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Abstract. Classically, in classification and clustering problems, an individual is exclusively 

assigned to a class (labeled data) or a cluster (unlabeled data). However, the assignment to a 

single class or cluster may be too strict in several real-world domains. In many cases, an 

individual may belong to multiple classes or clusters at the same time. On the other hand, we 

are starting to see machine learning algorithms that solve the problem of multi-label 

classification and multiple cluster assignment, but there are no algorithms that solve both 

problems simultaneously. Classic semi-supervised algorithms can work with labeled and 

unlabeled data simultaneously, but these types of algorithms assign individuals to a single 

class or a single cluster. Today, artificial intelligence faces the challenge of developing semi-

supervised learning algorithms to work with semi-labeled data that can be assigned to 

different classes or clusters at the same time. In particular, this paper proposes a semi-

supervised learning algorithm to fill this gap, which can solve the problems of multi-label 

classification and multiple cluster assignment simultaneously, on a semi-labeled dataset. This 

proposal is based on the LAMDA algorithm (Learning Algorithm for Multivariate Data 

Analysis), which calculates the degree of membership of a data to a group/class. In this work, 

a membership threshold is defined, which allows individuals to be assigned to classes or 

clusters that have a membership greater than this membership threshold. Thus, the main 

contribution of this work is the development of a semi-supervised algorithm that can process 

semi-labeled datasets to assign them to multiple classes and/or clusters. Furthermore, the 

work defines a metric to evaluate its efficiency in a semi-supervised context, called Multi 

Label-Cluster Index (MULCI). This proposal is tested on several datasets from the domains 

of multi-label classification or multi-assignment clustering, or a combination of both, 

showing very encouraging results. Very good quality metrics results are achieved in 

multiclass and multicluster tasks.  
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mailto:cgull@ula.ve
mailto:aguilar@ula.ve


1. Introduction 

Data mining consists of a group of techniques, which allows discovering relationships and 

hidden patterns in large datasets (Rezgui et al., 2014), (Tomasevic et al., 2020), (Issad et al., 

2019), (Paul et al., 2024), (Tian et al., 2024). Within these techniques, data mining uses 

different types of machine learning algorithms (Liu et al., 2019), (Carvalho et al., 2019). In 

this group of algorithms, there are some for the clustering and classification problems 

(Unlabeled and labeled data, respectively). For classification context (labeled data), one 

individual (data) is assigned to a class (label) previously known (Sen et al., 2020), (Ray. 

2019), (Morales et al., 2018), (Lee et al., 2024), (Liu et al., 2024). On the other hand, in the 

clustering context, individuals (unlabeled) are grouped according to their similarities (Cui et 

al., 2018), (Fänti et al, 2018), (Morales and Aguilar, 2020), (Ray. 2019), (Sinaga et al., 2020), 

(Zhang et al., 2019), (Wayment et al., 2024), (Huang et al., 2024). In the semi-supervised 

context, there is a dataset that contains a large number of records that can be labeled and 

unlabeled (Garrido et al., 2024), (Han et al., 2024). Some semi-supervised algorithms have 

been proposed by (Quintero et al., 2022) and (Cerrada et al., 2019). Figure 1 shows the 

different types of data-driven learning in the context of machine learning. We can note that 

semi-supervised learning is a type of learning that is used when there is a mixture of labeled 

and unlabeled data. 

 

Figure 1. Types of Data-driven Learning in Machine Learning. 

However, the assignation to only one label/cluster can be too strict because, in the real world, 

we can find several domains where one data/individual can belong to several classes or 

clusters (Alonso et al., 2017), (Ulfenborg et al., 2021), (Tsoumakas et al., 2007). For 

example, in text categorization, one document can appear in several topics. Other domains 

with this problem are image annotation, and bioinformatics, among others. In this context, 

machine learning faces a new challenge in developing algorithms to solve the problem of 

assigning individuals to various classes/clusters. 

As we saw before, and as is noted in section 2, although there are algorithms that can solve 

tasks in a semi-supervised context, there is a lack of algorithms that can solve the problem 

when the record can jointly belong to many labels (Multilabel context), and also, to different 

clusters (in this paper, we will call Multi Assignment Clustering (MAC)). For the multi-label 

classification problem, there exist algorithms such as the Hierarchical Multi-label 

Classification (HMC) (Wehrmann et al., 2018), and the eXtreme Multilabel Classification 



(XMC) (Liu et al., 2021), which assign individuals to multiple classes. Additionally, for the 

MAC problem, an example of an algorithm is R-OKM, which detects overlapping groups 

(Rezgui et al., 2014).   

This work defines a semi-supervised learning approach, named LAMDA-SeMLACA (Semi-

supervised Multi-Label classifications and multi-Assignment Clustering Algorithm), which 

is based on LAMDA. LAMDA is founded on fuzzy theory, and can work in both contexts, 

classification as well as clustering. LAMDA computes two parameters to allocate individuals 

to a category (classification) or cluster (grouping) (Aguilar-Martín et al., 1982), (Bedoya et 

al., 2014), (Kempowsky et al., 2006), (Waissman et al., 2000). The Marginal Adequacy 

Degree (MAD) is the first one, which computes the contribution of each feature (attribute or 

feature) of a data/individual, for which fuzzy probability functions are used. The Global 

Adequacy Degree (GAD) is the second parameter, and it defines the membership degree of 

a data to a category/group. In this sense, LAMDA can work in unsupervised/supervised 

contexts. Furthermore, LAMDA can generate new classes/clusters using a threshold named 

the Non-Informative Class (NIC). Specifically, LAMDA-SeMLACA considers tasks of 

multi-label classification and MAC for the next contexts: 

• Datasets with individuals with several labels (this means that an individual belongs 

to several classes). LAMDA-SeMLACA allocates the individuals to the classes in 

accordance with the threshold of the adequacy of the features in each category. 

• Unlabeled Datasets. LAMDA-SeMLACA clusters the individuals into groups in 

accordance with the similarity of the features on each cluster. Particularly, a new 

individual can be assigned to different clusters according to the threshold of the 

adequacy of the features in each cluster. 

• Unlabeled and labeled Datasets. LAMDA-SeMLACA allocates the individuals to 

several clusters or classes using the previous premises. 

 

Thus, the principal contribution of this article is to specify an algorithm for multi-labeled, 

MAC or both (semi-supervised) contexts. The organization of this work is the following. The 

next Section describes related works. Section 3 presents the basis of LAMDA, and the next 

Section, the LAMDA-SeMLACA algorithm. Section 5 presents the experiments in different 

contexts. Section 6 analyses the results, and the last Section presents future works and 

conclusions.  

2. Related Works 

This section reviews works related to Multi-label classification or MAC problems.  

2.1. Multi-Label Classification Problems  

For the medical field, (Li et al., 2022) defined a multi-label classification approach using the 

correlation of instances. They used regularization norms to at the same time label and learn. 

In addition, they defined a constraint label correlation, which is utilized by a k-nearest 

neighbor algorithm to assign the labels. (Xia et al., 2021) defined a multi-label approach that 

exploits label correlations using stacked sets. They carried out a multilabel classification 

using a weighted stacked set using sparsity regularization. Specifically, the correlations of 



the labels are used for defining the weights. The previous algorithms are based on the analysis 

of the correlations of the instances, while our proposal is based on fuzzy logic. 

To optimize the multi-label setting of a picture with positive and negative labels, (Ridnik et 

al., 2022) defined an asymmetric loss (”ASL”) parameter to operate with negative and 

positive labels. ASL allows the discarding of mislabeled samples. (Dineva et al., 2019) 

defined an algorithm to detect parallel faults when there are annoying noises, or with several 

overlapping failures. They specified a multi-label classification algorithm for fault diagnosis, 

and at the same time, assessed their severity in conditions with noise. They use traditional 

vibration data for modeling as well as an Electrical Signature Analysis. (Wehrmann et al., 

2022) implemented a neural network for Multi-label Categorization, which optimizes global 

and local loss functions to determine the category. This algorithm is ideal in classification 

problems with classes with a hierarchical structure, and objects can be allocated to several 

paths in parallel. Examples of these problems are image annotation and text classification. 

The previous works are mainly for images and text, different from our approach, which is 

more designed for structured datasets.  

2.2. Multi-Assignment Clustering Problems 

In social networks, (Alonso et al., 2017) made a MAC algorithm that was tested in two 

labeled Facebook datasets. According to the results, they concluded that the MAC is a useful 

tool for community detection in social networks. In the molecular data context, (Ulfenborg 

et al., 2021) developed an approach for obtaining clustering with similar features. The 

assumption in this work is that genes with very similar expression profiles take part in a 

similar biological process. They used a MAC algorithm that allows the assignment of 

molecules to multiple clusters. In addition, in this work, the noise is reduced because the 

genes that have low correlations are excluded from all the clusters resulting. (Xu et al., 2017) 

developed an overlapping clustering approach based on the correlation weights. They assume 

that the current overlapping methods ignore the correlations of the observations in the 

overlapping zones in different clusters. Thus, they used the weights of the correlations to 

determine the assignment of an individual to different clusters. Previous works work with 

correlations, but when a record has a low correlation, these algorithms present a problem for 

assignment to a cluster. Our proposal allows the creation of new clusters when the 

membership to belong to the different existing clusters is low.  

