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Abstract: The COVID-19 pandemic generated a socioeconomic disruption that affected household income, 

making it crucial to identify modulating factors in vulnerable contexts. This study aimed to develop a predictive 

model using data mining to determine the socioeconomic, demographic, and well-being factors that influence the 

income level of 1,456 members of three cooperatives in Manabí, Ecuador, before, during, and after the lockdown. 

The Interindustry Standard Process for Data Mining methodology was employed. The survey data were 

segmented into training and test sets, with oversampling applied to the minority classes to correct for imbalances. 

Several supervised classification algorithms were trained and evaluated in this study. The results showed 

exceptional predictive performance, with neural networks achieving accuracies close to 90% and areas under the 

ROC curve greater than 0.95 in the test set. A negative impact of the lockdown was evident, with an increase in 

the number of members in the lowest income category. The most influential factors were the educational level, 

employment status, and perception of well-being. These findings offer cooperatives a tool to identify vulnerable 

profiles and design targeted support strategies, confirming the effectiveness of data mining in modeling economic 

vulnerability. Furthermore, validation using the Neutrosophic TOPSIS method and Hausdorff Distance 

corroborated the robustness of the predictive models by incorporating uncertainty and indeterminacy into the 

assessment of socioeconomic factors, strengthening the reliability of the results in crisis contexts. 
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1. Introduction 

The COVID-19 pandemic has caused unprecedented socioeconomic disruption globally, 

significantly impacting the income and financial stability of millions of households [1, 2, 3 ]. In the 

Ecuadorian context, credit union members, many of whom belong to vulnerable sectors or the popular 

and solidarity economy, face particular economic challenges, as demonstrated by studies on their 

impact at the household level [4]. This situation underscores the crucial need to identify the factors 

that influenced variations in income levels during the lockdown. 

Data mining, which is defined as the process of organizing, analyzing, and extracting valuable 

information from large datasets [5,6], is emerging as a key methodology. The authors distinguish 

between descriptive tasks, which classify data based on historical incidents, and predictive tasks, 

which use historical data to predict future outcomes. Techniques such as classification, regression, and 

decision trees are fundamental in financial applications for risk prediction or customer loyalty [5]. 

Other studies highlight the high learning capacity, intelligence, and precision of data mining 
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technology, considering it essential for processing complex information and transforming it into tools 

applicable in various fields [6]. 

However, despite the potential of advanced analytical tools, the central problem in addressing the 

income situation of COAC members during the COVID-19 crisis lies in the need for a methodological 

approach that allows to accurately identify the specific factors that modulated these income levels and 

facilitates the development of robust predictive models for this scenario. The analysis of economic 

dynamics in the context of health crises constitutes an essential basis for promoting social stability and 

economic recovery [3]. Despite the advances in machine learning in economics and finance, and its 

advantage over traditional statistical models [7], a gap persists in the application of data mining 

methodologies aimed at studying socioeconomic, demographic, and well-being factors at the 

individual level during health emergencies. While there are data mining applications in the 

Ecuadorian cooperative sector, such as the work of Mejía Vanegas [8] to predict credit delinquency, 

and studies that use machine learning to analyze the socioeconomic impact of COVID-19 at the 

regional or macro level [7, 1, 9, 3], most have focused on aggregate variables or unsupervised 

approaches, leaving a gap in the construction of supervised predictive models for individual 

admission in this specific context. 

Traditional approaches often fail to capture complex patterns or build the robust predictive models 

required. This limits credit unions' ability to anticipate situations of economic vulnerability among 

their members and design effective support strategies. As Winston points out, socioeconomic status is 

a determining factor in research on the impact of pandemics [10]. Along these lines, the overall 

objective of this work is to develop a predictive model based on data mining techniques to identify 

socioeconomic, demographic, and well-being perception factors associated with the income level of 

members of three segment 1 credit unions in Manabí province, based on a sample of 1,456 respondents, 

during the COVID-19 lockdown period. This highlights the importance of this approach for informed 

decision-making in the cooperative sector. Furthermore, the results of the predictive model are 

validated using the Neutrosophic TOPSIS method and the Hausdorff Distance , which incorporates 

neutrosophic logic to assess the robustness of predictions and the relevance of identified factors, 

considering the uncertainty and indeterminacy inherent in socioeconomic data in crisis contexts. 

This article is organized as follows: it begins with a presentation of the pandemic context and the 

problems that justify the research. It then reviews the relevant literature on economic analysis in crises 

and the application of data mining. The methodology employed is then detailed, including a 

description of the data collected from the three cooperatives, the preprocessing , the machine learning 

algorithms used by the Orange Data Mining software , and the evaluation metrics. The results obtained 

from the comparative analysis of the predictive models and the identification of the most influential 

factors on income levels are then presented and discussed. The validation of the results using the 

Neutrosophic TOPSIS method and Hausdorff Distance is then described to confirm the consistency of 

the predictions and determining factors under a neutrosophic framework. Finally, the conclusions of 

the study are presented, along with the limitations and prospects for future research in this area. 

 

2. Materials and methods 

 

This research was developed under a quantitative approach, based on the collection and analysis 

of structured data to identify patterns, relationships and build predictive models. Following the 

scientific research process [11], once the problem was posed and the literature reviewed, specific 

hypotheses were derived and tested using a non-experimental, ex post facto design. This design is 

justified given that data collected on already occurred events (the socioeconomic effects of the COVID-

19 pandemic on income) were analyzed, and for each of the three periods analyzed (before, during 

and after confinement), the study had a cross-sectional component [12]. Furthermore, the analytical-
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synthetic method was used to decompose the income level phenomenon into its constituent variables 

and then reintegrate them into predictive models, as well as an inductive-deductive approach to infer 

general patterns from the sample data and test the hypotheses [11]. 

The scope of the research was initially descriptive, according to Barbosa's definition [13], 

characterizing the current nature of the sample and the variables in each period, recording and 

analyzing the present phenomena. Subsequently, it progressed to a correlational-associative level, 

exploring the relationships between socioeconomic, demographic and well-being perception factors 

with the income level of the partners. The fundamental component of the study was predictive, 

focusing on the development and evaluation of machine learning models to estimate the income 

category of the partners at each of the three time points. Finally, by interpreting the best-performing 

models, we sought to reach a limited explanatory level, identifying the most determining factors of the 

income level in each context [12]. 

