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ABSTRACT 

Multi-label classification is a unique challenge in machine learning 
designed for two targets with each containing one or multiple classes. 
This problem can be resolved using several methods, including 
the classification of the targets individually or simultaneously. 
However, most models cannot classify the target simultaneously, 
and this is not expected to happen in the modeling rule. This study 
was conducted to propose a novel solution in the form of a Vector 
Generalized Additive Model Using Cross-Validation (VGAMCV) to 
address these problems. The proposed method leverages the Vector 
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Generalized Additive Model (VGAM), which is a semi-parametric 
model combining both parametric and non-parametric components 
as the underlying base model. Cross-validation was also applied 
to tune the parameters to optimize the performance of the method. 
Moreover, the methodology of VGAMCV was compared with a 
tree-based model, Random Forest, commonly used in multi-label 
classification to evaluate its effectiveness based on fourteen metric 
scores. The results showed positive outcomes as indicated by 0.703 
average accuracy and 0.601 Area Under Curve (AUC) recorded, but 
these improvements were not statistically significant. Meanwhile, 
the method offered a viable alternative for multi-label classification 
tasks, and its introduction served as a contribution to the expanding 
repertoire of methods available for this purpose.

Keywords: Classification, cross-validation, generalized model, 
multi-label, semi-parametric.

INTRODUCTION

Classification is a prevalent task in the field of data analysis and is 
traditionally closely associated with logistic regression in statistical 
modeling. Several classification methods are usually applied in 
different domains, including science, business, and social science, 
due to their effectiveness in solving many problems (Chowdhury 
& Schoen, 2020). For example, some models have been used in the 
healthcare sector to diagnose patients with specific conditions, such 
as diabetes and cardiovascular diseases, in order to offer valuable 
insights and ensure effective treatment decisions (Alic et al., 2017). 
However, these models often encounter challenges such as overfitting, 
underfitting, and the perfect case scenario. 

Overfitting occurs when a model performs effectively on the training 
data but fails to generalize to new and unseen data, while underfitting 
happens when it cannot capture the complexities of the underlying 
data. The perfect case refers to a situation where a model achieves 
100% accuracy, leading to concerns about potential data leakage 
or unrealistic performance (Muhamedyev et al., 2015). Several 
regularization methods, feature selection, and cross-validation 
strategies have been used to address these challenges in order to 
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optimize classification models and ensure their generalizability 
by balancing complexity and performance, as well as avoiding 
underfitting and overfitting scenarios.

The remaining aspects of this study contain a discussion of the method 
theoretically and a brief description of the multi-label classification 
problem in the next section. This is followed by an explanation of 
the methodology and the solution designed. The proposed method 
is later compared with the method developed by Charte and Charte 
(2015) in the R package called Multilabel Dastasets in R (MLDR) 
using random forest as the base model and one-by-one rule to classify 
the target instead of simultaneously. The following section presents 
results and discussion, while the last focuses on the conclusion and 
future works.

RELATED WORKS

Classification is categorized into several types, including binary, 
multiclass, and multi-label. The binary focuses on only one target 
binary class, such as zero or one and male or female. Multiclass is 
similar to binary, but the class in the target is non-binary, such as 
the famous iris dataset. Furthermore, classification also correlated 
with multivariate analysis, where the response variable or target is 
usually more than one column, thereby indicating the need to predict 
two targets simultaneously. This multivariate assumes a correlation 
between target features such as y1 correlates to y2 (Read et al., 2014). 
However, this assumption is limited to normal distribution data and 
correlated target features. It is difficult to apply this multivariate 
analysis when the feature is not correlated, and the data is not 
normally distributed. This method traditionally relies on hypothesis 
testing, and this has the ability to limit its flexibility when dealing with 
data that does not follow a normal distribution. Multivariate poses 
a challenge when analyzing datasets with non-normal distributions, 
and this means there is a need for alternative methods to handle such 
scenarios while still producing reliable results. This limitation needs 
to be handled using a method that is able to effectively analyze non-
normally distributed data, provide robust outcomes, offer flexibility 
in accommodating different data distributions, and yield accurate and 
meaningful insights from multivariate analysis.
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The use of methods that do not rely heavily on strict assumptions 
about data distribution allows the exploration of alternatives, offering 
greater flexibility and adaptability to diverse datasets. These include 
the non-parametric or semi-parametric models that capture complex 
relationships and patterns in the data, even in non-normal distributions. 
Moreover, the application of more robust methods against deviations 
from normality allows a wider range of data types and distributional 
characteristics to be analyzed effectively. The methods open new 
possibilities to gain insights and make informed decisions based on 
multivariate analysis, even in scenarios where traditional methods 
have the potential to fall short. It is important to have a method that 
can handle non-normally distributed data in multivariate analysis 
is crucial. Therefore, the adoption of more flexible strategies and 
resilience to deviations from normality makes it possible to overcome 
limitations and obtain meaningful results across a broader range of 
datasets and real-world scenarios.

