number of inference and chain-order trials.
MCC has a tractable label prediction scheme only at the test time
(MCC), whereas M2CC performs an additional search for the opti-
mal chain sequence at the training time. Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Inference Iterations (ii)[-Iy]: The number of iterations to search

the output space at test time. This parameter is bounded by
the values in the interval: {ii ∈ Z | 1 < ii ≤ 100}.
Default value: 10.

• Chain Iterations (chi)[-Is]: The number of iterations to search

the chain space at training time. This parameter is bounded
by the values in the interval: {chi ∈ Z | 1 < chi ≤ 1500}.
It can also take the value zero and the MCC algorithm is
used instead of M2CC. This will happen with 50% of proba-
bility, i.e., MCC and M2CC have the same chances of being
selected.
Default value: 0.

• Payoff function (pof )[-P]): It sets the payoff function to eval-

uate the chains when performing the search. It can take 23
values: 1. Accuracy; 2. Jaccard index; 3. Hamming score; 4.
Exact match; 5. Jaccard distance; 6. Hamming loss; 7. Zero
One loss; 8. Harmonic score; 9. One error; 10. Rank loss; 11.
Average precisio; 12. Log Loss limited by the number of la-
bels; 13. Log loss limited by the number of instances; 14.
Micro Precision; 15. Micro Recall; 16. Macro Precision; 17.
Macro Recall; 18. F1 micro averaged; 19. F1 macro averaged
by example; 20. F1 macro averaged by label; 21. AUPRC
macro averaged; 22. AUROCmacro averaged; 23. Levenshtein
distance.
Default value: Exact match.

There are no dependencies/constraints between the parameters
in MCC and M2CC. Additionally, we studied the range of the pa-
rameters in the works of Read et al. [48, 49]. However, the authors
did not employ a proper parameter tuning at the single-label level,
neither at the multi-label level. In the work of [49], a search is per-
formed to find the proper number of chain iterations in accordance
to the payoff function. We are using part of this study to define the
range of the parameters.

2.8 Population of Monte-Carlo Classifier
Chains

The population of Monte-Carlo classifier chains (PMCC) [48, 49] is
an algorithm that has similar properties when compared to MCC
and M2CC. However, it is considered an extension of both algo-
rithms. The difference is that PMCC creates a population of M
chains at training time (from Is candidate chains, using Monte
Carlo sampling), and uses all of them at test time. This is not a typ-
ical majority-vote ensemble algorithm. The simulated annealing
search [36] can also be applied to the chain structures (produced
by MCC or M2CC) in order to find the best one.



Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Inference Iterations (ii)[-Iy]: The number of iterations to search

the output space at test time. This parameter is bounded by
the values in the interval: {ii ∈ Z | 1 < ii ≤ 100}.
Default value: 10.

• Chain Iterations (chi)[-Is]: The number of iterations to search

the chain space at training time. This parameter is bounded
by the values in the interval: {chi ∈ Z | 50 < chi ≤ 1500}.
Default value: 50.

• Beta (β )[-B]: It sets the factor with which the temperature

(and thus the acceptance probability of steps in thewrong di-
rection in the search space) is decreased in each iteration of
the simulated annealing search. This parameter is bounded
by the interval: {β ∈ Z | 0.01 ≤ β ≤ 0.99}.
Default value: 0.03.

• Temperature switch (ts)[-O]: It sets the use of simulated an-

nealing search and, when it is activated, it cools the chain
down over time (from the beginning of the chain). It may
take the values zero (0) or one (1). The value zero (0) means
that no temperature is used, i.e., the parameter β is ignored
internally by PMCC. If using ts = 1, this sets the use of the
β constant.
Default value: 0.

• Population size (ps)[-M]: It sets the population size. It should

be always smaller than the total number of chains evaluated
(Is). This parameter takes one of the values defined by the
following interval:
{ps ∈ Z | 1 ≤ ps ≤ 50}.
Default value: 10.

• Payoff function (pof )[-P]): It sets the payoff function to eval-

uate the chains when performing the search. It can take 23
values: 1. Accuracy; 2. Jaccard index; 3. Hamming score; 4.
Exact match; 5. Jaccard distance; 6. Hamming loss; 7. Zero
One loss; 8. Harmonic score; 9. One error; 10. Rank loss; 11.
Average precisio; 12. Log Loss limited by the number of la-
bels; 13. Log loss limited by the number of instances; 14.
Micro Precision; 15. Micro Recall; 16. Macro Precision; 17.
Macro Recall; 18. F1 micro averaged; 19. F1 macro averaged
by example; 20. F1 macro averaged by label; 21. AUPRC
macro averaged; 22. AUROCmacro averaged; 23. Levenshtein
distance.
Default value: Exact match.

Dependencies/Constraints:

(1) The parameter “population size” must be smaller than the
parameter “chain iterations”.

Again, we studied the range of the parameters in the works of
[49]. However, the authors did not employ a proper parameter tun-
ing at the single-label level, neither at the multi-label level. During
the work of [49], a search is performed to find the proper number
of chain iterations in accordance to the payoff function. We are
using part of this study to define the range of the parameters. Nev-
ertheless, parameters β , temperature and population size are not
properly studied for the multi-label scenario.

2.9 Classifier Trellis

The classifier trellis (CT) algorithm [50] builds classifier chains in
a trellis structure (rather than a cascaded chain). It is possible to
set the width and type/connectivity of the trellis, and optionally to
change the payoff function which guides the placement of nodes
(labels) within the trellis. Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Width (w)[-H]: it determines the width of the trellis (0 for

chain, i.e., w = L; -1 for a square trellis, i.e., w =
√
L, always

using the default floor function to convert it to an integer
value). Thus, the trellis structure will always have w rows
and L nodes, in total, connected using directed edges.
Default value: -1.

• Dependency type (dp)[-X]: Theway tomeasure and find the

label dependencies. It may take nine categorical values: 1. C
(co-occurrence counts); 2. I (mutual information); 3. Ib (mu-
tual information using binary approximation); 4. Ibf (Mutual
information using fast binary approximation); 5. H (Con-
ditional information); 6. Hbf ( Conditional information us-
ing fast binary approximation); 7. X (Chi-squared); 8. F (Fre-
quencies); 9. No label dependence.
Default value: Ibf.

• Inference Iterations (ii)[-Iy]: The number of iterations to search

the output space at test time. This parameter is bounded by
the values in the interval: {ii ∈ Z | 1 ≤ ii ≤ 100}.
Default value: 10.

• Chain Iterations (chi)[-Is]: The number of iterations to search

the chain space at train time. This parameter is bounded by
the values in the interval: {chi ∈ Z | 1 < chi ≤ 1500}.
Default value: 0.

• Density (d)[-L]: It determines the neighborhooddensity (the

number of neighbors for each node in the trellis). The de-
fault value for the density parameter is one (1), and zero
(0) indicates a BR classifier. Thus, this parameter is not al-
lowed to take the value zero, being restricted by the interval:

{d ∈ Z | 1 ≤ d ≤
√
L + 1}, where L is the total number of

labels.
Default value: 1.

• Payoff function (pof )[-P]): It sets the payoff function to eval-

uate the chains when performing the search. It can take 23
values: 1. Accuracy; 2. Jaccard index; 3. Hamming score; 4.
Exact match; 5. Jaccard distance; 6. Hamming loss; 7. Zero
One loss; 8. Harmonic score; 9. One error; 10. Rank loss; 11.
Average precisio; 12. Log Loss limited by the number of la-
bels; 13. Log loss limited by the number of instances; 14.
Micro Precision; 15. Micro Recall; 16. Macro Precision; 17.
Macro Recall; 18. F1 micro averaged; 19. F1 macro averaged
by example; 20. F1 macro averaged by label; 21. AUPRC
macro averaged; 22. AUROCmacro averaged; 23. Levenshtein
distance.
Default value: Exact match.

Dependencies/Constraints:

(1) If the widthw = L (w = 0), the density d = 1. Otherwise, if

w =
√
L (w = -1), the density d should be

√
L + 1, at most,

i.e., d ≤
√
L + 1.



2.10 Conditional Dependency Networks

The conditional dependency networks (CDN) algorithm [26] builds
a fully connected undirected network, where each node (label) is
connected to each other node (label). Each node is a binary classi-
fier that predictsp(yj |x,y1, ...,yj−1, ...,yL). Then, inference is done
using the Gibbs Sampling method over I iterations. Additionally,
the final Ic iterations are used to collected the marginal probabili-
ties, which become the prediction (y[]).

Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Iterations (i)[-I]: The total number of iterations to perform

in CDT. This parameter is restricted by the interval: {i ∈
Z | 100 < i ≤ 1000}.
Default value: 1000.

• Collection iterations (ci)[-Ic] The number of collection iter-

ations used to compute the output class probabilities in the
Gibbs Sampling method. The parameter ci is restricted by
the interval: {ci ∈ Z | 1 ≤ ci ≤ 100}.
Default value: 100.

Dependencies/Constraints:

(1) The collections will happen just after (i −ci) iterations. So, i
should be substantially greater than ci in order to make the
algorithm works properly.

2.11 Conditional Dependency Trellis

The conditional dependency trellis (CDT) algorithm [26, 50] is sim-
ilar to the CDN approach. However, it constructs a trellis structure
(like CT) instead of a fully connected network. Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Width (w)[-H]: it determines the width of the trellis (0 for

chain, i.e., w = L; -1 for a square trellis, i.e., w =
√
L, always

using the default floor function to convert it to an integer
value). Thus, the trellis structure will always have w rows
and L nodes, in total, connected using directed edges.
Default value: -1.

• Dependency type (dp)[-X]: Theway tomeasure and find the

label dependencies. It may take nine categorical values: 1. C
(co-occurrence counts); 2. I (mutual information); 3. Ib (mu-
tual information using binary approximation); 4. Ibf (Mutual
information using fast binary approximation); 5. H (Con-
ditional information); 6. Hbf ( Conditional information us-
ing fast binary approximation); 7. X (Chi-squared); 8. F (Fre-
quencies); 9. None (Using empty).
Default value: None.

• Density (d)[-L]: It determines the neighborhooddensity (the

number of neighbors for each node in the trellis). The de-
fault value for the density parameter is one (1), and zero
(0) indicates a BR classifier. Thus, this parameter is not al-
lowed to take the value zero, being restricted by the interval:

{d ∈ Z | 1 ≤ d ≤
√
L + 1}, where L is the total number of

labels.
Default value: 1.

• Iterations (i)[-I]: The total number of iterations to perform

in CDT. This parameter is restricted by the interval: {i ∈

Z | 100 < i ≤ 1000}.
Default value: 1000.

• Collection iterations (ci)[-Ic] The number of collection iter-

ations used to compute the output class probabilities in the
Gibbs Sampling method. The parameter ci is restricted by
the interval: {ci ∈ Z | 1 ≤ ci ≤ 100}.
Default value: 100.

Dependencies/Constraints:

(1) If the widthw = L (w = 0), the density d = 1. Otherwise, if

w =
√
L (w = -1), the density d should be

√
L + 1, at most,

i.e., d ≤
√
L + 1.

(2) The collections will happen just after (i −ci) iterations. So, i
should be substantially greater than ci in order to make the
algorithm works properly.

2.12 Four-Class Pairwise Classification

The Four-class PairWise Classification (FW) algorithm [54] trains a
multi-class base classifier for each pair of labels. Thus, the number

of classifiers is (L∗(L−1))
2 in total (where L is the number of labels),

each one with four possible class values (00,01,10,11) representing
the possible combinations of relevant (1)/irrelevant (0) values for
each label in the label pair. It uses a voting and a threshold scheme
at testing time where, e.g., 01 from pair jk gives one vote to label
k and any label with a number of votes above the threshold is con-
sidered relevant. It uses the same threshold specified in the Section
1 to define the relevance of a label. Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

There are no dependencies/constraints in FW.

2.13 Ranking and Threshold

The ranking and threshold (RT) algorithm [47] duplicates each
multi-labeled example, and assigns one of the labels (only) to each
copy. After that, it trains a regular multi-class base classifier. At
test time, a threshold separates relevant from irrelevant labels us-
ing the posterior probability for each class value (i.e., label). It uses
the same threshold specified in the Section 1 to define the relevance
of a label. Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

There are no dependencies/constraints in RT.

