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Abstract: Machine Learning (ML) methods have become important to enhance the performance of 1

decision-support predictive models. However, class imbalance is one of the main challenges for 2

developing ML models, because it limits the generalization of these models, and biases the learning 3

algorithms. In this paper, we consider oversampling methods for generating synthetic categorical 4

clinical data aiming to improve the predictive performance in ML models, and the identification of risk 5

factors for cardiovascular diseases (CVDs). We performed a comparative study of several categorical 6

synthetic data generation methods, including Generative Adversarial Networks (GANs). Then, we 7

assessed the impact of combining oversampling strategies and linear and nonlinear supervised ML 8

methods. Lastly, we conducted a post-hoc model interpretability based on the importance of the 9

risk factors. Experimental results show the potential of GAN-based models for generating high- 10

quality categorical synthetic data, yielding probability mass functions that are highly close to real 11

data, maintaining relevant insights, and contributing to increase the predictive performance. The 12

GAN-based model and a linear classifier outperforms other oversampling techniques, improving 2% 13

the area under the curve. These results demonstrate the capability of synthetic data to help both in 14

determining risk factors and building models for CVD prediction. 15

Keywords: Synthetic categorical data generation; generative adversarial networks; imbalance learn- 16

ing; CTGAN; interpretable machine learning; cardiovascular disease 17

1. Introduction 18

With the ongoing development in information and communication technologies, un- 19

precedented amounts of data have been generated in multiple fields of healthcare [1]. 20

Data-driven models offer great research opportunities, allowing us to extract clinical knowl- 21

edge and support decision-making. Along with data proliferation, the use of Artificial 22

Intelligence (AI) has been intensified in recent years fostered by advances in computer pro- 23

cessing, software platforms and automatic differentiation [2]. Within AI, Machine Learning 24

(ML) methods have attracted significant attention in both academia and industry, being 25

used in multiple domains ranging from computer vision to natural language processing [3] 26

and for different tasks such as classification, regression, and clustering among others. 27
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Despite the potential of ML methods, most of them are generally hampered by the 28

class imbalance problem, which occurs when the proportion of samples of one class greatly 29

outnumbers the others [4,5]. Since most ML algorithms are built to work with balanced 30

datasets, the classifiers are biased toward the majority class. To deal with this, several 31

methods have been proposed in the literature [4–7], which can be classified into two types, 32

algorithmic-level and data-level approaches. The former adapts the loss function of the 33

algorithm by assigning a higher weight to the misclassification of samples associated with 34

the minority classes during the training process [8]. Examples of these approaches include 35

cost-sensitive learning and ensemble methods [8]. In contrast, data-level approaches 36

balance the class distribution by undersampling the majority class, oversampling the 37

minority classes, or considering a hybrid approach that combines undersampling and 38

oversampling approaches [9]. 39

In this paper, we primarily focus on oversampling techniques. Among them, Synthetic 40

Minority Oversampling Technique (SMOTE) [10] is one of the most used. SMOTE relies on 41

the algorithm of nearest neighbors that aims to generate new samples that are mid-way 42

between two near neighbors in any particular class. SMOTE has been used to generate 43

numerical data and improve the generalization of predictive models in tasks such as 44

regression and classification [11–13]. However, many real-world applications present 45

high-dimensional and heterogeneous data (mixed-type) with numerical and categorical 46

features. SMOTEN, a variant of SMOTE for categorical data has been used in various 47

applications [10], however, the quality of generated synthetic data is not the best [14–16]. 48

Recently, generative models based on Artificial Neural Networks (ANNs) have revolu- 49

tionized the outcomes in multiple knowledge areas due to their outstanding performance 50

for creating synthetic data, particularly in computer vision and image applications [17]. 51

Despite these outcomes, a few strategies have been studied for generating tabular (struc- 52

tured) data. For instance, a variant of the Variational Autoencoder (VAE) called Tabular 53

VAE (TVAE) has been proposed, which uses two ANNs and trains using evidence lower- 54

bound loss with the goal of creating mixed-type data [18]. Also, the techniques based on 55

Generative Adversarial Networks (GANs) emerge as a potential tool for creating synthetic 56

data, frequently enhancing the model’s performance in classification tasks, while also 57

addressing data privacy issues. Although the application of GANs has been validated in 58

different domains [17], they have not been well studied when considering Electronic Health 59

Records (EHRs) with structured and categorical and continuous data [19]. Because tabular 60

data typically contains a mix of categorical and continuous features, generating realistic 61

synthetic data is not an easy task. In this sense, Conditional Tabular GANs (CTGANs) have 62

been created for modeling tabular data distributions and sampling entries from them [18] 63

by employing a conditional generative antagonistic network. Furthermore, in several 64

real-world datasets, CTGAN has outperformed Bayesian approaches [18]. 65

In healthcare applications, class imbalance is a recurrent challenge to build predictive 66

models with a reasonable generalization capacity, because a highly skewed distribution 67

of training data will be prone to force the learning algorithm biased towards the majority 68

class. In particular, we focus our research on Cardiovascular Diseases (CVDs) since it 69

is the most significant cause of death worldwide [20]. Specifically, we analyze data col- 70

lected by smartphone-based method from a population group in Norway [21]. The dataset 71

comprises a series of survey questions related to socioeconomic factors, alcohol, and drug 72

use, Physical Activity (PA), dietary intake, and one question indicating current/previous 73

non-communicable diseases. Working with categorical features in ML is challenging due 74

to most algorithms work adequately with numerical data, being one-hot encoding one of 75

the most popular approaches to transform categories into numbers [22]. However, this 76

approach generally returns a sparse matrix, increasing the amount of features (dimen- 77

sions) that the model handles, and the risk of the curse of dimensionality problem [23]. 78

Furthermore, when the feature includes an excessive number of categories, the majority 79

of which are irrelevant for the prediction, this is amplified. To cope with these issues, we 80
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applied a target encoding strategy [22]. The goal of this approach to encode the categories 81

by substituting them for a measurement of the impact they may have on the target. 82