Some methods have been widely used for multi-label classification, 
such as multivariate terms, which predict all targets simultaneously 
based on order, with the focus on the first target followed by the 
second or vice versa. For example, Read et al. (2014) applied a meta-
label to classify all targets simultaneously, and the method tackled 
nonlinearities effortlessly. Pan et al. (2020) also proposed Feature-
level Attention in the clinical text using Natural Language Processing 
(NLP)-based data. The method used a distance calculation to classify 
the data and produced more training time than conventional methods. 
It is also possible to use probabilistic methods to solve multi-label 
classification problems, specifically for protein function, music, 
semantic scene, and several others (Kommu et al., 2014). The process 
is usually based on the application of logistic regression and the 
nearest neighbor classifier as the base model to classify the problem. 
However, all the methods previously mentioned do not have the ability 
to capture the correlation between targets. A class alignment method 
was proposed by Taha et al. (2021) through the development and 
comparison of the Multilabel Over-Sampling And Under-Sampling 
With Class Alignment (ML-OUSCA) model with K-Means and 
K-Nearest Neighbor to over or under-sample multi-label, but it was 
only able to classify targets individually and considered a waste in a 
situation consisting of several label. Therefore, this study proposed a 
Vector Generalized Additive Model (VGAM) Using Cross-Validation 
(VGAM-UCV) to solve this problem.
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VGAM-UCV is a combination of cross-validation and VGAM to 
avoid underfitting and overfitting in the process of conducting multi-
label classification. Cross-validation is a method normally used in 
machine learning and statistical modeling to assess the performance 
and generalization capability of a predictive model. The process is 
usually through the splitting of a dataset into multiple subsets, training 
and evaluating the model on different combinations of these subsets. 
Meanwhile, VGAM is a semi-parametric model that can be used for 
linear and non-linear data but is considered vulnerable to overfitting 
or underfitting (Yee et al., 1996). The workflow in this study was 
initiated from data pre-processing to the creation of training-split and 
cross-validation, optimization of the parameters, selection of the best 
model, and evaluation. The aim was to determine the performance of 
VGAM-UCV by comparing it with the tree-based model in a multi-
label case. Moreover, Mohammed et al. (2020) were observed to have 
applied Deep Learning to solve NLP multi-label cases, but the model 
was considered very complex. This led to the usage of data from the 
UCI dataset and cross-sectional classification cases in this study.

MATERIALS AND METHODS

This section provides an overview of the materials and methods 
used in this study with a focus on several key components, including 
explanations of multi-label classification, VGAM, metric evaluation, 
and methodology. The primary objective of this investigation is to 
achieve high accuracy and identify the best model for multi-label 
classification prediction. Moreover, even though the assessment of 
the goodness of fit for the model is typically crucial, other factors 
are prioritized due to the unique nature of multi-label classification. 
VGAM framework used follows a semi-parametric method, and this 
eliminates the need for hypothesis testing on the parameters of the 
model. This methodology is leveraged in this study to enhance the 
predictive capabilities of a multi-label classification system.