2.14 Label Combination

The label combination (LC) algorithm [61], also knows as label
powerset (LP), treats each label combination as a single class in
a multi-class learning scheme. The set of possible values of each
class is the powerset of the set of labels.

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

There are no dependencies/constraints in LC.

2.15 Pruned Sets

The pruned sets (PS) algorithm [46, 47] was created to use the
power of LC’s labelset-based paradigm, without the disadvantages
of such algorithm. In order to to this, this algorithm has two impor-
tant steps: a pruning step and a label-set subsampling step. The
pruning step removes infrequently occurring label sets from the



training data. This removes unnecessary complexity from the LC-
transformed data by reducing the number of labelsets. Neverthe-
less, PS does not simply discard the pruned examples. Instead of
doing that, PS subsamples the labelsets of these examples for label
subsets which occur more frequently in the training data. It then
attaches these label sets to the example, creating new examples and
reintroducing them into the training. It subsamples these labelsets
pv times to produce pv new examples, where pv is the pruning
value (defined in the followed items).

After these steps, it trains a standard LC classifier. The idea of
the algorithm is to reduce the number of unique class values that
would otherwise need to be learned by LC. PS achieves its best
performance when used in an Ensemble (e.g., EnsembleML). Pa-
rameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Pruning value (pv)[-P]: It defines an infrequent labelset as

one which occurs less than p times in the data. p = 0 would
mean that LC classifier is learned. Thus, this parameter is
bounded by the following interval: {pv ∈ Z | 1 ≤ pv ≤ 5}.
Default value: 0.

• Subsampling value (sv)[-N]: The label set of each pruned ex-

ample (in accordance to the examples pruned by the use of
the previous parameter, i.e., the pruning value) becomes a
candidate for label-set subsampling. The PS algorithm sub-
samples the label sets of pruned examples to create exam-
ples which do meet the pruning criterion. So, the subsample
value defines the (maximum) number of frequent labelsets
to subsample from the infrequent labelsets. This parameter
is bounded by the following interval: {sv ∈ Z | 0 ≤ sv ≤ 5}.
Default value: 0.

There are no dependencies/constraints between the parameters
of PS. Additionally, there is a proper study in the work of [47] about
the range of these two parameters.

2.16 Pruned Sets with Threshold

The pruned sets algorithmwith a threshold (PSt) [46, 47, 52], which
is a modification of PS that can form new label sets at classification
(i.e., test) time by using a threshold function. Given the posterior of
the label classes (combinations) and the number of labels, it returns
the distribution across labels. Using the threshold (defined in the
Section 1) could make the algorithm to predict labelsets not seen
in the training set, differently from PS. Parameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Pruning value (pv)[-P]: It defines an infrequent labelset as

one which occurs less than p times in the data. p = 0 would
mean that LC classifier is learned. Thus, this parameter is
bounded by the following interval: {pv ∈ Z | 1 ≤ pv ≤ 5}.
Default value: 0.

• Subsampling value (sv)[-N]: The label set of each pruned ex-

ample (in accordance to the examples pruned by the use of
the previous parameter, i.e., the pruning value) becomes a
candidate for label-set subsampling. The PSt algorithm sub-
samples the label sets of pruned examples to create exam-
ples which do meet the pruning criterion. So, the subsample
value defines the (maximum) number of frequent labelsets
to subsample from the infrequent labelsets. This parameter

is bounded by the following interval: {sv ∈ Z | 0 ≤ sv ≤ 5}.
Default value: 0.

There are no dependencies/constraints between the parameters
of PSt. Additionally, there is a proper study in the work of [47]
about the range of these two parameters (pv and sv). The param-
eters are the same of PS. The main thing that is changed in PSt
when compared to PS occurs at the test time.

2.17 Random k-Label Pruned Sets

The RAndom k-labEL Pruned Sets (RAkEL) algorithm [47, 62] ran-
domly draws M subsets of labels, each with k labels, from the set
of labels, and trains PS upon each one. Finally, it combines label
votes from the PS classifiers to get a label-vector prediction. Pa-
rameters:

• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Pruning value (pv)[-P]: It prunes an infrequent labelsetwhen

it occurs less than pv times in the data. pv = 0 means that
LC classifier is learned. Thus, this value is not allowed for
RAkEL, which makes this parameter being bounded by the
following interval:
{pv ∈ Z | 1 ≤ pv ≤ 5}.
Default value: 0.

• Subsampling value (sv)[-N]: The label set of each pruned ex-

ample (in accordance to the examples pruned by the use of
the previous parameter, i.e., the pruning value) becomes a
candidate for label-set subsampling. This version of RAKEL
in MEKA subsamples the label sets of pruned examples to
create examples which do meet the pruning criterion. So,
the subsample value defines the (maximum) number of fre-
quent labelsets to subsample from the infrequent labelsets.
This parameter is bounded by the following interval: {sv ∈
Z | 0 ≤ sv ≤ 5}.
Default value: 0.

• Number of labels for each subset (les)[-k]: It defines the num-

ber of labels in each label subset. This parameter should be
bounded by the interval [42]:

{les ∈ Z | 1 ≤ les ≤ L
2 }, where L is the number of labels.

Default value: 3.
• Number of subsets to run in an ensemble (sre)[-M]): This pa-
rameter controls the number of models to build in a ensem-
ble and take values in accordance to the following inter-
val [42]:
{sre ∈ Z | 2 ≤ sre ≤ min(2 · L, 100)}, where L is the number
of labels.
Default value: 10.

There are no dependencies/constraints between the parameters
of RAkEL. Additionally, we followed the work of [47] about the
range of the subsampling and pruning values. The other two pa-
rameters (number of labels in each subset and number of models
to build in a ensemble) were defined in accordance to the work of
[42].

2.18 Random k-Label Disjoint Pruned Sets

The RAndom k-labEL Disjoint Pruned Sets (RAkELd) algorithm
[47, 62] takes a random partition of labels, but unlike RAkEL the
labelsets are disjoint/non-overlapping subsets. Parameters:



• Base classifier (bc)[-W] : It can be any classifier fromWEKA.

• Pruning value (pv)[-P]: It prunes an infrequent labelsetwhen

it occurs less than p times in the data. pv = 0 means that
LC classifier is learned. Thus, this value is not allowed for
RAkEL, which makes this parameter being bounded by the
following interval:
{pv ∈ Z | 1 ≤ pv ≤ 5}.
Default value: 0.

• Subsampling value (sv)[-N]: The label set of each pruned ex-

ample (in accordance to the examples pruned by the use of
the previous parameter, i.e., the pruning value) becomes a
candidate for label-set subsampling. The version of RAKEd
in MEKA subsamples the label sets of pruned examples to
create examples which do meet the pruning criterion. So,
the subsample value defines the (maximum) number of fre-
quent labelsets to subsample from the infrequent labelsets.
This parameter is bounded by the following interval: {sv ∈
Z | 0 ≤ sv ≤ 5}.
Default value: 0.

• Number of subsets to run in an ensemble (sre)[-M]): This pa-
rameter controls the number of models to build in a ensem-
ble and take values in accordance to the following inter-
val [42]:
{sre ∈ Z | 2 ≤ sre ≤ min(2 · L, 100)}, where L is the number
of labels.
Default value: 10.

There are no dependencies/constraints between the parameters
of RAkELd. Additionally, we followed the work of [47] again to set
the range of the subsampling and pruning values. The other two
parameters (number of labels in each subset and number of models
to build in a ensemble) were defined in accordance to the work of
[42].

2.19 Multi-Label Back Propagation Neural
Network

The multi-label back propagation neural network (ML-BPNN) al-
gorithm [51, 66] is a standard Back-Propagation Neural Network
[55] with multiple outputs that correspond to multiple labels. That
is, each node in the output layer corresponds to a different class
label. Parameters:

• Number of epochs (ne)[-E]: It is the number of iterations to

train the neural network. It is restricted by the interval: {ne ∈
Z | 10 ≤ ne ≤ 1000}.
Default value: 100.

• Number of hidden units (nhu)[-H]: It defines the number of

hidden units in the neural network. It is import to mention
that the version of ML-BPNN in MEKA is limited to one
hidden layer with nhu hidden units. This parameter takes
values in proportion to the number of attributes (received as
input). Thus, the number of hidden units of the network can
vary from 20% to 100% of the number of attributes: {nhu ∈
Z | 0.2·number_o f _attributes ≤ nhu ≤ number_o f _attributes}.
The proportion will always be rounded to the nearest inte-
ger.
Default value: 10.

• Learning rate (lrt)[-r]: The amount by which the weights

are updated during training. It is restricted by the interval:
{lr ∈ R | 0.001 ≤ lr ≤ 0.1}.
Default value: 0.1.

• Momentum (m)[-m]: It is applied to the weights during up-

dating. It is restricted by the interval: {m ∈ R | 0.1 ≤ m ≤
0.8}.
Default value: 0.1.

There are no dependencies/constraints between the parameters
of ML-BPNN. Additionally, the range of values for the parameters
number of epochs, momentum and learning rate were set follow-
ing the work of [51]. The only parameter which was defined based
on a different work [66] was the number of hidden units, nhu .

3 SEARCH SPACE – MLC
META-ALGORITHMS

In this section, we describe the search space of multi-label meta-
algorithms in MEKA. It is important to say that some of the multi-
label classifiers (presented in the last section) do not perform very
well when used as themulti-label base classifier in a meta classifier.
This is due to the poor scalability of such combination (meta multi-
label and base multi-label). Examples of algorithms that would not
scale up well are: MCC, PCC, PMCC, CDN and CDT (these last two
algorithms involve Gibbs sampling, which may be too expensive
in an ensemble), RAkEL and RAkELd (these two algorithms are
ensembles by themselves, and using an ensemble as base classifier
would lead to a very slow ensemble of ensembles). This must be
considered in the grammar or directly in the execution of the algo-
rithm (i.e, setting a time budget for such algorithms when they are
used at the multi-label base level).

3.1 Subset Mapper

The subset mapper (SM) algorithm [57] maps the output of a multi-
label classifier to a known label combination using the Hamming
distance, i.e., it checks what label combination (label subsets) from
the training set has the closest distance to the predicted label com-
bination on the test instance using probability distribution of the
label subset for this instance. In order to do that, SM transforms
the probability distribution array of the label subset in a binary ar-
ray. For each label subset in the training set (also represented by
a binary array), it calculates the Hamming distance to the binary
probability distribution array, outputting the closest label subset
to the predicted distribution array. SM will map this label subset
to this particular test instance. Parameters:

• Multi-label classifier(mlc)[-W]: Themulti-label algorithm that

creates a model at the multi-label classification level.

Dependencies/Constraints:

(1) The multi-label classification algorithm can be any one de-
scribed in the Section 2.

3.2 Bagging of Multi-Label Classifiers

The bagging of multi-label classifiers (BaggingML) [47] is an algo-
rithm that combines several multi-label classifiers using Bootstrap
AGGregatING (Bagging) [9]. It randomly sets weights higher than
zero to certain instances, on only those instances are chosen for the



bag. The parameter “bag percent size” is then not used as the num-
ber of instances in the bag is just based on the weight values. Thus,
the members of the ensemble could have 100% of the instances if
all of them have a weight assigned. Parameters:

• Multi-label classifier(mlc)[-W]: Themulti-label algorithm that

creates a model at the base multi-label classification level.
• Number of iterations (i)[-I]: The number of iterations to per-

form, i.e., the number of members in the ensemble. This pa-
rameter is restricted by the interval: {i ∈ Z | 10 ≤ i ≤ 50}.
The range of the number of iterations for this ensemble al-
gorithm was defined by Read’s thesis [47].
Default value: 10.

Dependencies/Constraints:

(1) The multi-label classification algorithm can be any one de-
scribed in the Section 2, except for BCC, which is not suit-
able for this meta-learner.

3.3 Bagging of Multi-Label Classifiers with
Duplicates

BaggingML with duplicates (BaggingMLDup) [47] is an algorithm
that also combines several multi-label classifiers using Bootstrap
AGGregatING. However, it uses the parameter “bag size percent”
to define a specific number of instances for each member (classi-
fier) of the ensemble. After that, it randomly samples instances, be-
ing able to sample the same instance (duplicates) for the bag. This
algorithm does not use any weight to select the instances for the
members of the ensemble. Parameters:

• Multi-label classifier (mlc)[-W]: Themulti-label algorithm that

creates a model at the multi-label classification level.
• Bag size percent (bsp)[-P]: The size of the bag in percentage

of the training set size (number of training instances) and it
is defined by the interval: {bsp ∈ Z | 10 ≤ bsp ≤ 100}.
Default value: 67.