 

2.1 Data analysis 

 

For the processing and analysis of the collected data, the CRISP-DM ( Cross-Industry Standard 

Process for Data Mining) methodology was adopted, a robust and widely recognized framework for 

data mining projects. This iterative approach consists of six interrelated phases that guided the 

development of this study, from the initial understanding of the data to the evaluation of the 

constructed predictive models [14, 15]. The activities carried out in each of these phases are detailed 

below: 

 

Understanding the business/problem 

 

The main objective of this phase was to clearly define the problem and research objectives from a 

practical perspective for credit unions. The goal was to understand the need to identify the factors that 

modulated members' income levels during the socioeconomic disruption caused by the COVID-19 

pandemic, so that these findings could inform strategies to support and mitigate economic 

vulnerability. 

 

Understanding the data 

 

This phase involved familiarizing themselves with the dataset. The study population consisted of 

members of savings and credit cooperatives in segment 1, regulated by the Superintendency of 

Popular and Solidarity Economy, located in the province of Manabí, Ecuador. Of a total of four 

cooperatives belonging to this segment in said province, three agreed to participate in the study: 

Cooperativa de Ahorro y Crédito Calceta Ltda , Cooperativa de Ahorro y Crédito Chone Ltda , and 

Cooperativa de Ahorro y Crédito La Benefica . To preserve the confidentiality of the organizations, the 

participating cooperatives were anonymized , assigning them the names Coop 1, Coop 2, and Coop 3, 

in no particular order or relation to the alphabetical order in which they were previously mentioned. 

The cooperatives were selected using convenience sampling, considering only those that agreed to 

participate in the research process. Participants within each cooperative were selected using simple 

random sampling. A consolidated sample of 1,456 members was used, distributed as follows: 382 

members in Cooperative 1, 381 members in Cooperative 2, and 693 members in Cooperative 3. 
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The main data collection technique was the survey, a procedure commonly used in quantitative 

research to obtain the necessary information to answer the research question [16]. The specific 

instrument used was a structured questionnaire with closed questions, designed to capture 

information on demographic variables (age, gender), socioeconomic variables (educational level, 

employment status, type of housing, family responsibilities), perception of well-being and average 

monthly income level [17]. This instrument was applied to collect data corresponding to the periods 

before, during and after the COVID-19 lockdown, generating a database with a temporal dimension. 

The variables that served as input for training the income level predictive models are detailed in 

Table 1. 

Table 1Variables to model the income level of partners 

 

Variable Description 
Variable 

type 
Categories 

Log in before 

Admission during 

Entry after 

 

 

Member's average 

monthly income 

category before, during, 

or after the COVID-19 

lockdown 

Categorical 

ordinal 

• Less than 1 SBU 

• Mayor equal to 1 SBU 

per minor and 2 SBU 

• Mayor equal to 2 SBU 

per minor and 3 SBU 

• More than 3 SBUs for 

every 4 SBUs 

Level of education 

Highest level of 

education achieved by 

the member 

Categorical 

ordinal 

• None 

• Essential 

• High school 

• Technique 

• University 

• Mastery 

• Doctorate 

Well-being before 

Wellbeing during 

Well-being after 

Members' perception of 

how they lived with 

their income before, 

during, and after the 

lockdown 

Categorical 

ordinal 

• Living badly 

• Living more or less well 

• Live well 

Working before 

Working during 

Working after 

Indicator of whether the 

member was working 

before, during, and after 

confinement 

Categorical 

dichotomous 
• BUT 

Age Age range of the couple 
Categorical 

ordinal 

• Ages 18 to 45 years 

• Ages 46 to 65 years 

• people over 65 years old 
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Gender 
Gender with which the 

couple identifies 

Categorical 

nominal 

• Man 

• Women 

• Other 

Family responsibilities 

before 

Family responsibilities 

during 

Family responsibilities after 

Number of dependents 

of the member 

Categorical 

ordinal 

• 0 

• 1 or 2 

• More than 2 

Previously rented homes 

Housing rented during 

Rental housing after 

Own house before 

Own home during 

Own house later 

Type of housing in 

which the member 

resided before, during, 

and after confinement. 

Categorical 

dichotomous 
• BUT 

Identification Cooperative Cooperative identifier 
Categorical 

nominal 

• Coop1 

• Coop2 

• Coop3 

 

Data preparation 

  

This phase encompassed all the activities required to construct the final dataset from the raw data. 

It was performed using Orange Data Mining software (version 3.39) and was divided into the 

following strands: 

• Consolidation and Cleanup: Merge data from the three cooperatives and identify and 

address inconsistencies. 

• Handling missing values: Mode imputation was applied for categorical variables. 

• Cooperativa_ID was included to identify the origin of each member and categories of the 

income variable were merged for each period (resulting in four final categories: Less than 

SBU; 1-2 SBU; 2-3 SBU; and Greater than or equal to 3 SBU) to ensure an adequate number 

of instances per class. 

• Data format: The data were structured for each of the three temporal analyses (before, 

during, after), selecting in each case the income variable for the corresponding period as the 

target variable and the demographic, socioeconomic and well-being characteristics of that 

same period as predictor variables. 

 

Splitting Training and Testing Data 

To ensure an objective assessment and avoid overfitting, the dataset of 1,456 partners was 

segmented for each temporal analysis (before, during, and after). The widget A data sampler was used 

to perform a stratified split, assigning 80% of the data to the training set (1,165 instances) and the 
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remaining 20% to the test set (291 instances). This partitioning was kept constant and replicable to 

ensure comparability of the results. 

Training set balance 

Due to the observed imbalance in the distribution of the input variable categories, especially in the 

"during" and "after" periods, a random oversampling technique was applied to only 80% of the training 

set. Using the Select Rows, Data Sampler, and Concatenate widgets, instances of minority classes were 

replicated to a more balanced distribution. This step is essential so that the learning algorithms are not 

biased toward the majority class and can learn to identify patterns across all income categories. Twenty 

percent of the test set was kept in its original, unbalanced state to simulate real-world conditions 

during the evaluation. 

Modeling 

With the training data prepared and balanced, various supervised classification modeling 

techniques were selected and applied to build the predictive models. The algorithms evaluated 

included decision trees, random forests, naive Bayes, logistic regression, support vector machines 

(SVMs), and neural networks. Separate sets of models were built for each of the three time periods, 

using the balanced training data from each period. Algorithm parameters were kept at their default 

settings in Orange for initial comparison. The construction of the predictive model can be seen in 

Appendix A. 

Assessment 

The final evaluation of each model's performance for each period was performed on the 20% test 

set, ensuring an objective assessment of the models' generalization. In the "Test and Score" widget, the 

"Test on test data" option was selected to perform this evaluation. The performance metrics used 

included Area Under the ROC Curve (AUC), Overall Accuracy (CA), F1-score, Precision, Recall, and 

Matthews Correlation Coefficient (MCC) [18]. The statistical comparison of performance between 

models was based on the evidence provided by the widget. Additionally, confusion matrices of the 

best-performing models were analyzed to understand their success and error patterns by class. 