Multi-label Classification

Multi-label explanations make it possible to address the scenarios 
where multiple labels are assigned to a single instance. This 
condition is particularly valuable in complex classification tasks 
where objects or samples possess multiple attributes or belong to 
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multiple categories at the same time. In a situation where data have 
responses notated with {xi | i ϵ 1,…,n} and target features y, this can 
lead to the categorization of the data into two classes {yi | j ϵ 1,2}. 
The intention is to predict the class of the new data as 1 or 2, and 
several classification methods, specifically the single and multi-label, 
have been designed to achieve this over time. The single aspect works 
by categorizing the data into some classes, but the target feature is 
formed as a one-dimensional column vector (Venkatesan & Er, 2014). 
Meanwhile, the multi-label aspect has more than one column and is 
usually referred to as multivariate or bivariate analysis in statistics 
because the response variable commonly notated by y is more than 
1. It is important to note that multi-label is different from the single-
label due to the existence of more than one target variable, with each 
containing a single or multiclass class. This makes it easy to apply 
traditional or conventional machine-learning methods in solving this 
problem (Wang et al., 2017). 

Multi-label classification is a versatile method normally applied 
in different domains such as text, protein function, and music 
categorization. Several foundational methods in text categorization 
use feature selection in multi-label classification to enhance accuracy 
(Rahmawati & Khodra, 2015). Meanwhile, the challenges associated 
with high-dimensional data extend beyond the complexities inherent 
to multi-label classification. The nature of the target variables is 
also important because the problem of those considered categorical 
is usually linked to multi-label classification, while numerical ones 
are either bivariate or multivariate regression. The objective of 
multi-label classification is to assign multiple labels or categories to 
a given input in order to ensure a more nuanced understanding and 
representation of the underlying data. It has become a valuable tool 
to facilitate the extraction of meaningful insights from complex and 
diverse data sources due to the increasing availability of large datasets 
and advancements in machine learning algorithms.

VECTOR GENERALIZED ADDITIVE MODEL

The correlation between the response and predictor variables is 
sometimes not linear or non-linear. The linear model creates a 
one-dimensional relationship between the predictor and response 
variable based on the equation y=xβ+ε and this is known as the 
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linear regression. The equation can be used for linear relationships 
but is not applicable to those considered non-linear. This led to the 
development of a generalized additive model to accommodate the 
non-linear relationship between the response and predictor variable. 
This is a semiparametric method that uses a smoother to handle the 
nonlinearity relationship in the data and is represented as indicated in 
the following Equation 1.

(1)

where, y is the response variable while the predictor has a smoothing 
function, fi, 1 ≤ i ≤ d, in each variable, indicating the y variable is 
not linearly related to x. The smoothing function is usually penalized 
splines, specifically in R software. The replacement of the d in 
Equation 1 with 2 led to the formulation of the model as presented in 
the following Equation 2.

(2)

where, z1k(∙) is an O’Sullivan spline basis over x variable, and the 
number of penalization is also applicable to the uik. Equation 2 
shows a change in the response variable y based on the x variable. 
Moreover, the analysis becomes VGAM when the response variable 
is multivariate, and this changes Equation 2 to the following.

(3)

Equation 3 shows that the model contains two targets and two variables 
with one smoothing function,       while the ε stands for the error in 
each target model (Harezlak et al., 2018).

A generalized model offers several advantages, and these include 
the adjustment of the smoothing function and the use of different 
distribution methods based on the characteristics and nature of the 
data. For example, the data consisting of discrete values such as gender 
can be analyzed using the binomial distribution or other alternatives 
such as Poisson or negative binomial distributions. This flexibility 
allows the effective application of the model to diverse data types.

603 
 

y = β0+f1 (x1)+f2 (x2)+…+fd (xd), 

where, y is the response variable while the predictor has a smoothing 
function, fi, 1 ≤ i ≤ d, in each variable, indicating the y variable is not 
linearly related to x. The smoothing function is usually penalized 
splines, specifically in R software. The replacement of the d in 
Equation 1 with 2 led to the formulation of the model as presented in 
the following Equation 2.

y = β0+ β1x1+∑u1k z1k (x1), 

where, z1k(∙) is an O'Sullivan spline basis over x variable, and the 
number of penalization is also applicable to the uik. Equation 2 shows 
a change in the response variable y based on the x variable. Moreover, 
the analysis becomes VGAM when the response variable is 
multivariate, and this changes Equation 2 to the following.

[𝑦𝑦1𝑖𝑖𝑦𝑦2𝑖𝑖] = [𝛽𝛽10 + 𝛽𝛽11𝑥𝑥1𝑖𝑖 + 𝑓𝑓12(𝑥𝑥2𝑖𝑖)
𝛽𝛽20 + 𝛽𝛽21𝑥𝑥2𝑖𝑖 + 𝑓𝑓22(𝑥𝑥2𝑖𝑖)]

+ [𝜀𝜀1𝑖𝑖𝜀𝜀2𝑖𝑖]. 

