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Abstract

Recently different metrics have been created for characterizing multi-label datasets, but these measures are scat-
tered throughout the scientific literature. When someone wants to characterize a dataset, it is slightly difficult to
analyze the behavior of such data without having these metrics grouped. The main goal of this paper is to obtain
a tool able of group the major amount possible of measures for characterizing a multi-label dataset, developing a
visual application to provide different results to final users. On the other hand, we ensure portability to others ap-
plications like MEKA and we take advantage of the features offered in MULAN library. The features incorporated
indicate the applicability and usefulness of all these measures for characterizing multi-label datasets.
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1. Introduction

Classification task is one of the most studied issues
in machine learning and data mining [1, 15, 34]. Many
classification problems referred in the literature deal
to single label problems, where each instance can be
associated with one class and also a classifier learns
to associate each new test example with one of these
known classes. In the traditional task of single label a
dataset can be represented as:

No Attributes Class
1 χi1, χi2, ..., χin λ1

2 χ j1, χ j2, ..., χ jn λ2

3 χk1, χk2, ..., χkn λ3

Table 1: Single label dataset

When λi takes binary values (|λi| = 2). The lear-
ning problem is called binary classification problem.
Nevertheless, if |λi| > 2 the approach is named multi-
class classification problem.

However, in the real world, several objects may be-
long to multiple concepts simultaneously. For exam-
ple, a text document can be classified in more of one
categories, if it is viewed from different aspects. For
example, a chess player article can be tagged as sport
or celebrity, being this person very famous. A good
example in Microbiology is a single gene that can be
related with more of one protein. In Medicine domain

the patients symptoms may be linked to multiple ail-
ments. This approach is named multi-label problem
classification [33] and can be summarized by the fo-
llowing table.

No Attributes Labels
λ1 λ2 λ3

1 χi1, χi2, ..., χin 1 0 1
2 χ j1, χ j2, ..., χ jn 0 1 0
3 χk1, χk2, ..., χkn 1 0 0

Table 2: Multi-label dataset

Where in the table 2 the examples are associated
with a set of label.

Different classification algorithms have been pro-
posed in recent years. A group of these belongs to
multi-label classification (MLC) [33, 17, 35]. Some-
times they are not effective because their data present
a high level imbalance [19]. The process of learning
from imbalanced datasets has been deeply studying in
these cases. It represents one of the features to take
into account when we want to characterize a certain
multi-label dataset. Class imbalance constitutes one of
the problem that has received most attention in this
kind of research areas [13]. The principal reason is
the difference between classes. In this work we use
two kind of approaches about imbalance ratio. The
first one IR per label inter class is known by [5, 11].
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This measure computes the disproportion between all
labels from dataset, concerning the most frequent la-
bel. The another imbalance ratio approach is IR per
label intra class, giving an idea about how balanced
are classes from each label [30].

Nowadays, there are different metrics, statistical va-
lues and parameters that can characterize a certain da-
taset. However, it is difficult to find a software with
this features. Therefore, our purpose is to present a vi-
sual application able to provide the major amount of
information as well as possible. We also want to des-
cribe the features most important and to show some
experiment results developed for the tool.

The content of this paper can be summarized as fo-
llows. In the next section, we present the first appli-
cation view where it provides a set of collected me-
trics, trying to characterize the features of a certain
multi-label dataset. After that, section 3 aims to pre-
sent the visual elements for characterizing imbalanced
data. Section 4 is oriented about the relationship and
dependencies between labels. Section 5 deals about a
group of techniques for partitioning the collection. So-
me experimental results will be presented selecting a
group of 10 multi-label datasets in the section 6. Fi-
nally, conclusions will be remarked in section 7.

2. Characterizing Datasets from Metrics

In this section we present the first application view
named Dataset, where you can load a single multi-
label dataset and classify it, using a set of metrics.But

first, we will define a basic notation that allows to pro-
vide a best understanding at the rest of the paper.

For a formal description, a maximum set of labels
is defined like L = λ1, λ2, ..., λq, where it is associated
to an instance. T = t1, t2, ..., tn is a set of nominal
attributes or numeric attributes, S is the multi-label
dataset, that will be structured by elements pairwise
{(T1, l1), (T2, l2), . . . (Tm, lm)}, 1 ≤ i ≤ m , being Ti

vector of characteristics associated to the ith instance
and li ⊆ L, subset of labels associated to such instan-
ce. |S | would be the amount of instances or patterns
presented in the collection and |T | the total number of
attributes. The number of labels would be |L|, where
the positive or relevant labelset of a certain instance
is Lp, and their amount |Lp|. On the other hand, the
negative or not relevant labelset would be Ln, and
their amount |Ln|. Finally, the set of nominal attributes
would be T n, the set of numeric attributes T n̂ and T b

the set of binary attributes.

