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Abstract. In Data Science, synthetic datasets allow comparing algorithms un-
der controlled conditions. In multi-label classification, current dataset gener-
ators ignore label associations, which is relevant in areas such as medicine to
represent comorbidities, for instance. This work proposes a generator that ex-
plicitly incorporates these associations. Each instance is created by two mech-
anisms: (i) label generation using conditional co-occurrence probabilities; (ii)
feature generation with normal distributions whose mean depends on the present
labels. Its differential is enabling algorithm analysis and comparison while si-
multaneously controlling label correlation and their separability in the feature
space.

1. Introduction

Multi-label classification (MLC) is a machine learning paradigm in which each instance
can be simultaneously associated with multiple labels, in contrast to traditional single-
label classification [Zhang and Zhou 2014]. This type of problem naturally arises in
several real-world applications, such as medicine, text categorization, image annotation,
bioinformatics, and recommender systems, where objects often exhibit multiple charac-
teristics or belong to multiple classes at the same time [Tsoumakas and Katakis 2007].

One of the main characteristics that distinguishes multi-label classification is the
presence of dependencies between labels. Unlike independent scenarios, labels in MLC
often exhibit complex correlations that may carry relevant information for the learning
process [Zhang and Zhou 2020]. Properly modeling these dependencies is a central chal-
lenge and is considered a critical factor for the performance of algorithms in this context.

Despite recent advances, the evaluation of multi-label classification methods still
faces important challenges, particularly related to the availability and quality of datasets.
In many cases, real-world datasets present limitations such as imbalance, noise, uncon-
trolled correlations, and lack of structural interpretability [Madjarov et al. 2012]. Further-
more, obtaining annotated data can be costly and, in some domains, impractical.

In this scenario, the use of synthetic data becomes a relevant alternative. The
generation of artificial datasets allows the creation of controlled environments in which
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specific data properties — such as distribution, separability, and label dependency —
can be explicitly manipulated [Tomas et al. 2014]. This is particularly useful for the ex-
perimental analysis of algorithms, enabling systematic investigation of model behavior
under different conditions. However, generating synthetic data for multi-label classifica-
tion introduces additional challenges compared to the traditional case, as it is necessary
to simultaneously control: (i) the probabilistic structure of the labels, including their de-
pendencies, and (ii) the geometric structure of the features given the labels, which defines
how the data are distributed in the feature space.

Existing approaches often address only one of these aspects. In particular, many
methods either assume independence between labels or do not explicitly model their de-
pendencies, despite the fact that label co-occurrence plays a central role in multi-label
problems. While some approaches focus on the geometric generation of instances in
the feature space [Tomads et al. 2014], others rely on general-purpose machine learning
tools such as scikit-learn [Pedregosa et al. 2011], while some focus on resampling and
balancing techniques, without providing explicit control over label dependency structures
[Charte et al. 2015]. As a consequence, there is a gap in the literature for approaches that
integrate both probabilistic dependencies between labels and the geometric structure of
the feature space in a unified and interpretable manner.

To address this limitation, this work proposes a synthetic dataset generator for
multi-label classification that combines: (i) an explicit probabilistic model to control la-
bel dependencies, and (i1) a geometric model based on theoretical centroids to control
the distribution of features in the feature space. Label generation is performed using pa-
rameterized conditional distributions, allowing explicit definition of relationships such as
P(Ly | Ly), where L; and L, are two labels to be present in the dataset. Feature gener-
ation, in turn, is based on sampling theoretical centroids in a vector space, with distance
constraints that control class separability and data dispersion.

This approach enables the construction of datasets with interpretable and control-
lable properties, providing a suitable environment for experimental analysis and validation
of multi-label classification methods.

2. Methods

The proposed model for synthetic data generation was designed to explicitly control both
the probabilistic properties of the labels and the geometric structure of the features. To
achieve this, the generation process is organized into two main stages: (i) label generation
and (i1) feature generation conditioned on the labels. For simplicity, this work considers
two binary labels, denoted by L, and L., where each label can take the value 1 (presence)
or O (absence).

In the first stage, labels are assigned to each instance based on prior probabilities
and conditional dependencies. In the second stage, feature vectors are generated in the
feature space under four multivariate normal distributions defined by the presence/absence
of labels, ensuring consistency with the assigned labels.