This research aims to perform a comparative study of synthetic categorical data gener- 83

ation methods, with a special focus on GAN-based models. To this end, we have generated 84

new samples with oversampling methods that seek to maintain the same feature categories 85

as the original data, similar probability distribution of attributes, and the dependence be- 86

tween them, thus addressing the problem of data imbalance. All of this enables enhancing 87

the effectiveness and accuracy of the developed classifiers. However, some ML methods 88

use nonlinear transformations, leading to a lack of interpretability and creating black-box 89

models [24]. Interpretation is defined as the process of generating human-understandable 90

explanations of outcomes provided by computational models [24,25]. Several approaches 91

have been proposed for gaining interpretability for improving model understandability 92

and reliability, highlighting model-specific and model-agnostic methods [26]. The former is 93

based on feature weighting, which seeks to identify the contributions of the features that 94

determine the predictions of ML models. Although feature weighting is easy to apply 95

to simple linear models, these models tend to have limited predictive performance and, 96

therefore, have also limited interpretive relevance. The second approach outlined above, 97

the model-agnostic approach, appears to address this limitation, which aims to extract 98

post-hoc explanations by treating the original model as a black box. 99

Concerning the model interpretability, among the most popular interpretable models, 100

the generalized linear and tree-based models are of great value to interpreting model pre- 101

dictions [27,28]. In this work, two linear models were considered: Least Absolute Shrinkage 102

and Selection Operator (LASSO) [29] and Linear Support Vector Machine (SVM) [30]. The 103

goal was to extract the most relevant features by analyzing the weights of the coefficients 104

of each of the features to give information about their significance for predicting the output 105

class. As a nonlinear model, a Decision Tree (DT) was considered since it provides the 106

importance of each feature [31]. Additionally, the inherent characteristics of various ML 107

models, due to nonlinear transformations in the learning process, make them powerful in 108

terms of predictive performance, but they lack interpretability. In the case of the nonlinear 109

ML classifier such as K-Nearest Neighbors (KNN) [32], we focus on post-hoc interpretability 110

called Shapley Additive Explanations (SHAP) [33], which is founded on game theory and 111

local explanations. Since SHAP provides the contribution of each feature in the model’s 112

output, it can be considered a tool for model interpretability. 113

We summarize next our main contributions: (i) a comparative of different resampling 114

and neural network generative models, highlighting oversampling techniques, for generat- 115

ing categorical data and their influence in the binary classification performance, and (ii) 116

a methodology to interpret the more representative risk factors/features for identifying 117

CVD subjects by using a dataset composed by sociodemographic, lifestyle and clinical 118

categorical variables. 119

The remaining article is organized as follows. Section 2 describes the dataset and 120

the pre-processing method. Also, we present the foundations of categorical encoding 121

techniques, and the resampling techniques for addressing the imbalance learning prob- 122

lem. Section 3 shows the experimental setup, classification performance, and model 123

interpretability outcomes of the linear and nonlinear models that were considered. Finally, 124

the discussion and conclusions are presented in Section 4 and 5, respectively. 125

2. Materials and Methods 126

First, this section presents the dataset description and the pre-processing method. 127

Then, the workflow followed in the paper is introduced, where we present the foundations 128

of categorical encoding techniques and resampling techniques, and highlighting GAN- 129

based models. Finally, we introduce several quality metrics for evaluating the synthetic 130

data generated by oversampling methods. 131
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2.1. Dataset description and pre-processing 132

Data acquisition was carried out as part of a three-year project conducted by the 133

Norwegian Centre for E-health Research, UiT The Arctic University of Norway, and Health- 134

com [21]. This study was approved by the Data Protection Section of the University 135

Hospital of North Norway, and all participants signed the corresponding informed consent. 136

The dataset was obtained through a survey questionnaire made to a population from 137

Norway using a smartphone-based solution over a 2-year period [21]. The responses to 138

the survey were anonymized after their submission. The aim was to track modifiable risk 139

factors for four non-communicable diseases: CVD, diabetes, cancer, and chronic respiratory 140

illness. However, during the data acquisition campaign, only individuals affected by CVD 141

(n = 465), cancer (n = 72), and both CVD and cancer (n = 46) diseases were collected. Also, 142

1578 healthy individuals filled out the questionnaire. Due to the low number of individuals 143

with cancer and both diseases, in this work, we only focus on CVD and healthy subjects. 144

In summary, a total of 2043 individuals were included in the subsequent analysis. The 145

dataset consists of 26 features and was organized into five different groups: background, 146

substance use, PA, dietary intake, and income. Questions related to alcohol follow disorders 147

identification test [34], and information about PA was based on International Physical 148

Activity Questionnaire [35]. A summary of the categories associated with each feature is 149

presented in Table 1. 150

Since all features in our study are categorical, for an exploratory analysis, we follow a 151

one-hot encoding strategy to encode the information of each category in a specific variable 152

by assigning the value of ‘0’/‘1’. To better characterize and visually analyze the prevalence 153

of certain categories compared to others, we built a representation named profile [36], 154

which provides us with information on the possible risk factors associated with a specific 155

disease. The profile is a one-dimensional visual representation, where the x-axis shows all 156

the categories and the y-axis represents the frequency ratio of occurrence of each of the 157

categories for a specific group of individuals. Figure 1 shows the profiles for both healthy 158

and CVD subjects related to the five main groups of variables previously presented. 159

In Figure 1 (a), focusing on the features with the highest frequency of appearance 160

(age), we observe that for CVD subjects, the population aged between 60 and 69 years 161

old predominates. By analyzing sex, we observe that there is a high number of male 162

subjects with CVD, while in the healthy group the frequency of occurrence is higher in 163

women. Regarding BMI, there is a higher frequency of healthy people with a healthy 164

weight (HW) with respect to the CVD group. Finally, if we analyze the high cholesterol, in 165

the group of subjects with CVD, this is clearly linked to the presence of CVD. In Figure 1 (b), 166

related to the consumption of harmful substances, we observe that in both groups of 167

individuals, there is no tobacco consumption and, in general, all groups of people report 168

alcohol consumption. However, this alcohol use is usually one or two units per week. 169

Figure 1 (c) shows how PA is performed. It has been found that both healthy and CVD 170

subjects engage in severe and moderate PA on average one to two times per week, walk 171

seven days per week, and spend three to five hours per day sitting down. The features 172

related to dietary intake (see Figure 1 (d)) show that there is a high number of CVD subjects 173

who never ingest salt compared to the healthy group (who take it occasionally). In none of 174

the groups, individuals drink sugary beverages. As for fruit consumption, there is a higher 175

frequency of one or two pieces per day in both groups. In Figure 1 (e), we can observe that 176

healthy individuals have the highest salaries and that two older people live in the home 177

most frequently. In the case of CVD subjects, there is a higher number of people with no 178

minors living in the same house. 179

2.2. Workflow for predicting cardiovascular diseases 180

The proposed pipeline for predicting CVD and identifying associated risk factors 181

using ML methods is based on three stages (see Figure 2). First, the target encoding is 182

carried out to transform categorical features into numerical values. Next, we present 183

and evaluate two different approaches: (1) considering all features, and (2) considering a 184
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Table 1. Summary of the features and categories in the dataset.