The figure 1 has three main components:

• Current dataset.

• Metric.

• Label frequency.

The current dataset shows a little group of the pre-
calculated metrics in [12]. This part focus on a simple
characterization by giving an idea about the main fea-
tures in a certain dataset (eg. the amount of labels and
instances).

Figure 1: Dataset tab
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The second one (Metric), groups an extended list
with more than 40 kind of metrics, that can be used
as convenient as possible. It is possible to export the
results in several formats (.csv, .txt and .rff) with the
option "Save". Also, we add the possibility of con-
vert the data in two format "Save dataset as...", that
has had an important development in this area (ME-
KA and MULAN), trying to obtain a major portability
and robustness.

Finally, the Label frequency deals with how the la-
bels are related between them, taking into account the
occurrences that have each one in the dataset. The fre-
quency is defined as:

Freq(λi) =
|`:λi∈`|
|S |

Moreover, it can get new information about what
is the label more frequency, or if most labels keep a
balanced distribution respect to the other.

3. Imbalanced data

As we said previously, class imbalanced is one of
the most issues studied in different areas such as Ma-
chine learning, Data Mining and Knowledge Disco-
very [27]. A dataset is said to be imbalanced if one
of their classes is represented by a large number of
examples while the other is represented by only a few
[16, 18]. This issue is also named the class imbalance
problem. Therefore, terms like Majority class and Mi-
nority class take an special importance for identifying
which are the classes most affected [13].

There exist a large number of domains that have
been affected by the class imbalance problem, causing
a significant bottleneck in the performance attainable
by standard learning methods. For example, it can vie-
wed in applications as the detection of oil spills in sa-
tellite radar images [23], or the detection of fraudulent
telephone calls [10].

In this section, we introduce several way to know
how much of imbalance level can present the data
in multi-label datasets. In this context the measure-
ment of the imbalance level is obtained as the ratio of
the number of instances of the majority class and the
number associated to the minority class, being known
as imbalance ratio (IR) [19]. However, from this ap-
proach it is can find two types of metrics mentioned
previously. IR per label inter class defined as:

IRinterclass(Li) =
|Lp

k |

|Lp
i |

Where |Lp
k | is the amount of relevant examples of the

most frequent label, and |Lp
i | is the amount of relevant

examples of the current label. Therefore, this measure

give us an idea about how distributed are the labels
respect to the rest, taking as reference the label most
frequent.

The figure 2 can appreciate an example throughout
the Scene dataset downloaded from [36]:

Figure 2: Scene - Label distribution of IR per label inter class

For a total of 6 labels, this set not present much im-
balanced level, taking into account that when a value
exceeds 1.5 then his imbalanced level is high. For get
more details, the following table shows the IR values
inter class of each label.

Label IR inter class
Sunset 1.4642

FallFoliage 1.3425
Beach 1.2482
Urban 1.2366
Field 1.2309

Mountain 1.000

Table 3: Scene - IR per label inter class

In this example, Mountain label is the most frequent
label. For more detail, table 3 is generated in the ap-
plication located in the left panel called Label per IR
values inter class . This measure seems to be fine, but
lets we check the other metric called IR per label intra
class, where is defined as:

IRintraclass(Li) =
Max(Li)
Min(Li)

This measure takes into account the level imba-
lance of each label individually. Where the majority
class {Max(Li) = (|Lp

i |, |L
n
i |)} and the minority class
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{Min(Li) = (|Lp
i |, |L

n
i |)} , being |Lp

i | the amount of re-
levant examples and |Ln

i | the amount of non relevant
examples of the current label.

The following figure shows the distribution of IR
values intra class using the Scene dataset.

Figure 3: Scene - Label distribution of IR per label intra class

In regards to the figure 2, the distribution takes a sa-
me form in comparisons to the figure 3. But, the diffe-
rence is that all their values intra class are imbalanced.