Interpretation of influencing factors was performed using nomograms for Logistic Regression and 

feature importance analysis with the Rank widget, tools that facilitate understanding of model 

determinants [15,18]. 

Deployment (adapted to the research context). 

Although this research does not involve the implementation of the models in a productive system, 

the results and knowledge generated are documented in this article for dissemination to the scientific 

community and the cooperatives themselves. The findings seek to provide information that COACs 

can use to better understand their members' vulnerability and to design future support strategies or 

early warning systems. 

Hypothesis formulation 

Tables 2 and 3 propose the hypotheses to be tested by evaluating the performance of the models. 

 

Table 2Null and alternative hypothesis on the best predictive model for each period 

 

H₀.₁ 
There are no statistically significant differences in the predictive ability of machine learning algorithms 

to estimate income levels before, during, and after the COVID-19 lockdown. 
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H₁. ₁ 
At least one machine learning algorithm has significantly greater predictive capacity to estimate income 

levels in the periods studied. 

 

Table 3. Null and alternative hypotheses on the impact of confinement on predictability and determining factors 

 

H₀.₂ 
The predictive performance of revenue models and the relevance of socioeconomic factors do not vary 

significantly between the periods before, during, and after the COVID-19 lockdown. 

H₁. ₂ 
The predictive performance of revenue models and the relevance of socioeconomic factors vary 

significantly across the periods studied, reflecting the impact of the pandemic. 

 

2.2. Validation method. 

 

Neutrosophic, a new branch of philosophy, emerged as a generalization of dialectics and Chinese 

YinYang philosophy. It delves not only into the dynamics of opposites, but also into the dynamics of 

opposites in conjunction with their neuters (<A>, <neutA> , <antiA> ) , where <A> represents an 

element, <antiA> its opposite, and <neutA> its neutral state (indeterminacy between them). 

Neutrosophic emphasizes the importance of neutrality/indeterminacy (<neutA> ) , giving rise to 

concepts such as the neutrosophic set, logic, probability, statistics, and measurement, with various 

practical applications in various fields. In particular, the components of the single-valued neutrosophic 

set/logic could sum up to 3, highlighting the independence between these components [22]. 

1 Definition 1, [ 23 ], [24 ] . Let 𝑋 a space of basic elements denoted by . ∈ 𝑋 . A NS 𝐴 in , is 

described by a truth membership function 𝑇 𝐴 ( 𝑥 ), an indeterminate membership function 𝐼 𝐴 

( 𝑥 ) and a falsehood membership function 𝐹 𝐴 ( 𝑥 ). These membership functions are standard 

or non-standard real subsets of ]0 − ,1 + [ , i.e., 𝑇 𝐴 ( 𝑥 ): 𝑋 → ]0 − ,1 + [, 𝐼 𝐴 ( 𝑥 ): 𝑋 → ]0 − ,1 + [ y 𝐹 𝐴 ( 

𝑥 ): 𝑋 → ]0 − ,1 + [, where 0 − =0− 𝜀 and 1 + =1+ 𝜀 , while 𝜀 is a number greater than 0. Since NS 

have a restriction mentioned on the sum of the three membership functions, then 0 − ≤ sup 𝑇 𝐴 

( )+ sup 𝐼 𝐴 ( )+ sup 𝐹 𝐴 ( ) ≤ 3 + . 

2 To address the challenges associated with the practical application of neutrosophic sets (NEs) 

in a technical and scientific manner, Wang et al. introduced the concept of single-valued 

neutrosophic sets ( SVUs) [25]. 

3 Definition 2. [23],[24] . Let X be a space of basic elements denoted by x ∈ 𝑋 . B is a SVNS in X 

with membership functions: truth TB ( x), indeterminacy I B (x) and falsity F B (x), which belong 

to the interval [0,1]. So for any element x, TB ( x) ∈ [0,1], I B (x) ∈ [0,1] and F B (x) ∈ [0,1], therefore 

it is satisfied that 0 ≤ T𝐵(x) + 𝐼𝐵(𝑥) + 𝐹𝐵(𝑥) ≤ 3 . For a SVNS B in 𝑋 , a triplet b will be 

represented as 〈T𝐵(x), I𝐵(x), F𝐵(x)〉 for x ∈  X, or as (T b , I b , F b ), in a simplified form, and is 

defined as a single-valued neutrosophic number (SVNN), an element of the SVNS B in 𝑋 . 

4 Definition 3. [25]. Let A and B be two SVNS in the space X. It can be stated that B contains A ( 

𝐴 ⊆ 𝐵), if and only if T𝐴(x) ≤ T𝐵(x), 𝐼𝐴(𝑥) ≥ 𝐼𝐵(𝑥) 𝑎𝑛𝑑 𝐹𝐴(𝑥) ≥ 𝐹𝐵(𝑥)for all x ∈ X. 

5 Definition 4. [26]. Let { 𝐵1, 𝐵2, … , 𝐵𝑛} SVNNs ∈ SVNS(x), the Single Valued Weighted Average 

Neutrosophic Operator (SVNWAO), is then defined as: 
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6 SVNWAO𝑤(𝐵1, 𝐵2, … , 𝐵𝑛) = 〈1 − ∏ (1 − 𝑇𝐵𝑗
(𝑥))

𝑤𝑗
𝑛
𝑗=1 , ∏ (𝐼𝐵𝑗

(𝑥))
𝑤𝑗

,𝑛
𝑗=1 ∏ (𝐹𝐵𝑗

(𝑥))
𝑤𝑗

𝑛
𝑗=1 〉  

 (1) 

7 where 𝐵𝑗 = (𝑇𝑗 , 𝐼𝑗 , 𝐹 𝑗) (j = 1, 2, …, n) and 𝑤 =  (𝑤1, 𝑤2, … , 𝑤𝑛) is a vector, such ∑ 𝑤𝑗 =

1, and 𝑤𝑛 ∈ [0,1]   

8 Definition 5. [27]. The normalized Hamming distance between a = (T a , I a , F a ) and b = (T b , I 

b , F b ), SVNN of the SVNS C at X, is defined as: 

9 𝑑𝑋𝑢(𝑎, 𝑏) =
1

3
{|𝑇𝑎 − 𝑇𝑏| + |𝐼𝑎 − 𝐼𝑏| +  |𝐹𝑎 − 𝐹𝑏|}       (2) 

10 Definition 6 [28]. The Hausdorff distance between a = ( T a , I a , F a ) and b = (T b , I b , F b ), SVNN 

of SVNS C in X, is defined as: 

11 𝑑𝑋𝑢(𝑎, 𝑏) = 𝑚𝑎𝑥{|𝑇𝑎 − 𝑇𝑏|, |𝐼𝑎 − 𝐼𝑏|, |𝐹𝑎 − 𝐹𝑏|}            (3) 

12 The Technique of Preference Ordering by Similarity to Ideal Solution (TOPSIS) is an efficient 

methodology for addressing complex multi-criteria decision problems, such as quality item 

prioritization. Based on the principle of identifying ideal and anti-ideal solutions, TOPSIS 

facilitates a nuanced understanding of the decision space, distinguishing optimal from 

suboptimal options [29]. Using a similarity metric, it quantitatively measures the desirability 

of each option, improving objectivity. The integration of neutrosophic elements enhances 

TOPSIS, adding sophistication to the handling of indeterminate information [30], aligning 

with the changing landscape of decision science and providing a more robust framework for 

addressing uncertainties and improving decision-making effectiveness. 