Finally, (Hu et al., 2018) present a review of MAC techniques, assuming that a single 

clustering for a dataset can be too strict and cannot capture the diversity in some applications. 

In this work, the review is categorized into two perspectives, coupled and de-coupled 

methods. Also, the methods described in this work are compared based on a series of 

properties specifics like input parameters and the kind of subspaces considered, among other 

aspects. As can be seen from the reviewed literature, there are no algorithms that 

simultaneously consider the problem of multi-labels or MAC. 

 

 

 

 



2.3. Semi-Supervised Learning Methods 

(Ouali et al., 2020) present a review of the different deep semi-supervised approaches. They 

analyze semi-supervised learning and its applications in image classification to deep neural 

networks to reduce the amount of labeled data required. In the paper (van Engelen et al., 

2020), the authors propose a taxonomy of semi-supervised classification algorithms and 

describe the fundamentals of the different semi-supervised learning algorithms. On the other 

hand, (Yang et al., 2023) present a taxonomy for deep semi-supervised learning that 

categorizes existing methods. Then they provide a review of 60 representative methods and 

present a comparison of these methods in terms of the type of losses, architecture differences, 

and test performance results. (Zhai et al., 2021) define a self-supervised semi-supervised 

learning framework for image classification. In the previous works, we can see that some are 

based on deep learning or are for image processing, with a high computational cost.  

(Huang et al., 2021) define the CAFA framework for the processing of labeled and unlabeled 

datasets. Particularly, CAFA uses a scoring strategy to determine the relationship between 

the labeled and unlabeled data to improve the semi-supervised training. (Zheng et al., 2022) 

define SimMatch, a semi-supervised learning framework that simultaneously considers 

semantic similarity and instance similarity. They instantiate a labeled memory buffer to fully 

leverage the ground truth labels on the instance-level and bridge the gaps between the 

semantic and instance similarities. Finally, they propose the unfolding and aggregation 

operation which allows these two similarities to be isomorphically transformed with each 

other. The paper of (Quintero and Aguilar, 2022) introduces LAMDA-HSCC, a semi-

supervised learning algorithm addressing classification, clustering, or combined tasks. This 

algorithm allows the assignment of each individual to a single class or cluster. The algorithm 

includes sub-models for migration, merging, and separation to refine individual assignments. 

In these works, the authors develop an approach for semi-supervised context for assignment 

to a single class/group. Our proposal is also for a semi-supervised context but in multiclass 

and/or multigroup contexts.  

Other papers provide studies of graph-based semi-supervised learning. For example, (Chong 

et al., 2020) define frameworks that divide the corresponding works and analyze datasets, 

including two face datasets and a natural image dataset. Also, (Song et al., 2023) review 

graph-based semi-supervised learning (GSSL) methods in the literature. Their work aims to 

provide both researchers and practitioners with a solid and systematic understanding of 

relevant advances as well as the underlying connections among them. On the other hand, the 

paper (Sawant et al., 2021) presents a review of graph-based learning methods for 

classification of the hyperspectral images (HSI, including a spectral-spatial information 

based graph semi-supervised classification. All of these studies are for image processing, and 

not for semi-labeled structural datasets, which is the focus of our proposal. 

Finally, (Garrido et al., 2024) explore advancements in semi-supervised learning to tackle 

challenges posed by limited labeled data. They conduct a bibliographic review since 2013, 

identifying 128 new Semi-Supervised Learning for ensemble construction. The review 

highlights the influence of algorithms like self-training and co-training on current 

developments, alongside innovative ensemble learning techniques. It also underscores the 

need for further research into intrinsically semi-supervised and unsupervised pre-processing 

methods. Similarly, the paper (Han et al. 2024) delves into the potential of deep learning in 



medical image analysis, where labeled datasets are often limited. It explores different semi-

supervised learning approaches to deep medical image segmentation. These literature 

reviews confirm that the use of semi-supervised learning is only for assignment to a single 

class or cluster. 

As we can see, there are no works that analyze the problem of semi-labeled structured 

datasets, nor semi-supervised methods for simultaneously multi-label classification and 

MAC problems. There are also no techniques based on fuzzy logic that allow managing 

uncertainty during the analysis process of semi-labeled data. Furthermore, many of the 

previous works are aimed at images and not structured data. All these gaps try to be filled 

with our approach. 

 

3. Fundamentals of the LAMDA Algorithm  

This work defines LAMDA-SeMLACA, a semi-supervised algorithm for Multi-label and 

Multi-cluster problems. In the Multi-label context, each individual can be simultaneously 

assigned to several classes; on the other hand, in the Multi-cluster context, each individual 

can be simultaneously assigned to several clusters. This section describes the fundamentals 

of LAMDA-HAD for the Multi-label context, and next, LAMDA-RD for the Multi-cluster 

context. 

LAMDA is founded on the fuzzy theory that allocates individuals to a class (in this paper, 

using LAMDA-HAD) or to a cluster (in this paper, using LAMDA-RD), using the Global 

Adequacy Degree. In LAMDA, a data-vector X with n features is defined as: 

𝑋 =  [𝑥1;  𝑥2;  . . . ;  𝑥𝑗  ;  . . . ;  𝑥𝑛] 

Where 𝑥𝑗 is the feature/descriptor/variable 𝑗 of the object 𝑋. For individuals with labels, 𝑋 is 

𝑋 = {𝑥1, 𝑥2, … . . 𝑥𝑗 , … . . 𝑥𝑛,𝑐𝑙}, such that 𝑐𝑙 is the label linked to the data/individual (𝑐𝑙, 𝑙 =

1,2, . . 𝑚). In the unlabeled data, 𝑐𝑙 does not exist because it is not associated with any class. 

On the other hand, each individual 𝑋 is normalized using Equation (1) 

𝒙𝒋 =  
𝒙𝒋−𝒙𝒋𝒎𝒊𝒏

𝒙𝒋𝒎𝒂𝒙−𝒙𝒋𝒎𝒊𝒏
       (1) 

 Where 𝑥̅𝑗  is the normalized feature/descriptor j; 𝑥𝑗𝑚𝑖𝑛is the minimum value of variable j, and 

𝑥𝑗𝑚𝑎𝑥  is the maximum value of variable j. 

The LAMDA algorithm is defined by the following group of concepts (Aguilar-Martín et al., 

1982), (Bedoya et al., 2014), Kempowsky et al., 2006), Waissman et al., 2000): 

Definition 1. Marginal Adequacy Degree (MAD): it defines the resemblance of a descriptor 

with the same descriptor in a given category. For MAD computation are used density 

functions. For example, the Fuzzy Binomial function:  

𝐌𝐀𝐃𝐤𝐣(𝒙̅𝒋/𝝆𝒌𝒋) =  𝝆𝒌𝒋
𝒙̅𝒋  (𝟏 − 𝝆𝒌𝒋)(𝟏−𝒙̅𝒋 )    (2) 



Where: 𝜌𝑘𝑗 is the mean value of the feature 𝑗 in the class 𝑘, computed according to the next 

equation, where 𝑛𝑘𝑗 are the individuals of the feature 𝑗 that belong to the category 𝑘. 

𝝆𝒌𝒋 =
𝟏

𝒏𝒌𝒋
∑ 𝒙̅𝒋  and 𝒙𝒋 is an individual 𝑗 that belongs to class 𝑘 

𝒕=𝒏𝒌𝒋

𝒕=𝟏
   (3) 

Definition 2. Global Adequacy Degree (GAD): it defines the adequacy of a data to a given 

category, for which it uses MAD: 

𝐆𝐀𝐃𝒌 𝐗̅(𝑴𝑨𝑫𝒌𝟏  , … , 𝑴𝑨𝑫𝒌𝒏 ,)

=  𝜶𝑻(𝑴𝑨𝑫𝒌𝟏  , … , 𝑴𝑨𝑫𝒌𝒏 ,)

+  (𝟏 − 𝜶)𝑺(𝑴𝑨𝑫𝒌𝟏 , … 𝑴𝑨𝑫𝒌𝒏 ) 

(4) 

 

Where, 𝛼 defines the exigency parameter (0 ≤ 𝛼 ≤ 1).  When 𝛼 has small values, then the 

categorization/clustering is very tolerant, and for high values, it is very strict (Morales et al., 

2018). 𝑇 and  𝑆 are linear interpolation functions based on MAD. For categorization 

problems can be used the next operators: Minimum-Maximum, Hammacher or Product-Sum. 

In the clustering problems can be used the Dombi Generally operator (Morales and Aguilar, 

2020). In this work, we use the next Min-Max functions for T and S:  T(a, b) = Min(a, b) 

and S(a, b) = Max(a, b) 

The maximum value of GAD for all categories/clusters defines the assignment of a data to a 

group/category. Thus, the index in Equation 5 is the class/cluster where the individual will 

be allocated.  

𝒊𝒏𝒅𝒆𝒙 = 𝒎𝒂𝒙(𝑮𝑨𝑫𝟏𝑿̅, 𝑮𝑨𝑫𝒌𝑿̅, … . . , 𝑮𝑨𝑫𝒎𝑿̅, 𝑮𝑨𝑫𝑵𝑰𝑪𝑿̅ )    (5) 

Where: 𝐺𝐴𝐷𝑁𝐼𝐶𝑋̅ is the GAD of the NIC, calculated using a probability of 0.5. 

