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Abstract: This study examines the relationship between education and entrepreneur income in 

Ecuador, a prototypical small economy grappling with employment challenges. Utilizing quantile 

regression and neutrosophic statistical methods, the research uncovers varied impacts of education 

on earnings across different income levels. The findings reveal a decrease in indeterminacy as 

individuals ascend income quintiles, indicating that higher education levels yield more predictable 

and substantial economic returns at the upper end of the income spectrum. These insights are vital 

for policymakers to develop targeted educational interventions. The study’s methodological novelty 

lies in its adoption of neutrosophic statistics, which embraces the indeterminacy intrinsic to 

economic data, offering a refined lens for understanding the income-education interplay. Future 

research directions include longitudinal studies to trace the temporal effects of education and cross-

comparative analyses across economies. The potential integration of machine learning with 

neutrosophic statistics promises enhanced predictive models, contributing to data-driven economic 

policy formulation. 

Keywords: Neutrosophic Statistics, Quantile Regression, Education, Entrepreneur Income, 

Economic Policy 

 

 

1. Introduction 

In the dynamic landscape of global economies, small economies face the pressing challenge of 

generating sufficient employment to sustain their populations. This scarcity of traditional job 

opportunities compels individuals, irrespective of age or gender, to seek alternative income sources 

to meet their basic survival needs. Amidst this backdrop, entrepreneurship and self-employment 

have emerged as significant avenues for employment, accounting for 33.3% of job occupation 

worldwide, trailing behind paid employment (53.4%), which includes positions in both the private 

and public sectors as reported by the International Labor Organization [1]. In Ecuador, a country 

representative of these small economies, understanding the dynamics that influence entrepreneur 

income is critical for economic development and policy formulation [2]. 

This study delves into the intricacies of the income-education nexus within Ecuador, employing 

a neutrosophic statistical approach [3] to uncover the principal determinants of entrepreneur income. 
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By leveraging quantile regression, we aim to dissect the varying impacts of independent variables 

across different distribution points, providing insights into the heterogeneity of effects. This 

methodological choice is particularly pertinent in the presence of heteroscedasticity [4], a condition 

where error variances are not constant, thereby allowing for a nuanced analysis that traditional 

regression models might overlook. 

Furthermore, the application of neutrosophic statistics introduces a novel perspective to our 

analysis. This theoretical framework operates on the premise that models and parameters should be 

defined over intervals rather than fixed numerical values, offering a unique advantage in terms of 

flexibility and adaptability [5]. By embracing the indeterminacy inherent in economic data [6] and 

modeling, we aspire to achieve a more accurate depiction of the income-education relationship in 

Ecuador, thereby contributing to a deeper understanding of economic phenomena in small 

economies. 

The paper continues with a description of the methodologies employed in the investigation. 

Subsequently, the outcomes of the analysis are presented showing the impact of socioeconomic 

determinants such as educational attainment, marital status, gender, and geographical location on 

the income distribution among entrepreneurs. Following the presentation of results, the discussion 

segment interprets the findings. Finally, conclusions consolidate the principal discoveries and 

propose future areas of investigation. 

2. Some notions on Neutrosophic Statistics 

This section introduces foundational aspects of neutrosophic statistics, an extension of classical 

statistics that utilizes set values instead of precise numerical values. It encompasses Neutrosophic 

Descriptive Statistics, which summarize and delineate the characteristics of neutrosophic numerical 

data, and Neutrosophic Inferential Statistics, allowing for extrapolation from a neutrosophic sample 

to its broader population [7,8]. 

Neutrosophic Data embodies indeterminacy, with discrete neutrosophic data represented by 

distinct points and continuous neutrosophic data by one or multiple intervals. This data can be 

quantitative, such as an uncertain number within an interval, or qualitative, like color identification 

with uncertainty. Observations can be univariate, focusing on a single neutrosophic attribute, or 

multivariate, encompassing multiple attributes [9]. 

A Neutrosophic Statistical Number [10] consists of a determinate part (d) and an indeterminate 

part (I), expressed as N = d + I. The concept of Neutrosophic Frequency Distribution arises from 

categorizing frequencies and relative frequencies amidst indeterminacy, often stemming from 

imprecise or unknown data, thus affecting the precision of relative frequencies. Similarly, 

Neutrosophic Survey Results and Populations incorporate indeterminacy, impacting the certainty of 

membership within a population. 