Feature Description Categories

Ba
ck

gr
ou

nd

Age Indiviual’s age 16-29, 30-39, 40-49, 50-59, 60-69, NA
Sex Indiviual’s sex Woman (W), Man (M), NA
BMI Body mass index HW, OBC-I, OBC-II,

OBC-III, OW, UW, NA
Education Education level achieved U<4Y, U≥4Y, PS10Y, HS≥3Y, NA
HC Have cholesterol Yes, No

Su
bs

ta
nc

e
us

e
Smoking Cigarette use CD, FO, FD, CO, N, NA
Snuff Snuff use CD, FO, FD, CO, N, NA
E-cigarette E-cigarette use CD, FO, FD, CO, N, NA
Alcohol Alcohol consumption Yes, No
Alcohol freq. Alcohol drink frequency 2-3 p/w, 4 p/w, ≤ 1 p/m, 2-4 p/m, NA
Alcohol units # units consumed 1-2, 3-4, 5-6, 7-9, ≥ 10, NA
≥ 6 units ≥ 6 units of consumed alcohol D, W, <M, M, N, NA

PA

Strenuous PA # days of strenuous PA 0, 1-2, 3-4, 5-6, 7, NA
Moderate PA # days of moderate PA 0, 1-2, 3-4, 5-6, 7, NA
Walking # days of walking ≥10 minutes 0, 1-2, 3-4, 5-6, 7, NA
Daily sitting # hours sitting on a weekday 0-2, 3-5, 6-8, 9-11, 12-14, ≥15, NA

D
ie

ta
ry

in
ta

ke

Extra salt Freq. extra salt added to food N, OCC, O, A, NA
Sugary drinks # sweetened drinks 0, 1, 2, 3, 4, 5, 6, ≥ 7, NA
Fruits/Berries Fruit servings and berries 0, 1, 2, 3, 4, ≥5, NA
Vegetables Lettuce and vegetable servings 0, 1, 2, 3, 4, ≥5, NA
Red meat # consumed red meat 0, 1, 2, 3, 4, ≥5, NA
Other meat # consumed processed meat 0, 1, 2, 3, 4, ≥5, NA
Fish # consumed fish products 0, 1, 2, 3, 4, ≥5, NA

In
co

m
e House income Gross household income ≤ 150K, 150-350K, 351-550K,

551-750K, 751-1000K, ≥ 1000K, NA
Household adult # household members ≥ 18 years 0, 1, 2, 3, ≥4, NA
Household young # household members ≤ 18 years 0, 1, 2, 3, ≥4, NA

Description of categories. a For BMI: Underweight (UW), Healthy Weight (HW), Overweight (OW), and Obesity
Class I (OBC-I), II (OBC-II), and III (OBC-III) b For education, Primary School up to 10 Years (PS10Y), High School
(HS) minimum of 3 Years (HS≥3Y), less than 4 years (U<4Y) and 4 years or more of University (U) (U≥4Y). c For
substance use: Currently Daily (CD), former occasional (FO), Former Daily (FD), Current Occasional (CO), and
Never (N). c For consumption of ≥ six units of alcohol: Daily (D), less than once a month (<M), Monthly (M),
Weekly (W), and Never (N). d For extra salt: Always (A), Often (O), Occasionally (OCC), and Never (N). e For red
meat, other meat, and fish, they were measured per week (p/w). f For fruit servings and berries, vegetables, and
sugary drinks were measured per day (p/d).

Feature Selection (FS) strategy based on a bootstrap resampling test to identify the most 185

relevant features. Finally, using the training subset, we implement different strategies of 186

undersampling and oversampling methods for data balancing. Then, we train several 187

classifiers with the balanced datasets to predict whether an individual is affected or not by 188

CVD. Finally, using only real data from the test subset that has not been used for training, 189

the performance metrics are evaluated, analyzing also the most important features using 190

post-hoc interpretability models. 191

2.2.1. Encoding categorical data 192

Databases with categorical features are widely common in real-world applications 193

and provide relevant information for predictive tasks. A categorical feature is composed 194

of a discrete set of values called categories. In ML, working with categorical features is 195

challenging because most algorithms work adequately with numerical data [22]. To make 196

proper use of the information on these features, a pre-processing stage named encoding 197

is needed, which consists in transforming all the categories of the feature into numerical 198

values. In the literature, several techniques have been proposed to encode categorical 199

data considering target-agnostic or target-based methods [22]. One of the most popular 200

target-agnostic methods is one-hot encoding, which creates arrays of ‘0’/‘1’ based on the 201

presence/absence of a category in the feature [37]. Despite its extensive use, this technique 202

brings two shortcomings [22]. First, the dimension of the input space directly increases 203

with the number of categories in the encoded features, thus substantially augmenting the 204

dimensionality [22]. Second, the new features created are characterized to be sparse. 205
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Figure 1. Profiles for healthy and CVD individuals considering: (a) background; (b) substance use; (c)
PA; (d) dietary intake; and (e) income features.

To overcome the limitations raised by one-hot encoding, a target-based method called
target encoding has been proposed by [22]. In this technique, framed within Bayesian
encoding techniques, each value of the categorical feature is mapped to a target mean
conditional (target’s posterior probability) on the value of the variable [22]. Broadly speak-
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Figure 2. Proposed workflow using oversampling techniques (SMOTEN, TVAE, CTGAN) and
different ML classifiers.

ing, the target variable’s mean for each category is computed and the original category is
replaced by this value. The target encoding is obtained as follows:

µ =
N × x + m × w

N + m

being µ the computed mean that will replace categorical data, N the number of samples, 206

x the estimated mean for each category of a feature taking into account the target, w the 207

smoothing parameter and m the overall mean of the target. 208

This encoding technique is not affected by the increase of dimensionality, is computa- 209

tionally less demanding, and allows us to work with numerical data [22,38]. Despite these 210

advantages, the main drawback of this technique is that it can be affected by overfitting 211

since the encoding depends on the target [38]. Furthermore, a bias can be introduced in the 212

ML model when categories with few samples are replaced by values close to the desired 213

target feature since the model over-trusts the target encoded feature and makes the model 214

prone to overfitting. To overcome this problem, we apply a regularization-based approach 215

that uses a smoothing parameter w aiming to shrink the effects toward the global mean [22]. 216

2.2.2. Feature selection using bootstrap resampling test 217

The performance of ML models can be affected by the number of input features [30]. 218