Thus, data is allocated to the cluster/category with the maximum value of GAD, including 

the NIC's GAD in the calculation. So, in that case, a new cluster/class is generated. In the 

literature, there are several improvements to LAMDA, both in the case of classification and 

clustering. In classification tasks, some of the approaches are LAMDA-HAD (Highest 

Adequacy Degree) (Morales et al., 2018), (Morales et al., 2019) and LAMDA-FAR (Ruiz et 

al., 2017). For clustering tasks, some of the improvements are the LAMDA Triple π operator 

(Bedoya et al., 2014) LAMDA-RD (Robust Distance) (Morales and Aguilar, 2020), and the 

LAMDA clustering method founded on intuitionistic fuzzy sets (Botía and Botía, 2018). The 

LAMDA algorithm has been used in multiple contexts for different tasks (Aguilar-Martín et 

al., 1982) (Bedoya et al., 2014) (Kempowsky et al., 2006) (Morales et al., 2019) (Morales et 

al., 2020) (Ruiz et al., 2017) (Aguilar et al. 2019): supervision, diagnosis, control, among 

others. 

 

   3.1 LAMDA –HAD Algorithm  

LAMDA-HAD (Highest Adequacy Degree) has been defined in (Morales et al., 2018), 

(Morales et al., 2019). In LAMDA, the threshold to send data to the NIC is the same for all 

categories. Additionally, the GAD computation is not trustworthy. Thus, in (Morales et al., 

2018) calculate a variable NIC by category and the highest degree of adequacy (HAD), a new 



metric for more robustness to LAMDA. Specifically, the new concepts in LAMDA-HAD 

are: 

 

Definition 3: 𝑴𝑮𝑨𝑫𝒌𝒑. It is the mean of the GAD’s of the category p for each data in a 

category k: 

  

𝑴𝑮𝑨𝑫𝒌𝒑 =
𝟏

𝒏𝒌
∑ 𝑮𝑨𝑫𝒑𝒕

𝒕=𝒏𝒌
𝒕=𝟏     (6) 

Where: 𝑛𝑘  are the objects that belong to the category 𝑘 , 𝑝 = {1, . . , 𝑚}  are the existing 

categories in a dataset, 𝐺𝐴𝐷𝑝𝑡 is the GAD of the data 𝑡 for the category 𝑝, in the category 𝑘. 

 

Definition 4: Adaptable 𝑮𝑨𝑫𝑵𝑰𝑪: the 𝐺𝐴𝐷 of the 𝑁𝐼𝐶 for each category 𝑝 is defined using 

𝑀𝐺𝐴𝐷𝑘,𝑝 . It is defined as the average of all GAD in class 𝑘 where m is the number of 

individuals: 

 

𝑮𝑨𝑫𝑵𝑰𝑪𝒑
=  

𝟏

𝒎
∑ 𝑴𝑮𝑨𝑫𝒌𝒑

𝒑=𝒎
𝒑=𝟏      (7) 

 

Definition 5. Adequacy Degree of the GAD of a data 𝑶̅ and each 𝑴𝑮𝑨𝑫𝒌,𝒑  (𝑨𝑫𝑮𝑨𝑫𝒌𝒑𝐎̅
). 

It is a parameter to contrast the resemblance between the 𝐺𝐴𝐷 of a data with respect to each 

𝑀𝐺𝐴𝐷𝑘𝑝: 

 

𝐀𝐃𝐆𝐀𝐃𝐤𝐩𝑶̅
=  𝐌𝐆𝐀𝐃𝐤𝐩

𝐆𝐀𝐃𝐩𝐎̅  (𝟏 − 𝐌𝐆𝐀𝐃𝐤𝐩)(𝟏−𝐆𝐀𝐃𝐩 𝐎̅ )
   (8) 

 

Definition 6: Highest Degree of Adequacy of a data to a category (𝑯𝑨𝑫𝒌𝐎̅). It is defined 

by adding 𝐴𝐷𝐺𝐴𝐷𝑘𝑝O̅
of each class p  

 

𝑯𝑨𝑫𝒌𝑶̅ =  ∑ 𝑨𝑫𝑮𝑨𝑫𝒌𝒑𝑶̅

𝒑=𝒎
𝒑=𝟏     (9) 

 

Now, 𝐸𝐼 is the category to which the data has the highest probability of belonging: 

𝐄𝐈 = 𝐦𝐚𝐱(𝐇𝐀𝐃𝟏 𝑶̅̅̅, 𝐇𝐀𝐃𝟐𝑶̅, … 𝐇𝐀𝐃𝐤𝐎̅, … . 𝐇𝐀𝐃𝐦𝐎̅)  (10) 

 

Definition 7: category of a data. The value of the index defines the category that an 

individual will be allocated, determined by contrasting the maximum value between 𝐸𝐼 and 

𝐺𝐴𝐷𝑁𝐼𝐶𝐸𝐼
:  

𝐢𝐧𝐝𝐞𝐱 =  𝐦𝐚𝐱 (𝐇𝐀𝐃𝐄𝐈𝑶̅, 𝐆𝐀𝐃𝐍𝐈𝐂𝐄𝐈
)   (11) 



The output of the LAMDA-HAD algorithm is the class to which the individual is allocated. 

Table 1 presents the LAMDA-HAD Algorithm. 

 

 

Table 1. LAMDA-HAD Algorithm 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

   3.2 LAMDA –RD  

LAMDA-RD has been defined by (Morales and Aguilar, 2020) to enhance LAMDA in 

clustering tasks due to LAMDA tends to generate numerous groups. To solve this problem, 

(Morales and Aguilar, 2020) determined a new measure of grouping, and additionally, 

developed a procedure for automatic group merger. The concepts of LAMDA-RD are defined 

below. 

 

Definition 8. Cauchy Marginal Adequacy Degree (CMAD). It defines the Marginal 

Adequacy Degree based on the Function of Fuzzy Cauchy: 

𝑪𝑴𝑨𝑫𝒌,𝒋(𝒙𝒋|𝝆𝒌𝒋) = 𝟏

𝟏+𝒅𝒊𝒔𝒕(𝒙̅𝒋,𝝆𝒌𝒋)
     (12) 

Where: dist(x̅j, ρkj) is the length between the feature 𝑗 of the data 𝑋̅ and the variable 𝑗 of the 

centroid of the group 𝑘ρkj. 

Definition 9. Robust Marginal Adequacy Degree (RMAD). It redefines the MAD by 

multiplying it by a penalty factor 𝐾𝑘,𝑋̅ calculated for each group k: 

𝑹𝑴𝑨𝑫𝒌,𝒋(𝒙𝒋|𝝆𝒌𝒋) = 𝑲𝒌𝑿̅ × 𝑪𝑴𝑨𝑫𝒌𝒋 (𝒙̅𝒋|𝝆
𝒌𝒋

)    (13) 

Two parameters are required to determine 𝑘𝑘𝑋̅. The first is the mean distance of the individual 

between the groups, which is:  

𝐝𝐤𝑿̅ =
𝟏

𝐧
∑ |𝐱̅𝐣 −  𝛒𝐤𝐣|

𝐣=𝐧
𝐣=𝟏     (14) 

The second is the mean distance between neighbor groups (𝑑𝑛𝑏  ∈ [0 , 1] ), which is a 

parameter that is defined via calibration. 

Input 𝑋 =  [𝑥1; 𝑥2; . . . ;  𝑥𝑗 ; . . . ; 𝑥𝑛] 

Procedure 

1. Normalize the variables of the data using Eq. (1). 

2. Compute the MAD for each variable and each category using Eq (2).  

3. Compute the GAD using Eq. (4).  

4. Compute the MGAD using Eq. (6).  

5. Compute de 𝐺𝐴𝐷𝑁𝐼𝐶 using. Eq(7) 

6. Compute the adequacy degree 𝐴𝐷𝐺𝐴𝐷𝑘𝑝𝑋
 with Eq. (8), and HAD with Eq. (9).  

7. Estimate index 𝐸𝐼,𝑋 using Eq. (10).  

8. In the estimated category define if the maximum value of GAD is greater than the 

corresponding 𝐺𝐴𝐷𝑁𝐼𝐶  

End 

Output: Category Index 



Definition 10. Penalty factor (𝑲𝒌𝑿̅). It is computed using Equation (15) when the distance 

𝑑𝑘𝑋̅ is greater than 𝑑𝑛𝑏: 

 

𝐤𝐤𝑿̅ =  
𝐝𝐧𝐛

𝐝𝐧𝐛+𝐝𝐢𝐬𝐭(𝐝𝐤𝑿̅ ,𝐝𝐧𝐛) 
     (15) 

According to Eq. (15), the distance dk,𝑋̅ penalizes the unlikeness between the observations 

and the groups, and is named Robust Distance (RD). 

Definition 11. Global Adequacy Degree (𝑮𝑨𝑫). It is a linear union of the RMAD, where 

𝑇  and 𝑆  are the linear operators for a grouping type, and 𝛼 ∈ [0 , 1]  is the exigency 

parameter. 