2.1. Label Generation

The label generation process follows a probabilistic approach that allows explicit model-
ing of dependencies between labels.
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The label L is sampled from a Bernoulli distribution with user-defined probability
P(L; = 1). After sampling L, the label L, is generated conditionally on the value of L;.
Two conditional probabilities are specified as model parameters:

P(L2:1|L1:O) and P(L2:1|L1:1)

This formulation allows direct control over the relationship between labels. For
example, when P(Ly =1 | Ly = 1) > P(Ly = 1| L; = 0), the presence of L, increases
the probability of occurrence of Lo, characterizing a positive dependency between labels.
In this way, the model enables explicit control over label dependencies, allowing the con-
struction of multi-label classification scenarios with different levels of correlation.

2.2. Feature Generation

We consider that each feature vector x € R¥ follows a multivariate Normal distribution,
as follows. Initially, two vectors pq and po are generated in a k-dimensional space,
corresponding to the theoretical centroids of labels L, and L, respectively. These vectors
are sampled with a random direction and controlled magnitude, such that their distances
to the origin lie within a predefined interval (Equation 1), while the minimum distance
between them is also constrained (Equation 2). These constraints allow explicit control
over the positioning of the theoretical centroids for each label and the degree of separation
between them in the feature space (Figure 1).

dmin,origin S ||M"L|| S dmax,origina 1= ]-7 27 (1)
H/’l’l - /J'ZH > dpetween )

Based on these generated p vectors, a theoretical centroid C is defined for each
label combination L X Lo:

« C(0,0) = 0%;
° C(l’ 0) =M1,
* C(0,1) = pas
* C(L1) = (pa + p2)/2.

These points are referred to as theoretical centroids, as they represent the ideal
positions of the groups in the feature space.

The feature vector x; of each instance 7 is then generated from these theoretical
centroids by adding Gaussian noise:
xi=p+e, e~N(0,X),
where p is the center associated with the instance’s label combination and X is a user-
defined covariance matrix.

Figure 1 illustrates the conceptual model used for feature generation, highlighting
the main geometric elements and constraints imposed by the method. The origin of the
feature space is used as a central reference point, and the positions of the theoretical
centroids associated with the labels are restricted to an annular region defined by the
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distances dimin origin ANd dimax origin from the origin. This region represents the set of
valid positions for the theoretical centroids, ensuring control over their magnitude.

Within this region, the theoretical centroids p; and pe, associated with labels
Ly and Lo, are positioned in random and unbiased directions. Additionally, a constraint
on the distance between them, represented by dpeiween, directly controls the separability
between groups, with larger distances leading to greater separation in the feature space.

Around each centroid, data points are generated from normal distributions, re-
sulting in dispersion regions that represent intra-class variability and are controlled by
the noise introduced during instance generation. Furthermore, when multiple labels are
present in an instance, the corresponding generating center is defined as the mean of the
individual centroids, producing intermediate regions that reflect the combined influence
of the labels. Overall, this conceptual representation provides an intuitive understand-
ing of how the model parameters influence the geometry of the generated data, including
cluster positions, separation, and dispersion.
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Figure 1. Conceptual model of feature generation in two dimensions. Centroids
are placed within an annular region (dwin origins dmax origin), With separation
controlled by dpetween- PoOints are sampled around them, forming clusters.

2.3. Experimental Setup

To evaluate the behavior of the proposed model, controlled experiments were conducted
using different configurations of geometric parameters given a particular setup of the
probabilistic structure of the labels.

In all experiments, datasets containing 500 instances were generated, with 10 in-
dependent datasets created for each configuration. In Section 3, Figures 2, 3, and 4 corre-
spond to a representative example selected from these executions for each configuration.
The remaining datasets exhibited similar behavior, consistent with the proposed model.
This approach allows analyzing result variability and the stability of the generation pro-
cess.

The probabilistic parameters were kept constant across all experiments and de-
fined as follows:

e P(Ly=1)=0.3
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Additionally, to allow direct visualization in two-dimensional space, the experi-

ments used feature vectors x € R2. For simplicity, we set ¥ = I, which implies that the
features are uncorrelated and each has unit variance.

Three experimental configurations were considered, varying the geometric param-
eters:

Table 1. Experimental configurations

EXperlment dmin _origin dmax _origin dbetween

1 4 5 3
2 2 3 4
3 4 5 1

These configurations were designed to analyze the direct impact of geometric con-
straints on the data distribution, particularly regarding group separability and centroid po-
sitioning. The results were analyzed through visual inspection of the feature space, allow-
ing the evaluation of cluster behavior under different generation conditions. The empirical
centroids were also calculated to inspect their match to the theoretical centroids.