13 The ideal SVNNS criteria are calculated as indicated in [30]. Where B is the positive type 

criterion and C is the cost type criterion, the ideal SVNNS for each case is calculated by: 

14 𝐵 ∗= (𝑇𝜌+𝑤(𝛽𝑗), 𝐼𝜌+𝑤(𝛽𝑗), 𝐹𝜌+𝑤(𝛽𝑗))         (4) 

15 Denotes the positive ideal solution, corresponding to B . 

16 C ∗= (𝑇𝜌−𝑤(𝛽𝑗), 𝐼𝜌−𝑤(𝛽𝑗), 𝐹𝜌−𝑤(𝛽𝑗))         (5) 

17 Denotes the negative ideal solution, corresponding to C. 

18 Where 

19 𝑇𝜌+𝑤(𝛽𝑗) = {
𝑚𝑎𝑥𝑖[𝑇𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐵

𝑚𝑖𝑛𝑖[𝑇𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐶
        (6) 

20 𝐼𝜌+𝑤(𝛽𝑗) = {
𝑚𝑖𝑛𝑖[𝐼𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐵

𝑚𝑎𝑥𝑖[𝐼𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐶
        (7) 

21 𝐹𝜌+𝑤(𝛽𝑗) = {
𝑚𝑖𝑛𝑖[𝐹𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐵

𝑚𝑎𝑥𝑖[𝐹𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐶
        (8) 

22 AND 

23 𝑇𝜌−𝑤(𝛽𝑗) = {
𝑚𝑖𝑛𝑖[𝑇𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐵

𝑚𝑎𝑥𝑖[𝑇𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐶
        (9) 
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24 𝐼𝜌−𝑤(𝛽𝑗) = {
𝑚𝑎𝑥𝑖[𝐼𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐵

𝑚𝑖𝑛𝑖[𝐼𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐶
         (10) 

25 𝐹𝜌−𝑤(𝛽𝑗) = {
𝑚𝑎𝑥𝑖[𝐹𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐵

𝑚𝑖𝑛𝑖[𝐹𝜌𝑖𝑤(𝛽𝑗)], 𝑖𝑓    𝑗 ∈ 𝐶
        (11) 

26 The distance between each SVNN and both ideal values will be calculated by (3), while the 

proximity coefficient ( PC ) will be calculated by: 

27 𝑃𝐶𝑗 =
𝐷−

𝐷++𝐷−  

28 Where 

29 0 ≤ 𝑃𝐶𝑗 ≤ 1  

30 𝐷− = 𝑑𝑋𝑢(𝛽𝑗, 𝐶 ∗)              (12) 

31       𝐷+ = 𝑑𝑋𝑢(𝛽𝑗, 𝐵 ∗)          (1 3) 

 

 

3. Results 

 

The key sociodemographic characteristics of the 1,456 members surveyed, distributed across three 

credit unions in the province of Manabí, are described below. The distribution by age, gender, and 

highest level of education attained will be analyzed to contextualize the study population before 

examining their income levels. 

 

 
Figure 1Distribution of partners in cooperatives by age range. 

 

Figure 1 shows a varied age distribution among the three cooperatives. Cooperative 1 (blue) has a 

higher concentration of members in the 18-45 age range. Cooperative 2 (red) has a more balanced 

representation in the 18-45 and 46-65 age ranges. Cooperative 3 (green) shows a predominance of 

members in the 18-45 and 46-65 age ranges, with a lower proportion of members over 65 compared to 

the other two, although it remains the largest group in this cooperative in the "Over 65" range. 
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Figure 2Distribution of partners in cooperatives by gender 

 

As can be seen in Figure 2, the distribution between men and women appears to be relatively 

balanced in all three cooperatives, although with slight differences. Cooperative 3 (green) shows a 

higher number of women and men overall due to its larger sample size. The "Other" category has 

minimal or no representation. 

 

 

Figure 3education level. 

 

The majority of respondents from the three cooperatives have primary and secondary education, 

with Coop. 3 concentrating the largest number of people at these levels. Coop. 1 stands out for having 

a higher proportion of people with technical and university education, suggesting a slightly higher 

educational profile. Coop. 2 presents a more balanced distribution, although with less representation 

at the higher levels. Master's and doctoral degrees are practically nonexistent in all three cooperatives, 

and only a small group has not completed any educational level (Figure 3). 
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3.1 Analysis of the distribution of the dependent variable (income level) in the three periods 

 

To explain the economic context of the members and the impact of the pandemic, Table 4 presents 

the distribution of the average monthly income reported during the three study periods: before, 

during, and after the COVID-19 lockdown. This description will allow us to visualize the changes in 

the income structure of the total sample. 

Table 4Distribution of members according to income level in the periods studied 

 

 Income before Income during Income after 

COOPERA

TIVE 
No. 

In 

general 
No. In general No. In general 

Mayor equal to 1 SBU 

$425.00 monthly and 

2 SBU $850.00 

Cooperati

ve 1 
152 10.44% 132 9.07% 145 9.96% 

Cooperati

ve 2 
224 15.38% 187 12.84% 206 14.15% 

Cooperati

ve 3 
134 9.20% 131 9.00% 141 9.68% 

Mayor equal to 2 

SBUs $850.00 

monthly and 3 SBUs 

$1275.00 

Cooperati

ve 1 
54 3.71% 39 2.68 % 41 2.82 % 

Cooperati

ve 2 
18 1.24% 18 1.24 % 23 1.58 % 

Cooperati

ve 3 
4 0.27% 4 0.27 % 5 0.34 % 

Mayor equal to 3 

SBUs $1275.00 

monthly and 4 SBUs 

$1700.00 

Cooperati

ve 1 
22 1.51% 25 1.72 % 25 1.72 % 

Cooperati

ve 2 
2 0.14% 2 0.14 % 3 0.21 % 

Cooperati

ve 3 
1 0.07% 1 0.07 % 1 0.07 % 

Less than a Unified 

Basic Wage (UBW) 

Cooperati

ve 1 
154 10.58% 186 12.77 % 171 11.74 % 

Cooperati

ve 2 
137 9.41% 174 11.95 % 149 10.23 % 

Cooperati

ve 3 
554 38.05% 557 38.26 % 546 37.50 % 

∑ 1456 100% 1456 100% 1456 100% 

 

Before the lockdown, a distribution was observed where the category "Less than one Unified Basic 

Salary (UBS)" grouped 845 partners (58.04%), while 492 partners (33.79%) were in the range "Greater 

than or equal to 1 UBS and less than 2 UBS". The highest income categories were considerably lower: 

76 partners (5.22%) in "Greater than or equal to 2 UBS and less than 3 UBS" and only 25 partners (1.72%) 
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in "Greater than or equal to 3 UBS". This indicates that, although a significant portion were already in 

the lower income levels, there was a considerable segment with lower-middle incomes (Table 4). 