𝐆𝐀𝐃𝒌 𝐗̅(𝐑𝐌𝐀𝐃𝐤𝟏 , 𝐑𝐌𝐀𝐃𝐤𝟐 , … . , 𝐑 𝐌𝐀𝐃𝐤𝐧) 

= 𝜶𝑻(𝑹𝑴𝑨𝑫𝒌𝟏  , … , 𝑹𝑴𝑨𝑫𝒌𝒏 ) +  (𝟏 − 𝜶)𝑺(𝑹𝑴𝑨𝑫𝒌𝟏 , … 𝑹𝑴𝑨𝑫𝒌𝒏 ) (16) 

And the GAD of the NIC is calculated using 𝑀𝐴𝐷𝑁𝐼𝐶𝑗 = 0.5.  

For this work, we use the same T and S operators as for the LAMDA-HAD case. 

Once the calculations were redefined, (Morales and Aguilar, 2020) also defined a procedure 

for automatic group merging based on the following concepts: 

Definition 12. A group. A group 𝐶𝑘 is described by the tuple: 

𝑪𝒌 = (𝝆𝒌𝒋, 𝑿̅𝒌, 𝒊𝒏𝒅𝒆𝒙, 𝒏𝒌 )     (17) 

Where: 𝜌𝑘𝑗  is the centroid of descriptor 𝑗 in 𝐶𝑘 , 𝑋̅𝑘  is the set of data in 𝐶𝑘 , 𝑖𝑛𝑑𝑒𝑥 is the 

identifier of 𝐶𝑘, and 𝑛𝑘are the elements of 𝐶𝑘. 

Definition 13: A neighbor group. A neighbor group 𝐶𝑛𝑏 is described by the tuple: 

 

𝑪𝒏𝒃 = (𝝆𝒏𝒃𝒋, 𝑿̅𝒏𝒃, 𝒊𝒏𝒅𝒆𝒙, 𝒏𝒏𝒃 )    (18) 

 

Each item in the tuple (18) is the same as Definition 12 but now belongs to the cluster 𝐶𝑛𝑏. 

 

(Morales and Aguilar, 2020) consider that the second GAD with the highest value is the 

nearest neighbor group. 

Definition 14: compactness of a group. This metric in a group 𝐶𝑛𝑏 is the average of all 

distances between the data that belong to the group 𝐶𝑛𝑏.  

 

𝒕𝒏𝒃,𝒋 =  
∑ ∑ |𝒙𝒏𝒃𝒋

−𝒊 −𝒙𝒏𝒃𝒋
−𝒎|

𝒎=𝒏𝒏𝒃
𝒎=𝒊+𝟏

𝒊=𝒏𝒏𝒃−𝟏

𝒊=𝟏

𝒏𝒏𝒃𝒙(𝒏𝒏𝒃−𝟏)𝒙……𝒙𝟏
; ∀ 𝒋 = 𝟏, 𝟐, … . 𝒏   (19) 

Where 𝑥𝑛𝑏𝑗
−𝑖  is the feature 𝑗 of data 𝑖 in the group 𝐶𝑛𝑏. 

Definition 15: quantity of data in the overlapping area. It is the data between two groups 

𝐶𝑘 and 𝐶𝑛𝑏 whose distance between their data is less than 𝑡𝑛𝑏𝑗. For the calculation, it defines 

the data in the overlapping area, and then, its cardinality (see next Eqs.). 



 

𝑵𝒌𝒍 =  {∀ 𝒙̅𝒌,𝒋 ∈ 𝑪𝒌 |𝒅(𝒙̅𝒌𝒋, 𝒙𝒏𝒃𝒋) < 𝒕𝒏𝒃𝒋 ;  ∀ 𝒋 = 𝟏, 𝟐, … . 𝒏} => 𝑵𝒌 = 𝒏(𝑵𝒌𝒍) (20) 

 

𝑵𝒏𝒃𝒍 =  {∀ 𝒙̅𝒏𝒃𝒋 ∈ 𝑪𝒏𝒃 |𝒅(𝒙̅𝒌𝒋, 𝒙̅𝒏𝒃𝒋) < 𝒕𝒏𝒃𝒋 ;  ∀ 𝒋 = 𝟏, 𝟐, … . 𝒏} => 𝑵𝒏𝒃

= 𝒏(𝑵𝒏𝒃𝒍) 

(21) 

 

  

Then, the data in the overlapping area are defined by Eq. (22) 

𝑵𝑰 =  𝑵𝒌𝒍 +  𝑵𝒏𝒃𝒍     (22) 

 

Definition 16: Density in the overlapping area (𝑫𝒌−𝒏𝒃). This density 𝐷𝑘−𝑛𝑏 in the area of 

overlapping of the groups 𝐶𝑘 and 𝐶𝑛𝑏 is defined by Equation (23): 

𝑫𝒌−𝒏𝒃 =  
𝑵𝑰

𝒏𝒏𝒃+ 𝒏𝒌
     (23) 

 

(Morales and Aguilar, 2020) define that two groups 𝐶𝑘  and 𝐶𝑛𝑏 are fused if 𝐷𝑘−𝑛𝑏 ≥ 𝐷𝑡 , 

where 𝐷𝑡 ∈ [0 , 1] is a pre-established density threshold. 

Definition 17: Fusion process. The final group after the procedure of fusing is. 

𝑪𝒏𝒆𝒘 =  𝑪𝒌 ∪ 𝑪𝒏𝒃 =  {𝝆𝒏𝒆𝒘 𝒋 𝑿̅𝒌  ∪  𝑿̅𝒏𝒃 , 𝒊𝒏𝒅𝒆𝒙 =  𝒏𝒌 +  𝒏𝒏𝒃 }  (24) 

With  

𝝆𝒏𝒆𝒘,𝒋 =  
𝟏

𝒏𝒌+ 𝒏𝒏𝒃
 ∑ 𝒙̅𝒏𝒆𝒘𝒋

−𝒕𝒕=𝒏𝒌+ 𝒏𝒏𝒃
𝒕=𝟏     (25) 

 

Table 2 shows the LAMDA-RD Algorithm 

 

  



Table 2. LAMDA-RD Algorithm 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4. Our Proposal 

 

This section describes the bases of LAMDA-SeMLACA. The idea in this work is the 

allocation of individuals to several classes (Multi-label classification context) and/or to 

several clusters (MAC context), given a dataset with labeled or unlabeled data. So, we 

establish a membership threshold, which is used to define the classes/clusters that will be 

allocated to the individual. For that, the next definitions are necessary: 

 

Let 𝑀 be a sample composed of several individuals: 

𝑴 = {𝑿𝟏, … , 𝑿𝒐}    (26) 

 

Where each Xi can be labeled or unlabeled. 

Definition 18. Grouping of objects. Let 𝑃𝑟 be a grouping object, defined by:  

𝐏𝐫 = ( 𝛒𝐫 , 𝑴𝒓  , 𝐭𝐲𝐩𝐞 , 𝐧𝐚𝐦𝐞)      (27) 

Where 𝜌𝑟  is the centroid of group 𝑃𝑟 , 𝑀𝑟  
is a subset of data from M, 𝑡𝑦𝑝𝑒  is a boolean 

variable defined as class or cluster, and 𝑛𝑎𝑚𝑒:  group identifier's. If 𝑡𝑦𝑝𝑒 = 𝑐𝑙𝑎𝑠𝑠  then 

𝑛𝑎𝑚𝑒 = 𝑙𝑟 where 𝑙𝑟 is the label of the class; otherwise 𝑡𝑦𝑝𝑒 =  𝐶𝑙𝑢𝑠𝑡𝑒𝑟 and then 𝑛𝑎𝑚𝑒 =
 𝑖𝑑𝐶𝑙𝑢𝑠𝑡𝑒𝑟 where 𝑖𝑑𝐶𝑙𝑢𝑠𝑡𝑒𝑟 is the cluster identifier. 

 
Definition 19. The centroid of a cluster. The centroid (𝜌𝑟) of the cluster (𝑃𝑟) is its pattern. 

In this case, the centroid is the mean: 

 

Input 𝑋 =  [𝑥1; 𝑥2; . . . ;  𝑥𝑗 ; . . . ; 𝑥𝑛] 

 

Procedure 

1. Normalize the variables of the data using Eq. (1). 

2. Set the values 𝑑𝑛𝑏 and 𝑑𝑡 (by calibration) 
3. Calculate the 𝐶𝑀𝐴𝐷𝑘,𝑗 for each descriptor (using Eq 12) 

4. Calculate the 𝑅𝑀𝐴𝐷𝑘,𝑗 using Eq. (13). 

5. Calculate 𝐺𝐴𝐷𝑥̅,𝑘  (using Eq 16) 

6. Identify the group with  max(GAD 𝑥̅1, GAD 𝑥̅ 𝑘, … . , GAD 𝑥̅ 𝑚, GAD 𝑥̅ 𝑁𝐼𝐶  ) 

7.    If 𝑚𝑎𝑥(𝐺𝐴𝐷𝑘𝑋̅ )  >  𝐺𝐴𝐷𝑁𝐼𝐶𝑋̅, then 

allocate 𝑋̅ to a group 

update 𝜌𝑘𝑗   

conserve current 𝑚 

        else 

define a new group 

𝑚 =  𝑚 + 1 

8.   Call merging process 

End 

Output: Cluster Index 



𝛒𝐫 =
∑ 𝐱𝐢

𝐧𝒓
  ∀𝐱𝐢 ∈ 𝐏𝐫    (28) 

Where 𝑛𝑟  is the number of elements in 𝑃𝑟. 