3. Results and Discussion

This section presents the results obtained in the synthetic dataset generation under the
experimental configurations described in Section 2.3, focusing on a qualitative analysis
of the data distribution in the feature space. For each experiment, the two-dimensional
features distributions and their labels are presented, allowing direct visualization of the
spatial organization of the data and the separation between groups associated with differ-
ent label combinations.

Figures 2, 3, and 4 illustrate the distribution of instances for different configura-
tions of the parameters duin origins Gmax origin> A1d dperween defined in Table 1. The analysis
focuses on the impact of these distances on group separability and centroid positioning.

3.1. Experiment 1

In Experiment 1, the theoretical centroids are positioned farther from the origin, according
to the interval [4,5]. This results in more dispersed clusters in the feature space. The
constraint dyerween = 3 €nsures a moderate separation between centroids associated with
labels L1 and L.

Visually, it can be observed that groups (10)! and (01) are distinguishable, while
group (11) appears in an intermediate position, as expected. Some overlap between clus-
ters is still present due to the dispersion introduced by Gaussian noise, which is also
expected in real datasets.

Group (xy) corresponds to instances containing labels L; = x and Ly = y.
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Figure 2. Two-dimensional feature distribution for a representative dataset. The-
oretical and empirical centroids are shown, along with the Euclidean dis-
tance between each pair of centroids. The parameters d,,i, origin and
dmaz_origin define the valid region for centroid placement.

3.2. Experiment 2

In Experiment 2, the theoretical centroids are positioned closer to the origin, according
to the interval [2,3]. However, increasing the parameter dpeween t0 4 imposes greater
separation between them.

As a result, groups (10) and (01) become more distant from each other, signifi-
cantly reducing cluster overlap. Even though the centroids are closer to the origin, the
increased inter-centroid distance dominates the geometry of the problem, leading to im-
proved separability.
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Figure 3. Dataset generated with di.in origin = 25 dmax origin = 3, @Nd dpetween = 4.
Theoretical and empirical centroids are shown, along with the Euclidean
distance between each pair of centroids. The centroids are closer to the
origin, but more separated from each other.
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3.3. Experiment 3

In Experiment 3, the centroids are again positioned far from the origin, but with a very
small distance between them (dperween = 1).

This configuration may produce highly overlapping clusters, significantly increas-
ing the overlap between groups. As a consequence, it becomes more difficult to distin-
guish the different label combinations in the feature space. In the example presented in
Figure 4, group (11), being located near the mean of the centroids, shows strong over-
lap with the others, highlighting the direct impact of reducing centroid distance on data
separability.
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Figure 4. Dataset generated with diin origin = 45 dmax origin = 9, @Nd dpetween = 1.
Theoretical and empirical centroids are shown, along with the Euclidean
distance between each pair of centroids. The centroids are far from the
origin but very close to each other, resulting in high overlap.

3.4. General discussion

The obtained results demonstrate that the proposed model allows explicit control over the
geometric properties of the generated data. The parameter dpewween plays a central role
in defining the separability between groups, while diin origin aNd dimax origin control the
global positioning of centroids in the space.

In addition, it is observed that the empirical centroids remain close to the theoret-
ical centroids in all scenarios, indicating that the feature generation process is consistent
with the defined model.

Overall, the experiments confirm that the generator is capable of producing con-
trolled and interpretable geometric structures, enabling the analysis of classification algo-
rithms under different levels of class separation.

4. Conclusion

This work presented a synthetic dataset generator for multi-label classification that ex-
plicitly integrates probabilistic and geometric aspects in data construction. The proposed
approach allows control over both label dependencies, through conditional probabilities,
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and feature distribution in the feature space, through a centroid-based model with distance
constraints.

Experimental results showed that the defined geometric parameters directly influ-
ence data separability, enabling the generation of scenarios with different levels of class
overlap. Furthermore, the proximity between theoretical and empirical centroids indicates
the consistency of the generation process.

As the main contribution, the model provides a controlled and interpretable envi-
ronment for evaluating multi-label classification algorithms, allowing the analysis of how
specific data properties, such as label correlations, affect model performance.

Future work includes extending the model to a larger number of labels, exploring
alternative centroid combination strategies, and quantitatively evaluating classification al-
gorithms on the generated datasets.
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