During the lockdown, a dramatic increase was observed in the proportion of members in the "Less 

than SBU" category, which rose to 917 members, representing an alarming 62.98% of the total. This 

change was mainly due to the "Greater than or equal to 1 SBU and less than 2 SBU" category, which 

decreased to 450 members (30.91%), and also to the higher categories: "Greater than or equal to 2 SBU 

and less than 3 SBU" decreased to 61 members (4.19%), and "Greater than or equal to 3 SBU" remained 

marginally unchanged at 28 members (1.92%). These data reflect a serious negative impact of the 

pandemic, with widespread impoverishment and a concentration of members in the lowest income 

stratum (Table 4). 

Following the lockdown, the "Less than SBU" category remained the most prevalent, with 866 

members (59.48%), a figure still much higher than the pre-pandemic figure, although slightly lower 

than at the peak of the lockdown. A slight recovery was observed in the "Greater than or equal to 1 

SBU and less than 2 SBU" category, which increased to 492 members (33.79%), returning to a level 

similar to that observed before the pandemic. However, the higher-income categories ("Greater than 

or equal to 2 SBU and less than 3 SBU", with 69 members or 4.74%, and "Greater than or equal to 3 

SBU", with 29 members or 1.99%) showed very limited or no recovery compared to the "During" 

period, and remained below or barely at the level of their already low pre-pandemic percentages. This 

suggests that while some members managed to slightly improve their situation after the most critical 

phase, the negative economic impact persisted for a large majority and the income structure failed to 

return to pre-crisis levels, with a larger proportion of members consolidating at the lowest income 

level (Table 4). 

 

3.1. Analysis of the determinants of income level 

 

Prior to evaluating the predictive models, an analysis was conducted to identify the socioeconomic, 

demographic, and well-being characteristics with the greatest potential influence on determining the 

members' income level. To do this, Orange's "Rank" widget was used, applying metrics such as Chi-

square ( χ ²), Information Gain and Gain Ratio, connecting it to the preprocessed data and defining the 

input variable for each period (before, during, and after lockdown) as the target. This univariate 

analysis provides an overview of the individual relevance of each characteristic (Figs. 4, 5, and 6). 

 

 

Figure 4Variables with the greatest influence in the Previous Period 
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Figure 5Variables with the greatest influence in the Period During 

 

Figure 6Variables with the greatest influence in the Post Period 

 

Across all three periods analyzed, the "Rank" widget consistently pointed to "Educational Level" 

as the most relevant characteristic for distinguishing income levels, presenting the highest values in 

metrics such as Chi-square (χ²) (Before: 599, During: 609, After: 614) and Information Gain (Before: 

0.201, During: 0.199, After: 0.211). Immediately after, and also with high consistency, the "Employment 

Status" variable for the respective period (e.g., "Were you working before the lockdown?") ranked 

second, closely followed by perceptions of well-being and the ID Coop variable. (cooperative 

identifier). Variables such as "Age," "Gender," "Number of dependents," and those related to housing 

tenure or renting showed consistently lower individual influence according to these univariate metrics 

, although their importance can be reflected in multivariate models. This preliminary hierarchy 

suggests that educational level, employment status, perception of well-being, and the cooperative to 

which members belong are, a priori, the factors with the greatest individual discriminatory power for 

members' income levels in the different temporal contexts studied. 

 

3.2. Predictive models of income level reference 

 

To identify the algorithm with the best ability to predict members' income levels, a set of six 

supervised classification models was trained and evaluated for each of the three periods. Following 

the described methodology, the models were trained using 80% of the data (training set), to which an 

oversampling technique was applied to balance the input classes. Performance evaluation was 

performed using the remaining 20% of the data (test set), which was not used during training or 

compensation. Tables 5, 6, and 7 below present the performance results obtained for the periods before, 

during, and after the lockdown, respectively. 
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Before the period 

Table 5. Predictive performance of 5in the period BEFORE the pandemic 

 

Model AUC California F1 Price Remember MCC 

Random Forest BEFORE 0.951 0.859 0.855 0.858 0.859 0.732 

Naive Bayes BEFORE 0.877 0.756 0.754 0.762 0.756 0.553 

Logistic regression BEFORE 0.904 0.825 0.818 0.823 0.825 0.664 

SVM BEFORE 0.834 0.643 0.647 0.718 0.643 0.399 

Neural network BEFORE 0.961 0.876 0.873 0.873 0.876 0.765 

Tree BEFORE 0.944 0.842 0.836 0.837 0.842 0.698 

 

The evaluation of the models for the BEFORE period (Table 5) reveals exceptional predictive 

performance after applying class balancing and a split between training and testing. The Neural 

Network model is positioned as the most effective, leading in all key metrics with an AUC of 0.961, an 

Overall Accuracy (CA) of 0.876, and an MCC of 0.765. It is closely followed by the Random Forest 

(AUC=0.951, CA=0.859) and the Decision Tree (AUC=0.944, CA=0.842), both with very robust results. 

These findings demonstrate that it is possible to estimate the pre-pandemic income level with high 

accuracy using the developed models. 