Figure 4: Scene - IR values intra class

The figure 4 confirms the above statement, taking
into account that IR can not exceed the 1.5 value. This
tell us that the positive examples from each class are
not equilibrated respect to the negative examples in the
collection.

Another interesting approach for measuring a new
kind of imbalance level is the IR per labelset, where
it computes the ratio between the amount of the most
frequent labelset and the amount of the current label-
set. An example of this is showed in the next figure.

Figure 5: Scene - IR values per labelset

While the IR value of a certain labelset is higher,
then there will be less occurrences in the dataset. Al-
so, We can find a group of information about each la-
belset. If it is clicked in one of them of the figure 5,
then it can know the frequency, occurrences and name
of each label that is included in the labelset. As well
as the labelset id and the number of labels related. The
figure 6 is a sample of this:

Figure 6: Scene - aditional information, IR per labelset

On the other hand, It has been provided a group of
evaluation forms that can contribute to get more details
about the complexity of a certain dataset. An example
of this could be to check into their set of attributes or
to research how is the relationship between examples
and labels. One of the best known tools for measuring
the values distribution is the Box Diagram. Therefore,
it was incorporated an particular box diagram in the
application for knowing how is the behavior of each
attribute set. It is important to know if their values fo-
llow an equilibrated distribution, or if there exist atypi-
cal values into the distribution. Similarly, we included
the box diagram for analyzing deeply how is the rela-
tionship between labels/labelset and examples.
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Figure 7: Scene -Box Diagram of a certain attribute

The figure 7 represents a box diagram of Scene
dataset for measuring a selected attribute set. To start
with, it seems that the distribution for the Att29 does
not show atypical values, because all of them are
between the lower limit (Li) and the upper limit (Ls).
Nonetheless, the median does not appear in the box
center, so that the distribution is not symmetrical.

The relative frequency is one of the alternatives cho-
sen if it is desirable to know about labels and label-
set distribution. From this measures, it can be obtai-
ned how many times a certain label or labelset ap-
pears into the collection. As well as, the possibility
of establish comparison between themselves, and of-
fer new parameters that can be useful. The following
table shows the appearance number and his proportion
that has each label in the dataset.

Label # Examples Frequency
Mountain 533 0.2214

Field 433 0.1798
Urban 431 0.1790
Beach 427 0.1773

FallFoliage 397 0.1649
Sunset 364 0.1512

Table 4: Scene - Frequency per label

From this statistical values can be created a new
graphic view called # Examples per Label defined in
the following figure.

Figure 8: Scene - Examples per label

Taking into consideration how labels are related in
the figure 8 then, it can be possible to make the same
approach using labelsets, like is showed in the figure
9.

Figure 9: Scene - Examples per labelset

In the case of labelsets, the graphic distribution
shows an important variety between them. This
distribution has more probability to be unbalanced
than the figure 8. However, there exist some datasets
like Enron that have an equilibrium in their labelsets.

At last, there is another approach that it can make
possible to analyze a new kind of relationship between
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examples and labels. The following view shows a dif-
ferent method for obtaining more information about
how many examples belong to a certain number of la-
bels.

Figure 10: Scene - # labels per example

The graphic distribution regarding Scene dataset
viewed in figure 10 confirms that it contains more of
than 90 % of examples for one label. And less of 10 %
have for two labels. However, if it is want to know with
more details how many examples are related, then the
following table provides a proper case:

# Label # Examples Frequency
1 2230 0.9264
2 176 0.0731
3 1 4.1545-E4

Table 5: Scene - # labels per example

Different kind of information can be extracted from
the table 5 and the figure 10. One of them, is that the
Scene dataset does not present more of three labels in
theirs instances. Besides, only one instance have three
labels. Therefore, their distribution are not balanced.
All these approaches mentioned bring as benefit the
complex knowledge about how can be analyzed imba-
lanced data for multi-label datasets.

4. Dependence between labels

In all multi-label problem relations and dependen-
cies between labels always are present [24, 20]. The-
refore, it is one of the features to take into account
for analyzing the behavior of a certain dataset. A label

pairwise is defined as (λi, λ j), where his probability is
known by P(λi ∧ λ j). Thanks to this, it can be found
out what are the label pairwise best o worst related
in the collection. As well as, the possibility to create
a co-occurrence graph for displaying the fortress type
that can have nodes and edges. In the case of nodes,
the thickness is used for indicating the frequency of
each label. The edges are employed for showing the
occurrences probability from some pairwise (λi, λ j).