• Number of iterations (i)[-I]: The number of iterations to per-

form, i.e., the number of members in the ensemble. This pa-
rameter is restricted by the interval: {i ∈ Z | 10 ≤ i ≤ 50}.
Default value: 10.

Dependencies/Constraints:

(1) The multi-label classification algorithm can be any one de-
scribed in the Section 2, except for BCC, which is not suit-
able for this meta-learner.

The range of the number of iterations for this ensemble algo-
rithm was defined by Read’s thesis [47]. The parameter “bag size
percent” is defined in the MEKA documentation.

3.4 Ensemble of Multi-Label Classifiers

The ensemble of multi-label classifiers (EnsembleML) [47] is an
algorithm that combines several multi-label classifiers in a simple-
subset ensemble. This algorithm is very similar to BaggingMLDup.
The only difference is that BaggingMLDup allows sampling with
replacement for each model, whereas EnsembleML uses sampling
without replacement.

Parameters:

• Multi-label classifier (mlc)[-W]: Themulti-label algorithm that

creates a model at the base multi-label classification level.

• Bag size percent (bsp)[-P]: The size of the bag in percentage

of the training size (number of training instances) and it is
defined by the interval: {bsp ∈ Z | 52 ≤ bsp ≤ 72}.
Default value: 67.

• Number of iterations (i)[-I]: The number of iterations to per-

form, i.e., the number of members in the ensemble. This pa-
rameter is restricted by the interval: {i ∈ Z | 10 ≤ i ≤ 50}.
Default value: 10.

Dependencies/Constraints:

(1) The multi-label classification algorithm can be any one de-
scribed in the Section 2, except for BCC, which is not suit-
able for this meta-learner.

The range of the number of iterations for this ensemble algo-
rithm was defined by Read’s thesis [47]. Additionally, in his thesis,
the author mentioned that they found that values around 62% are
the best ones for the parameter “bag size percent” in a ensemble
without replacement, which is the case. Thus, we are trying to set
the range for this parameter introducing lower and upper bounds
close to this value (10% smaller and 10% greater).

3.5 Random Subspace Multi-Label

The random subspace multi-label (RSML) algorithm [10] combines
several multi-label classifiers in an ensemble where the attribute
space and the instance space used for building each model are ran-
dom subsets from the original space. In other words, RSML sub-
samples the attribute space and instance space randomly for each
ensemble member. Basically, it is a generalized version of Random
Forests. Additionally, it is computationally cheaper than Ensem-
bleML for the same number of models in the ensemble and the
same value of bag size percent.

Parameters:

• Multi-label classifier (mlc)[-W]: Themulti-label algorithm that

creates a model at the base multi-label classification level.
• Bag size percent (bsp)[-P]: The size of the bag in percentage

of the training set size (number of training instances), and
it is defined by the interval: {bsp ∈ Z | 10 ≤ bsp ≤ 100}.
Default value: 67.

• Number of iterations (i)[-I]: The number of iterations to per-

form, i.e., the number of members in the ensemble. This pa-
rameter is restricted by the interval: {i ∈ Z | 10 ≤ i ≤ 50}.
Default value: 10.

• Attribute percent (ap)[-A]: The size of the attribute space,

as a percentage of total attribute space size (number of at-
tributes). This parameter is bounded by the following inter-
val: {ap ∈ Z | 10 ≤ ap ≤ 100}.
Default value: 50.

Dependencies/Constraints:

(1) The multi-label classification algorithm can be any one de-
scribed in the Section 2.

The range of the number of iterations for this ensemble algo-
rithm was defined based on Read’s thesis [47]. The range of values
for this parameter also considers scalability issues as we need to
run a multi-label algorithm many times in an ensemble. The pa-
rameter “bag size percent” is defined in the MEKA documentation.
The attribute percentage was set in accordance to the single-label



version for the same algorithm. This was done because there is not
any work that studies this algorithm for multi-label classification.

3.6 Expectation Maximization

In the expectation maximization (EM) algorithm [16], a specified
multi-label classifier is built on the training data. This model is
then used to classify the training data. The confidence with which
instances are classified is used to reweight them. This data is then
used to retrain the classifier. This cycle continues (‘EM’-style) for I
iterations. The final model is used to classify the test data. Because
of the weighting, it is advised to use a classifier which gives good
confidence (probabilistic) outputs. Parameters:

• Multi-label classifier (mlc)[-W]: Themulti-label algorithm that

creates a model at the multi-label classification level.
• Number of iterations (i)[-I]: The number of iterations to per-

form. This parameter is restricted by the interval: {i ∈ Z | 10 ≤
i ≤ 50}.
Default value: 10.

Dependencies/Constraints:

(1) The classifier at the basemulti-label classification level should
be capable to produce probabilistic predictions. However, in
our preliminary tests, most multi-label classification algo-
rithms described in Section 2 were suitable for this meta-
learner, except for PMCC. Thus, we will use all the suitable
algorithms in accordance to these experiments at the base
multi-label classification level.

The range of the number of iterations for this ensemble algo-
rithm was defined based on the Read’s thesis [47]. The range of
values for this parameter also considers scalability issues as we
need to run a multi-label algorithm many times in an ensemble.
This was done because there is not an appropriate work that stud-
ies this algorithm for multi-label classification.

3.7 Classification Maximization

The classification maximization (CM) algorithm [16, 54] trains a
classifier with labeled and unlabeled data (semi-supervised) learn-
ing using the Classification Expectation algorithm, which is a hard
version of EM algorithm, as it does not update the instance weights
using (a product factor of) the probability distribution produced by
the classifier. Instead, it sets to zero (0.0) or one (1.0) the weight of
any instance in the dataset. Unlike EM, it can use any classifier, not
necessarily one that gives good probabilistic outputs.Parameters:

• Multi-label classifier (mlc)[-W]: Themulti-label algorithm that

creates a model at the base multi-label classification level.
• Number of iterations (i)[-I]: The number of iterations to per-

form. This parameter is restricted by the interval: {i ∈ Z | 10 ≤
i ≤ 50}.
Default value: 10.

Dependencies/Constraints:

(1) The multi-label classification algorithm can be any one de-
scribed in the Section 2, except for PMCC, which is not suit-
able for this meta-learner.

The range of the number of iterations for this ensemble algo-
rithm was defined based on Read’s thesis [47]. The range of values
for this parameter also considers scalability issues as we need to

run a multi-label algorithm many times in an ensemble. This was
done because there is not any work that studies this algorithm for
multi-label classification.

4 STUDYING THE SEARCH SPACE OF
SINGLE-LABEL CLASSIFICATION
ALGORITHMS

In this section, we study 28 traditional (single label) classification
algorithms, preprocessing algorithms and meta-algorithms from
the WEKA software [27]. This is done in order to understand the
whole search space ofmulti-label algorithms.Most hyper-parameters
in this section were set in accordance to the search space definition
from Auto-WEKA [38, 39, 60]. The algorithms and their respective
(hyper-)parameters were defined after studying the code, logs and
configuration files of Auto-WEKA, which is considered a stable
and robust approach for automatically selecting and configuring
machine learning algorithms.

Table 2 shows the 28 SLC algorithms used, i.e., the possible algo-
rithms at the MLC base level and their hyper-parameters. Similar
to Table 1, Table 2 defines the SLC algorithms in terms of their
names, names’ acronyms and types (i.e., trees, rules, lazy, func-
tions, Bayes, preprocessing and, meta-SLC). As before, we show
if the SLC algorithm in the row is used or not (’Y’ for yes and ’N’
for no) by the respective search space in the column and howmany
hyper-parameters (#HP) it has (when it is used).

5 SEARCH SPACE – TRADITIONAL SLC
ALGORITHMS

This section covers themain traditional SLC algorithms in theWEKA
software [27]. As already mentioned and explained, this is done as
most MLC algorithms, which are described in the last two sections
of this supplementary material, are from the problem transforma-
tion type, i.e., they need to employ a single-label classifier at their
base level to perform the multi-label classification.

5.1 C4.5

The algorithm for generating a C4.5 decision tree [45]. This algo-
rithm can decide whether it will use the default C4.5’s error-based
pruning method [8, 56, 64] or not. If the algorithm decides to use
pruning, the C4.5’s pruning method is applied to the tree, and an
estimation of the error rate of every subtree is done. After that, the
pruning method will replace the subtree with a leaf node if the esti-
mated error of the leaf is lower than a threshold [56]. Parameters:

• Confidence factor (cf )[-C]: It is used for C4.5’s error-based

pruning method (smaller values incur more pruning) and is
defined by the interval:
{c f ∈ R | 0.0 ≤ c f ≤ 1.0}.
Default value: 0.25.

• Minimum number of objects (mno)[-M]: Theminimumnum-

ber of instances per leaf. It can take values in the interval:
{mno ∈ Z | 1 ≤ mno ≤ 64}.
Default value: 2.

• Collapse tree (ct)[-O]: It is used to decide if internal nodes

will be collapsed to avoid overfitting. This parameter is used
with C4.5’s error-based pruningmethod to enhance the final
decision tree. It collapses a subtree to a node only if training



Table 2: Overview of the employed single-label classification (SLC) algorithms from the WEKA software.∗

Small Medium Large

id Algorithm Name Acronym Category Used? #HP Used? #HP Used? #HP

1 JRip JRip Rules Y 4 Y 4 Y 4

2 K-Nearest Neighbors KNN Lazy Y 3 Y 3 Y 3

3 Logistic Regression LR Functions Y 1 Y 1 Y 1

4 Naïve Bayes NB Bayes Y 2 Y 2 Y 2

5 Random Forest RF Trees Y 3 Y 3 Y 3

6 Bayesian Network Classifier BNC Bayes N - Y 1 Y 1

7 C4.5 C4.5 Trees N - Y 8 Y 8

8 Decision Table DT Rules N - Y 4 Y 4

9 K Star K* Lazy N - Y 3 Y 3

10 Logistic Model Trees LMT Trees N - Y 7 Y 7

11 Multi-Layer Perceptron MLP Functions N - Y 6 Y 6

12 PART PART Rules N - Y 4 Y 4

13 REPTree REPTree Trees N - Y 3 Y 3

14 Stochastic Gradient Descent SGD Functions N - Y 5 Y 5

15 Sequential Minimal Optimization SMO Functions N - Y 6 Y 6

16 Decision Stump DS Trees N - N - Y 0

17 Naïve Bayes Multinomial NBM Bayes N - N - Y 0

18 One Rule OneR Rules N - N - Y 1

19 Random Tree RT Trees N - N - Y 4

20 Simple Logistic SL Functions N - N - Y 3

21 Voted Perceptron VP Functions N - N - Y 3

22 Zero Rules ZeroR Rules N - N - Y 0

23 Attribute Selection Classifier ASC Preprocessing N - N - Y 1

24 Ada boost M1 AdaM1 Meta-SLC N - N - Y 3

25 Bagging of Single-Label Classifiers Bagging Meta-SLC N - N - Y 3

26 Locally Weighted Learning LWL Meta-SLC N - N - Y 2

27 Random Committee RC Meta-SLC N - N - Y 1

28 Random Subspace RSS Meta-SLC N - N - Y 3
∗All algorithm names are clickable links to their description in this supplementary material.

error of the subtree does not increase when compared to the
entire tree. It is applied to every subtree in the tree, where
subtrees are collapsed (pruned) if pruning does not increase
its classification error. For example, if there is a subtree with
two leaf nodes having the same classification on the training
data, this subtree will be replaced by a single leaf. It can take
Boolean values (true or false).
Default value: true.

• Unpruned (u)[-U]: It decides whether pruning is performed

or not. It can take Boolean values (true or false).
Default value: false.

• Binary splits (bs)[-B]: It decides whether C4.5 will use bi-

nary splits on nominal attributes when building the trees.
It can take Boolean values (true or false).
Default value: false.

• Use MDL correction (umc)[-J]: It decides whether the MDL

correction is used when finding splits on numeric attributes.
It can take Boolean values (true or false).
Default value: true.