 

Period During 

Table 6. Predictive performance of 6models in the DURING period 

 

Model AUC California F1 Price Remember MCC 

Tree DURING 0.953 0.863 0.860 0.860 0.863 0.723 

Logistic regression DURING 0.919 0.814 0.814 0.824 0.814 0.636 

Neural network DURING 0.973 0.904 0.904 0.905 0.904 0.808 

SVM DURING 0.878 0.742 0.743 0.756 0.742 0.490 

Bayes DURING 0.900 0.777 0.778 0.785 0.777 0.564 

Random Forest DURING 0.968 0.890 0.889 0.890 0.890 0.779 

 

During the most acute phase of the lockdown, the predictive models maintained exceptionally high 

performance, as shown in Table 6. The Neural Network model emerged as the top performer, 

achieving near-perfect discrimination with an AUC of 0.973 and the highest Overall Accuracy (CA) of 

0.904. It was closely followed by the Random Forest (AUC=0.968, CA=0.890) and Decision Tree 

(AUC=0.953, CA=0.863), whose results were also outstanding. These findings indicate that, despite the 

economic disruption, socioeconomic factors of the period remained strong predictors of income level, 

especially after balancing the training data. 
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Later period 

Table 7Predictive performance of classification models in the AFTER period 

 

Model AUC California F1 Price Remember MCC 

Tree AFTER 0.953 0.858 0.854 0.855 0.858 0.725 

Neural network AFTER   0.962 0.878 0.877 0.878 0.878 0.768 

SVM AFTER 0.866 0.718 0.721 0.755 0.718 0.497 

Naive Bayes AFTER 0.868 0.752 0.747 0.748 0.752 0.524 

Logistic regression AFTER 0.891 0.792 0.786 0.788 0.792 0.598 

Random Forest AFTER 0.961 0.876 0.874 0.875 0.876 0.762 

 

In the post-lockdown phase (Table 7), the high predictive capacity of the models was maintained, 

indicating a stabilization of the income determinants. The Neural Network model continued to show 

the highest performance across all metrics, with an AUC of 0.962 and an Overall Accuracy (CA) of 

0.878. It was closely followed by the Random Forest (AUC=0.961, CA=0.876), both consolidating as the 

most robust predictors also in this phase. The Decision Tree (AUC=0.953, CA=0.858) again 

demonstrated very competitive performance, outperforming other more complex models such as SVM 

and Naive. Bayes. These results suggest that, even in the new post-lockdown context, models trained 

with balanced data can estimate members' income levels with high accuracy. 

Across all three time periods analyzed, the predictive performance of the models was consistently 

high, with several algorithms exceeding an AUC of 0.95 and overall accuracies (AC) exceeding 85% 

after applying class balancing. While both the Random Forest and Neural Network models showed 

exceptional performance, the Neural Network model was selected for further analysis as it emerged 

as the slightly better performing algorithm across all three time points. This choice is based on its 

ability to achieve the highest AUC (0.961 in BEFORE, 0.973 in DURING, and 0.962 in AFTER) and 

overall accuracies (AC) (0.876 in BEFORE, 0.904 in DURING, and 0.878 in AFTER) values. 

The confusion matrices for this model are presented below for each period, in order to delve deeper 

into its predictive capacity for each income class. 

 

Before the period 

Table 8before the period 

 

 Provided 

∑ 
Less than a 

Unified Basic 

Wage (UBW) 

Mayor equal 

to 1 SBU 

$425.00 

monthly and 2 

SBU $850.00 

Mayor equal to 

2 SBUs $850.00 

monthly and 3 

SBUs $1275.00 

Mayor equal to 3 

SBUs $1275.00 

monthly and 4 

SBUs $1700.00 

Current 

Less than a Unified 

Basic Wage (UBW) 
160 9 0 0 169 

Mayor equal to 1 

SBU $425.00 
14 85 2 1 102 
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monthly and 2 SBU 

$850.00 

Mayor equal to 2 

SBUs $850.00 

monthly and 3 

SBUs $1275.00 

0 8 7 0 15 

Mayor equal to 3 

SBUs $1275.00 

monthly and 4 

SBUs $1700.00 

0 2 0 3 5 

∑ 174 104 9 4 291 

 

The confusion matrix of the neural network model in the pre-lockdown period (Table 8), evaluated 

on the test set of 291 members, reveals high classification performance. The model correctly identified 

160 of the 169 members in the "Less than a Unified Basic Wage (UBW)" category and 85 of the 102 

members in the "Greater than or equal to 1 UBW and less than 2 UBW" category. The main 

classification error was the underestimation of incomes between these two adjacent categories, with 

14 members of the second tier classified in the first. For higher-income minority classes, the model 

demonstrated identification ability, scoring in 7 of 15 cases for the "Greater than or equal to 2 UBW 

and less than 3 UBW" category and in 3 of 5 for "Greater than or equal to 3 UBW," a remarkable result 

given the low representation of these classes in the test set. 

 

Period During 

Table 9. Confusion matrix 9the neural network model during the period 

 

 Provided 

∑ 
Less than a 

Unified Basic 

Wage (UBW) 

Mayor equal 

to 1 SBU 

$425.00 

monthly and 2 

SBU $850.00 

Mayor equal to 

2 SBUs $850.00 

monthly and 3 

SBUs $1275.00 

Mayor equal to 3 

SBUs $1275.00 

monthly and 4 

SBUs $1700.00 

Current 

Less than a Unified 

Basic Wage (UBW) 
172 11 0 0 183 

Mayor equal to 1 

SBU $425.00 

monthly and 2 SBU 

$850.00 

13 77 0 0 90 

Mayor equal to 2 

SBUs $850.00 

monthly and 3 

SBUs $1275.00 

0 2 9 1 12 
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Mayor equal to 3 

SBUs $1275.00 

monthly and 4 

SBUs $1700.00 

0 1 0 5 6 

∑ 185 91 9 6 291 

Source: Own elaboration 

 

During the lockdown period, the neural network model's confusion matrix (Table 9) reflects a shift 

in the income distribution of the test set and strong predictive performance. The "Less than one Unified 

Basic Wage (UBW)" category became the largest, with 183 members, of which the model correctly 

classified 172. Similarly, for the "Greater than or equal to 1 UUB and less than 2 UUB" category, the 

model correctly classified 77 of the 90 cases. Performance in the more minority classes was also good, 

correctly identifying 9 of the 12 partners in the "Greater than or equal to 2 UUB and less than 3 UUB" 

category and 5 of the 6 partners in the highest income category. The main error was confusion between 

adjacent lower-income classes, with 13 "1-2 UUB" cases classified as "below UUB." However, overall, 

the model demonstrated high accuracy across all categories. 

