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ABSTRACT
This study analyzes the microeconomic determinants of youth unemployment in Ecuador using representative data from ENEMDU 2024 IV. The objective is to model the probability of unemployment for young people aged 18 to 29 using weighted logistic regression that incorporates the complex sample design (clusters, strata, and expansion factor). Key sociodemographic variables (area of residence, gender, age, head of household, educational level, ethnicity, and marital status) were selected, and assumptions of multicollinearity, linearity in the logit, and goodness of fit were validated. The results provide a robust methodological framework and recommendations for the design of public policies aimed at youth labor market integration.
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INTRODUCTION
Youth unemployment is a persistent global problem with serious economic and social repercussions. The International Labor Organization (ILO) has documented "how economic crises, including the COVID-19 pandemic, have disproportionately affected young people in labor markets (International Labor Organization [ILO], 2023)." causing the loss of millions of jobs and income in Latin America and the Caribbean. A study by the National University of Loja analyzed youth unemployment in Latin America and found that independent and control variables are determining factors that affect youth unemployment, and its findings are relevant to the Ecuadorian context (Dspace UNL, 2022).
In Ecuador, youth unemployment is a critical issue that affects the quality of life of young people and the economic stability of the country. The figures show a worrying situation, with a high unemployment rate among the young population (Radiopichincha, 2025). For example, 36% of unemployed people in Ecuador have never managed to enter the labor market, indicating a systemic problem in the transition of young people to formal employment (Primicias, 2025). This situation is exacerbated by a series of microeconomic factors that impact the likelihood of a young person finding work, and analyzing these factors is essential for the design of effective public policies (Religación, 2024).
Several studies have analyzed youth unemployment from a quantitative perspective. Blanchard and Katz (1999) used regression models to study fluctuations in unemployment in the United States, while ECLAC (2021) applied multiple regressions to identify how variables such as education, gender, and age affect unemployment in Latin America. In Ecuador, Sánchez and López (2020) studied youth unemployment using a linear regression model, finding that lack of work experience is a key factor. This methodological background reinforces the relevance of using a regression model in this study.
Given that young people face greater barriers to accessing stable employment, the analysis of this issue is relevant both for the design of public policies and for the statistical understanding of labor phenomena. This study is justified by its rigorous quantitative approach, based on the most recent microdata from ENEMDU IV quarter 2024, whose probabilistic, stratified, and cluster sample structure allows for representative results at the national level. Economically active young people between the ages of 18 and 29 were selected, and their probability of unemployment was modeled using weighted logistic regression, incorporating the expansion factor (fexp) to ensure valid and generalizable inferences. To optimize the predictive capacity of the model, a class balancing strategy was implemented using random subsampling, thus addressing the inherent imbalance in the data where employees (89.03%) significantly outnumber unemployed ( ) unemployed (10.94%). Unlike previous studies such as those by Linthon Delgado et al. (2024) and Bustos and Campozano (2017), which did not consider the complex sample design or use updated databases, this study strengthens methodological validity by integrating key sociodemographic variables such as area of residence, gender, age, head of household, educational level, ethnicity, and marital status, selected according to empirical and theoretical criteria.
At the technical level, the model used corresponds to binary logistic regression, a technique developed by David Cox (1958) and systematized by Hosmer and Lemeshow (1989) and McCullagh and Nelder (1989) within generalized linear models. This methodology allows modeling the probability of occurrence of a dichotomous event, such as unemployment, based on categorical and continuous explanatory variables.
The implementation of class balancing through random subsampling, a technique recommended by He and García (2009) for machine learning contexts with unbalanced classes, substantially improved the model's sensitivity in detecting cases of unemployment.
The functional form of the model is expressed as:

Where represents the probability of being unemployed,  are the sociodemographic predictors, and are the associated coefficients. This structure allows us to interpret the effect of each variable on the logit, that is, the logarithm of the odds ratios, ensuring that the estimated values of are in the interval (0, 1). The model also assumes independence between observations, absence of multicollinearity between predictors, correct functional specification, and a linear relationship between continuous predictors and the logit.
The overall objective of this research is to identify microeconomic determinants through the probability of youth unemployment in a weighted logistic regression model, incorporating the complex sample design and considering relevant sociodemographic variables. As a specific methodological objective, we seek to evaluate the impact of class balancing on the predictive power of the model.