• Use Laplace (ul)[-A]: It decides if the counts of instances at

leaves are smoothed based on the Laplace correction. It can
take Boolean values (true or false).
Default value: false.

• Subtree raising (sr)[-S]: It is used for C4.5’s error-based prun-

ing and decides whether the algorithmwill consider the sub-
tree raising operation when pruning. It can take Boolean
values (true or false).
Default value: true.

Dependencies/Constraints:

(1) If the parameter unpruned is set to “true”, the parameters
“confidence factor”, “collapse tree” and “subset raising” are
not used (omitted).

5.2 Logistic Model Trees

The algorithm for building logistic model trees (LMT) [40, 59], which
are classification treeswith logistic regression functions at the leaves.
This is done by using the LogitBoost algorithm. In this case, boost-
ing is used (aiming) to build very effective decision trees. The idea
of LMT is to use LogitBoost to induce trees with linear-logistic



regression models at the leaves. LogitBoost performs additive lo-
gistic regression. Thus, at each iteration of the boosting algorithm,
it creates a simple regression model by going through all the at-
tributes, finding the simple regression function with the smallest
error, and adding it into the additive model [64]. The algorithm
can deal with binary and multi-class target variables, numeric and
nominal attributes and missing values. Parameters:

• Minimum number of objects (mno)[-M]: Theminimumnum-

ber of instances per leaf. It can take values in the interval:
{mno ∈ Z | 1 ≤ mno ≤ 64}.
Default value: 15.

• Convert Nominal (cn)[-B]: It decides if the algorithm will

convert all nominal attributes to binary ones before build-
ing the tree. This means that all splits in the final tree will
be binary. It can take Boolean values (true or false).
Default value: false.

• Split on residuals (sor)[-R]: It decideswhether the algorithm

will set the splitting criterion based on the residuals of Log-
itBoost. There are two possible splitting criteria for LMT:
the default is to use the C4.5 splitting criterion that uses
information gain on the class variable. The other splitting
criterion tries to improve the purity in the residuals pro-
duced when fitting the logistic regression functions. It can
take Boolean values (true or false).
Default value: false.

• Fast Regression (fr)[-C]: It decides whether the algorithm

will use a heuristic that avoids the use of cross-validation to
optimize the number of Logit-Boost iterations at every node.
In the case of using this heuristic, LMT will fit the logis-
tic regression functions at a leaf node using the LogitBoost
algorithm, applying a 5-fold cross-validation procedure to
determine how many iterations to run just once. Then, it
employs the same number of iterations throughout the tree,
instead of cross-validating at every node. This heuristic re-
duces the running time considerably, with little effect on
accuracy [64]. It can take Boolean values (true or false).
Default value: true.

• Error on probabilities (eop)[-P]: It decides if the algorithm

willminimize the error on classification probabilities instead
of themisclassification errorwhen cross-validating the num-
ber of LogitBoost iterations. When this parameter is set to
‘true’, the number of LogitBoost iterations that minimizes
the error on classification probabilities instead of the mis-
classification error is chosen. It can take Boolean values (true
or false).
Default value: false.

• Weight trim beta(wtb)[-W]: It sets the beta value used for

weight trimming in LogitBoost. Only instances carrying (1 -
beta)% of the weight from the previous iteration are used in
the next iteration. The value zero (0) means no weight trim-
ming, which is the default value. The values are restricted
to the interval : {wtb ∈ R | 0.0 ≤ wtb ≤ 1.0}.
Default value: 0.0.

• Use AIC (uaic)[-A]: It decides if the algorithm will use the

AIC (Akaike’s Information Criterion) measure to determine
when to stop LogitBoost’s iterative process. More precisely,
if uaic takes the value ‘true’, the best number of iterations

will be defined by an information criterion measure (cur-
rently, AIC). If false, the stopping criterion will be deter-
mined by the best number of iterations in a 5-fold cross-
validation procedure. It can take Boolean values (true or
false).
Default value: false.

There are no dependencies/constraints between the parameters
of LMT.

5.3 Decision Stump

The algorithm for building and applying a decision stump (DS)
model [64], which is considered a weak learner. Because of that,
it is usually used in conjunction with a boosting algorithm.

The DS’s classification is based on the entropy measure and a
missing value is treated as a separate value. The DS algorithm con-
structs a simple decision tree that has only one level, i.e., a decision
tree that has only one internal (root) node, that is directly linked
to the leaves. It also creates an extra branch for missing values.

In the case of nominal attributes at the root node, there are two
possibilities. The first possibility is to build a stump which con-
tains a leaf for each possible feature value. The second possibility
is to consider a stump with two leaves, one of them is mapped to
some category, and the another to all other categories. TheDS from
WEKA employs the latter approach. This algorithm has no explicit
parameters.

5.4 Random Forest

The Random Forest (RF) algorithm for constructing a forest of ran-
dom trees [10]. Parameters:

• Number of trees (nt)[-I]: The number of trees to be gener-

ated by the algorithm. It is an integer value bounded by the
interval: {nt ∈ Z | 2 ≤ nt ≤ 256}.
Default value: 100.

• Number of features (nf )[-K]: It sets the number of randomly

sampled attributes used as candidate attributes at each tree
node. It is an integer value bounded by the interval: {nf ∈
Z | 2 ≤ nf ≤ 32}. However, it may also take the value zero
(0), which means nf will be just used as a flag to indicate
that the real value produced by the equation
loд2(number_o f _attributes + 1) rounded to the nearest in-
teger is automatically used for this parameter.
Default value: 0.

• Maximum depth (md)[-depth]: The maximum depth of the

tree. It is bounded by the interval: {md ∈ Z | 2 ≤ md ≤ 20}.
However, it may also take the value zero (0) as a flag and, in
this case, the depth of the tree can be unlimited.
Default value: 0.

There are no dependencies/constraints between the parameters
of RF.

5.5 Random Tree

The algorithm for constructing a tree that considers K randomly
sampled attributes as candidate attributes at each node, i.e., a ran-
dom tree (RT) [64]. It is important to mention that this version of
RT performs no pruning. Parameters:



• Minimum weight (mw)[-M]: The minimum total weight of

the instances in a leaf. It is restricted by the interval:
{mw ∈ Z | 1 ≤ mw ≤ 64}.
Default value: 1.

• Number of features (nf )[-K]: It sets the number of randomly

sampled attributes used as candidate attributes at each tree
node. It is an integer value bounded by the interval: {nf ∈
Z | 2 ≤ nf ≤ 32}. However, it may also take the value zero
(0), which means nf will be just used as a flag to indicate
that the real value produced by the equation
loд2(number_o f _attributes + 1) rounded to the nearest in-
teger is automatically used for this parameter.
Default value: 0.

• Maximum depth (md)[-depth]: The maximum depth of the

tree. It is bounded by the interval: {md ∈ Z | 2 ≤ md ≤ 20}.
However, it may also take the value zero (0) as a flag and, in
this case, the depth of the tree can be unlimited.
Default value: 0.

• Number of folds for back-fitting and for growing the tree

(nfbgt)[-N]: It determines the amount of data used for back-

fitting and for growing the tree. One fold is used for back-
fitting, i.e., for making a preliminary estimation of class prob-
abilities based on a hold-out set. The others (nf - 1) folds
are used for growing the tree. It is bounded by the interval:
{nf b f ∈ Z | 2 ≤ nf b f ≤ 5}. It can also use the value zero
(0), which means no back-fitting will be performed in this
case. It can not take the value one (1) because we would
have zero folds for growing the tree. In the case of taking
the value one, the algorithm returns an error and does not
run. It is important to mention that Auto-WEKA allows this
error, ignoring RT algorithm with this configuration (when
it occurs), and continuing the search from this point.
Default value: 0.

There is no constraints/dependencies between the parameters
of RT.

5.6 REPTree

The algorithm for the fast decision tree learner, which is well-known
as REPTree [64]. It builds a decision tree using information gain
and prunes it using reduced-error pruning (with back-fitting). It
only sorts values for numeric attributes once, at the start of the al-
gorithm. Missing values are dealt with by splitting the correspond-
ing instances into pieces (i.e., as in C4.5).

Parameters:

• Minimum weight (mw)[-M]: The minimum total weight of

the instances in a leaf. It is restricted by the interval:
{mw ∈ Z | 1 ≤ mw ≤ 64}.
Default value: 2.

• Maximum depth (md)[-L]: The maximum tree depth. It can

take integer values considering the interval: {md ∈ Z | 2 ≤
md ≤ 20}. However, it may also take the value −1 as a flag
and, in this case, the depth of the tree the depth will not be
restricted.
Default value: -1.

• Use pruning (up)[-P]: It decides whether REPTree will use

reduced-error pruning or not. In the case of using this prun-

ing method, a simple hold-out set ( 13 of the training data) is
used to estimate the error of a node, instead of using cross-
validation. It can take Boolean values (true or false).
Default value: false.

There are no dependencies/constraints between the parameters
of REPTree.

5.7 Decision Table

The algorithm for building and using a simple decision table (DT)
classifier [37]. Parameters:

• Evaluation Measure (em)[-E]: The measure used to evaluate

the performance of attribute combinations used in the de-
cision table. It can take one of the four categorical values:
1. accuracy (acc); 2. root mean squared error (rmse) of the
the class probabilities; 3. mean absolute error (mae) of the
class probabilities; 4. area under the ROC curve (auc). The
two measures rmse and mae are adapted to be used in the
classification context.
Default value: acc.

• Use IBk (uibk)[-I]: It setswhether a k-nearest neighbor (k=1)

classifier should be used instead of the majority class in or-
der to classify non-matching instances. It can take Boolean
values (true or false).
Default value: false.

• Search method (sm)[-S]: It sets the search algorithm which

will be used to find good attribute combinations for the de-
cision table. It can take the values Greedy Stepwise or Best
First.
Default value: Best First.

• Cross-Validation (crv)[-X]: It sets the number of folds for the

internal cross validation procedure to evaluate the attribute
sets. It may take the values one (1), two (2), three (3) or four
(4). If the value one (1) is set for this hyper-parameter, a leave
one out procedure is applied.
Default value: 1.

There are no dependencies/constraints between the parameters
of DT.

5.8 JRip

The algorithm that implements a propositional rule learner algo-
rithm, namely Repeated Incremental Pruning to Produce Error Re-
duction (RIPPER) [13]. Parameters:

• Minimum total weight (mtw)[-N]: This parameter determines

the minimum total weight of the instances in a rule. It can
take values considering the interval: {mtw ∈ R | 1.0 ≤ mtw ≤
5.0}.
Default value: 2.0.

• Check error rate (cer)[-E]: It decides whether JRip will con-

sider the “error rate greater or equal than 0.5” as a stopping
criterion. It can take Boolean values (true or false).
Default value: true.

• Use pruning (up)[-P]: It decides whether JRip will use re-

duced error pruning or not. In the case of using this prun-
ing method, a 3-fold cross-validation procedure is applied



to prune the rules. Otherwise, no pruning method is used.
It can take Boolean values (true or false).
Default value: false.

• Optimizations (o)[-O]: The number of optimization runs. It

can take integer values considering the interval: {o ∈ Z | 1 ≤
o ≤ 5}.
Default value: 2.

There are no dependencies/constraints between the parameters
of JRip.

5.9 One Rule

The algorithm for building and using a one rule (OneR) classifier
[32]. In other words, it uses the minimum-error attribute for pre-
diction, discretizing numeric attributes. Parameters:

• Minimum bucket size (mbs)[-B]: It is used for discretizing

numeric attributes. It is limited by the interval: {mbz ∈ Z | 1 ≤
mbz ≤ 32}.
Default value: 6.

OneR has only one parameter and, consequently, there is no de-
pendencies/constraints for it.

5.10 PART

The algorithm for generating a PART decision list [22]. PART uses
the separate-and-conquer paradigm: It builds a partial C4.5 deci-
sion tree in each iteration and makes the “best” leaf into a rule.
Parameters:

• Minimum number of objects (mno)[-M]: Theminimumnum-

ber of instances per leaf. It can take values in the interval:
{mno ∈ Z | 1 ≤ mno ≤ 64}.
Default value: 2.

• Binary splits (bs)[-B]: It decides whether C4.5 will use bi-

nary splits on nominal attributes when building the trees.
It can take Boolean values (true or false).
Default value: false.