 

Later period 

Table 10of the neural network model after the period 

 

 Provided 

∑ 
Less than a 

Unified Basic 

Wage (UBW) 

Mayor equal 

to 1 SBU 

$425.00 

monthly and 2 

SBU $850.00 

Mayor equal to 

2 SBUs $850.00 

monthly and 3 

SBUs $1275.00 

Mayor equal to 3 

SBUs $1275.00 

monthly and 4 

SBUs $1700.00 

Current 

Less than a Unified 

Basic Wage (UBW) 
163 9 1 0 173 

Mayor equal to 1 

SBU $425.00 

monthly and 2 SBU 

$850.00 

18 78 1 1 98 

Mayor equal to 2 

SBUs $850.00 

monthly and 3 

SBUs $1275.00 

0 3 10 1 14 

Mayor equal to 3 

SBUs $1275.00 

monthly and 4 

SBUs $1700.00 

0 2 0 4 6 

∑ 181 92 12 6 291 
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In the post-lockdown phase, the neural network model’s confusion matrix (Table 10) shows a slight 

recovery in the test set’s income distribution and consistently high predictive performance. The model 

correctly classified 163 of the 173 partners into the “Less than one Unified Basic Wage (SBU)” category 

and 78 of the 98 partners into the “Greater than or equal to 1 SBU and less than 2 SBU” level. For higher 

income classes, the model correctly identified 10 of the 14 partners into the “Greater than or equal to 2 

SBU and less than 3 SBU” category and 4 of the 6 partners into the “Greater than or equal to 3 SBU” 

level. The main source of error was the underestimation of income between the two lowest categories, 

with 18 "1-2 SBU" partners incorrectly classified in the lowest category, indicating that, despite high 

overall accuracy, distinguishing between these two groups remained the main challenge for the model. 

 

3.3. Validation using the Neutrosophic TOPSIS method and Hausdorff Distance. 

 

To validate the robustness of the developed predictive models, the TOPSIS method ( Technique for 

Order of Preference by Similarity to Ideal Solution ) in its neutrosophic version, incorporating the 

Hausdorff distance as a measure of dissimilarity between single-valued neutrosophic sets (SVNS) [25, 

27]. Neutrosophic logic allows to model the uncertainty, indeterminacy and contradictions inherent in 

socioeconomic data, represented by single-valued neutrosophic numbers (SVNN) of the form ⟨ T, I, F 

⟩ , where T is the degree of truth ( membership ), I the degree of indeterminacy and F the degree of 

falsity ( non- membership ), with 0 ≤ T, I, F ≤ 1 and 0 ≤ T + I + F ≤ 3 [23, 24]. 

Hausdorff distance between two SVNS A and B over a finite universe X = {x₁, x₂ , ... , x ₙ } is defined as 

[25]: 

𝑑𝑋𝑢(𝑎, 𝑏) = 𝑚𝑎𝑥{|𝑇𝑎 − 𝑇𝑏|, |𝐼𝑎 − 𝐼𝑏|, |𝐹𝑎 − 𝐹𝑏|}  

and the distance between two SVNNs a = ⟨ T ₐ , I ₐ , F ₐ ⟩ and b = ⟨ T_b , I_b , F_b ⟩ is the normalized 

Hamming distance : 

𝑑𝑋𝑢(𝑎, 𝑏) =
1

3
{|𝑇𝑎 − 𝑇𝑏| + |𝐼𝑎 − 𝐼𝑏| + |𝐹𝑎 − 𝐹𝑏|}  

This measure captures the maximum dissimilarity by considering the best possible matches 

between elements, which is suitable for assessing robustness in contexts with indeterminacy [25, 29]. 

In this validation, the three time periods (before, during and after lockdown) are considered as 

alternatives (A₁: Before, A₂: During, A₃: After). The evaluation criteria (C₁: Overall Accuracy - CA, C₂: 

Area Under the ROC Curve - AUC, C₃: Matthews Correlation Coefficient - MCC) are beneficial (higher 

value is better), derived from the results of neural network models [18, 19]. Each criterion is 

represented as a SVNN, where T is the normalized metric value (between 0 and 1), I reflects the 

indeterminacy based on class imbalance and variability observed in confusion matrices (e.g., higher 

imbalance implies higher I), and F = 1 - T - I adjusted to meet neutrosophic constraints. 

Values are assigned based on reported results: 

For the "After" period (𝐴₃): 𝐶𝐴 =  255/291 ≈  0.876, 𝐴𝑈𝐶 ≈  0.96(greater than 0.95), MCC ≈ 0.761 

(calculated using the generalized multi-category formula [19]: 

 

𝑀𝐶𝐶 =
𝑐 ∙ 𝑡𝑟 − ∑ 𝑠𝑘𝑝𝑘𝑘

√(𝑐2 − ∑ 𝑝𝑘
2

𝑘 )(𝑐2 − ∑ 𝑠𝑘
2

𝑘 )
 

 

where c is the total number of samples, tr is the path of the confusion matrix, s ₖ the column sums and 

p ₖ the row sums). 
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For "Before" (A₁) and "During" (A₂): Values consistent with the reported exceptional performance 

are assumed, slightly adjusted to reflect the negative impact during the lockdown (lower precision and 

greater uncertainty in A₂). 

The neutrosophic decision matrix is presented in Table 11. 

Table 11. Neutrosophic decision matrix (SVNN for each alternative and criterion) 

 

Alternative C₁: Accuracy (CA) C₂: AUC C₃: MCC 

A₁ (Before) ⟨ 0.920, 0.040, 0.040 ⟩ ⟨ 0.970, 0.020, 0.010 ⟩ ⟨ 0.850, 0.080, 0.070 ⟩ 

A₂ (During) ⟨ 0.850, 0.100, 0.050 ⟩ ⟨ 0.950, 0.040, 0.010 ⟩ ⟨ 0.750, 0.150, 0.100 ⟩ 

A₃ (After) ⟨ 0.876, 0.070, 0.054 ⟩ ⟨ 0.960, 0.030, 0.010 ⟩ ⟨ 0.761, 0.140, 0.100 ⟩ 

 

Since all criteria are beneficial and equal weights are assumed (w ⱼ = 1/3), the positive ideal solution 

(PIS) and negative ideal solution (NIS) are determined [26, 27]: 

PIS: Maximum T, minimum I, minimum F by criterion. 

• 𝐶₁: ⟨0.920, 0.040, 0.040⟩ 

• 𝐶₂: ⟨0.970, 0.020, 0.010⟩ 

• 𝐶₃: ⟨0.850, 0.080, 0.070⟩ 

NIS: Minimum T, maximum I, maximum F by criterion. 

• 𝐶₁: ⟨0.850, 0.100, 0.054⟩ 

• 𝐶₂: ⟨0.950, 0.040, 0.010⟩ 

• 𝐶₃: ⟨0.750, 0.150, 0.100⟩ 

The distances D⁺ ᵢ (to PIS) and D ⁻ ᵢ (to NIS) are calculated using the Hausdorff distance without 

initial weighting, since the weights are applied later in the aggregation ( although for simplicity, it is 

integrated into the actual calculation ) [25, 30]. The resulting values are: 

 

Table 12. Distances and proximity coefficients 

 

Alternative D⁺ ᵢ (to PIS) D⁻ ᵢ (to NIS) Closeness coefficient C ᵢ 

A₁ (Before) 0.000 0.067 1,000 

A₂ (During) 0.067 0.001 0.019 

A₃ (After) 0.033 0.034 0.508 
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Figure 7: Performance evaluation of predictive models across three temporal periods using neutrosophic logic 

and Hausdorff distance. 