Definition 20: Membership threshold (𝑮𝒕). It is a value defined at the beginning and is 

established by the user or calibrated.  If a data has a GAD greater than or equal to this value 

in a cluster/category, then it will be assigned to this cluster or labeled to this category. Thus, 

a data can be in different categories/clusters.  

 

Definition 21: Candidate classes/clusters ( 𝑩𝒊,𝑿′ ). 𝐵𝑖,𝑋′  is a class/cluster to which an 

individual X’ can belong, described by: 

𝐁𝐢,𝑿′ =     𝐇𝐀𝐃𝐢,𝑿′ >  𝐆𝐭        (29) 

 

Definition 22: Assignment of an individual (𝑳𝑿′). 𝐿𝑿′ is the set of categories/clusters to 

which the data X’ will belong, determined by: 

𝐋𝑿′ =      {𝐢,    ∀𝐢 = 𝟏, 𝐦     𝐢𝐟 𝐇𝐀𝐃𝐢𝑿′ > 𝐆𝐭 𝐚𝐧𝐝 𝐇𝐀𝐃𝐢𝑿′    

> 𝐆𝐀𝐃𝐍𝐈𝐂𝐢
 (𝐜𝐚𝐬𝐞 𝐜𝐥𝐚𝐬𝐬𝐬𝐢𝐟𝐢𝐜𝐚𝐭𝐢𝐨𝐧)  

                       𝐨𝐫 𝐢𝐟 𝐆𝐀𝐃𝐢𝑿′ > 𝐆𝐭 𝐚𝐧𝐝 𝐆𝐀𝐃𝐢𝑿′ >
                       𝐆𝐀𝐃𝐍𝐈𝐂 (𝐜𝐚𝐬𝐞 𝐜𝐥𝐮𝐬𝐭𝐞𝐫𝐢𝐧𝐠)}                          (30) 

The algorithm of our proposal, called LAMDA- SeMLACA, is shown in Table 3. 

 

Table 3. LAMDA-SeMLACA algorithm 

 

 

 

 

 

 

 

 

 

 

 

 

5. Experimental Protocol 

In this section are presented the datasets for evaluating our proposal for three contexts Multi-

labels, MAC, and a mix of them. Additionally, we will describe the efficiency measures used 

to evaluate our proposal. 

 

 

Input 𝑋 =  [𝑥1; 𝑥2; . . . ;  𝑥𝑗 ; . . . ; 𝑥𝑛] 

 

Procedure 

1, Normalize the variables of the data using Eq. (1). 

2. Run LAMD -HAD until step 5 (see Table 1) 

3. Run LAMDA-RD until step 5 (see Table 2) 

4. Establish the indexes of the data with Eq. (30). 

End 

 

Output: Category or cluster  Indexes 



   5.1 Multi-Label Classification Tasks  

Concerning the multi-label tasks, six datasets are used (see Table 4), where each one is 

located in the following repositories, respectively: kaggle, (http://kaggle.com), data.world 

(https://data.world/datasets/), neuraldesigner (https://www.neuraldesigner.com), UCI 

(http://archive.ics.uci.edu/ml/datasets.php), openML (https://www.openml.org/), Mulan 

(https://mulan.sourceforge.net/datasets-mlc.html). 

Table 4. Datasets for the Multi-Label Task 

Dataset Size 
Quantity of 

Descriptors 
Description Goal  

emotions 593 72 

It consists of classifying in 

one or more of the 6 types of 

emotional expressions 

according to the sound of 

several songs 

It determines a multi classification 

in high dimensionality of 

descriptors for a dataset of the real 

world 

Power 

generated 
2751 7 

This dataset has records of 

different characteristics of 

solar energy generation. These 

records are grouped into 3 

overlapped classes 

It determines a multi classification 

assignment with a low 

dimensionality of descriptors in a 

dataset of energy consumption in a 

real context 

amphibians 18900 16 

This dataset contains records 

of 7 overlapped classes, with 

different features obtained 

from the satellite images to 

predict the presence of the 

amphibian species near the 

water reservoirs.  

It determines a multi classification 

with a low dimensionality of 

descriptors  

genbase 6620 1213 

It contains sequences of 

proteins that can be assigned 

to several protein families  

It determines a multi classification 

with a high dimensionality of 

features and data 

scene 2407 294 

It contains characteristics of 6 

classes of images, where one 

record can be assigned to 

different images 

It determines a multi classification 

assignment with a high 

dimensionality of features in a real 

context  

yeast 2417 103 

It contains characteristics of 

protein interactions for 14 

classes of proteins.  

It determines a multi classification 

with a high dimensionality of 

records and features  

 

 

 



   5.2 MAC Tasks 

Table 5 shows the datasets to test our LAMDA approach in the context of MAC problems, 

which is in the Machine Learning Repository of UCI 

(http://archive.ics.uci.edu/ml/datasets.php). 

Table 5. Datasets for the MAC Task 

Dataset Size 
Quantity of 

Descriptor 
Description Goal  

Asymmetric 1000 2 
5 groups with  three 

overlapped clusters 

It determines a MAC problem with 

a low dimensionality of descriptors 

and data 

Overlap 1000 2 
5 clusters and all are 

overlapped 

It determines a MAC problem with 

a low dimensionality of descriptors 

and data 

S2 5000 2 

15 Clusters  that 

correspond to Gaussian 

distributions  

It determines a MAC problem with 

a low dimensionality of descriptors, 

and high dimensionality of clusters 

and data 

unbalance 6500 8 

8 Clusters  with three of 

them well separated and 

the rest with high variation 

It determines a MAC problem with 

a low dimensionality of descriptors, 

and high dimensionality of clusters 

and data 

diabetes 768 2 

2 clusters  overlapped, for 

the diagnosis of the 

presence of diabetes in 768 

patients 

It determines a binary  MAC 

problem 

pendigits 39948 36 

Clusters for the 

recognition of handwritten 

digits  

It determines a MAC problem with  

a high dimensionality of descriptors 

and records  

smartphone 1890 66 

4 clusters for recognition 

of human activities using 

smartphones  

It determines a MAC  problem in 

Streaming data  

 

   5.3 Multi-Label Classification and MAC Tasks 

We have used the same datasets used to test our LAMDA algorithm in the multi-label for 

this hybrid context. In this case, we have randomly unlabelled some of the data to convert it 

into hybrid datasets. Particularly, for each dataset, 25%, 50% and 75% of the data are 

unlabelled, and from there, the tests of the semi-supervised context are carried out. 

 

   5.4 Metrics to Evaluate Our Algorithm in the Multi-Label Classification Context 

The yield metrics for the evaluation of our proposal are the same used for (Aguilar et al., 

2015) (Quintero et al., 2022): 

Accuracy: Proportion of data correctly categorized, defined by: 



 

𝑨𝑪𝑪 =  
𝟏

𝑵
∑ 𝑰(𝒁𝒊 = 𝒀𝒊)

𝑵
𝒊=𝟏                         (31)  

Where: 𝑍𝑖is the labels set in the dataset used in the test phase, 𝑌𝑖 is the labels set estimated 

by the model, 𝑁 are the samples in the test phase, I is a function indicator where 𝐼(𝑇𝑟𝑢𝑒) =
1 𝑎𝑛𝑑 𝐼(𝐹𝑎𝑙𝑠𝑒) = 0 

Precision: Proportion of correct estimations, defined by:  

𝑷 =  
𝟏

𝑵
∑

|𝒀𝒊∩𝒁𝒊|

|𝒀𝒊|
𝑵
𝒊=𝟏               (32) 

Exact Match Radio (EMR): It is an extension for multi-label classification of the accuracy 

(single-label), calculated by: 

𝑬𝑴𝑹 =  
𝟏

𝑵
∑

|𝒀𝒊∩𝒁𝒊|

|𝒀𝒊|
𝑵
𝒊=𝟏                (33) 

F1-macro L: It assesses the yield by classes, computed by  

 

𝑭𝟏 𝒎𝒂𝒄𝒓𝒐 𝑳 =  
𝟏

𝑳
∑ 𝑭𝟏(𝒀𝒊 , 𝒁𝒊)

𝑳
𝒊=𝟏                (34) 

 

Where, F1is F Measure metric, 𝐿 are the elements of the class 𝐿. 

 

   5.5 Metrics to Evaluate Our Algorithm in the MAC Context 

For the evaluation of our algorithm in the MAC context, we used the intracluster correlation, 

which is defined as:  

Intracluster Correlation (𝝆): it is a metric of clustered data that contrasts the variance within 

a group with the variance between groups, and is determined in the following way:  

 

Let 𝑋 = {𝑥1, 𝑥2, … . . 𝑥𝑗 , … 𝑥𝑚, } be a data with 𝑚  descriptors, where 𝑥𝑗 is the descriptor 𝑗 of 

the data 𝑋. The Intracluster correlation (𝜌) is defined by: 

 

𝝆 =  
𝑺𝟐

𝒃

(𝑺𝟐
𝒃+ 𝑺𝟐

𝒘)
                         (35) 

 

Where, 𝑆2
𝑏 is the variance between clusters, defined by: 

 

𝑺𝟐
𝒃 =  

∑ (𝒙̅𝒊
𝒋− 𝒙̅𝒋)

𝟐𝒌
𝒊=𝟏

𝒌−𝟏
                (36) 

 

Where,  𝑥̅𝑖 is the centroid of the cluster 𝑖 in the descriptor 𝑗, 𝑥̅𝑗 is the average of all values of 

the dataset in the descriptor 𝑗, 𝑘 are the clusters formed. 