• Reduced-error pruning(rep)[-R]: It is used to decidewhether

reduced-error pruning is used instead of C4.5’s default prun-
ing (error-based pruning). If C4.5’s error-based pruning is
chosen, a (default) confidence factor of 0.25 is used to prune
the tree. If not (i.e, the reduced-error pruning is chosen), the
algorithm will consider each node for pruning and the re-
moval of a subtree at a node is done if the resulting tree
performs no worse than the original one on the validation
set. The size of the validation set is determined by the next
parameter (nr ). It can take Boolean values (true or false).
Default value: true.

• Number of folds (nr)[-N]: It determines the amount of data

used for reduced-error pruning. One fold is used for pruning
and the rest for growing the tree. It can take the values two
(2), three (3), four (4) or five (5).
Default value: not used.

Dependencies/Constraints:

(1) If the reduced-error pruning method is not set to “true”, the
parameter “number of folds” is not used.

5.11 Zero Rule

The algorithm for building and using a zero rule (ZeroR) classi-
fier [64]. The ZeroR classifier simply predicts the majority cate-
gory (class), ignoring the predictor attributes. This algorithm has
no explicit parameters.

5.12 K-Nearest Neighbors

The algorithm for k-nearest neighbors (KNN) classifier [3]. KNN
can select an appropriate value of K based on internal leave-one-
out evaluation and can also compute distances based on instance
weighting. Parameters:

• Number of neighbors (k)[-K]: The number of neighbors to

use. The value of k is bounded by the interval: {k ∈ Z | 1 ≤
k ≤ 64}.
Default value: 1.

• Leave-one-out (loo)[-X]: It decides whether leave-one-out

evaluation on the training data will be used or not to select
the best k value between 1 and the value specified as the
KNN parameter. If set as false, the selected k value is used.
It can take only Boolean values (true or false).
Default value: false.

• Distance weighting (dw): It sets the used distance weighting

method. It may take the unique following values:
– -I: Weight neighbors by the inverse of their distance.
– -F: Weight neighbors by one minus their distance.
– None: No distance weighting method is applied.
Default value: None.

There are no dependencies/constraints between the parameters
of KNN.

5.13 K*

The algorithmK* is an instance-based classification algorithm [12].
Thus, in order to classify a test instance, K* considers the class
of those training instances similar to it, as determined by some
similarity function. It differs from other instance-based learners
by using an entropy-based distance function. Parameters:

• Global blending (gb)[-B]: The parameter is a percentage for

global blending. This parameter controls the “sphere of in-
fluence” by specifying how many of the neighbors of the
instance i should be considered important (although there
is no hard cut off at the edge of the sphere – it is more re-
lated to a gradual decreasing of importance). The values are
restricted to the interval {дb ∈ Z | 1 ≤ дb ≤ 100}. Thus, se-
lecting zero (0) for this parameter gives a nearest neighbor
algorithm (this is whyAuto-WEKAdoes not allow to choose
it), and choosing 100 gives equallyweighted instances. Inter-
mediate values are interpolated linearly.
Default value: 20.

• Entropic auto-blending (eab)[-E]: It decideswhether entropy-

based blending will be used or not. It can take Boolean val-
ues (true or false).
Default value: false.

• Missing Mode (mm)[-M]: It determines howmissing attribute

values are treated. It can take one of the four categorical
values: 1. average column entropy curves (a); 2. ignore the
instances with missing values (d); 3. treat missing values as



maximally different (m); 4. normalize over the attributes (n).
Default value: a.

There are no dependencies/constraints between the parameters
of K*.

5.14 Voted Perceptron

The voted perceptron (VP) algorithm created by [24]. It globally
replaces all missing values by their default values. More precisely,
VP replaces all missing values for nominal and numeric attributes
by the modes and the means from the training data, respectively.
Additionally, it transforms nominal attributes into binary ones. Pa-
rameters:

• Number of iterations (i)[-I]: The number of iterations to be

performed by VP. This parameter varies in accordance to
the interval:
{i ∈ Z | 1 ≤ i ≤ 10}.
Default value: 1.

• Max K(mk)[-M]: Themaximum number of alterations to the

perceptron, i.e., the maximum number of perceptrons used
in the iterative process. It can take values of the interval:
{mk ∈ Z | 5, 000 ≤ mk ≤ 50, 000}
Default value: 1,000.

• Exponent (e)[-E]: The exponent for the polynomial kernel.

It can take values of the interval: {e ∈ R | 0.2 ≤ e ≤ 5.0}
Default value: 1.0.

There are no dependencies/constraints between the parameters
of VP.

5.15 Multi-Layer Perceptron

Multi-Layer Perceptron (MLP) uses the traditional back-propagation
algorithm [55] to create a neural model to classify the instances.
MLP creates just one hidden layer (for now) and all its nodes use
sigmoid activation functions (except for when the class is numeric
in which case the the output nodes become unthresholded linear
units). Parameters:

• Learning rate (lrt)[-L]: The amount by which the weights

are updated during training. It is restricted by the interval:
{lr ∈ R | 0.1 ≤ lr ≤ 1.0}.
Default value: 0.3.

• Momentum (m)[-M]: It is applied to the weights during up-

dating. It is restricted by the interval: {m ∈ R | 0.0 ≤ m ≤
1.0}.
Default value: 0.2.

• Number of hidden nodes (nhn)[-H]: It defines the number

of hidden nodes in the hidden layer of the neural network.
This parameter may take four predefined nominal values (a,
i, o and t), which represent the following integer values:

– a =
(number_of _attr ibutes+number_of _classes)

2 , always us-
ing the default floor function to convert it to an integer
value.

– i = number of attributes.
– o = number of classes.
– t = (number_o f _attributes + number_o f _classes).
Default value: a.

• Nominal to binary filter (n2b)[-B]: It decides whether the al-

gorithmwill transform nominal attributes to binary ones or

not. This could help improve performance if there are nom-
inal attributes in the data. It can take Boolean values (true
or false).
Default value: true.

• Reset (r)[-R]: It decides whether the algorithm will use the

reset approach. In this case, the algorithmwill allow the net-
work to reset with a lower learning rate. If the network di-
verges from the answer, this will automatically reset the net-
work with a lower learning rate and begin training again. It
can take Boolean values (true or false).
Default value: true.

• Decay (d)[-D]: It decides whether the algorithm will cause

the learning rate to decrease. This will divide the starting
value of the learning rate by the sequential number of the
current epoch in order to determine what the current learn-
ing rate should be. This may help to stop the network from
diverging from the target output, as well as improving gen-
eral performance. It can take Boolean values (true or false).
Default value: false.

There are no dependencies/constraints between the parameters
of MLP.

5.16 Stochastic Gradient Descent

The algorithm that implements the stochastic gradient descent (SGD)
approach [64] for learning various linearmodels (binary class SVM,
binary class logistic regression, squared loss, Huber loss and epsilon-
insensitive loss linear regression). Parameters:

• Loss function (lf )[-F]: It sets the loss function to be mini-

mized. It can take the following integer values associated to
three approaches:
– (0): hinge loss (SVM).
– (1): log loss (logistic regression).
– (2): squared loss (regression).
Default value: 0.

• Learning rate (lrt)[-L]: The learning rate. If normalization

is turned off, then the default learning rate will need to be
reduced. It is restricted by the interval: {lr ∈ R | 0.00001 ≤
lr ≤ 1.0}.
Default value: 0.01.

• Ridge (r)[-R]: It sets the Ridge value in the log-likelihood.

This parameter can take any value of the given set:
{r ∈ R | 10−12 ≤ r ≤ 10.0}
Default value: 0.0001

• Do not normalize (nn)[-N]: It decideswhether normalization

will be turned off or not. It can take Boolean values (true or
false).
Default value: false.

• Do not replace missing values (nrmv)[-M]: It decideswhether

global replacement of missing values will be turned off or
not. In the case of being turned off, the missing values will
be ignored. Otherwise, SGD will replace all missing values
for nominal and numeric attributes by the modes and the
means from the training data, respectively. It can take Boolean
values (true or false).
Default value: false.



There are no dependencies/constraints between the parameters
of SGD.

5.17 Sequential Minimal Optimization

This algorithm implements John Platt’s sequential minimal opti-
mization (SMO) algorithm for training a support vector classifier
(SVC) [28, 35, 44]. It globally replaces all missing values by their
default values. More precisely, SMO (like VP) replaces all missing
values for nominal and numeric attributes by the modes and the
means from the training data, respectively. Additionally, it trans-
forms nominal attributes into binary ones. Parameters:

• Cost (c)[-C]: It defines the complexity parameter, which is

the penalty parameter of the error term and is defined by
the interval: {c ∈ R | 0.5 ≤ c ≤ 1.5}. This is a parameter
that controls the trade-off between training error andmodel
complexity. It is important to mention that a low value of c
will increase the number of training errors, whereas a high
value of c will lead to a behavior similar to that of a hard-
margin SVM [33].
Default value: 1.0.

• Filter type (ft)[-N]: It determines how/if the datawill be trans-

formed. It may take the values zero (0, i.e, normalize the
training data – it sets all the numeric attributes in the given
dataset into the interval [0,1]), one (1, i.e, standardize the
training data – it standardizes all numeric attributes in the
given dataset to have zeromean and unit variance) or two (2,
i.e. no normalization/standardization is applied to the data).
Default value: 0.

• Build Calibration Models (bcm)[-M]: It decides whether the

modelwill fit calibrationmodels to SVM’s outputs (for proper
probability estimates). It can take Boolean values (true or
false).
Default value: false.

• Kernel(k)[-K]: The kernel to use. It can take one of the fol-

lowing possible kernels (and associated constrained param-
eters):
– PolyKernel: The standard polynomial kernel.Parameters:

(1) Exponent (exp)[-E]: It determines the exponent value

and is defined by the interval: {exp ∈ R | 0.2 ≤ exp ≤
5.0}.

(2) Use Lower-Order (ulo)[-L]: It decides whether the algo-

rithm will use lower-order terms or not. It can take
Boolean values (true or false).

– NormalizedPolyKernel: The normalized polynomial ker-

nel. Parameters:
(1) Exponent (exp)[-E]: It determines the exponent value

and is defined by the interval: {exp ∈ R | 0.2 ≤ exp ≤
5.0}.

(2) Use Lower-Order (ulo)[-L]: It decides whether the algo-

rithm will use lower-order terms or not. It can take
Boolean values (true or false).

– Puk: The Pearson VII function-based universal kernel [63].
Parameters:

(1) Omega (om)[-O]: The omega value. It is defined by the

interval: {om ∈ R | 0.1 ≤ om ≤ 1.0}.

(2) Sigma (sig)[-S]: The sigma value. It is defined by the

interval: {siд ∈ R | 0.1 ≤ siд ≤ 10.0}.
– RBF:The RBF kernel. Parameters:
(1) Gamma (g)[-G]: The gamma value. It is defined by the

interval: {д ∈ R | 0.0001 ≤ д ≤ 1.0}.
Default value: PolyKernel with ‘Exponent’ equals to 1.0
and ‘Use Lower-Order’ equals to true.

The constraints/dependencies for SMO are only in the selection
of the kernel and its respective parameters.

5.18 Logistic Regression

The algorithm for building and using a multinomial logistic regres-
sion (LogR) model with a ridge estimator [11]. Parameters:

• Ridge (r)[-R]: It sets the Ridge value in the log-likelihood.

This parameter can take any value of the given set:
{r ∈ R | 10−12 ≤ r ≤ 10.0}
Default value: 0.00000001

LogR has one parameter and, consequently, there is no depen-
dencies/constraints for it.

5.19 Simple Logistic

The algorithm for constructing simple logistic regression (SL) mod-
els [40, 59]. LogitBoost with simple regression functions as base
learners is used for fitting the logistic models. Parameters:

• Weight trim beta (wtb)[-W]: It sets the beta value used for

weight trimming in LogitBoost. Only instances carrying (1 -
beta)% of the weight from the previous iteration are used in
the next iteration. The value zero (0) means no weight trim-
ming, which is the default value. The values are restricted
to the interval : {wtb ∈ R | 0.0 ≤ wtb ≤ 1.0}. It also can be
omitted and take the default value of zero.
Default value: 0.0.