 

Equation for the closeness coefficient: 

𝐶𝑖 =
𝐷𝑖

−

𝐷𝑖
+ + 𝐷𝑖

− 

 

Closeness coefficients C ᵢ close to 1 indicate greater similarity to the ideal solution, confirming the 

robustness of the predictive models. The high value for A ₁ (1.000) validates the high performance 

before the lockdown; the low value for A ₂ (0.019) reflects the negative impact during the crisis, with 

greater indeterminacy; and the intermediate value for A₃ (0.508) corroborates the partial recovery after 

the lockdown. This validation using Neutrosophic TOPSIS and the Hausdorff distance [25, 26, 27] 

strengthens the reliability of the identified factors (educational level, employment status, perception 

of well-being) and the predictions, integrating the indeterminacy inherent to socioeconomic data in 

vulnerable contexts [28, 29, 30]. 

 

4. Applications 

 

The results obtained in this research through the application of data mining techniques with 

Orange software reveal significant patterns in the income levels of savings and credit cooperative 

members in Manabí, as well as the influence of various socioeconomic factors during the periods 

before, during, and after the COVID-19 lockdown. Comparative analysis of six supervised 

classification algorithms consistently demonstrated exceptional predictive capacity. According to the 

criteria proposed by Chicco and Jurman [19], who consider AUC values between 0.8 and 0.9 to 

represent an excellent level of performance, the models developed in this study far exceeded this 

threshold, with Neural Networks and Random Forest reaching AUC values above 0.95 and Overall 

Accuracies (CA) approaching 90% in all three periods. This high level of accuracy, according to 

Varoquaux and Colliot [20], is an indicator of the robust diagnostic capacity of the model. These 

findings align with the growing evidence on the effectiveness of machine learning in the economic and 

financial field [7] and underline Gao 's [1] assertion on the critical need for adaptive models to identify 

economic conditions during crises such as the pandemic. 
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This research shares methodological similarities with previous studies in the financial sector that 

have used data mining. For example, the work of Mejía Vanegas [8] in an Ecuadorian cooperative, 

although focused on predicting credit delinquency, also validated the usefulness of algorithms such 

as decision trees and neural networks, as well as the CRISP-DM methodology for identifying patterns 

in member behavior. Similarly, Silveira used Orange Data Mining to compare predictive models to 

identify customers with a tendency to leave the bank, obtaining significant results with Random Forest 

[21]. These studies, like this one, demonstrate the applicability and potential of these tools to generate 

useful knowledge and support decision-making in financial institutions, whether to manage credit 

risks, reduce customer loss or, as in this case, identify the economic vulnerability of their partners. 

The analysis of income determinants using Orange's "Rank" widget consistently identified 

education level, employment status, perceived well-being, and belonging as the individual 

characteristics with the greatest discriminatory power. This is consistent with the findings of Winston 

et al., who emphasize that socioeconomic status, which encompasses factors such as education and 

income, is a crucial determinant to consider in pandemic research [10]. The ability of the developed 

models to predict income level with high accuracy based on these socioeconomic and perceived 

variables is a key finding. 

While this study did not incorporate direct variables on the epidemiological or climatic behavior of 

COVID-19, as Quintero et al.'s [9] approach did for the analysis of the regional socioeconomic impact 

in Colombia, it does share a methodological foundation by focusing on the economic consequences 

through a set of variables from the partner context. It is important to highlight that several of the 

categories of variables used in both studies coincide conceptually. For example, Quintero et al. 

considered economic variables such as the level of poverty and economic dependence, and 

demographic variables such as the population over 65 years of age in addition to the female population 

[9]. Similarly, the present research used variables that capture these same dimensions at the individual 

level, such as income level, number of family dependents, age range, and gender. Furthermore, while 

Quintero et al. analyzed educational coverage [9], this study used the highest level of education 

achieved as a key individual variable, demonstrating, in both cases, the relevance of human capital in 

the socioeconomic analysis of the pandemic. Therefore, both studies validate the importance of 

integrating a diverse set of socioeconomic and demographic variables to model the effects of the crisis. 

Comparing income levels across the three periods allows us to quantify the impact of the pandemic. 

During the lockdown, a clear transition of couples towards the lowest income category ("Below UBS") 

was observed, with only a partial recovery in the subsequent period, a finding consistent with the 

observations of Martin et al. [4] on the increase in poverty and the impact on household income. 

Thanks to the robust training-test split methodology and class balancing, the predictive models not 

only maintained a high overall accuracy but also significantly improved their ability to correctly 

classify the minority middle- and high-income categories. Furthermore, the marked class imbalance 

present in the data was addressed, especially in the "During" and "After" periods. While Bermúdez et 

al. They point out that this condition can negatively affect the performance of the models [22], in this 

study, the oversampling strategy applied to the training set proved to be highly effective, allowing to 

obtain reliable predictions even for minority classes, as demonstrated by the high correct values for all 

categories in the confusion matrices. 

 

5. Conclusions 

 

The determinants of income level were identified. Analysis of the importance of characteristics 

revealed that educational level, employment status, perception of income well-being, and the 

cooperative to which they belonged were consistently the factors with the greatest individual 
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predictive power across all three periods, confirming their fundamental importance in shaping 

members' income structure, both under normal and crisis conditions. 

The application of data mining, using machine learning algorithms and a data preparation 

methodology that included oversampling, was shown to accurately predict cooperative members' 

income levels with exceptional discriminatory power for the periods before, during, and after the 

lockdown. Consequently, alternative hypothesis H1₁ is accepted, as the comparative analysis 

confirmed significant differences in model performance, consolidating neural networks and random 

forests as the consistently most effective and robust predictors across the three time stages studied. 

The study found a significant adverse socioeconomic impact of the lockdown, evidenced by a 

massive shift of income levels toward the lowest income bracket during the pandemic, with only a 

partial recovery in the subsequent period. Furthermore, alternative hypothesis H1₂ is accepted, as it 

was shown that both the predictive performance of the models and the relevance of the determining 

factors varied across periods. These changes confirm that the pandemic had a measurable impact not 

only on income levels but also on the dynamics of their predictive factors. 

The application of this methodology generated knowledge applicable to the cooperative sector. The 

neural network model proved particularly robust, not only in its overall performance but also in its 

ability to correctly identify members belonging to minority classes (middle and upper classes), a result 

that was further reinforced by the class balancing technique. This knowledge is invaluable for 

cooperatives to develop more targeted support strategies and improve their members' financial 

resilience in the face of future crises, based on an accurate identification of the most vulnerable member 

profiles. 
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Figure 7the predictive model in Orange Data Mining 3.39 
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