Figure 11: Scene - co-occurrence graph

The figure 11 shows an example using the Scene
dataset. It is confirms that Mountain is the most fre-
quent label. Furthermore, their labels pairwise present
lower level values, because their edges thickness are
very weak. Another interesting issue is that Sunset la-
bel does not have any relation with the rest. if it is
want to know how weakness are labels pairwise, the
following table specify values extracted from the Co-
occurrence values tab in the application.

λi λ j P(λi ∧ λ j)
Field Mountain 0.031
Beach Mountain 0.015

Fallfoliage Field 0.009
Beach Urban 0.007

Mountain Fallfoliage 0.005
Urban Field 0.002
Field Beach 4.154E-4
Urban Mountain 4.154E-4

Table 6: Scene - co-occurrence values

As can be appreciated, the table 6 ensures the
lower values of each label pairwise displayed in the
figure 11. Notice that the tuples Field - Beach and
Urban - Mountain present a 0.0000454 of probability
confirming the lower values for this dataset.
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There is another resource commonly (Heatmap)
used for measuring dependencies between label, whe-
re the conditional probability P(λi|λ j) takes a key role
[28]. This probability is computed as:

P(λi|λ j) =
P(λi∧λ j)

P(λ j)

where P(λ j) is the prior probability. Therefore,
Heatmap uses a matrix M of LxL where Mi j =

P(λi|λ j).

Figure 12: Enron - Heatmap

Each pixel means that have two labels related, whe-
re the lighter colors represent a high level of depen-
dence between them. The figure 12 shows a sample
using the Enron dataset, where it provides a matrix
of 53x53 labels. This kind of view does not offer a
particular information of each label. Therefore, it was
added an additional toolbox for showing a group of
statistical values related between the pairwise labels.
If it is clicked in the pixel selected then, it will appear
the following figure.

Figure 13: Enron - Heatmap output values

As it can be appreciated in the figure 13, there are
several values that can increase the information level
about two labels related. The conditional probability
and the relative frequency are one of the most impor-
tant values to take into account. Besides, it is impor-
tant to include more details about each label (number

of examples, frequency) with the purpose of to offer
the best way as possible for characterizing these featu-
res. Also in the graphic application was added a heat-
map table where it can be analyzed with more detail
the behavior of each label pairwise computed.

Figure 14: Enron - Heatmap table

The figure 14 shows the conditional proba-
bility from each label pairwise. Note that, the
P(A|B) , P(B|A).

At last, it was included the Chi and Phi coefficient
table for measuring the dependence level between la-
bels [6, 14]. The Chi square test provides an effective
way for knowing how dependent are between themsel-
ves. Considering as threshold 6.635 for a significance
level of 0.01. Therefore, if the computed value from
each label pairwise is greater than the critical value,
then the Chi square test reject the null hypothesis and
the labels are dependent.

Figure 15: Genbase - Chi & Phi coefficients

The lower triangular diagonal of the figure 14 shows
the Chi coefficient values computed for the Genbase
dataset. Considering that for each value returned for
Chi corresponds a Phi value in the upper triangular
diagonal. This measure is proportional between them-
selves and if one of them is defined as dependent, then
the other one will be it. Therefore, it can be useful for
getting more information about the relation and depen-
dence between labels pairwise.
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5. Train & Test dataset

In addition to analyze the behavior of a particular
dataset, it was incorporated a group of techniques for
partitioning the collection splitting between two sub-
sets, train and test. The first one is used for the lear-
ning hypothesis, while the second one is employed to
compute the hypothesis sample error built with trai-
ning data. This feature is commonly used in multi-
label classification problems. The figure 16 shows an
example about this part.

Holdout method splits the dataset giving to the train
set the 70 % of instances by default. However, if the
user desires, he can establish his own quantity. While
the test set would have the another little amount of ins-
tances. From this method was included two modality:

• Random holdout, it chooses the instances ran-
domly.

• Stratified holdout, it uses an algorithm of strati-
fied sampling.

Stratified sampling takes into account the existen-
ce of disjoint groups within of a population, trying to
obtain a determined equilibrium between both subsets
[29]. In task of single label, groups only must be chec-
ked the output value of the destiny variable. Howe-
ver, in task of multi-label learning where there exist
different destiny variables, it is not clear how can be
stratified this kind of sampling. Therefore, it is more
complex to distribute the amount of instances and la-
bel combination between this groups [34]. One of is-
sues most important is to guarantee that in the test set,

it can be presented the widest variety of label combi-
nation as possible.