Sampling methods, like simple random neutrosophic sampling and stratified random 

neutrosophic sampling, adapt to this framework by accounting for indeterminacy in sample 

selection. Unlike interval statistics, which accumulate uncertainty from one operation to the next, 

neutrosophic statistics reduce or even eliminate uncertainty. The paper also delves operations 

between neutrosophic numbers, with operations defined as follows [11]: 

 

Addition (𝑁₁ +  𝑁₂)  =  𝑎₁ +  𝑎₂ +  (𝑏₁ +  𝑏₂)𝐼 

Subtraction (𝑁₁ −  𝑁₂)  =  𝑎₁ −  𝑎₂ +  (𝑏₁ −  𝑏₂)𝐼 

Multiplication (𝑁₁ ×  𝑁₂)  =  𝑎₁𝑎₂ + (𝑎₁𝑏₂ +  𝑏₁𝑎₂ +  𝑏₁𝑏₂)𝐼 

Division 
N1

N2
=

a1+b1I

a2+b2I
=

a1

a2
+

a2b1−a1b2

a2(a2+b2)
I  

In machine learning, intervals play a crucial role in gauging the level of uncertainty tied to 

estimates and predictive analyses. Prediction intervals [12] set probabilistic boundaries, both upper 

and lower, for the anticipated outcome based on a predetermined confidence level, such as 95%. This 

suggests that, typically, 95 of every 100 future observations should fall within these boundaries. On 
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the other hand, confidence intervals [13] aim to capture the uncertainty of an estimate to demonstrate 

a machine learning algorithm's effectiveness on unfamiliar data. Differing from prediction intervals 

that delineate the range for a single data point, confidence intervals define the expected range for a 

population metric, like the average. 

2. Materials and Methods  

The dataset in this research comes from the National Survey of Employment, Unemployment, 

and Underemployment (ENEMDU), carried out by the Ecuadorian Institute of Statistics and Census 

(INEC) in December 2021. The initial data was processed and filtered to obtain the most efficient and 

consistent estimates. The database was configured with a two-stage, stratified, and cluster sampling 

design to obtain population estimators. Then, individuals between the ages of 15 and 80 are selected, 

and their job occupation is classified as self-employed workers, which is considered a business or 

enterprise. 

This research will focus on quantile regression [14] to measure this relationship. It involves 

fitting separate line segments, restricted by a quartile or quintile, that account for nonlinearity 

between the predictor and the outcome. 

The next step is quantile regression to predict the earnings (lingemp) logarithm in the different 

quartiles. It will produce a model for various quintiles or quartiles ranging from 5 to 95. The following 

expression expresses the model: 

 

𝑙𝑖𝑛𝑔𝑒𝑚𝑖 = 𝛿𝑒𝑑𝑢𝑒𝑚𝑝𝑖 + 𝜗𝑒𝑑𝑎𝑒𝑚𝑝𝑖 + 𝛾𝑒𝑥𝑝𝑖 + 𝜃𝑠𝑒𝑥𝑖 + 𝜑𝑢𝑟𝑏𝑎𝑛𝑜𝑖 + 𝓊𝑖 (1) 

 

lingem, the logarithm of income of entrepreneurs. 

eduemp, years of entrepreneurship education. 

edaemp, age of entrepreneurs. 

exp, work experience in entrepreneurship. 

sexo, gender of entrepreneurs.  

urbano, urban location. 

𝓊, is the stochastic disturbance term or random error. 

 

With quantile regression, it is possible to observe if there are differences in the effects of the 

independent variables depending on the point of the distribution that is analyzed. Furthermore, this 

type of regression is helpful in the presence of heteroscedasticity. It occurs when the variance of the 

errors is not constant. 

A quantile regression is estimated that establishes the relationship between the variation in 

income and a series of explanatory variables for seven quintiles of the endogenous variable with the 

following specifications: 

 

𝑙𝑖𝑛𝑔𝑒𝑚𝑖1 = 𝛽0.05 + 𝛿0.05𝑒𝑑𝑢𝑒𝑚𝑝𝑖1 + 𝛼0.05𝑒𝑑𝑎𝑒𝑚𝑝𝑖1 + 𝛾0.05𝑒𝑥𝑝𝑖1 + 𝜃0.05𝑠𝑒𝑥𝑖1 + 𝜑0.05𝑢𝑟𝑏𝑎𝑛𝑜𝑖1 +

𝓊𝑖1 (2) 

 

𝑙𝑖𝑛𝑔𝑒𝑚𝑖2 = 𝛽0.10 + 𝛿0.10𝑒𝑑𝑢𝑒𝑚𝑝𝑖2 + 𝛼0.10𝑒𝑑𝑎𝑒𝑚𝑝𝑖2 + 𝛾0.10𝑒𝑥𝑝𝑖2 + 𝜃0.10𝑠𝑒𝑥𝑖2 + 𝜑0.10𝑢𝑟𝑏𝑎𝑛𝑜𝑖2 +

𝓊𝑖2 (3) 

 