Equation 3 shows that the model contains two targets and two variables 
with one smoothing function, f(⋅), while the ε stands for the error in
each target model (Harezlak et al., 2018).

A generalized model offers several advantages, and these include the 
adjustment of the smoothing function and the use of different 
distribution methods based on the characteristics and nature of the data.
For example, the data consisting of discrete values such as gender can 
be analyzed using the binomial distribution or other alternatives such 
as Poisson or negative binomial distributions. This flexibility allows 
the effective application of the model to diverse data types.

The benefits of the generalized model extend beyond the target 
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The benefits of the generalized model extend beyond the target variable, 
as indicated by the possibility of applying the smoothing function to 
the features of the data, which improves its ability to have additional 
flexibility and handle different data distributions. This means the 
inclusion of an appropriate smoothing function and selection of the 
most suitable distribution for the given data can allow the model to 
effectively capture the underlying patterns and dependencies within 
the dataset. This adaptability and versatility increase the importance 
of the model in different applications and also enable robust analysis 
and modeling in diverse domains.

The Proposed Method

This section was used to present the data and processes applied to 
conduct this study. The first step was to pre-process the data before 
the analysis and modeling, and this was achieved by tuning and 
cross-validating the parameters to select the best model for the test. 
Cross-validation was defined as the new way to address and tune the 
parameters of VGAM and this was achieved using the data on abalone 
or marine snails. The purpose was to classify the data on the gender 
and ‘rings’ which were found to be both binary classifications because 
the ‘gender’ consisted of male and female while the ‘rings’ were 
zero and one. All the features used such as length, diameter, height, 
whole height, shucked weight, viscera weight, and shell weight were 
numeric. Moreover, the workflow for the model presented in Figure 1 
shows that the data were extracted and first pre-processed by checking 
the missing and duplicate values for appropriate corrections. This 
was followed by the training of the model using VGAM via cross-
validation (VGAM-CV) to tune the parameters. The next step was to 
check or evaluate the model, and the final was to test and compare the 
data with the benchmark.
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Figure 1

Modeling Scenario for VGAM with Cross-Validation

Figure 1 shows that the data containing two targets, with each having 
a binary class, were stored in databases, extracted, and split into 
training and test sets for the modeling process. The data were checked 
for missing and duplicate values for appropriate transformation before 
the initiation of the training process. Moreover, cross-validation was 
applied during the training process to assist the model experiencing 
underfitting or overfitting as well as to determine the best training set 
to classify the data. The selection of the best fold with the highest 
accuracy in classifying the data was followed by the development 
and evaluation of the predicted value using the test set. This method 
was applied to produce a robust result because the generalized 
additive model was designed to handle multivariate or multi-response 
analysis. The final step was used to test and compare the data with the 
tree-based Random Forest used as the benchmark. 

The Random Forest is widely known as the ensemble method and 
has been successfully applied in different areas to classify multi-label 
cases. For example, it was used by Tabia (2019) to solve multi-label 
classes and produced a positive result. Sharma and Mehrotra (2018) 
also compared several methods of solving multi-label cases, and 
Random Forest was found to have produced 96% accuracy. This led 
to its application as the benchmark in this study based on 14 14-metric 
score evaluations due to the inability of one metric to measure the 
performance of VGAM-CV relative to the benchmark.
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Metric Evaluation

The metrics usually used to evaluate classification are accuracy, 
sensitivity, specificity, recall, precision, and F1 score, but the method 
for multi-label cases is different. The aim of this study was to evaluate 
the whole responses simultaneously, and this showed the possibility 
of having more than one of these metrics with the implementation 
of multi-label classification. Novita Sari et al. (2021) measured 
performance using the accuracy from cross-validation and the 
geometric mean of each metric, including the F1, recall, precision, 
and accuracy, but the results were not very representative. This 
showed the need for special calculations in the process of measuring 
the performance of the model applied to multi-label cases.

The multi-label classification was observed to usually have more 
than one confusion matrix, and this indicated the existence of three 
different confusion matrices for the three labels identified in this 
study. Therefore, there was the need to determine the aggregate, 
such as the macro, micro, weighted, and sample average, using the 
formulas presented in the following Table 1.