Cross validation(CV) is one of partition techniques
that was included too. It is a widespread technique
from holdout method, where it reduces the result de-
pendent. CV try to split the dataset into k disjoin sub-
sets of the same size, assigning k-1 subset to the trai-
ning set and the rest to test set. From this way, this
process is repeated k times using a different subset for
the test set. The final result collects the means of each
experiment generated from k subsets [31, 8].

How it was happened with Holdout method pre-
viously, it was applied two options for cross valida-
tion:

• Random CV

• Stratified CV

The Random CV uses random values, while Stra-
tified CV takes into account the instances distribution
and the label combination to split into the number of
folds specified by the user. Furthermore, it was inclu-
ded an option for saving the partitioned data called Sa-
ve datasets, where it brings to the user a better comfort
to deal with these types of data.

At last, it was added an option for loading external
test set called: Supplied test set.

In the right side of the figure 16, it was decided to
split in two groups boxes the metric list named Com-
mon metrics for train/test and NOT Common metrics
for train/test. Basically, there are some metrics that
will return the same result in both subsets.

Figure 16: Train/test dataset tab
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6. Experimental results

Finally, it was included the possibility of establish
several comparisons between datasets. Therefore, it
was added a new view for loading multiple collections.
The figure 17 presents an example about how is repre-
sented. The Save button brings different options for
exporting the experimental results. One of them is the
arff format, where it takes advantage of the MULAN
features and it offers portability to some application
like MEKA [25]. As well as, it provides the alternati-
ve of export to excel format throughout .csv and .xls.
Also, it was incorporated the graphic distribution # la-
bel per example mentioned in the section 3, with the
purpose of comparing all datasets selected.

Otherwise, different comparisons was made th-
rough 10 datasets downloaded from [12], obtaining
some experimental results. These datasets present dis-
tinct features regarding their data distribution, instan-
ces and number of labels. Therefore, each dataset will
be described for a better understanding.

Emotion: It contains information about pieces of
music, characterized for the emotions that produ-
ce each musical rhythm. This pieces was tagged
depending of effect of the listener [32].

Yeast: Their data describe information about ge-
nes and protein. Each gen is classified into 14
possible groups depending on the metabolic fun-
ction exerted in the generated proteins [9].

Scene: This dataset include a set of pattern about
pictures and landscape, categorizing them into
semantic classes such as beach, sunset, fall Fo-
liage, field, mountain or urban [3].

Medical: It was developed for the 2007 Interna-
tional Challenge: Classifying Clinical Free Text
Using Natural Language Processing, where its
purpose is to categorize medic texts per ailments
[26].

Genbase: This kind of collection contains infor-
mation about of 10 most important proteins fa-
milies, tagged into 27 classes. During the prepro-
cessing, it was selected 662 proteins for creating
a multi-label classification problem [7].

Birds: It is related with birds vocalization. It
constitutes an audio classification problem con-
taining 19 species [4].

Enron: Also named as Enron mail dataset, co-
llects information about emails, was created by
the University of Berkeley. Its principal purpose
is to analyze the spam detection and email topic
classification [22].

CAL500: Is called as the Computer Audition
Lab 500 describing 500 Western popular music
tracks. This set has 174 labels tagging different
features as kind of vocals, genres, instruments,
usages, and emotions provoked by a certain song
[37].

Figure 17: Multiple datasets tab
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Dataset Domain Instances Attr Nominal Attr Numeric Labels Cardinality Density DL
Emotions music 593 0 72 6 1.868 0.311 27
Yeast biology 2417 0 103 14 4.237 0.302 198
Scene image 2407 0 294 6 1.073 0.178 15
Medical text 978 1449 0 45 1.245 0.027 94
Genbase biology 662 1186 0 27 1.252 0.046 32
Birds audio 322 2 258 19 1.059 0.055 89
Enron text 1702 1001 0 53 3.378 0.063 753
CAL500 music 502 0 68 174 26.043 0.149 502
Bibtex text 7395 1836 0 159 2.401 0.015 2856
Corel16k001 images 13766 500 0 153 2.858 0.018 4803

Table 7: Dataset statistics

Bibtex: this dataset is related with text catego-
rization where it contains information tagged by
users found in the Web 2.0 applications such as
blogs and wikis. It presents 159 classes for clas-
sifying through 7395 examples [21].