To cope with this problem, FS techniques aim to find a subset of the input features that best 219

describes the underlying structure of the data [39]. In this paper, we used a non-parametric 220

technique called bootstrap resampling to estimate the distribution of a statistic (e.g., the 221

mean) by obtaining samples from a population without replacement [40,41]. To do this, 222

we resampled individuals of both classes 3000 times with the same amount of samples 223

each time (balancing the classes). For each resampling, we determined the mean difference 224

between the populations and the 95% percentile confidence range for each feature [41]. The 225

null hypothesis H0 holds true if 0 ∈ CI∆; the alternative hypothesis H1 holds true when 226

0 ̸∈ CI∆ (no overlapping of the CI∆ with the zero value). For further classification analysis, 227

features satisfying H1 will be selected in the set d̂, being d̂ < d. 228

2.2.3. Resampling techniques for imbalance learning 229

Most ML algorithms work reasonably well when the number of samples in the different 230

classes is almost equal (balanced dataset) [42]. Nevertheless, in real-world scenarios, 231

it is common that the distribution of samples for each class is skewed. This hampers 232

the application of ML algorithms since the learning process can be monopolized by the 233

representativeness of the samples of the majority class, impacting the generalization and 234

performance of the ML models [42]. To address this, class balancing strategies, which 235
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include oversampling, undersampling, and a hybrid approach are used to modify the 236

class distribution of imbalanced datasets [8]. In undersampling, a random number of 237

samples of the majority class is discarded [43], whereas, in oversampling techniques, the 238

aim is to increase the number of samples by randomly creating samples from the minority 239

class. In this latter approach, exact copies of samples in the minority class can be created, 240

and therefore, the generalization capabilities may decrease [10]. In the case of the hybrid 241

strategy, the two approaches that have just been exposed are used. The idea is to balance 242

the number of samples in both classes by first oversampling the minority class and then 243

undersampling the majority class. 244

In this paper, we compare oversampling methods, using Random Under Sampling 245

(RUS) as a benchmark, based on the quality of the synthetic data created. Among the 246

most common oversampling methods, SMOTE [10] and several variants such as SMOTE 247

nominal (SMOTEN) have been applied in prior works for balancing datasets, improving 248

the performance of predictive models [11,12]. SMOTE algorithm is based on oversampling 249

the minority class by adding random synthetic samples from the minority class [44]. Since 250

SMOTE only deals with continuous features, SMOTEN [10] has been proposed for dealing 251

with categorical features. 252

This section also presents the two generative neural network models implemented in 253

this work: TVAE [45] and GANs [46]. TVAE is based on VAE, a latent generative model 254

proposed by Kingma and Welling [45], which is composed of two parts: a generative and 255

an inference model. In the generative part, a probabilistic decoder, where given a sample 256

x, produces a distribution over the latent values z. In the inference part, a probabilistic 257

encoder outputs a latent variable z into x̂. The variational lower boundary of the marginal 258

likelihood of the input data is the objective function of VAE. In recent years, VAE has 259

been extensively used in different applications such as image/text classification, anomaly 260

detection or image generation [47]. In order to generate structured/tabular data, the variant 261

proposed in [18] called TVAE is used, allowing to generate mixed-type tabular data. 262

GANs were proposed by Goodfellow [46] and are generative models composed of
two ANNs: (i) A generator G that takes a random vector z from a distribution Fz ∼ N (0, 1)
and it projects to a vector x̂; and (ii) a discriminator D that seeks to differentiate real and
synthetic data. The goal of G(·) is to generate synthetic data with characteristics that are as
close to real data as feasibly possible. G(·) and D(·) aim to optimize a zero-sum min-max
game with the value function V(G, D) as follows:

min
G

max
D

V(G, D) = Ex∼ρdata(x)[logD(x)] +Ez∼ρz(z)[log(1 − D(G(z)))

where ρdata(x) and ρz(z) are the distribution of the real data and the G, respectively. x and 263

z represent the samples from the input and the latent space, and Ex and Ez are the expected 264

log-likelihood from the different outputs of both real and generated samples. 265

GANs have been used in a variety of applications due to their great performance in 266

generating synthetic data, particularly receiving a lot of interest in the computer vision field 267

due to their ability to generate synthetic images [17]. Although GANs have been extensively 268

applied for generating new images, only a few research studies have proposed these models 269

when dealing with structured data. Among them, CTGAN proposed by [18] has been 270

proposed for generating tabular mixed data (handling both continuous and categorical 271

features). As stated, categorical features present a challenge for GANs since both the 272

generator and the discriminator need to be differentiable. To solve this, the Wasserstein 273

divergence and the weight-clipping with a gradient penalty are used by the CTGAN [18]. 274

2.2.4. Quality metrics for synthetic data 275

Let us a dataset X = {xi}N
i=1 represented by a N × d matrix, consisting of i = 276

{1, . . . , N} samples and j = {1, . . . , d} features, with the i-th sample represented by a 277

vector xi = [x(1)i , x(2)i , . . . , xd
i ]. X is partitioned into training subset Xtrain and test subset 278

Xtest, with 80% and 20% of the samples, respectively. From Xtrain, we select the samples 279
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associated with the data of minority class XR (real data) and oversampling techniques 280

were used for creating synthetic data XS. The number of synthetic samples generated 281

directly depends on the IR defined as IR = Nmin/Nmaj. With Nmin and Nmaj indicating 282

the number of samples of the minority and the majority class, respectively. XR and XS are 283

comprised of the same d columns (features) identified as {c1, . . . , cd}, which are considered 284

random variables. To obtain the underlying data structure of these random variables, their 285

corresponding probability distributions are estimated. Since our features are categorical, 286

the Probability Mass Function (PMF) is obtained for each feature. Assuming that cR and 287

cS are the column-vectors of XR and XS for a common feature, we define ρR, ρS as their 288

corresponding PMFs. 289

The main goal of oversampling techniques is to generate synthetic samples from 290

original data that capture underlying data structure, including the distribution of features 291

and correlations between them. To examine whether the features of the synthetic dataset 292

truly mimic the real features, we use several data quality metrics. To quantify the similarity 293

between a pair of real and synthetic PMFs of XR and XS, and for measuring univariate 294

attribute fidelity, we used the symmetric Kullback-Leibler Divergence (KLD) [48] and the 295

Hellinger Distance (HD) [49]. 296

• KLD [48] measures the similarity of the two PMFs, and is computed over a pair of real
and synthetic marginal PMFs for a given feature. It is defined as:

KLD(ρR||ρS) =
1
2

KLDns(ρR||ρS) +
1
2

KLDns(ρS||ρR)

KLDns(ρR||ρS) = ∑ ρR(cR)
ρR(cR)

ρS(cS)

KLDns(ρS||ρR) = ∑ ρS(cS)
ρS(cS)