Table 1

The Formula of Metric Score for Multi-label Classification

Metric Formula

Macro Average

Micro Average

Weighted Average

Samples Average Use sampling to calculate the score.

The macro average is often considered the optimal method to 
calculate metric evaluations because it assigns equal weight to each 
score, thereby allowing the computation of the average for several 
metrics such as accuracy, precision, recall, and F1-score to determine 
the comprehensive overview of the model performance. Meanwhile, 
the micro average calculates the average by considering each sample 
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thereby allowing the computation of the average for several metrics 
such as accuracy, precision, recall, and F1-score to determine the 
comprehensive overview of the model performance. Meanwhile, the 
micro average calculates the average by considering each sample 
individually, making it suitable for all metrics except accuracy. It also 
considers true and false positive values to generate the desired 
outcome. The selection of an appropriate averaging method when 
evaluating classification models depends on the specific requirements 
and objectives of the task. For example, the macro provides a balanced 
assessment by treating all scores equally, while the micro accounts for 
individual samples, with accuracy being the exception due to its 
distinct calculation requirements. This shows that the selection of the 
right evaluation strategy ensures a comprehensive understanding of the 
effectiveness of the model and aids in making informed decisions for 
further improvements or applications. 
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individually, making it suitable for all metrics except accuracy. It  
also considers true and false positive values to generate the desired 
outcome. The selection of an appropriate averaging method when 
evaluating classification models depends on the specific requirements 
and objectives of the task. For example, the macro provides a balanced 
assessment by treating all scores equally, while the micro accounts 
for individual samples, with accuracy being the exception due to its 
distinct calculation requirements. This shows that the selection of the 
right evaluation strategy ensures a comprehensive understanding of 
the effectiveness of the model and aids in making informed decisions 
for further improvements or applications.

RESULTS AND DISCUSSION

The data were trained on some fold options selected using the grid 
search. An attempt was made to combine from three to five-folds, and 
the result from the splitting process showed that the five folds had 
robust test and training set accuracy. Meanwhile, some parameters 
defaulted and were tagged with the smoothing function but not tuned 
because the focus was on determining the best model in prediction 
and not the significant parameter. The pattern of the data was assessed, 
and a smoothing function was added to those having a non-linear 
correlation between the variables and the target. Moreover, several 
combinations were tried for the data, but 80% training and 20% 
testing were found to be the best choice for this case. Normal standard 
transformation was applied to the feature in order to ensure more 
comparability because the variables had different measurements. 
The setting of all the parameters was subsequently followed by the 
running and evaluation of the model as well as its comparison with 
the benchmark.

Random Forest, used as the benchmark for multi-label cases, was 
developed in R software through a package called MLDR. Random 
Forest is one of the best machine learning algorithms, specifically 
in tabular data, due to the ability of its ensemble concept to ensure 
extreme robustness. However, the algorithm classifies the data as 
one target or one response, and this means the targets are usually 
categorized one by one. This led to the assumption of its usage as a 
benchmark for the proposed method designed to classify the target 
simultaneously. 

The parameters used were tuned to determine the best smoothing value 
for the model, while cross-validation was applied to determine the 
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existence of overfitting, and the results are presented in the following 
Table 2. Moreover, only the accuracy was measured because it 
represented the other metrics. It was discovered that the VGAM-
CV method was not overfitting or underfitting because there was no 
significant difference between the values recorded for the training and 
testing in each fold. This led to the conclusion that the model was 
robust or stable enough to classify the problem with 70% accuracy.

Table 2

Five Folds of Cross-Validation Result

Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Accuracy Train 0.720 0.720 0.710 0.720 0.720
Accuracy Test 0.700 0.710 0.730 0.700 0.710

VGAM was observed to be very robust, as expected, and this showed 
that the generalized model worked effectively through the data and had 
the ability to fit the target distribution, including binomial, Poisson, or 
normal. The raw or probability value was obtained from the model, 
and the output was observed to have originated from the sigmoid 
function in the range of zero to one because binomial distribution 
was applied. Moreover, there was no significant reduction in each 
fold for both the training and test sets. It was also discovered that the 
model was able to overcome the data not balanced in proportion to 
the target. A splitting rule of 0.5 was applied as the probability value, 
and the model was developed after cross-validation using all the data 
obtained for the parameters. The model was later trained and tested 
directly using the methods specified, and the results are presented in 
the following Table 3.