Corel16k: Is a image datasets used in the pro-
ject Object Recognition as Machine Translation,
where each segment is represented by 36 charac-
teristics. It is one of the most larger regarding ins-
tances (13811) [2].

Metrics Datasets
Emotions Yeast Scene Medical Genbase Birds Enron CAL500 Bibtex Corel16k001

Ave abs correlation between num attr 0.094 -0.002 0.092 NaN NaN 0.114 NaN 0.147 NaN NaN
Average examples per labelset 21.962 12.207 160.466 10.404 20.687 3.617 2.260 1.0 2.589 2.866
Average gain ratio 0.052 0.005 0.039 5.2E-4 7.6E-4 0.006 0.004 7.2E-4 4.2E-4 1.6E-4
Ave of unc dep lp by chi-square test 78.668 194.079 93.318 28.593 86.639 15.246 37.753 26.796 136.711 187.675
Bound 64.0 16384.0 64.0 3.5E13 1.3E8 524288.0 9.0E15 2.3E52 7.3E47 1.1E46
Cardinality 1.868 4.237 1.073 1.245 1.252 1.059 3.378 26.043 2.401 2.858
Density 0.311 0.302 0.178 0.027 0.046 0.055 0.063 0.149 0.015 0.018
Distinct Labelset 27.0 198.0 15.0 94.0 32.0 89.0 753.0 502.0 2856.0 4803.0
Diversity 0.421 0.012 0.234 2.671 2.3E-7 1.6E-4 8.359 2.096 3.908 4.206
Instances 593.0 2417.0 2407.0 978.0 662.0 322.0 1702.0 502.0 7395.0 13766.0
Labels x instances x features 256176.0 3485314.0 4245948.0 6.3E7 2.1E7 1590680.0 9.0E7 5939664.0 2.1E9 1.0E9
Maximal entropy of labels 0.991 0.985 0.762 0.844 0.824 0.719 0.999 0.999 0.586 0.778
Mean of entropy of nominal attr NaN NaN NaN 0.055 0.012 0.989 0.390 NaN 0.184 0.120
Mean of mean of num attr 2.788 6.175E-5 0.308 NaN NaN 18.749 NaN -0.513 NaN NaN
Mean of stdev of num attr 0.965 0.098 0.181 NaN NaN 48.316 NaN 0.342 NaN NaN
Minimal entropy of labels 0.810 0.106 0.612 0.011 0.016 0.096 0.007 0.080 0.059 0.019
Number of labelsets up to 2 Examples 5.0 101.0 3.0 60.0 11.0 74.0 655.0 502.0 2470.0 3839.0
Number of labelsets up to 5 Examples 10.0 133.0 3.0 68.0 18.0 81.0 707.0 502.0 2656.0 4372.0
Number of labelsets up to 10 Examples 13.0 156.0 4.0 73.0 19.0 87.0 735.0 502.0 2737.0 4610.0
Number of labelsets up to 50 Examples 23.0 186.0 8.0 89.0 27.0 88.0 750.0 502.0 2848.0 4782.0
Number of nominal attributes 0.0 0.0 0.0 1449.0 1186.0 2.0 1001.0 0.0 1836.0 500.0
Number of binary attributes 0.0 0.0 0.0 1449.0 1185.0 1.0 1001.0 0.0 1836.0 500.0
Number of unc dep lp by chi-square test 14.0 61.0 14.0 39.0 55.0 16.0 194.0 2884.0 1397.0 1646.0
Proportion of Distinct Labelset 0.045 0.081 0.006 0.096 0.048 0.276 0.442 1.0 0.386 0.348
Proportion of binary attributes 0.0 0.0 0.0 1.0 0.999 0.003 1.0 0.0 1.0 1.0
Proportion of nominal attributes 0.0 0.0 0.0 1.0 1.0 0.007 1.0 0.0 1.0 1.0
Ra of labelset with num of ex <half of attr 0.740 0.939 0.6 1.0 1.0 0.988 1.0 1.0 1.0 0.999
Ra of num of instances to the num of attr 8.236 23.466 8.187 0.674 0.558 1.238 1.700 7.382 4.027 27.532
Ratio of number of labelsets up to 2 Ex 0.185 0.510 0.2 0.638 0.343 0.831 0.869 1.0 0.864 0.799
Ratio of number of labelsets up to 5 Ex 0.370 0.671 0.2 0.723 0.5625 0.910 0.938 1.0 0.929 0.910
Ratio of number of labelsets up to 10 Ex 0.481 0.787 0.266 0.776 0.593 0.977 0.976 1.0 0.958 0.959
Ratio of number of labelsets up to 50 Ex 0.851 0.939 0.533 0.946 0.843 0.988 0.996 1.0 0.997 0.995
Ratio of unc dep lp by chi-square test 0.933 0.670 0.933 0.039 0.156 0.093 0.140 0.191 0.111 0.141
Stdev of the label cardinality 0.672 1.570 0.263 0.462 0.694 1.222 1.534 5.748 1.691 0.903