ρR(cR)

Note that ns denotes the nonsymmetric KLD. When both distributions are identical 297

the symmetric KLD is zero, while larger values indicate a larger discrepancy between 298

the two PMFs. 299

300

• HD [49] quantifies the similarity between two probability distributions for a specific
feature, and it is calculated as:

HD(ρR, ρS) =
1√
2

√√√√ k

∑
i=1

(
√

ρRi −
√

ρSi)2

HD is ranged between 0 and 1, with 0 indicating that the two distributions are practi- 301

cally identical and 1 showing that they are the furthest apart. 302

303

To complement the information provided by the aforementioned metrics, we additionally 304

propose two metrics, named Mean Absolute Error Probability (MAEP) and Repeated Sam- 305

ple Vector Rate (RSVR). 306

307

• MAEP measures the absolute difference between the PMFs associated with each
category of a common feature in XR and XS. For a given feature, MAEP is defined as:

MAEP(ρR, ρS) =
1
D

c f

∑
j=1

|ρR(ν
j
R)− ρR(ν

j
S)|

where c f is the number of categories for a given feature, ν
j
R and ν

j
S are the common 308

categories of a feature, and ρR(ν
j
R) and ρS(ν

j
S) are the probabilities assigned in the 309
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corresponding PMF for such category. Note that KLD, HD and MAEP allow assessing 310

univariate attribute fidelity, determining that all marginal distributions of XR and XS 311

are properly matching. 312

313

• RSVR indicates the rate of repeated sample vectors in the synthetic data XS, denoting 314

how well the oversampling methods create unique vectors. It is worth noting that 315

this metric is directly related to the number of samples generated, as the IR increases, 316

the likelihood of the onset of repeated vectors is high and consequently, RSVR could 317

augment. It is important to remark that KLD, HD, and MAEP are defined at the feature 318

level, i.e., they are computed for a single feature. To calculate an overall metric, the 319

average value across all features is computed, adding the contribution of each feature. 320

Furthermore, to evaluate if the oversampling methods capture adequately the relation- 321

ships between features, the Pairwise Correlation Difference (PCD) [50] and the Log-Cluster 322

Metric (LCM) [51] are considered. 323

• PCD [50] quantifies the difference, in terms of the Frobennius norm, of the Pearson
correlation matrices of XR and XS. PCD is defined as:

PCD(XR, XS) = ∥Corr(XR)− Corr(XS)∥F

Small PCD values indicate that XR is more similar to XS in terms of linear correlations 324

across the features. 325

326

• LCM [51] measures the similarity of the underlying latent structure of XR and XS in
terms of clustering. This metric relies on two steps. Firstly, XR and XS are merged
into one single dataset, and then, a cluster analysis using the k-means algorithm [52]
is performed on this dataset with a fixed number of clusters k [50]. LCM is defined as
follows:

LCM(XR, XS) = log(
1
k

k

∑
j=1

[
nR

j

nj
− c]2)

being nj the number of samples in the j-th cluster, nR
j the number of samples from 327

the real dataset in the j-th cluster, and c = nR/(nR + nS) (where nR and nS are the 328

numbers of real and synthetic samples, respectively) [50]. High values of LCM denote 329

disparities in the cluster memberships, indicating high differences in the distribution 330

of XR and XS [50]. 331

2.2.5. ML classifiers and figures of merit 332

The ML classifiers used in this work were the following: LASSO [29], SVM [30], 333

DT [31] and KNN [32]. To select the best hyperparameters for the classifiers, we considered 334

a k-fold Cross Validation (CV) [30] strategy with the training subset. We follow the 3-fold 335

CV approach, and the sensitivity and the Area Under the Curve (AUC) of the receiver 336

operating characteristic were considered as figures of merit to evaluate the predictive 337

performance of the classifiers. Most evaluation metrics for classification tasks treat all 338

classes as equally important, leading to provide more importance to the majority class in 339

imbalanced problems. The sensitivity measures the impact on the predictive performance 340

of the minority class (binary scenario), while AUC gives us a tradeoff-metric between 341

sensitivity and specificity. The following hyperparameters were tuned: λ for the LASSO 342

model, C for the SVM model, the maximum tree depth and the minimum number of 343

samples to split a node for DT, and the number of neighbors for KNN. The performance 344

and post-hoc interpretability of the classifiers (LASSO, SVM, DT, KNN) were obtained when 345

considering different resampling techniques (RUS and oversampling techniques (SMOTEN, 346

TVAE, and CTGANs) and different class balancing strategies (only undersampling strategy, 347

only oversampling strategy, and hybrid strategy) using different Imbalance Ratios (IRs). 348
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3. Results 349

In this section, we analyze the impact of combining different oversampling and ML 350

classifiers in a binary classification scenario for healthy individuals and CVD subjects. 351

The experimental setup, and then the figures of merit obtained are presented, including 352

a comparison of classification performance by using all features and those selected by 353

FS. Finally, post-hoc model interpretability based on the importance of the features is 354

conducted. 355

3.1. Experimental setup 356

The dataset was randomly split into training (80%) and test (20%) subsets (see Figure 2), 357

and five independent training and test partitions were considered to further evaluate the 358

performance of the model. The training subset was used for the model design, while the 359

test subset was used to evaluate the model performance (i.e., to evaluate its generalization 360

capacity). Bootstrap resampling was used to remove those features that were non-relevant 361

and uninformative for predicting the target variable. Using this method, d̂ = 14 features 362

were selected from the d = 26 initial study features. Before training the classifiers, different 363

values of the smoothing parameter w (between [0.0, 1.0]) were investigated to ensure proper 364

use of the target encoding technique selected, addressing the over-fitting issue raised 365

by target-agnostic approaches. The AUC values were used to select the best w for our 366

dataset. Experimental results showed that lower values of w offer better AUC values, and 367

consequently were more suitable for the binary classification scenario. In this paper, a 368

regularization smoothing parameter of w = 0.1 was chosen for subsequent analyses. 369

3.2. Quality evaluation of synthetic clinical data 370

Several data quality metrics were considered to evaluate the similarity between syn- 371

thetic and real data according to different IRs. As stated in Section 2.2.4, the PMFs associated 372

with the different features are estimated as the previous step for computing these metrics. 373

In Figure 3, the PMFs associated with age, BMI, sex, and high cholesterol are depicted. 374