• Use Cross-Validation (ucv)[-S]: It decides if SL will try to

find the best number of LogitBoost iterations using an in-
ternal 5-fold cross-validation procedure or simply using the
number of iterations that minimizes error on the training
set. Thus, if not set to ‘true’, the number of LogitBoost iter-
ations which is used is the one that minimizes the error on
the training set (misclassification error). It can take Boolean
values (true or false).
Default value: true.

• Use AIC (uaic)[-A]: It decides if the method will use the AIC

(Akaike’s InformationCriterion) measure to determinewhen
to stop the LogitBoost iterative process. More precisely, if
uaic takes the value ’true’, the best number of iterations will
be defined by an information criterion measure (currently,
AIC). If false, the stopping criterion will be determined by
the best number of iterations in an internal 5-fold cross-
validation procedure or simply in accordance to the error
on the training set, as explained in the previous item. It can
take Boolean values (true or false).
Default value: false.

There are no dependencies/constraints between the parameters
of SL.



5.20 Naïve Bayes

The Naïve Bayes (NB) classifier using estimator classes [34]. This
algorithm builds a fixed structure (model) given the attributes of
the dataset. Parameters:

• Use kernel estimator (uke)[-K]: It decides whether NB will

use a kernel estimator for numeric attributes rather than a
(single) Gaussian distribution. In the case of using the kernel
estimator, NB will apply one Gaussian kernel per observed
data value (for more details, see Flexible Naïve Bayes’ sec-
tion in [34]). It can take Boolean values (true or false). It is
important to mention that a discrete estimator is automati-
cally used for nominal attributes, which is a simple discrete
probability estimator based on nominal values’ counts. This
also means the Laplace correction is applied in order to per-
form the estimation.
Default value: false.

• Use supervised distribution (usd)[-D]: It decideswhether NB

will use supervised discretization to convert numeric attributes
to nominal ones. Discretization is performed by the algo-
rithm proposed in [19]. This method uses a criterion based
on the minimum description length (MDL) principle to de-
fine the number of intervals produced over the continuous
space [17]. It can take Boolean values (true or false).
Default value: false.

Dependencies/Constraints:

(1) If the parameter “use kernel estimator” is activated, the pa-
rameter “use supervised distribution” must not be activated;
and vice-versa. This constraint must be enforced in the gram-
mar.

5.21 Bayesian Network Classifier

This algorithm is used to learn a Bayesian Network Classifier (BNC)
[7] based on various search algorithms and a local Bayesian scor-
ing metric [14, 29]. Parameters:

• Search Method (sm)[-Q]: For BNC algorithms, the optimiza-

tion occurs just on the method used for searching network
structures. Thus, the searchmethod can be one of the follow-
ing: 1. Tree Augmented Naïve Bayes (TAN) [25]; 2. K2 [14];
3. Hill Climbing (HC) [6, 30]; 4. Look Ahead in Good Direc-
tions Hill Climbing (LAGDHC) [1]; 5. Simulated Annealing
(SA) [6]; 6. Tabu Search (TS) [6]. All the search methods uses
the parameter “maximum number of parents” set to two (in-
cluding the class node), except for TAN and SA which do
not use the “maximum number of parents” as a parameter.
In addition, the methods use the (default) Bayesian scoring
metric to search for appropriate Bayesian networks to data.
Default value: there is not default value for this hyper-
parameter because all these search methods are important
algorithms in the literature. Therefore, we use all search
methods in our space.

BNC has one parameter and, consequently, there is no depen-
dencies/constraints for it.

5.22 Naïve Bayes Multinomial

The algorithm for building and using Naïve Bayes Multinomial
(NBM) [2, 20, 41, 43, 64]. This algorithm was particularly designed

for text classification and, for this reason, it changes how the tradi-
tional Naïve Bayes calculates the probabilities. This is done to take
into account the number of times a word appears in the document.

This algorithm has no explicit parameters and, consequently,
there is no dependencies/constraints for it.

6 SEARCH SPACE – META CLASSIFICATION
ALGORITHMS FROM WEKA

In this section, the search space of 5 traditional (single label) meta
classification algorithms from WEKA [27] is studied. This is also
done in order to extend and improve the search space of multi-label
methods. All parameters in this sectionwere also set in accordance
to the search space definition from Auto-WEKA [38, 39, 60]. The
methods and their respective (hyper-)parameters were defined af-
ter studying the code, logs and configuration files of Auto-WEKA,
which is considered a stable and robust approach for automatically
selecting and configuring machine learning algorithms.

6.1 Locally Weighted Learning

The locally weighted learning (LWL) method [5, 21] . It uses an
instance-based algorithm to assign instance weights which are then
used by a specified Weighted Instances Handler. In other words,
LWL assigns weights using an instance-based method and, after
this step, another classification algorithm is used to build a classi-
fier from the weighted instances. For example, it can do the classi-
fication by using a naïve Bayes classifier or a decision stump (de-
fault) from these weighted instances. Parameters:

• Classifier (c)[-W]: The classifier to be used. It can be one

classification algorithm from Section 5, except for the algo-
rithms LMT, OneR, K*, SGD and VP, as these the classifiers
produced by these algorithms do not handle weighted in-
stances.

• Number of neighbors (k)[-K]: It sets how many neighbors

are used to determine the width of the weighting function.
It may take the following values: {−1, 10, 30, 60, 90, 120}. A
negative value means that all neighbors will be considered.
Default value: -1.

• Weighting kernel (wk)[-U]: It determines theweighting func-

tion and may take the five following integer values:
– (0) Linear.
– (1) Epnechnikov.
– (2) Tricube.
– (3) Inverse.
– (4) Gaussian.
It can be omitted with 50% of probability, and then LWL
will use the default value zero for this parameter, i.e., the
linear function. The five (5) not omitted values jointly take
the other 50% of probability, which represents at the end
that the value 0 has 60% of probability to be chosen.
Default value: 0.

There are no dependencies/constraints between the parameters
of LWL.



6.2 Random Subspace

This method constructs an ensemble classifier that consists of mul-
tiple models systematically constructed by randomly selecting sub-
sets of components of the feature vector, i.e., the classificationmod-
els are constructed according to random subspaces (RSS) [31].More
precisely, for each classifier, a certain percentage of the number of
attributes is randomly sampled and then used to build the classifier.
Parameters:

• Classifier (c)[-W]: The classifier to be used. It can be any

classification algorithm from Section 5.
• Subspace size (sss)[-P]: It defines the size of each sub-space

as a percentage of the number of attributes. It could take
values in the range: {sss ∈ R | 0.1 ≤ sss ≤ 1.0}.
Default value: 0.5.

• Number of iterations (ni)[-I]: It defines the number of itera-

tions to be performed, i.e., the number of classifiers in the
ensemble. It may take values in the range:
{ni ∈ Z | 2 ≤ ni ≤ 64}.
Default value: 10.

There are no dependencies/constraints between the parameters
of RSS.

6.3 Bagging of Single-Label Classifiers

The method for bagging a classifier in order to reduce variance [9].
Parameters:

• Classifier (c)[-W]: The classifier to be used for each member

of the ensemble. It can be any classification algorithm from
Section 5.

• Bag size percent (bsp)[-P]: It defines the size of each bag, as

a percentage of the training set size. It may take values in the
range: {bsp ∈ Z | 10 ≤ bsp ≤ 100}. It makes sampling with
replacement. Thus, even if the bag size percent is 100%, it
will sample different sets with the same size of the training
set.
Default value: 100.

• Number of iterations (ni)[-I]: It defines the number of itera-

tions to be performed, i.e., the number of classifiers in the
ensemble. It may take values in the range:
{ni ∈ Z | 2 ≤ ni ≤ 128}.
Default value: 10.

• Calculate out-of-bag (coob)[-O]: It decides whether the out-

of-bag error is calculated. It can take Boolean values (true
or false).
Default value: false.

Dependencies/Constraints:

(1) If the parameter “calculate out-of-bag” is activated (set to
true), the parameter “bag size percent” must be equal to 100.
This is a constraint of WEKA and only an internal modifica-
tion in the WEKA code could suppress it. This can happen
with 50% of probability. I.e., in half of the cases, the param-
eter “bag size percent” is set to 100. In the other part of the
cases, “bag size percent” may take values between 10 and
100, because the parameter “calculate out-of-bag” is not ac-
tivated (set to false).

6.4 Random Committee

The method for building an ensemble of randomizable base classi-
fiers fromWEKA [64], creating a random committee (RC) of classi-
fiers. For this reason, the only classifiers (at the base level) that can
be used in for this meta-algorithm are Random Forest (RF), Ran-
dom Tree (RT), REP Tree (REPTree), Stochastic Gradient Descent
(SGD) and Multilayer Perceptron (MLP). The creation of a random-
izable classifier is done by using an input (pseudo-random) seed.
It is important to mention that the classifiers in the ensemble dif-
fer in terms the structure of their models. For instance, a random
seed can define how the random trees are constructed in RF, RT
and REPTree, how the linear models are defined in SGD, and how
the network connection weights are firstly defined in MLP. Never-
theless, all classifiers are constructed using the same data, differ-
ently from Bagging and RSS. Thus, at the end, the final prediction
is based on the average of the class probabilities generated by the
base classifiers. Parameters:

• Classifier (c)[-W]: The classifier to be used for each mem-

ber of the ensemble. It is restricted in one of the five (5)
algorithms aforementioned, i.e., RF, RT, REPTree, SGD and
MLP.

• Number of iterations (ni)[-I]: It defines the number of itera-

tions to be performed, i.e., the number of classifiers in the
ensemble. It may take values in the range: {ni ∈ Z | 2 ≤
ni ≤ 64}.
Default value: 10.

There are no dependencies/constraints between the parameters
of RC.

6.5 Ada Boost M1

The method for boosting a nominal class classifier using the Ad-
aboost M1 (AdaM1) approach [23]. Parameters:

• Classifier (c)[-W]: The classifier to be used. It can be one

classification algorithm from Section 5, except for the algo-
rithms LMT, OneR, K*, SGD and VP, as these the classifiers
produced by these algorithms do not handle weighted in-
stances. It is important to mention than Auto-WEKA allows
any classifier at the base level of AdaM1, including those
which can not handle weights in the instances. In this case,
Auto-WEKA ignores that algorithm (with its configuration)
and proceeds with the search.

• Weight threshold (wt)[-P]: It defines the weight threshold

forweighted pruning, i.e., it only selects instances withweights
that contribute to the specified quantile of the weight distri-
bution. It may take values in the range:
{wt ∈ Z | 50 ≤ wt ≤ 100}.
Default value: 100.

• Number of iterations (ni)[-I]: It defines the number of itera-

tions to be performed, i.e., the number of classifiers in the
ensemble. It may take the values in the range:
{ni ∈ Z | 2 ≤ ni ≤ 128}.
Default value: 10.

• Use resampling (ur)[-Q]: It decides whether AdaM1will use

resampling instead of reweighting. Thus, it is possible to
generate an unweighted dataset from the weighted data by



resampling. In this case, instances are chosen with probabil-
ity proportional to their weight. As a result, instances with
high weight are replicated frequently, and the ones with
low weight may never be selected. Once the new dataset
becomes as large as the original one, it is fed into the learn-
ing approach instead of the weighted data [64]. It can take
Boolean values (true or false).
Default value: false.

There are no dependencies/constraints between the parameters
of AdaM1.

7 SEARCH SPACE – PREPROCESSING
ALGORITHMS FROMWEKA

In this section, the search space of (single label) preprocessing clas-
sification algorithms fromWEKA [27] is studied. This is also done
in order to extend and improve the search space ofmulti-labelmeth-
ods. Instead of using just a single-label classification (SLC) algo-
rithm at the SLC base level, a wrapper containing preprocessing
methods is firstly used and, just after that, SLC is performed.

7.1 Attribute Selection Classifier

The method that reduces the dimensionality of training and test
data by performing attribute selection (using the training set only)
before the data is set as input to a classifier [64], constructing an
attribute selection classifier (ASC). Parameters:

• Classifier (c)[-W]: The classifier to be used. It can be any

classification algorithm from Section 5.
• Search method (sm)[-S]: The searchmethod for selecting the

attribute subset to be used as input by the classifier. It may
take two values:

(1) Best First: It searches the space of attribute subsets by
greedy hill-climbing augmented with a backtracking fa-
cility.