  

𝑆2
𝑤 is the variance within a cluster, defined by: 

 

𝑺𝟐
𝒘 =  

∑ (𝒙̅𝒊
𝒋− 𝒙̅𝒊

𝒏,𝒋)
𝟐𝒌

𝒊=𝟏

𝒌−𝟏
                                 (37) 

 

Where, 𝑥̅𝑖
𝑗 is the centroid of the group 𝑖 in the descriptor 𝑗, 𝑥̅𝑖

𝑛,𝑗 is the value of the individual 

𝑛 in the group 𝑖 and descriptor 𝑗. 

 

The range of values of (𝜌) is zero to one. Small values of (𝜌) imply that the within-group 

variance is much greater than the between-group variance, values closer to one imply that 

the variance within the group is smaller than the variance between groups. So, we hope that 

the value of (𝜌) will be closer to one (Killip et al., 2014).  

 

   5.6. Metrics to Evaluate Our Approach in the Semi-Supervised Case 

For the evaluation of our approach in this case, we propose a metric called Multi Label-

Cluster Index (MULCI), expressed by the next equation:  

𝑴𝑼𝑳𝑪𝑰 = (𝑨𝑪𝑪 + 𝝆)/𝟐             (38) 

The reason for this metric is that we like in a hybrid context a value for these two metrics 

(𝐴𝐶𝐶 𝑎𝑛𝑑 𝜌) closer to one.  

In addition, another metric is proposed to assess the performance in the hybrid context, called 

the Ratio Multi-Label Cluster Index (RLC - Index), expressed by the next equation:  

𝑹𝑳𝑪 − 𝑰𝒏𝒅𝒆𝒙 =
𝑨𝑪𝑪

𝝆
              (39) 

The reason for the 𝑅𝐿𝐶 − 𝐼𝑛𝑑𝑒𝑥 metric is:  

 

 

𝑅𝐿𝐶 − 𝐼𝑛𝑑𝑒𝑥 

 

 

 

 

 

 

 

 

 

 

≈ 1  Similar behavior in Multi-Label and Multi-cluster contexts 

≈ 0  in a Multi-Label context it behaves better than in a Multi-cluster context 

> 1  in a Multi-cluster context it behaves better than in a Multi-label context 



  6. Results 

Our proposal is proved in three tasks, Multi-label classification, MAC and semi-supervised, 

in this section.  

 

   6.1 Multi-Label Classification Tasks 

The first step is an optimization process for the membership threshold (𝑮𝒕) in the multi-label 

context. This process finds an optimal value for 𝐺𝑡 . For that, we consider two types of 

datasets, a big dataset with a large number of records and descriptors (yeast dataset, see Table 

4), and a little dataset with low records and descriptors (Power Generated dataset, see Table 

4). Additionally, we consider three values for 𝐺𝑡: 0,85; 0,65; and 0,40, for different exigence 

levels (high, middle and low, respectively). On the other hand, we consider the values of 

several performance metrics to determine the optimal value for 𝐺𝑡 , such as 

𝐴𝐶𝐶, 𝑃, 𝐸𝑀𝑅 𝑎𝑛𝑑 𝐹1 − 𝑀𝑎𝑐𝑟𝑜. Table 6 shows the results. 

 

Table 6. ACC, P, EMR and 𝐹1 − 𝑀𝑎𝑐𝑟𝑜 Results for Different 𝐺𝑡 in Multi-Label Tasks 

Dataset\metrics 𝑮𝒕 ACC P EMR 
F1 -

Macro 
Avg 

yeast 

0,85 0,223 0,389 0,423 0,201 0,309 

0.65 0,203 0,272 0,419 0,183 0,269 

0.40 0,162 0,218 0,381 0,166 0,232 

Power 

Generated 

0,85 0,523 0,568 0,583 0,492 0,542 

0.65 0,492 0,534 0,560 0,482 0,517 

0.40 0,344 0,374 0,526 0,454 0,424 

 

Table 6 shows the values of all metrics, for two types of datasets (large and little). We 

selected these datasets because they involve all possible scenarios in which our proposal can 

work. According to the three values of 𝐺𝑡, based on the results, if we take the average of all 

the metrics, we can conclude that the best performance of our proposal is with 𝐺𝑡 = 0,85. 

So, this is the value of 𝐺𝑡 in the rest of the experiments in the multi-label context. 

 

The values of the ACC, P and EMR for the different datasets in Table 4 are shown in Table 

7. The best performance in the ACC metric is given in the datasets of scene, amphibians and 

emotions. In general, our proposal assigns an individual to multiple classes in the right way 

in 79% 77,8% and 77,5% of the cases, at the scene, amphibians and emotions datasets, 

respectively. So, this leads us to think that our proposal performs well in datasets with many 

descriptors and data. Additionally, our proposal has a regular ACC in datasets with few 

descriptors and data (Power Generated). For this type of dataset, our proposal is able to 

assign individuals in multiple classes in 52,3% of the cases. In the P metric, the best result is 

in the dataset scene. So, our proposal can identify the true positive classes in 83% of all 

classes in the dataset. Additionally, on average, the P of LAMDA-SeMLACA for all datasets 



in the study is 0,662, and this value we can consider as a good performance for all datasets 

in the study. In the F1 Measure, the best results are found in the scene dataset. In this case, 

LAMDA-SeMLACA has a good balance between true positive classes and the ratio of the 

True Positive classes. For EMR metric, in scene, emotions and power generated datasets, our 

proposal has a good power of prediction. In this table, we can note that our proposal has 

problems in datasets that contain a lot of overlapped classes, particularly in the yeast and 

genbase datasets. 

Table 7. ACC, P, and EMR Results for Different Datasets in Multi-Label Tasks 

Dataset\metrics ACC P EMR 
F1 -

Measure 

emotions 0,775 0,654 0,630 0,690 

Power 

Generated 
0,523 0,568 0,583 0,492 

amphibians 0,778 0,598 0,434 0,765 

genbase 0,233 0,432 0,321 0,187 

scene 0,790 0,830 0,823 0,812 

yeast 0,223 0,389 0,423 0,201 

 

   6.2 MAC Tasks  

Again, the first step is an optimization process for the membership threshold (𝐺𝑡) in the MAC 

context. Similar to the multilabel context, in this case, we need to find the optimal value of 

𝐺𝑡. For that, we choose two datasets, a dataset that contains a lot of records and features 

(pendigits, see Table 5), and another dataset, low in records and features (Asymmetric, see 

Table 5). Similarly to the multi classification context, we selected these datasets because they 

involve all possible scenarios that our proposal can work in the multi clustering context. 

Table 8 shows the values of 𝜌 (it is the performance metric for the multicluster context) for 

different values of 𝐺𝑡. In this sense, the best value is for 𝐺𝑡 =0,85 for both datasets because 

we obtain the highest values for the metric ρ for this value. Thus, the value of 𝐺𝑡 =0,85 is the 

value that will be used to carry out our experiments. 

 

Table 8. 𝜌 Results for Different Values of 𝐺𝑡 in MAC Tasks 

Dataset 
Values for 𝝆 

Gt= 0,85 Gt= 0,650 Gt= 0,40 

Asymmetric 0,641 0,606 0,492 

pendigits 0,631 0,508 0,487 

 

Table 9 shows the values of 𝑆2𝑏,  𝑆2𝑤, and 𝜌 for the datasets of Table 5. In this case, we 

observe that our proposal has a good 𝜌 for the dataset of smartphones, with a value of 0,850. 

So, our proposal has good results in datasets with a high dimensionality of descriptors.  Also, 



𝑆2𝑏,  𝑆2𝑤 are very good for the dataset of diabetes. This leads us to conclude that LAMDA-

SeMLACA makes the clusters compact and well separated in situations that have high record 

dimensionality and low descriptor dimensionality. Also, our approach has not a bad 𝜌 in the 

unbalance, S2 and asymmetric datasets. Therefore, clusters with highly correlated individuals 

are formed on these data sets. Finally, LAMDA-SeMLACA has not very good performances 

in the overlap dataset, which means that in situations with low dimensionality of descriptors 

and high dimensionality of records, the performance of our proposal is not very well.  

 

Table 9. Results for Different Datasets in MAC Tasks  

Dataset\metrics 𝑺𝟐𝒃 𝑺𝟐𝒘 𝝆 

Asymmetric 0,394 0,221 0,641 

Overlap 0,284 0,542 0,344 

S2 0,453 0,185 0,710 

unbalance 0,487 0,124 0,797 

diabetes 0,874 0,732 0,544 

pendigits 0,394 0,230 0,631 

smartphone 0,778 0,120 0,850 

 

   6.3 Semi-Supervised Tasks  

Tables 10-12 show the results of the assessment of the algorithm in the semi-supervised case, 

using the performance metrics of section 5.6. We use the datasets of Table 4 (multi-label 

context) with different levels of unlabeled data: 25%, 50% and 75%. Table 10 shows the 

results for datasets with 75% of unlabeled data.  According to the MULCI metric, LAMDA-

SeMLACA has a good performance in the datasets genbase and scene. Thus, our proposal is 

efficient in datasets with high dimensionality of features and records, and with high records 

with unlabeled data. With respect to the metric RLC Index, in all scenarios, our proposal 

performs better in multi-classification tasks (particularly, for the yeast dataset). These values 

of the RLC Index imply that in multi-clustering contexts, it behaves better than in multi-label 

contexts.  