MATERIALS AND METHODS
This study was conducted in the fourth quarter of 2024, using microdata from the National Survey of Employment, Unemployment, and Underemployment (ENEMDU), which covers the entire territory of Ecuador. Given its probabilistic sample design, stratified at the province, area, and cluster size levels, the survey provides nationally representative information, allowing valid inferences to be made about the target population: young Ecuadorians between the ages of 18 and 29 who are part of the economically active population . This delimitation responds to the high vulnerability of this age group to unemployment and its relevance for public policy design.
The methodological approach adopted was quantitative, based on an empirical-analytical paradigm that allows for measuring relationships between variables and modeling probabilities. Theoretically, the study is based on generalized linear models, and empirically on binary logistic regression, a technique developed by Cox (1958) and implemented in this research using the statistical software R. To address the class imbalance identified in the dependent variable (89.03% employed vs. 10.94% unemployed), a balancing strategy was implemented through random subsampling of the majority class, following methodological recommendations for unbalanced data contexts (He & García, 2009). The level of research is explanatory, as it seeks to identify the sociodemographic determinants that affect youth unemployment, going beyond a merely descriptive approach to arrive at causal interpretations.
The analysis data were constructed by filtering the ENEMDU microdata to include only economically active young people, according to the condact variable, which classifies activity status according to ILO standards. Observations that did not correspond to the economically active population were excluded, and the data were weighted with the expansion factor (fexp), which guarantees population representativeness. Subsequently, to optimize the predictive capacity of the model, a class balancing procedure was applied using simple random sampling of the majority class (employees), obtaining a balanced sample of 2,178 observations (1,089 employees and 1,089 unemployed). In this way, the unit of analysis is clearly defined and adjusted to the objectives of the study.
The dependent variable, called unemployment_cat, was constructed as a dichotomous variable, assigning the value 1 to unemployed young people and 0 to employed young people, excluding unclassified records. The independent variables were selected according to theoretical and empirical criteria. Variables such as gender (male), marital status (single), education (formal studies), and area of residence (urban) were dichotomized in relation to their higher frequency of occurrence in the data matrix for better interpretation in the model.
For data processing and analysis, preliminary exploratory techniques were applied. The chi-square test was used to evaluate the association between categorical variables and unemployment status, while Pearson's correlation coefficient was used for the continuous variable of age. These tests served to validate the inclusion of the variables in the model. Subsequently, a weighted (quasi-binomial) logistic regression was estimated using the package in R (Lumley, 2004), which allowed for the incorporation of the complex sample design of the ENEMDU and obtained more robust and generalizable results.
The statistical processing included various model validation tests. Multicollinearity was ruled out by calculating the variance inflation factor (VIF), and the Box-Tidwell test was used to confirm the linearity between the age variable and the logit. Finally, the overall fit of the model was evaluated using the Hosmer-Lemeshow goodness-of-fit test. Additionally, the predictive capacity of the model was evaluated using the ROC (Receiver Operating Characteristic) curve and the area under the curve (AUC), determining the optimal cutoff point (0.453) using the "closest.topleft" criterion.  As a practical application, predicted probabilities of unemployment were estimated for different sociodemographic profiles in order to identify higher-risk groups and generate useful evidence for the formulation of public policies aimed at reducing youth unemployment in Ecuador. Finally, a confusion matrix was created to see how our model worked.


RESULTS
Correlation analysis
Table 1. Results of correlation tests between independent variables and the probability of youth unemployment.

	Variable
	Type of test
	Statistic
	P-value

	Urban Area
	Chi-square
	94.63291
	

	Male
	Chi-square
	
	

	Secondary education
	Chi-square
	
	

	Mestizo
	Chi-square
	
	

	Single
	Chi-square
	
	

	Age
	Pearson
	
	



Table 1 presents the tests of association between independent variables and the probability of youth unemployment. The null hypothesis (H₀) established that there is no relationship between each variable and unemployment, while the alternative hypothesis (H₁) posits that there is a relationship. The results reported that rural area, gender, head of household, formal education, marital status, and age are significantly associated with youth unemployment. Although ethnic minority did not show a statistical association, it was included in the model due to its social relevance and possible interaction with other variables.