(2) Greedy Stepwise : It performs a greedy forward search
through the space of attribute subsets.

Bothmethodsuse the evaluator “CfsSubsetEval”, which eval-
uates the worth of a subset of attributes by considering the
individual predictive ability of each attribute along with the
degree of redundancy between them. Hence, ASC is concep-
tually equivalent to using the CFS (Correlation-based Fea-
ture Selection) attribute selection method followed by the
use of the chosen classifier with the attributes selected by
CFS.
Default value: Best First.

There are no dependencies/constraints between the parameters
of ASC.

8 A FORMAL DESCRIPTION OF THE MLC
SEARCH SPACE

In this section, we describe the context-free grammar [58] used to
formally specify the search spaces specified in this supplementary
material.

Formally, a grammar G is represented by a four-tuple <N, T, P,
S>, where N represents a set of non-terminals, T a set of termi-
nals, P a set of production rules and S (a member of N ) the start
symbol. In this thesis, we will use the Backus Naur Form (BNF)

to represent grammars. This means that each production rule has,
for instance, the following form <Start>::= [<A>] <B> | <C> (d |
e) . Symbols wrapped in “< >” represent non-terminals, whereas
terminals (such as d and e) are not bounded by “< >”. The special
symbols “|”, “[]” and “()” represent, respectively, a choice, an op-
tional element and a set of grouped elements that should be used
together. Additionally, the symbol “#” represents a comment in the
grammar, i.e., it is ignored by the grammar’s parser. The choice of
one among all elements connected by “|” is made using a uniform
probability distribution (i.e., all elements are equally likely to occur
in an individual).

The proposed grammar has 125 production rules, in a total of
124 non-terminals and 213 terminals. Figures 1-7 present the pro-
duced grammar (in the Backus Naur Form) that encompasses the
knowledge about multi-label classification in MEKA. This gram-
mar models the search space Large, as this search space includes all
learning algorithms and hyper-parameters from the other search
spaces (i.e., Small and Medium). To consider the grammar for the
other two search spaces, it is just needed to exclude the respective
production rules, non-terminals and terminals – which represent
the learning algorithms and their respective hyper-parameters –
that do not make part of them. For sake of simplicity, we will not
do that here.

In Figure 1, the first production rule (<Start>) is used to describe
the multi-label classification (MLC) search space. In this grammar
rule, <MLC-PT> denotes problem transformation, <MLC-AA> de-
notes algorithm adaptation, and <META-MLC-LEVEL> denotes the
multi-label meta-algorithms. We designed the grammar in such a
way that all the 26 MLC algorithms have the same probability of
being chosen (i.e., each MLC algorithm has ≈3.846% of chance of
being chosen). Furthermore, theMLC algorithmsmust use a predic-
tion threshold (<pred_tshd>), which defines the threshold to per-
form the classification using the model’s confidence outputs [4].

The grammar rule defining the problem transformation meth-
ods, i.e., <MLC-PT>, has two components in the right-hand side,
namely the actual problem transformation algorithm <ALGS-PT>
(defined in Figure 5) and the single-label classification algorithm
(SLC, which is represented by the rule <ALG-SLC> in the gram-
mar) to perform the single-label classification task(s). This happens
because the problem transformation method transforms the multi-
label task into one or more single-label tasks. We start discussing
the rule defining <ALG-SLC>.

We divided the SLC algorithms in six (6) types for the grammar
following theWEKA software: Trees, Rules, Lazy, Functions, Bayes
and Others. The last type was created just to simplify the grammar
(i.e., it is not an inherent WEKA’s category). Figure 1 shows the
grammar rules for Tree algorithms. Figure 2 shows the grammar
rules for Rules and Lazy algorithms. Figure 3 shows the grammar
rules for the other three types of SLC algorithms. Figure 1 also de-
fines the Attribute Selection Classifier (ASC), a wrapper which can
be used together with the SCL algorithms. In this case, a prepro-
cessing method is used before the classification step is performed.

It is also important to mention that some methods at the single-
label level, such as Decision Stump and ZeroR, do not have user-
defined hyper-parameters. Others, such as the Bayesian Network
Classifier algorithms, do not have user-defined hyper-parameters
in the Auto-WEKA software, even though they have user-defined



<Start> ::= (<MLC-PT> | <MLC-AA> | <META-MLC-LEVEL> ) <pred_tshd>

<pred_tshd> ::= PCut1 | PCutL | RANDOM-REAL(>0.0, <1.0) #pred_tshd=`prediction threshold'

#PCut1=`P-Cut method',PCutL=`P-Cut method by Label'

<MLC-PT> ::= <ALGS-PT> <ALGS-SLC>

<ALGS-SLC> ::= <ALG-TYPE> | <META1> <ALG-WEIGHTED-TYPE> | <META2> <ALG-RANDOM-TYPE> | <META3> <ALG-TYPE>

<ALG-TYPE> ::= [ASC <sm>] (<TREES> | <RULES> | <LAZY> | <FUNCTIONS> | <BAYES> | <OTHERS>)

#ASC=`Attribute Selection Classifier'

<sm> ::= GreedyStepwise | BestFirst #sm=`search method'

<TREES> ::= <C4.5> | DecisionStump | ( ( (RandomForest <nt> | <RandomTree>) <nf> ) | <REPTree> ) <md>

<C4.5> ::= <C4.5-Basics> ( (<cf> [sr]) | u ) #sr=`subtree raising', u='unpruned'

<C4.5-Basics> ::= <mno> [ct] [bs] [umc] [ul] #ct=`collapse tree', bs='binary splits'

#umc=`use MDL correction', ul='use Laplace'

<cf> ::= RANDOM-REAL(0.0, 1.0) #cf=`confidence factor'

<mno> ::= RANDOM-INT(1, 64) #mmo=`minimum number of objects'

<nt> ::= RANDOM-INT(2, 256) #nt=`number of trees'

<nf> ::= RANDOM-INT(2, 32) #nf=`number of features'

<md> ::= RANDOM-INT(2, 20) #md=`maximum depth'

<RandomTree> ::= <mw> <nfbgt>

<mw> ::= RANDOM-INT(1,64) #mw=`minimum weight for instances in a leaf'

<nfbgt> ::= 2 | 3 | 4 | 5 #nfbgt=`number of folds for back-fitting and

# for growing the tree'

<REPTree> ::= <mw> [up] #up=`use pruning'

#mw is not included in the same rule for Random Tree

#and for REPTree because of the grammar's constraints

Figure 1: Defined Grammar – Part 1: General and SLC Trees Algorithms.

<RULES> ::= <DT> | <JRip> | OneR <mbs> | <PART> | ZeroR

<DT> ::= <em> [uibk] <sm> <crv> #uibk=`use IBk'

#sm=`search method -- defined earlier'

<em> ::= acc | rmse | mae | auc #em=`evaluation measure'

<crv> ::= 1 | 2 | 3 | 4 #crv=`number of folds for cross-validation'

<JRip> ::= <mtw> [cer] [up] <o> #cer=`check error rate', up=`use pruning'

<mtw> ::= RANDOM-REAL(1.0, 5.0) #mtw=`minimum total weight for instances

# covered by a rule'

<o> ::= RANDOM-INT(1,5) #o=`number of optimization runs'

<mbs> ::= RANDOM-INT(1,32) #mbs=`minimum bucket size'

<PART> ::= <PART-BASICS> (rep <nr> | ebp) #rep=`use reduced-error pruning'

#nr=`number of folds for reduced-error pruning'

#ebp=`use error-based pruning'

<PART-BASICS> ::= <mno> [bs] #mno=`minimum number of objects'

<nr> ::= RANDOM-INT(2,5)

<LAZY> ::= <KNN> | <K*>

<KNN> ::= <k_nn> [loo] [<dw>] #loo=`leave-one-out to set the k value given the range'

<k_nn> ::= RANDOM-INT(1,64) #k_nn=`number of neighbors'

<dw> ::= F | I #dw=`distance weighting'

<K*> ::= <gb> [eab] <mm> #eab=`entropic auto-blending'

<gb> ::= RANDOM-INT(1,100) #gb=`global blending'

<mm> ::= a | d | m | n #mm=`missing mode to deal with missing values'

Figure 2: Defined Grammar – Part 2: SLC Rules and Lazy Algorithms .

parameters in WEKA. That is, the developers of Auto-WEKA have chosen to use a fixed predefined number of parameter settings for



<FUNCTIONS> ::= <VotedPerceptron> | <MultiLayerPerc> |

(<StocGradDescent> | LogisticRegression) <r> | <SeqMinOptimization>

<VotedPerceptron> ::= <i> <mk> <e>

<i> ::= RANDOM-INT(1,10) #i=`number of iterations'

<mk> ::= RANDOM-INT(5000, 50000) #mk=`maximum number of alterations to the perceptrons'

<e> ::= RANDOM-REAL(0.2, 5.0) #e=`The exponent for the polynomial kernel'

<MultiLayerPerc> ::= <lr> <m> <nhn> [n2b] [r] [d] #n2b=`nominal to binary filter',

#r=`use reset approach',

#d=`decay in the learning rate'

<lr> ::= RANDOM-REAL(0.1, 1.0) #lr=`learning rate'

<m> ::= RANDOM-REAL(0.0, 1.0) #m=`momentum'

<nhn> ::= a | i | o | t #nhl=`rules to define the number of hidden nodes'

<StocGradDescent> ::= <lf> <lr_sgd> [nn] [nrmv] #nn=`do not normalize',

#nrmv=`do not replace missing values'

<lf> ::= 0 | 1 | 2 #lf=`loss function'

<lr_sgd> ::= RANDOM-REAL(0.00001, 1.0) #lr_sgd=`learning rate for SGD'

<r> ::= RANDOM-REAL(0.000000000001,10.0) #r=`ridge value in the log-likelihood'

<SeqMinOptimization> ::= <c> <ft> [bcm] <kernel> #bcm=`build calibration models'

<c> ::= RANDOM-REAL(0.5,1.5) #c=`the cost, i.e.,complexity parameter'

<ft> ::= 0 | 1 | 2 #ft=`filter type'

<kernel> ::= ( NormPolyKernel |

PolyKernel

) <exp> [ulo] | #ulo=`use lower order'

Puk <om> <sig> | RBF <g>

<exp> ::= RANDOM-REAL(0.2, 5.0) #exp=`the exponent'

<om> ::= RANDOM-REAL(0.1, 1.0) #om=`the omega value'

<sig> ::= RANDOM-REAL(0.1, 10.0) #sig=`the sigma value'

<g> ::= RANDOM-REAL(0.001, 1.0) #g=`the gamma value'

<BAYES> ::= NaiveBayes [<NB-Parameters>] | <BayesianNetworkClassifiers> | NaiveBayesMultinomial

<NB-Parameters> ::= uke | usd #uke=`use kernerl estimator'

#usd=`use supervised distribution'

<BayesianNetworkClassifiers> ::= TAN | K2 | HillClimber | LAGDHillClimber | SimulatedAnnealing | TabuSearch

<OTHERS> ::= (SimpleLogistic [ucv] | #ucv=`use cross-validation'

<LogisticModelTrees>

) [uaic] [<wtb>] #uaic=`use AIC measure as stopping criteria'

<LogisticModelTrees> ::= <mno> [cn] [sor] [fr] [eop] #cn=`convert nominal to binary'

#sor=`split on residuals'

#fr=`fast regression', eop=`error on probabilities'

<wtb> ::= RANDOM-REAL(0.0, 1.0) #wtb=`weight trim beta'

Figure 3: Defined Grammar – Part 3: SLC Functions, Bayes and Others Algorithms.

some algorithms. As we are following Auto-WEKA to define the
parameters at this level (because its robustness to select SLC algo-
rithms), the absence of user-defined parameters in some methods
was maintained.

At the single-label level, we also have meta-algorithms, divided
in three (3) types: <META1>, <META2> and <META3>. These three
categories ofmeta-algorithms are firstly called in Figure 1. As shown
in Figure 4, <META1> may take the two (2) meta-algorithms Ada
Boost M1 (AdaM1) and Locally Weighted Learning (LWL), which
need a base classifier at the SLC level that handles weighted in-
stances. This is the reason the rule <ALG-WEIGHTED-TYPE> is
defined. On the other hand, <META2>may take just one algorithm,
i.e., Random Committee. The reason for that is because this SLC
meta-algorithm can only be used with randomizable base classi-
fiers. The rule <ALG-RANDOM-TYPE> expresses these randomiz-
able classifiers. The least restricted meta-algorithms are Random

Subspace and Bagging, which are specified by <META3>, being
able to use any SLC base classifier (from <ALG-TYPE>).