Table 3

Comparison of VGAM-CV to the Random Forest

Method VGAM-CV MLDR: Random Forest
Average Accuracy 0.703 0.702
Average Precision 0.967 0.960
Macro AUC 0.601 0.590
Macro F-measure 0.772 0.792

(continued)
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Method VGAM-CV MLDR: Random Forest
Macro Precision 0.730 0.718
Macro Recall 0.868 0.837
Micro AUC 0.621 0.608
Micro F-measure 0.800 0.812
Micro Precision 0.749 0.743
Micro Recall 0.888 0.867

Table 3 and Figure 2 provide a comprehensive overview of the 
performance metrics compared between VGAM-CV and MLDR: 
Random Forest. The results showed that VGAM-CV performed 
better in most of the metrics except F-measure, and the difference was 
also observed to be relatively minor. The accuracy metric was used to 
determine the ratio of correct predictions to the total data points, and 
this provided insight into the general correctness of the model.

Figure 2

Modeling Scenario of VGAM with Cross-Validation

The area under curve (AUC) metric is the discriminative power of the 
model, and higher values represent superior performance. Another 
significant metric is the Average Precision, which is the mean of 
precision values recorded across the target features and focuses on 
the incisiveness of the model in predicting the classes. Moreover, the 
micro and macro metrics share similar meanings with common scores 
but have distinct formulations, as explicitly stated in Table 1.
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The Random Forest Ensemble method is widely recognized for 
its effectiveness in handling structured data. Its basic concept of 
combining multiple models to process and classify data has shown 
impressive performance across different domains. Meanwhile, the 
proposed method focuses on using a single model for classification, 
making it difficult to compare the two methodologies directly. This 
means it lacks the benchmark for comparison, but the results are 
noteworthy and show a significant improvement compared to previous 
methods. The proposed method also offers cost advantages due to 
its relative simplicity and outperforms the MLDR in certain metrics 
despite the lower complexity, thereby indicating its effectiveness in 
classifying the data.

Some limitations were identified in the process of conducting 
this study, and the first was the fact that the dataset used only had 
numerical features due to inherent restrictions. This restricted the 
opportunity to explore other types of features that could potentially 
enhance classification performance. Second, there was no suitable 
benchmark for multi-label classification, and this led to the use 
of MLDR: Random Forest from the R package, which limited the 
scope for comparison and could cause bias. Future studies should 
address these limitations to refine further and validate the proposed 
methodology.

CONCLUSION

In conclusion, several experiments were conducted to measure the 
performance of the proposed VGAM-CV for multi-label classification 
compared to the tree-based model, and the result showed the proposed 
method was considerable enough to handle multi-label data. This 
was important considering the existence of several multi-label data 
such as topics in the news, patients with some diagnostic, and others. 
Classification using the model was found to be relatively easy because 
the individual target was classified, indicating its effectiveness and 
efficiency. However, only one model was used to classify multiple 
responses in the data, thereby indicating the need for another to 
categorize the targets one by one, and this was considered ineffective 
and inefficient due to the time and memory to be consumed. VGAM-
CV was identified as a semi-parametric method commonly used in 
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multivariate cases and considered a model-based method. However, 
the model was not necessary for this study because the objective 
was to accurately classify multi-label. An error was recorded in the 
process, but it was not required, like regression or time series analysis 
methods such as Autoregressive Moving Average (ARIMA). This 
VGAM-CV was found to be beneficial due to its ability to handle 
nonlinearity.

The smoothing function was able to adapt effectively to tackle 
nonlinearity terms, and this was the reason VGAM-CV was believed 
to be considerable compared to the tree-based model. Moreover, 
Random Forest used an average of major voting due to the generation 
of several more models than the ensemble, while VGAM-CV used 
a single model for the prediction and considered an alternative for 
multi-label classification. The method also used quite simple data, 
and the features were not much or presented in high dimensions. It 
was recommended that future studies test VGAM-CV against high-
dimensional data, such as multi-label classification in NLP and 
measure the performance of this method on text data, specifically in 
the classification of topic news.
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