Logit regression model

The logistic function modeling the probability of youth unemployment was given by:



The probability p of youth unemployment was calculated as:

Where:


The assumption checks indicated that the logistic model met the required methodological criteria. There was no evidence of multicollinearity between the variables (all VIFs were less than 5), the relationship between the continuous variable and the logit was linear according to the Box-Tidwell test (p = 0.3977), and the Hosmer-Lemeshow test suggested a good fit of the model (p = 0.989).

Probabilities
As a practical application of the estimated logistic model, predicted probabilities of youth unemployment were calculated for different sociodemographic profiles. Some representative scenarios are presented below:








Table 3. Application of the model equation to calculate probabilities.
	Rural
	Female
	Single
	Head of household
	Formal education
	Age
	Probability

	0
	1
	1
	0
	1
	18
	0.7889

	0
	0
	1
	0
	1
	25
	0.439

	0
	1
	0
	1
	1
	29
	0.1911



                 
Table 4. Confusion matrix.
	Actual \ Predicted
	Employed (0)
	Unemployed (1)

	Employed
	30.21
	19.79

	Unemployed
	16.76
	33.24



The confusion matrix showed that the model was able to classify both employed and unemployed individuals in a balanced manner. In total, 30.21% of employed individuals and 33.24% of unemployed individuals were correctly identified, while 19.79% of employed individuals were classified as unemployed and 16.76% of unemployed individuals were classified as employed. These results showed a moderate level of accuracy, with classification errors present in both categories, but with acceptable performance in differentiating between employees and unemployed individuals.

Table 5. Classification table.
	Metric
	Value (%)

	Accuracy
	63.45

	Sensitivity
	66.48

	Specificity
	60.42%

	Positive predictive value
	64.93%



The model had an accuracy of 63.45%, indicating a moderate level of success. Sensitivity (66.48%) performed well in detecting unemployed individuals, while specificity (60.42%) reflected a lower ability to identify employees. The positive predictive value (64.93%) indicated that, when predicting unemployment, the accuracy is close to two out of three cases. Overall, the model classified acceptably, although there is room for improvement.

Graph 1. ROC curve.
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Table 6. Absolute distribution of the variables included in the model.
	Variable
	Category
	Frequency

	unemployment_cat
	0 (employed)
1 (unemployed)
	1089
1089

	female
	0 (male)
1 (female)
	1185
993

	formal education
	0 (no)
1 (yes)
	3
2175

	rural
	0 (urban)
1 (rural)
	1677
501

	head_of_household
	0 (no)
1 (yes)
	1942
236

	single
	0 (no)
1 (yes)
	449
1729

	P03 (Age)
	Minimum
First quartile
Median
Mean
Third quartile
Maximum
	18
21
24
23.67
26
29