Table 8: Comparison of metrics per dataset

Abbreviation of some metrics

Prop: Proportion.
Num: Numeric.
Stdev: Standard Deviation.
Attr: Attribute(s).
Ave: Average.
Abs: Absolute.
Dif: Difference.

Dep: Dependent.
LP: Label pairs.
Ex: Example(s).
Unc: Unconditionally.
Cls: Class(es).
Ra: Ratio.
DL: Distinct Labelset.
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Metrics Datasets
Emotions Yeast Scene Medical Genbase Birds Enron CAL500 Bibtex Corel16k

CVIR inter class 0.179 1.883 0.122 1.147 1.449 0.750 1.959 1.087 0.405 0.808
Kurtosis cardinality -0.802 0.150 9.410 1.580 14.597 0.648 1.061 0.397 13.383 -0.677
Mean stdev IR label intra class 111.834 648.143 772.666 461.933 300.296 143.052 745.0 182.252 3585.789 6625.790
Mean of IR per label intra class 2.320 8.954 4.662 328.068 143.457 29.705 136.867 22.344 87.699 147.321
Mean of IR per label inter class 1.478 7.196 1.253 89.501 37.314 6.102 73.952 20.577 12.498 34.155
Mean of IR per labelset 20.522 123.305 91.680 82.488 70.218 108.325 137.274 1.0 396.664 193.482
Mean of skewness of num attr 0.999 0.345 1.689 NaN NaN 6.211 NaN 0.989 NaN NaN
Mean of kurtosis of num attr 4.940 1.399 8.186 NaN NaN 61.873 NaN 8.253 NaN NaN
Prop of num attr with outliers 0.430 0.300 0.578 NaN NaN 0.980 NaN 0.823 NaN NaN
PMax 0.136 0.098 0.168 0.158 0.256 0.444 0.095 0.001 0.063 0.018
PUniq 0.006 0.031 0.001 0.033 0.015 0.170 0.336 1.0 0.297 0.226
Skewness cardinality 4.533 0.825 4.062 2.510 0.927 0.714 0.652 0.101 0.296 NaN
Stdev of examples per labelset 24.731 31.342 174.195 22.893 34.116 15.017 7.782 0.0 10.688 7.988

Table 9: Metrics for imbalanced classes

As can be viewed, all these tables show several in-
formation of each dataset. Table 7 provides the princi-
pal features for describing a certain dataset taken from
[12]. On the other hand, table 8 compares the most
amount possible of metrics presented in the applica-
tion proposed. It can be taken from the view Multiple
datasets choosing all of them, or individually using the
view Dataset. Furthermore, into the imbalanced data
view, it appears the sub-tab Imbalanced data metrics
where was used for getting the results from the table
9.

7. Conclusions

In this paper we have presented an application as
new alternative for characterizing multi-label datasets.
We have collected the major of measures amount as
possible described throughout the scientific literature,
offering to the user better and comfort ways for resear-
ching in this area. Furthermore, we have prepared the
application for establishing comparison between mul-
tiple datasets helping to improve the researcher work.
As well as it was possible to collect more of 40 me-
trics that can be helpful for the experimental results.
Besides, we have incorporated a group of techniques
for partitioning this kind of collection, ensuring porta-
bility to others application like MEKA and extending
to known extensions like .xls, .csv and .arff.

Particulary, we have described some of the most
important features such as imbalance data proving
through substantial evaluations the high level of
imbalanced that any data can have presented. As
well as, it was important to measure how labels are
related, establishing different kind of dependence and
checking their relation-ship between themselves.
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