The panels in the first column of the figure show the PMFs of real data, and the remaining 375

represent the PMFs obtained from synthetic data using SMOTEN, TVAE and CTGAN. We 376

aim to measure the similarity of the PMF of real data and those obtained with synthetic 377

data, comparing how well the PMF is learned by the different oversampling methods 378

considered. 379

Remarkably, the PMFs of data generated with TVAE do not follow the probability 380

distribution of the PMF of real data, showing a lack of probability values in certain cate- 381

gories. For instance, if we look at the age feature (see Figure 3 (a)), in the PMF of synthetic 382

data obtained with TVAE (third column), there are categories without probability values, 383

specifically for 18-20, 30-39 and NA. In the same manner, for BMI feature (see Figure 3 (b)), 384

the categories HW, NA, OBC-II and OBC-III do not have values. Additionally, in some 385

categories, the probability is much higher than those obtained in real PMF (see OW in 386

BMI feature). TVAE is the method that worst mimics the distribution for the four features 387

considered. This further points out the low performance of TVAE for replicating samples 388

of categorical data. By analyzing SMOTEN, we find similar insights that in TVAE. There 389

are categories in the PMF without values (see panels (a) and (b) associated with age and 390

BMI). Regarding CTGAN, the PMFs obtained in the data generated are quite similar to real 391

ones. All categories have probability values and these are similar to the observed in the 392

real PMF. The insights drawn from these figures allow us to understand how similar are 393

the synthetic and real data in terms of univariate attribute fidelity, being CTGAN which 394

emulates more precisely the real distributions. 395
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Figure 3. PMFs associated with: (a) age; (b) BMI; (c) sex; and (d) high cholesterol. PMF obtained
with real data (first column); SMOTEN (second column); TVAE (third column); and CTGAN (fourth
column).

The next step is to analyze the data quality metrics considering different IR values (see 396

Figure 4). We observed that in terms of KLD, HD, MAEP, and RSVR (panels (a), (b), (c) and 397

(d), respectively), CTGAN showed the best results. Note that lower values in these metrics 398

indicate more similar distribution probabilities associated with features. Regarding PCD 399

(Figure 4 (e)), which measures whether the correlations between features are preserved, 400

CTGAN also reached the highest values compared to SMOTEN and TVAE. For LCM, where 401

the lower values indicate fewer differences in the distribution of XR and XS, it was TVAE 402

that reached the optimal values. Note that CTGAN obtained the second one with the lowest 403

values. 404

Table 2 presents a summary of the quality metrics that analyzes: (i) the similarity 405

between the features of XR and XS (KLD, HD, and MAEP) and (ii) the relationships between 406

features captured (PCD and LCM). Note that these metrics were obtained considering IR = 407

1.0 and 5 different training partitions, and we present the mean and the standard deviation 408

(std). As previously mentioned, CTGAN more accurately simulated true distributions, 409

achieving the best KLD, HD, and MAEP values. Regarding PCD, which measures how well 410

the correlations between features are captured, CTGAN also reached the best performance 411

(the highest value). It is in LCM where TVAE reached a better performance (lowest values). 412

Therefore, we conclude the potential of CTGAN for generating categorical synthetic data. 413
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Figure 4. Mean±std for the synthetic data quality metrics when considering different IR and over-
sampling techniques. (a) KLD; (b) HD; (c) MAEP; (d) RSVR; (e) PCD; (f) LCM.

Table 2. Mean±std (evaluated on 5 partitions) of data quality metrics for different oversampling
techniques. The best values are shown in bold.

Method KLD HD MAEP RSVR PCD LCM
SMOTEN 0.092±0.004 0.168±0.006 0.298±0.014 0.609±0.011 2.011±0.135 -8.116±0.407
TVAE 0.299±0.022 0.313±0.013 0.590±0.032 0.177±0.020 3.487±0.320 -3.926±0.517
CTGAN 0.017±0.002 0.061±0.003 0.145±0.006 0.001±0.001 3.724±0.423 -6.110±0.235

3.3. Classification performance 414

This section presents the classification results provided by linear (LASSO and SVM) 415

and nonlinear (DT and KNN) classifiers using SMOTEN, TVAE, and CTGAN and consider- 416

ing different resampling strategies. 417

In Figure 5, we show the mean and std of sensitivity and AUC values on 5 test 418

subset partitions and considering different classifiers (LASSO, SVM, DT and KNN) and 419

oversampling strategies. It can be seen that there is a direct relationship between the IR 420

and the model performance in terms of sensitivity and AUC, indicating that the higher 421

the number of synthetic samples generated, the better the performance of ML models. By 422

analyzing Figure 5 (a), (c) and (e), it can be observed that the sensitivity values present 423

high variability for the DT model and all oversampling methods. On the contrary, the 424

linear models LASSO and SVM present lower variability (low std), being the most robust 425

classifiers. For small IR values (0.4), the AUC is around 0.6 for all models (see Figure 5 (b), 426

(d) and (f)), achieving better performance when the IR is increased. The highest AUC 427

values are obtained when CTGAN linear models are considered (see Figure 5 (f)). 428

In general, the best figures of merits are obtained when applying linear models and 429

considering SMOTEN and CTGAN techniques. The results obtained for TVAE are slightly 430
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Figure 5. Mean±std of the sensitivity (left panels) and AUC (right panels) considering 5 test subset
partitions and different IRs, classifiers (LASSO, SVM, DT and KNN) and an oversampling approach
with: (a-b) SMOTEN; (c-d) TVAE; and (e-f) CTGAN.

different, where higher values are obtained with the nonlinear KNN model than with the 431

linear models, specifically, when IR increases. We can conclude that the best performance 432

is obtained when considering CTGAN and IR=1.0, i.e., when the number of samples of 433

minority and majority classes is the same. 434

Next, we show in Figure 6, the sensitivity and AUC values when using different 435

classifiers and the hybrid resampling approach. Two main insights can be drawn. Firstly, 436

in general terms and referring to the six panels, it can be observed that the increase in the 437

amount of IR (from 0.5 to 1.0) which refers to the increase in the generation of the number 438

of samples of the minority class, does not impact on the classification measures (neither for 439

sensitivity nor for AUC). For this approach, generating high number of synthetic samples 440

from the minority class and training the ML models with a more substantial number of 441

synthetic data does not imply obtaining better predictive performance. This indicates that 442

after a given percentage of IR, this technique has learned the data distribution, and no 443

matter how many additional samples are added, the distribution remains unchanged. To 444

remark that the predictive performance of the linear models (LASSO and SVM) using 445

SMOTEN and CTGAN, both in terms of sensitivity and AUC is greater than the obtained 446

values using nonlinear models (DT and KNN). 447

Table 3 summarizes the best sensitivity and AUC values using different resampling 448

methods and class balancing strategies. These results are presented considering all variables 449