The ROC curve of the balanced model is clearly above the diagonal, demonstrating that the model discriminates better than chance between employed and unemployed individuals. The area under the curve (AUC) reflects acceptable overall performance, indicating that the model achieves an adequate balance between sensitivity and specificity. In addition, the optimal cutoff point identified maximizes the F1-score, allowing for more accurate classification by balancing the correct identification of unemployed and employed individuals.
Several studies have addressed youth unemployment in Ecuador from an econometric perspective. For example, Tulcanaza-Prieto et al. (2023) used the 2019 ENEMDU and applied logistic regression to identify the sociodemographic determinants of unemployment. In their analysis, they found that factors such as being female, self-identifying as Afro-Ecuadorian, and living in an urban area significantly increased the probability of being unemployed, while being the head of the household or being in a stable marital relationship reduced it. Our results, obtained using the balanced model, confirm the effect of female gender (β = 1.10, p < 0.001) and urban residence (β = -1.32, p < 0.001), but differ in terms of the effect of ethnicity, which was not significant in our model. This discrepancy can be attributed both to the updating of the database (ENEMDU IV quarter 2024) and to the implementation of class balancing, which improved the model's ability to detect genuine patterns.
The implementation of class balancing through subsampling represented a significant methodological improvement. While the original unbalanced model had limited predictive power (maximum probability of 0.386), the balanced model achieved an accuracy of 63.5%, with a sensitivity of 66.5% and a specificity of 60.4%. These results exceed those reported in previous studies that used conventional logistic models without class imbalance treatment.
On the other hand, research conducted in similar contexts has opted for more advanced techniques. In Colombia, a study in the city of Barranquilla combined logistic regression with Random Forest algorithms to analyze youth unemployment (Pérez et al., 2023). This approach allowed them to detect thresholds and nonlinear relationships, especially in variables such as education and work experience. The authors reported that the Random Forest model outperformed the logit in terms of accuracy and classification ability. Our most counterintuitive finding—the positive effect of formal education on unemployment (β = 11.33, p < 0.001)—suggests the presence of complex relationships that could benefit from nonlinear approaches. This result could reflect the phenomenon of overqualification documented in developing economies, where young people with higher education tend to prolong their search for jobs commensurate with their training.
In studies conducted outside Latin America, different approaches have also been applied with better results. In Indonesia, recent research on unemployment rates in the province of Maluku used Random Forest combined with balancing techniques such as SMOTE to address class imbalance (Santoso & Wijaya, 2024). Our balancing strategy using subsampling, although less sophisticated than SMOTE, proved effective in improving the model's sensitivity from 0% to 66.5%, allowing for a more accurate identification of unemployed young people. The choice of the optimal cutoff point (0.453) using the "closest.topleft" criterion on the ROC curve (AUC = 0.690) represented a key optimization for the balance between sensitivity and specificity.
Finally, the use of neural networks has also been shown to significantly improve prediction in complex social phenomena. LibaqueSaenz et al. (2017) compared logistic regression with neural networks to predict child labor in Peru and concluded that neural networks greatly outperformed the logit model in predictive performance. Although our balanced model showed acceptable performance, the persistence of false positives (431) and false negatives (365) suggests that there are factors not captured by the sociodemographic variables included. Variables such as previous work experience, previous economic sector of employment, or social capital indicators could enrich future models.
Overall, the findings of this research are consistent with previous literature regarding the influence of variables such as area of residence, marital status, and gender, but they introduce an important nuance through the implementation of class balancing. The protective effect of rural areas is particularly relevant for public policy, suggesting that rural economies may be offering more opportunities for informal or self-employment to young people. The remaining predictive limitations of the model, despite balancing, indicate the need to explore more robust techniques such as support vector machines or neural networks, especially to capture complex interactions between variables.

CONCLUSIONS
The study shows that youth unemployment in Ecuador is determined by clearly identifiable sociodemographic factors. Young people living in urban areas, women, and those who are single face a higher probability of unemployment, while older age and being the head of the household act as protective factors. A particularly relevant finding was the counterintuitive effect of formal education, which warrants further research to understand the underlying mechanisms. These findings confirm the existence of structural inequalities in the Ecuadorian labor market that disproportionately affect certain youth groups.
The implementation of class balancing through subsampling proved to be an effective methodological strategy for improving the predictive power of the model, allowing for a more balanced identification of unemployment cases. This methodological approach represents a significant contribution to the analysis of social phenomena with unbalanced distributions, commonly found in labor market research.
Although the balanced logistic model made it possible to identify significant relationships and improve the detection of unemployment cases, limitations in individual prediction persist, suggesting the need to incorporate additional variables not considered in this study. The research highlights the importance of complementing these findings with more robust methodological approaches in future studies.
In terms of public policy, the results emphasize the need for differentiated interventions according to risk groups, particularly targeting the most vulnerable youth segments identified in the analysis. Finally, the study contributes to methodological advances in quantitative research on social phenomena in Ecuador, demonstrating the usefulness of class balancing techniques to improve the validity of predictive models in real-world data contexts with asymmetric distributions.
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