Table 10.  Results for Different Datasets With 75% of Unlabeled Data in Semi-Supervised 

Tasks  

Dataset Sb Sw 𝝆 ACC  MULCI 
RLC-

Index 

emotions 0,193 0,324 0,373 0,417 0,395 1,117 

amphibians 0,159 0,34 0,318 0,467 0,393 1,468 

genbase 0,2 0,21 0,488 0,650 0,569 1,333 

scene 0,112 0,345 0,245 0,678 0,462 2,766 

yeast 0,001 0,245 0,004 0,294 0,149 72,324 

 



In the case of the 50% of unlabeled data (see Table 11), LAMDA-SeMLACA has good 

results in the datasets scene and amphibians according to the MULCI metric. In general, the 

proposal works well both in datasets containing low records and descriptors, as well as in 

datasets with many records and descriptors. In the RLC-Index, our proposal has a better 

performance in multi-classification tasks, except in the dataset genbase. Similarly to the 

previous case, the values of RLC-Index imply that in multi-clustering contexts it behaves 

better than in multi-label contexts. 

 

Table 11.  Results for Different Datasets With 50% of Unlabeled Data in Semi-Supervised 

Tasks  

Dataset Sb Sw 𝝆 ACC MULCI 
RLC-

Index 

emotions 0,293 0,324 0,475 0,553 0,514 1,165 

amphibians 0,244 0,195 0,556 0,630 0,593 1,133 

genbase 0,5 0,9 0,357 0,290 0,324 0,812 

scene 0,18 0,157 0,534 0,680 0,607 1,273 

yeast 0,021 0,345 0,057 0,203 0,130 3,538 

 

Table 12 shows the results for 25% of unlabeled data. In this case, according to the MULCI 

metric, the best performance of our proposal is in the datasets emotions, amphibians and 

scene. In general, the proposal works well both in datasets containing low records and 

descriptors, as well as in datasets with many records and descriptors. According to the RLC-

index, our proposal has a better performance in multi-classification tasks. 

Table 12.  Results for Different Datasets With 25% of Unlabeled Data in Semi-Supervised 

Tasks  

Dataset Sb Sw 𝝆 ACC MULCI 
RLC-

Index 

emotions 0,337 0,349 0,491 0,635 0,563 1,293 

amphibians 0,184 0,234 0,440 0,667 0,554 1,515 

genbase 0,02 0,201 0,090 0,201 0,146 2,221 

scene 0,256 0,35 0,422 0,630 0,526 1,491 

yeast 0,021 0,245 0,079 0,294 0,186 3,724 

 

6.4 Case Study in a Real-life Engineering Environment 

A real case study is presented to show the performance of our proposal on a real data set that 

can be used to analyze the predicted power of solar generation through devices installed at 

the University of Berkeley. In this case, the generation power is a function of the 

characteristics presented in Table 13. The values of the different characteristics were 

collected in sensors installed on the university campus. In this case, the power_gen 



characteristic is the target characteristic, so these characteristics were divided into three 

classes (High, Medium, and Low). 

 

 

Table 13. Features of the Solar Generation Power Dataset 

 

 

For the evaluation of the semi-supervised algorithm in this case study, we use the same 

criteria as in section 5.3, so we have unlabeled the data set randomly, that is, 25%, 50% and 

75% of the records are not labeled.  

 

Table 14.  Results for Different Percentage of Unlabeled Data  

% of 

unlabelled 

data 

Sb Sw  ACC 
 

MULCI 

RLC-

Index 

75 0,102 0,395 0,205 0,531 0,368 2,587 

50 0,202 0,3 0,402 0,631 0,517 1,568 

25 0,191 0,356 0,349 0,493 0,421 1,412 

 

Feature Description  Unit 

distance Distance solar  Radians 

temperature Average Temperature daily  Degree Celsius 

win_direct Wind Direction average daily  Degrees 

wind_speed Wind speed average daily  meters per second 

avg_press 
Average barometric pressure 

during the 3 hours  
mercury inches 

humidity Percentage of humidity  percentage 

sky_cover 

Cover of the sky on a five-step 

scale from 0 to 4, with 0 

completely clear and 4 wholly 

covered. 

-- 

visibility Percentage of the visibility  percentage 

power_gen In Jules for each 3 hours. Jules 



Table 14 shows the results for 25%, 50% and 75% of unlabeled data. For this case, according 

to the MULCI metric, the best performance is with 50% of unlabeled data. Additionally, 

according to the RLC Index, our proposal has a better performance in multi-classification 

tasks. 

Specifically, we see that our approach can handle very diverse real contexts, where there are 

semi-labeled datasets, but particularly, where there may be multiple classes or clusters where 

a data can be assigned. This is crucial in diagnostic tasks, since it allows greater precision, 

without eliminating information due to possible overlaps between them. For example, classes 

and/or clusters that represent different symptoms in diagnostic tasks will be able to be 

detected in parallel. This case of the energy domain to determine the overlapping classes that 

define the energy generation capabilities can be extended to other areas such as medical, 

which would make diagnostic tasks more precise because it is capable of defining all the 

classes/clusters associated with an individual present at a given moment in the real context 

under analysis. 

 

   7. Conclusion 

This work defines a semi-supervised algorithm, named LAMDA-SeMLACA, which assigns 

individuals to several classes and/or clusters. LAMDA-SeMLACA is founded on the 

LAMDA algorithm; particularly, in the supervised case, it is founded on the LAMDA-HAD 

algorithm, and in the unsupervised case, it is founded on the LAMDA-RD algorithm. For the 

assessment of LAMDA-SeMLACA, we have defined a new measure for semi-supervised 

contexts, called MULCI, which establishes a balance between the ACC and ρ metrics of the 

multi-label classification and MAC contexts, in such a way as to measure the simultaneous 

behavior in both.  

The proposal was tested in several datasets from multi-label classification, MAC and semi-

supervised contexts. In general, LAMDA-SeMLACA has good performances according to 

the metrics of each context. Particularly, it has better performance depending on whether the 

dataset is of a high dimensionality of data or features. In the best performance cases, for 

example, in the multi-label classification context it can have ACC metrics of the order of 

0,79, and in the case of the MAC context in ρ of the order of 0,85. For the semi-supervised 

case, this quality is of the order of 0.56 for MULCI. 

One of the limitations of our proposal is in the context of data sets with low dimensionality 

of data or descriptors, where determining the appropriate membership threshold can be a 

problem due to data scarcity. Following the above, not having an adaptive calibration of the 

membership threshold represents another limitation.  

Future work should define an adaptive method to automate the calibration process of the Gt 

threshold value of LAMDA-SeMLACA, in order to have a more robust algorithm. In 

addition, the algorithm must be tested in critical areas such as medicine and energy, among 



others, and the specific contribution in real contexts of a multiclassification/clustering must 

be analyzed in depth. 

 

 

References 

Alonso, J., Paredes, R., Rosso, P. (2017). Feature representation for social circles detection 

using MAC. Neural Computing and Applications, 28(9), 2395-2402. 

Aguilar J., Jerez M. J, Exposito E. Villemur T (2015) CARMiCLOC: Context Awareness 

Middleware in Cloud Computing, In Proceeding Latin American Computing 

Conference. 

Aguilar J., Garcès-Jimènez A., Gallego-Salvador N., De Mesa J., Gomez-Pulido N.  Garcìa-

Tejedor A. (2019), Autonomic Management Architecture for Multi-HVAC Systems 

in Smart Buildings, IEEE Access, vol. 7, pp. 123402-123415. 

Aguilar-Martín J., López De Mantaras R. (1982) The process of classification and learning 

the meaning of linguistic descriptors of concepts, in Approximate reasoning in 

decision analysis, North-Holland, pp. 165–175. 

Bedoya, C., Villanova, J., Narvaez, C. (2014). Yager–Rybalov Triple Π operator as a means 

of reducing the number of generated clusters in unsupervised anuran vocalization 

recognition. In Proceeding Mexican International Conference on Artificial 

Intelligence. pp. 382-391. 

Botía, J., Botía D. (2018) On LAMDA clustering method based on typicality degree and 

intuitionistic fuzzy sets, Expert Syst. Appl., 107, 196–221. 

Carvalho, T., Soares, F., Vita, R., Francisco, R., Basto, J, Alcalá, S. (2019). A systematic 

literature review of machine learning methods applied to predictive maintenance. 

Computers & Industrial Engineering, 137, 106024. 

Cerrada, M., Aguilar, J., Altamiranda, J., Sánchez, R. (2019). A hybrid heuristic algorithm 

for evolving models in simultaneous scenarios of classification and clustering. 

Knowledge and Information Systems, 61(2), 755-798. 

Chong Y., Ding Y., Yan Q., Pan . (2020) Graph-based semi-supervised learning: A review, 

Neurocomputing, 408, 216-230. 

Cui, J., Ding, Z., Fan, P., Al-Dhahir, N. (2018). Unsupervised machine learning-based user 

clustering in millimeter-wave-NOMA systems. IEEE Transactions on Wireless 

Communications, 17(11), 7425-7440. 