(d = 26) and only using the selected variables (d̂ = 14) with the bootstrap resampling 450

method. Comparing the figure of merit obtained using all features and only using those 451
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Figure 6. Mean±std of the sensitivity (left panels) and AUC (right panels) considering 5 test subset
partitions and different IRs, classifiers, and a hybrid approach (by combining undersampling and
oversampling strategies) with: (a-b) SMOTEN; (c-d) TVAE; and (e-f) CTGAN.

selected by the bootstrap resampling method, it is observed that the models using the 452

previously selected features show a slight improvement in the classification performance 453

of most of the models. Mainly, this improvement can be seen when considering TVAE 454

and the hybrid technique (AUC value of 0.66 with all variables versus 0.70 with FS). 455

However, the best performance is obtained when CTGAN and the hybrid strategy are 456

considered for both, with and without FS. Finally, CTGAN provides better performance 457

than when an undersampling approach is considered. This is crucial because it highlights 458

the benefit of this way of creating synthetic samples, which, in addition to producing 459

high-quality synthetic data, also improves the performance of the classifiers compared to 460

the undersampling strategy, which only considers real data. 461

Table 3. Sensitivity, AUC (mean±standard deviation) on 5 test subsets when training ML models
using different resampling strategies with all features and FS. The highest average performance for
each figure of merit is marked in bold.

Method Balancing Sensitivity (All) Sensitivity (FS) AUC (All) AUC (FS)
strategy

RUS Under 0.711±0.059 0.707±0.041 0.697±0.025 0.706±0.021
SMOTEN Over 0.701±0.046 0.708±0.054 0.701±0.025 0.700±0.012

Hybrid 0.686±0.028 0.707±0.014 0.694±0.012 0.709±0.020
TVAE Over 0.636±0.067 0.640±0.013 0.650±0.027 0.668±0.024

Hybrid 0.615±0.023 0.694±0.041 0.661±0.026 0.704±0.016
CTGAN Over 0.699±0.044 0.695±0.021 0.702±0.026 0.707±0.017

Hybrid 0.716±0.043 0.709±0.036 0.712±0.017 0.711±0.021
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3.4. Analyzing Risk Factors using Interpretability Methods 462

Figure 7 shows the values of coefficients assigned to each feature when training the 463

linear models with different oversampling methods (SMOTEN, TVAE, and CTGAN), with 464

an oversampling class balancing strategy and an IR ranging from 0.5 to 1.0 (this IR refers 465

to the increase only in the number of samples of the minority class until the number of 466

samples of the majority class is reached). 467

Figure 7. Coefficient values for different IR when using LASSO (left panels), SVM (middle panels),
and DT (right panels) and the oversampling methods: SMOTEN (first row); TVAE (second row); and
CTGAN (third row).

In Figure 7, we can observe that as the IR goes from 0.5 to 1.0, the values of the 468

coefficients associated with each feature do not change much. As a result, we conclude that 469

the increasing fraction of synthetic samples generated has not much impact on the fact that 470

some features are more relevant to predict CVD. It can also be shown that while dealing 471

with the LASSO model and the DT model for each specific oversampling approach, the 472

coefficient values are similar, with many of them being zero in both models, nullifying the 473

impact of that variable. However, the value of the coefficients fluctuates between positive 474

and negative values for the SVM model (middle panels), with positive values indicating a 475

greater influence of the variable on the prediction of subjects with CVD and negative values 476

indicating a greater influence of the variable on the prediction of healthy individuals. 477

Note also that the weight (coefficient) assigned to each variable varies depending 478

on the oversampling strategy used. This means that the considered method to generate 479
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Figure 8. SHAP summary plot of KNN model using the CTGAN oversampling technique and all
subjects.

synthetic samples could influence the features that are deemed most important to decide 480

the final classification. In this sense, when applying SMOTEN and CTGAN, and especially 481

when comparing LASSO and DT, the pattern of the coefficient values is comparable, with 482

age, BMI, high cholesterol, and sex being the most significant factors in predicting CVD. 483

TVAE, on the other hand, exhibits a somewhat different pattern; in this case, while age 484

remains the most important predictor in predicting CVD, it is followed by preprocessed 485

meat, intense activity, and BMI. 486

We focus now on SHAP, a post-hoc interpretability approach used for noninterpretable 487

ML models. Figure 8 shows the SHAP summary plot when training the nonlinear model 488

KNN with the CTGAN oversampling method, the oversampling class balancing strategy, 489

and IR = 0.6. The summary plot provides different information concerning the inter- 490

pretability of the model. It presents the importance of the features as well as their impact on 491

the prediction. Each point represented in the summary plot is a Shapley value for a specific 492

feature and a specific sample. The position on the x-axis shows the Shapley value assigned 493

to each sample whereas the y-axis shows the relevance of the features in descending order. 494

For our model, we can see how the three most relevant variables in the prediction are the 495

presence of high cholesterol, sex, and age, all of them coinciding with the interpretability 496

results obtained for the linear models. As for the colors, these represent the value of the 497

feature from lowest (blue) to highest (red). Thus, observing the most relevant variables, we 498

can conclude that higher values of cholesterol, sex, and age are related to the prediction of 499

subjects with CVD and lower values of these variables are associated with the prediction 500

of healthy individuals. On the contrary, for example, in the case of the alcohol variable, 501

the opposite occurs since higher values of this variable are relevant in predicting healthy 502

individuals, and lower values are related to predicting subjects with CVD. 503

4. Discussion 504

In this work, different resampling methods were used, highlighting the use of CT- 505

GANs as an oversampling technique to generate synthetic data for achieving data balance 506

among different classes in a classification problem. In particular, a dataset with real-world 507

data from healthy individuals and individuals with CVD was employed to carry out the 508

synthetic data generation. The results from different metrics for quality assessment of the 509

generated synthetic datasets were analyzed and discussed. 510

These results demonstrated the high potential of CTGANs for generating categori- 511

cal data, keeping relevant information, and improving classification performance. The 512

following five findings are particularly important to this study. Firstly, the GAN-based 513

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 7 February 2023                   doi:10.20944/preprints202302.0117.v1

https://doi.org/10.20944/preprints202302.0117.v1


18 of 22

model generates high-quality synthetic data, yielding PMF that was highly close to the 514

PMF of real data. This makes a significant contribution to the literature, demonstrating the 515

potential of GANs in the clinical setting [18]. Secondly, the use of an oversampling strategy, 516

instead of a hybrid technique, improves sensitivity and AUC scores in all ML models, due 517

to the quantity of IR increases. This is an important contribution to the literature since over- 518

sampling outperforms undersampling approaches regarding ML classifiers’ performance. 519