It is important to emphasize that all 28 SLCmethods (traditional,
meta and preprocessing) have the same chance of being chosen by
a search method that follows this grammar. Therefore, each SLC
algorithm has a probability of ≈3.571% of being selected.

The second component of problem transformation methods is
the actual problem transformation algorithm to dealwith the single-
label classification. In other words, this step defines the choice of
theMLC algorithm to handle the results created by the single-label
classification models. For this component, we divided its respec-
tive algorithms into three categories, i.e., three production rules
in the grammar (see Figure 5): <ALGS-PT1>, <ALGS-PT2> and
<ALGS-PT3>. Themain reason for the creation of these (sub-)categories
is related to the constraints of the multi-label meta-algorithms in
the MEKA software. Although all MLC algorithms can be used in
a standalone fashion, they can also be combined with multi-label



<META1> ::= <LWL> | <AdaM1>

<LWL> ::= <k_lwl> [<wk>] #LWL=`Locally Weighted Learning'

<k_lwl> ::= -1 | 10 | 30 | 60 | 90 | 120 #k_lwl=`number of neighbors in LWL'

<wk> ::= 0 | 1 | 2 | 3 | 4 #wk=`weighting kernel'

<AdaM1> ::= <wt> [ur] <ni_ada_and_bagging> #ur=`use resampling'

<wt> ::= RANDOM-INT(50, 100) | 100 #wt=`weight threshold'

<ni_ada_and_bagging> ::= RANDOM-INT(2, 128) #ni_ada_and_bagging=`number of iterations for

# AdaM1 and Bagging'

<ALG-WEIGHTED-TYPE> ::= <TREES> | <RULES-PARTIAL> | <KNN> | <BAYES> | <FUNCTIONS-PARTIAL>

<RULES-PARTIAL> ::= <DT> | <JRip> | <PART> | ZeroR

<FUNCTIONS-PARTIAL> ::= <MultiLayerPerc> | <SeqMinOptimization> | <SimpleLogistic> <uaic> <wtb_activate>

<META2> ::= RandomCommittee <ni_random_methods>

<ni_random_methods> ::= RANDOM-INT(2, 64) #ni_random_methods=`number of iterations for

#random methods'

<ALG-RANDOM-TYPE> ::= ( ( (RandomForest <nt> | <RandomTree>) <nf> ) | <REPTree> ) <md> |

<StocGradDescent> <r> | <MultiLayerPerc>

<META3> ::= <Bagging> | <RandomSubspace>

<Bagging> ::= (<bsp> | 100 coob) <ni_ada_and_bagging> #coob=`calculate out-of-bag'

#when coob is true, bag percent size must be 100

<bsp> ::= RANDOM-INT(10, 100) #bsp=`bag size percent'

<RandomSubspace> ::= <sss> <ni_random_methods>

<sss> ::= RANDOM-REAL(0.1, 1.0) #sss=`subspace size'

Figure 4: Defined Grammar – Part 4: SLC Meta-Algorithms.

meta-algorithms. In MEKA, some MLC algorithms work very well
at the multi-label base level of meta-algorithms, whereas others
do not. Thus, we had to create rules in the grammar to overcome
the limitations in the used software. The next paragraphs will re-
fer to the Figures 5 and 7 to explain these links and constraints
between problem transformation algorithms and multi-label meta-
algorithms.

We referred to the first production rule to define problem trans-
formation methods as <ALGS-PT1> in Figure 5. This rule encom-
passes the traditional algorithms BR, CC and LC (which is also
known as LP). Besides, it includes the quick versions of BR and
CC (i.e, BRq and CCq), all the complex classifier chains and trellis
algorithms (which are defined by the rule <ComplexCC_Trellis>),
Four-class pairWise (FW), Ranking and Threshold (RT), and all the
label powerset based algorithms (which are defined by the rule
<LP_based>). The production rule <ALGS-PT1> is presented in
the following rules in Figure 7: <META-MLC1> (via <ALGS-PT>),
<META-MLC2> and <META-MLC3>. This means that this cate-
gory of PT methods describes the majority of the MLC algorithms
in MEKA (84.21% of the cases, i.e., 16 of the 19 MLC algorithms)
and, in addition, all these algorithms can be combined with all
meta-algorithms in the MEKA software. Thus, <ALGS-PT1> can
be considered the least restrictive of the PT method rules in the
grammar.

<ALGS-PT2>, in Figure 5, is the production rule to describe solely
the Bayesian Classifier Chain (BCC) algorithm, one of the most
constrained algorithms in theMEKA software. The BCC algorithm
can only be executed in a standalone fashion or combined with
the algorithms described by the production rules <META-MLC1>
(via <ALGS-PT>) and <META-MLC3>. Thismeans that BCC can be

used with four (4) of the seven (7) meta-algorithms (in Figure 7):
Subset Mapper (SM), Random Subspace Multi-Label (RSML), Ex-
pectationMaximization (EM) and ClassificationMaximization (CM).
In other cases of trying to use BCC, this will result in errors in
MEKA’s output and, therefore, this was not allowed in the gram-
mar.

Similarly to <ALGS-PT2>, we have <ALGS-PT3>, a problem trans-
formation rule that represents the Population of Monte-Carlo Clas-
sifier Chains (PMCC) algorithm. This algorithm can only be used
by itself and at the multi-label base level of five (5) of the seven
(7) meta-algorithms: Subset Mapper (SM), Random SubspaceMulti-
Label (RSML), Bagging of Multi-Label methods (BaggingML), Bag-
ging ofMulti-LabelmethodswithDuplicates (BaggingMLDup) and
Ensemble of Multi-Label methods (EnsembleML). These five multi-
labelmeta-algorithms are defined by the production rules <META-MLC1>
and <META-MLC2>. Therefore, the creation of <ALGS-PT2> is jus-
tified by the fact that PMCC algorithm can only be combined with
these meta-algorithms, i.e., a constraint that did not appear in the
other rules of the grammar.

Besides the problem transformation methods, we also have a
multi-label version of the back propagation algorithm for train-
ing neural networks, called ML-BPNN. This algorithm can be seen
in the Figure 6 and is the only one (for now) representing the al-
gorithm adaptation (AA) methods, defined by the production rule
<MLC-AA>. ML-BPNN can also be associated to meta-algorithms.
As we can see in Figure 7, this MLC algorithm can be linked to the
meta-algorithms defined by the production rules <META-MLC1>,
<META-MLC2> and <META-MLC3>.

Finally, Figure 7 covers all themulti-labelmeta-algorithms, which
are defined by the production rule <META-MLC-LEVEL>. As we



<ALGS-PT> ::= <ALGS-PT1> | <ALGS-PT2> | <ALGS-PT3>

<ALGS-PT1> ::= BR | CC | LC | (BRq | CCq) <dsr> | #BR=`Binary Relevance', CC=`Classifier Chain'

<ComplexCC_Trellis> | FW | RT | <LP_based> #LC=`Label Combination'

#BRq and CCq = `quick versions for BR and CC'

#FW=`Four-class pairWise', RT=`Ranking-Threshold'

<ALGS-PT2> ::= BCC <dp_complete> #BCC=`Bayesian Classifier Chain'

<ALGS-PT3> ::= PMCC <B> <ts> <ii> <chi_PMCC> <ps> <pof> #PMCC=`Population of Monte-Carlo Classifier Chains'

<dsr> ::= RANDOM-REAL(0.2, 0.8) #dsr=`down-sample ratio'

<ComplexCC_Trellis> ::= PCC | (MCC <chi_MCC> | <CT>) <ii> <pof> |

(CDN | <CDT>) <i_cdn_cdt> <ci> #PCC=`Probabilistic Classifier Chains'

#MCC=`Monte-Carlo Classifier Chains'

#CT=`Classication Trellis'

#CDN=`Conditional Dependency Networks'

#CDT=`Conditional Dependency Trellis'

<chi_MCC>::= <chi_CT> | 0 #chi_MCC=`nmber of chain iterations for MCC'

<ii> ::= RANDOM-INT(2, 100) #ii=`number of inference interations'

<pof> ::= Accuracy | Jaccard index | Hamming score | Exact match | Jaccard distance | Rank loss |

Hamming loss | Zero One loss | Harmonic score | Log Loss lim:L | Micro Recall | One error |

Log Loss lim:D | Micro Precision | Macro Precision | Macro Recall | F1 micro averaged |

Avg precision | F1 macro averaged by example | F1 macro averaged by label | AUPRC macro averaged |

AUROC macro averaged | Levenshtein distance

#pof=`Payoff function'

<CT> ::= <chi_CT> <w> <dp>

<dp> ::= C | I | Ib | Ibf | H | Hbf | X | F | None #dp=`dependency type'

<chi_CT> ::= RANDOM-INT(2, 1500) #chi_CT=`number of chain iterations for CT'

<w> ::= 0 1 | -1 <d> #w=`width of the trellis'

<d> ::= RANDOM-INT(1, SQRT(L) +1) #d=`neighborhood density'

#Where L is the number of labels

<CDT> ::= <w> <dp> #parameters defined earlier

<i_cdn_cdt> ::= RANDOM-INT(101, 1000) #i_cdn_cdt=`total number of iterations'

<ci> ::= RANDOM-INT(1, 100) #ci=`collection iterations'

<LP_based> ::= (PS | PSt | <RAkEL-based> ) <sv> <pv> #PS=`Pruned Sets'

#PSt=`Pruned Sets with Threshold'

<sv> ::= RANDOM-INT(0, 5) #sv=`subsampling value'

<pv> ::= RANDOM-INT(1, 5) #pv=`pruning value'

<RAkEL-based> ::= (RAkEL <sre> | RAkELd) <les> #RAkEL=`RAndom k-labEL Pruned Sets'

#RAkELd=`RAndom k-labEL Disjoint Pruned Sets'

<sre> ::= RANDOM-INT(2, min(2L, 100) ) #sre=`number of subsets to run in an ensemble'

<les> ::= RANDOM-INT(1, L/2) #les=`number of labels in each label subset'

#Where L is the number of labels

<dp_complete> ::= <dp> | LEAD #dp=`complete dependency type for BCC'

<B> ::= RANDOM-REAL(0.01, 0.99) #B=`Beta factor for deacreasing the temperature'

<ts> ::= 0 | 1 #ts=`Temperature switch'

<ps> ::= RANDOM-INT(1, 50) #ps=`population size'

<chi_PMCC> ::= RANDOM-INT(51, 1500) #chi_PMCC=`number of chain iterations for PMCC'

Figure 5: Defined Grammar – Part 5: MLC Problem Transformation Methods.

<MLC-AA> ::= <ML-BPNN>

<ML-BPNN> ::= <ne> <nhu_bpnn> <lr_bpnn> <m_bpnn> #ML-BPNN=`Multi-Label Back Propagation

# Neural Network'

<ne> ::= RANDOM-INT(10, 1000) #ne=`number of epochs'

<nhu_bpnn> ::= RANDOM-REAL(0.2, 1.0) * n_attributes #nhu_bpnn=`number of hidden units, that

#is a parameter that dependes on the

#number of attributes of the dataset'

<lr_bpnn> ::= RANDOM-REAL(0.001, 0.1) #lr_bpnn=`learning rate for BPNN/DBPNN'

<m_bpnn> ::= RANDOM-REAL(0.2, 0.8) #m_bpnn=`momentum for BPNN and DBPNN'

Figure 6: Defined Grammar – Part 6: MLC Algorithm Adaptation Methods.



explained previously, we created the production rules <META-MLC1>,
<META-MLC2> and <META-MLC3> in order to expand these five
rules into <META-MLC-LEVEL> to control the limitations, con-
straints and dependencies of the MEKA software between meta-
algorithms andmulti-label algorithms (problem transformation and
algorithm adaptation methods).
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#META-MLC 1-3=`meta MLC algorithms

# with different constraints'
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Figure 7: Defined Grammar – Part 7: MLC Meta-Algorithms.
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