Garrido, L., Serrano, M., Maudes R., Rodríguez, ., & García O. (2024). Ensemble methods 

and semi-supervised learning for information fusion: A review and future research 

irections. Information Fusion, 102310. 



Han, K., Sheng, V., Song, Y., Liu, Y., Qiu, C., Ma, S., & Liu, Z. (2024). Deep semi-

supervised learning for medical image segmentation: A review. Expert Systems 

with Applications, 123052. 

Huang, Z., Zheng, H., Li, C., & Che, C. (2024). Application of Machine Learning-Based 

K-Means Clustering for Financial Fraud Detection. Academic Journal of Science 

and Technology, 10(1), 33-39. 

Huang Z. Xue C., Han B., Jian C. Chen G. (2021) Universal Semi-Supervised Learning, 

Advances in Neural Information Processing Systems (M. Ranzato, A. Beygelzimer, 

Y. Dauphin, P.S. Liang, J. Wortman Vaughan, EDs.), Curran Associates, 26714-

26725. 

Issad, H., Aoudjit, R., Rodrigues, J. (2019). A comprehensive review of Data Mining 

techniques in smart agriculture. Engineering in Agriculture, Environment and 

Food, 12(4), 511-525. 

Kempowsky, T., Subias, A., Aguilar-Martin, J. (2006). Process situation assessment: From 

a fuzzy partition to a finite state machine. Engineering Applications of Artificial 

Intelligence, 19 (5), 461-477. 

Lee, J., Ahn, S., Kim, H. S., An, J., & Sim, J. (2024). A robust model training strategy using 

hard negative mining in a weakly labeled dataset for lymphatic invasion in gastric 

cancer. The Journal of Pathology: Clinical Research, 10(1), e355. 

Liu, H., Lang, B. (2019). Machine learning and deep learning methods for intrusion 

detection systems: A survey. Applied sciences, 9(20), 4396. 

Liu, X., Chang, W., Yu, H., Hsieh, C., Dhillon, I. (2021). Label disentanglement in 

partition-based extreme multilabel classification. Advances in Neural Information 

Processing Systems, 34, 15359-15369. 

Liu, H., Xu, Z., Gao, R., Li, H., Wang, J., Chabin, G., Oguz I, Grbic, S. (2024). COSST: 

Multi-organ segmentation with partially labeled datasets using comprehensive 

supervisions and self-training. IEEE Transactions on Medical Imaging. 

Morales, L., Aguilar, J., Chavez, D., Isaza, C. (2018). LAMDA-HAD, an extension to the 

Lamda classifier in the context of supervised learning. International Journal of 

Information Technology & Decision Making, 19, 283-316. 

Morales, L., Ouedraogo, C.A., Aguilar, J.  Chassot C.,  Medjiah S.,  Drira K. (2019) 

Experimental comparison of the diagnostic capabilities of classification and 

clustering algorithms for the QoS management in an autonomic IoT platform. 

Service Oriented Computing and Applications 13, 199–219. 

Morales, L., Aguilar, J. (2020). An Automatic Merge Technique to Improve the Clustering 

Quality Performed by LAMDA. IEEE Access, 8, 162917-162944. 



Morales L., Aguilar J., Garcés-Jiménez A., Gutierrez De Mesa J., Gomez-Pulido J. (2020) 

"Advanced Fuzzy-Logic-Based Context-Driven Control for HVAC Management 

Systems in Buildings," IEEE Access, 8, 16111-16126. 

Mulan. Mulan: A Java Library for Multi-Label Learning. 

https://mulan.sourceforge.net/datasets-mlc.html  

neuraldesigner. Explainable AI Platform. Available from:  https://www.neuraldesigner.com/ 

Kaggle. http://kaggle.com 

Killip, S., Mahfoud, Z., Pearce, K. (2004). What is an intracluster correlation coefficient? 

Crucial concepts for primary care researchers. The Annals of Family Medicine, 2(3), 

204-208. 

OpenML. A worldwide machine learning lab. https://www.openml.org/ 

Fänti P. Sieranoja S. (2018). K-means properties on six clustering benchmark datasets 

Applied Intelligence, 48 (12), 4743-4759, http://cs.joensuu.fi/sipu/datasets/ 

Ouali Y., Hudelot C., Tami M. (2020) An Overview of Deep Semi-Supervised Learning, 

arXiv: 2006.05278. 

Paul, J., Jacob, J., Mahmud, M., Vaka, M., Krishnan, S. G., Arifutzzaman, A., Thesiya D., 

Xiong V, Kadirgama K., Selvaraj, J. (2024). A data mining approach to analyze the 

role of biomacromolecules-based nanocomposites in sustainable 

packaging. International Journal of Biological Macromolecules, 265, 130850. 

Quintero, C., Aguilar, J. (2022). LAMDA-HSCC, a semi-supervised Learning Algorithm 

based on the Multivariate Data Analysis. Expert System with applications, 202. 

Ray, S. (2019). A quick review of machine learning algorithms. In 2019 International 

conference on machine learning, big data, cloud and parallel computing pp. 35-39. 

Rezgui, A., Ben N'cir Ch., Essoussi, N. (2014). Overlapping Clustering with Outliers 

Detection. In International Conference on Pattern Recognition Applications and 

Methods, pp. 279-286. 

Ruiz, F., Isaza, C., Agudelo, A., Agudelo, J. (2017) A new criterion to validate and improve 

the classification process of LAMDA algorithm applied to diesel engines. 

Engineering Applications of Artificial Intelligence, 60, 117-127. 

Sawant S., Prabukumar M. (2021) A review on graph-based semi-supervised learning 

methods for hyperspectral image classification, The Egyptian Journal of Remote 

Sensing and Space Science,  23(2), 243-248, 

Sen, P., Hajra, M., Ghosh, M. (2020). Supervised classification algorithms in machine 

learning: A survey and review. In Emerging technology in modelling and 

graphics (pp. 99-111). Springer. 

http://cs.joensuu.fi/sipu/datasets/


Sinaga, K., Yang, M. (2020). Unsupervised K-means clustering algorithm. IEEE Access, 

8, 80716-80727. 

Song Z., Yang X., Xu Z., King I. (2023) Graph-Based Semi-Supervised Learning: A 

Comprehensive Review, IEEE Transactions on Neural Networks and Learning 

Systems, 34 (11), 8174-8194. 

Tian, Z., Lu, Z., Lu, Y., Zhang, Q., Lin, X., & Niu, J. (2024). An unsupervised data mining-

based framework for evaluation and optimization of operation strategy of HVAC 

system. Energy, 291, 130043. 

Tomasevic, N., Gvozdenovic, N., Vranes, S. (2020). An overview and comparison of 

supervised data mining techniques for student exam performance prediction. 

Computers & education, 143, 103676. 

Tsoumakas, G., Katakis, I. (2007). Multi-label classification: An overview. International 

Journal of Data Warehousing and Mining, 3(3), 1-13. 

UCI. Machine Learning Repository. http://archive.ics.uci.edu/ml/datasets.php. 

Ulfenborg, B., Karlsson, A., Riveiro, M., Andersson, C., Sartipy, P., Synnergren, J. (2021). 

Multi-assignment clustering: Machine learning from a biological 

perspective.Journal of Biotechnology, 326, 1-10. 

van Engelen, J., Hoos, H. (2020) A survey on semi-supervised learning. Mach Learn 109, 

373–440. 

Waissman J., Sarrate R., Escobet T., Aguilar J., Dahhou B. (2000) Wastewater treatment 

process supervision by means of a fuzzy automaton model. In Proceedings IEEE 

International Symposium on Intelligent Control, pp. 163-168. 

Wayment, H., Ojoawo, A., Otten, R., Apitz, J. M., Pitsawong, W., Hömberger, M., 

Ovchinnikov S., Colwell L., Kern, D. (2024). Predicting multiple conformations via 

sequence clustering and AlphaFold2. Nature, 625(7996), 832-839. 

Wehrmann, J., Cerri, R., Barros, R. (2018). Hierarchical multi-label classification networks. 

In International conference on machine learning (pp. 5075-5084). PMLR. 

Yang X., Song Z., King I. Xu Z.(2023) A Survey on Deep Semi-Supervised Learning, IEEE 

Transactions on Knowledge and Data Engineering, 35(9), 8934-8954. 

Zhai X., Oliver A., Kolesnikov A., Beyer L. (2021) Proc IEEE International Conference on 

Computer Vision, 1476-1485. 

Zhang, L., Yao, Y., Lu, Z., Shao, L. (2019). Aesthetics-Guided Graph Clustering With 

Absent Modalities Imputation. IEEE Transactions on Image Processing, 28(7), 

3462-3476.  



Zheng M., You S., Huang L, Wang F., Qian C., Xu C. (2022) Simmatch: Semi-supervised 

learning with similarity matching, Proceedings IEEE Conference on Computer 

Vision and Pattern Recognition, 14471-14481.  

 

 

http://openaccess.thecvf.com/content/CVPR2022/html/Zheng_SimMatch_Semi-Supervised_Learning_With_Similarity_Matching_CVPR_2022_paper.html
http://openaccess.thecvf.com/content/CVPR2022/html/Zheng_SimMatch_Semi-Supervised_Learning_With_Similarity_Matching_CVPR_2022_paper.html