Thirdly, it has been demonstrated that linear classifiers outperform nonlinear ones when 520

using target encoding. Fourthly, the combination of the GAN and LASSO-based models 521

yields an AUC value of 71% (an improvement of 2% with respect to other oversampling 522

strategies), improving 1% the results achieved with undersampling. Finally, because of 523

the interpretive capabilities of our models, the findings of this study may help to improve 524

both the prediction and prevention of CVD, and the knowledge of the risk factors related 525

to CVD. The most important risk factors for CVD prediction identified in all models were 526

the presence of high cholesterol, age, BMI, and sex. 527

These findings are consistent with the primary CVD risk factors identified in the 528

literature [53–55]. According to [53], BMI is one of the most critical criteria to consider 529

since excessive adiposity is a significant risk factor for morbidity and death from type 2 530

diabetes, CVD, and different types of cancer. On the one hand, individuals from high- 531

income countries are more likely to consume healthy foods, according to to [56]. On the 532

other hand, low-income people tend to consume more fat and less fiber, which explains 533

the average importance of characteristics like fish or meat consumption in the prediction 534

of CVD. Furthermore, individuals in low and middle-income countries are more likely 535

to drink alcohol and smoke than socioeconomic groups in high-income countries, which 536

explains the importance of these features to predict CVD, according to [57]. 537

Despite the potential benefits of using clinical data for research, these data are highly 538

sensitive, and their use is restricted by privacy legislation and organizational guidelines [58]. 539

Additionally, patient data are regulated by laws protecting patients’ privacy such as the 540

Health Insurance Portability and Accountability Act in the United States and the General Data 541

Protection Regulation in the European Union [59]. Sharing of public health data has always 542

been hampered by privacy concerns. Furthermore, in the clinical setting, most of the 543

populations studied are commonly unbalanced, with the class of patients with a certain 544

disease typically being smaller than the class of healthy individuals. In this way, synthetic 545

data could allow researchers to delve deeper into complex medical issues, eliminating 546

challenges such as a lack of access to protected data and addressing the issue of class 547

imbalance [42]. 548

Further work will assess the findings achieved in this work by employing several dif- 549

ferent real-world clinical and nonclinical datasets. Furthermore, the quality of the synthetic 550

data could be assessed by designing specific classifiers able to provide discrimination be- 551

tween real and synthetic data, evaluating in this way the performance of the oversampling 552

techniques. Finally, other FS techniques could be studied in order to confirm the findings 553

of this work related to the most relevant features selected to improve the performance and 554

the interpretability of the ML models. 555

5. Conclusions 556

ML methods have become increasingly important for improving the performance 557

of prediction models that could support decision-making. However, although these ap- 558

proaches have been applied in real-world scenarios, the class imbalance problem is a 559

significant drawback in the development and performance of ML models. The main chal- 560

lenge lies in the fact that skewed class distributions hinder the proper learning process. In 561

the clinical setting, most of the populations being studied are undersampled compared to 562

healthy individuals, which limits the application of ML models. Synthetic data allow re- 563

searchers to gain insights into complicated medical situations, solving these issues, helping 564

to enhance the efficacy of ML models, and allowing a better NCD prediction. Oversam- 565

pling techniques, especially GAN-based models can solve the imbalance problem. The 566
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combination of the GAN-based model and LASSO achieved an AUC value of 71% (up 2 %), 567

outperforming other oversampling strategies and outperforming the match-point method 568

of undersampling strategy. These advances in health informatics could help with clinical 569

decisions, potentially changing the course of a chronic disease or health condition. Finally, 570

the favorable impact of these decisions on cost savings and patient satisfaction would be 571

significant from both clinical and socioeconomic standpoints. 572

Author Contributions: Conceptualization, I.M.J. and C.S.R.; methodology, I.M.J. and C.S.R.; software, 573

C.G.V. and D.C.M.; validation, I.M.J., H.F. and C.S.R.; formal analysis, I.M.J. and C.S.R.; investigation, 574

C.G.V. and D.C.M.; resources, I.T.G., C.G. and C.S.R.; data curation, I.T.G., M.-L.L.; writing—original 575

draft preparation, C.G.V., D.C.M., H.F. and C.S.R.; writing—review and editing, I.M.J., I.T.G., M.- 576

L.L., C.G. and C.S.R.; visualization, C.G.V., and D.C.M.; supervision, I.M.J. and C.S.R.; project 577

administration, C.G. and C.S.R.; funding acquisition, C.S.R. All authors have read and agreed to the 578

published version of the manuscript. 579

Funding: This work has been partly supported by European Commission through the H2020- 580

EU.3.1.4.2., European Project WARIFA (Watching the risk factors: Artificial intelligence and the 581

prevention of chronic conditions) under Grant Agreement 101017385; and by the Spanish Government 582

by the Spanish Grants BigTheory (PID2019-106623RB-C41/AEI/ 10.13039/501100011033), and AAVis- 583

BMR (PID2019-107768RA-I00/AEI/10.13039/501100011033); the Community of Madrid (YEI grant 584

TIC-11649); Project Ref. 2020-661, financed by Rey Juan Carlos University and Community of Madrid; 585

and by the Research Council of Norway (HELSE-EU-project 269882). This work was completed while 586

Himar Fabelo was beneficiary of the FJC2020-043474-I funded by MCIN/AEI/10.13039/501100011033 587

and by the European Union “NextGenerationEU/PRTR”. 588

Data Availability Statement: The data can be provided under a reasonable official request. 589

Conflicts of Interest: All authors declare that they have no known competing financial interests or 590

personal relationships that could have appeared to influence the work reported in this paper. 591

Abbreviations 592

The following abbreviations are used in this manuscript: 593

594

AI Artificial Intelligence
CTGAN Conditional Tabular Generative Adversarial Network
CVD Cardiovascular Disease
DT Decision Tree
FS Feature Selection
GAN Generative Adversarial Network
HD Hellinger Distance
IR Imbalance Ratio
KLD Kullback-Leibler Divergence
KNN K-Nearest Neighbors
LASSO Least Absolute Shrinkage and Selection Operator
LCM Log-Cluster Metric
MAEP Mean Absolute Error Probability
ML Machine Learning
PA Physical Activity
PCD Pairwise Correlation Difference
RSVR Repeated Sample Vector Rate
RUS Random Under Sampling
SHAP Shapley Additive Explanations
SMOTE Synthetic Minority Oversampling Technique
SMOTEN Synthetic Minority Oversampling Technique Nominal
SVM Support Vector Machine
TVAE Tabular Variational Autoencoder
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