𝑙𝑖𝑛𝑔𝑒𝑚𝑖3 = 𝛽0.25 + 𝛿0.25𝑒𝑑𝑢𝑒𝑚𝑝𝑖3 + 𝛼0.25𝑒𝑑𝑎𝑒𝑚𝑝𝑖3 + 𝛾0.25𝑒𝑥𝑝𝑖3 + 𝜃0.25𝑠𝑒𝑥𝑖3 + 𝜑0.25𝑢𝑟𝑏𝑎𝑛𝑜𝑖3 +

𝓊𝑖3 (4) 

 

𝑙𝑖𝑛𝑔𝑒𝑚𝑖4 = 𝛽0.50 + 𝛿0.50𝑒𝑑𝑢𝑒𝑚𝑝𝑖4 + 𝛼0.50𝑒𝑑𝑎𝑒𝑚𝑝𝑖4 + 𝛾0.50𝑒𝑥𝑝𝑖4 + 𝜃0.50𝑠𝑒𝑥𝑖4 + 𝜑0.50𝑢𝑟𝑏𝑎𝑛𝑜𝑖4 +

𝓊𝑖4 (5) 
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𝑙𝑖𝑛𝑔𝑒𝑚𝑖5 = 𝛽0.75 + 𝛿0.75𝑒𝑑𝑢𝑒𝑚𝑝𝑖5 + 𝛼0.75𝑒𝑑𝑎𝑒𝑚𝑝𝑖5 + 𝛾0.75𝑒𝑥𝑝𝑖5 + 𝜃0.75𝑠𝑒𝑥𝑖5 + 𝜑0.75𝑢𝑟𝑏𝑎𝑛𝑜𝑖5 +

𝓊𝑖5 (6) 

 

𝑙𝑖𝑛𝑔𝑒𝑚𝑖6 = 𝛽0.90 + 𝛿0.90𝑒𝑑𝑢𝑒𝑚𝑝𝑖6 + 𝛼0.90𝑒𝑑𝑎𝑒𝑚𝑝𝑖6 + 𝛾0.90𝑒𝑥𝑝𝑖6 + 𝜃0.90𝑠𝑒𝑥𝑖6 + 𝜑0.90𝑢𝑟𝑏𝑎𝑛𝑜𝑖6 + 𝓊𝑖6

 (7) 

 

𝑙𝑖𝑛𝑔𝑒𝑚𝑖7 = 𝛽0.95 + 𝛿0.95𝑒𝑑𝑢𝑒𝑚𝑝𝑖7 + 𝛼0.95𝑒𝑑𝑎𝑒𝑚𝑝𝑖7 + 𝛾0.95𝑒𝑥𝑝𝑖7 + 𝜃0.95𝑠𝑒𝑥𝑖7 + 𝜑0.95𝑢𝑟𝑏𝑎𝑛𝑜𝑖7 + 𝓊𝑖7

 (8) 

 

In neutrosophic statistics, the confidence interval can be interpreted as an indicator of 

indeterminacy. In this context, Equation 9 defines the indeterminacy of an interval Im as the difference 

between the upper limit [15]: 

γ(Im) = a2 − a1               (9) 

where Im = [a1, a2] be an interval and a2, a2 are lower and upper bounds of the confidence interval, 

respectively  

The measure γ(Im) quantifies how much we do not know about the parameter we are estimating. 

The greater this value, the more indeterminacy there is. Graphically, a wider confidence band (a larger 

shaded area) would indicate more uncertainty in the estimation of the coefficients at that specific 

quantile [16]. 

3. Results  

Quantile regression was developed (Table 1) to delve into how the returns on various factors 

such as education, marital status, sex, and location differ across the income distribution of 

entrepreneurs.  

 

Table 11. Result of the Models with Logarithm of the Dependent Variable. 

Variables OLS QR_05 QR_10 QR_25 QR_50 QR_75 QR_90 QR_95 

eduemp 
0.056*** 

(0.001) 

0.049*** 

(0.003) 

0.0477*** 

(0.002) 

0.052*** 

(0.001) 

0.054*** 

(0.001) 

0.056*** 

(0.001) 

0.062*** 

(0.001) 

0.067*** 

(0.002) 

edaemp 
0.079*** 

(0.002) 

0.102*** 

(0.005) 

0.0951*** 

(0.004) 

0.091*** 

(0.003) 

0.077*** 

(0.002) 

0.064*** 

(0.002) 

0.058*** 

(0.002) 

0.065*** 

(0.003) 

edaemp2 
-0.001*** 

(0.000) 

-0.001*** 

(0.000) 

-0.001*** 

(0.000) 

-0.001*** 

(0.000) 

-0.001*** 

(0.000) 

-0.001*** 

(0.000) 

-0.001*** 

(0.000) 

-0.001*** 

(0.000) 

exp 
0.003*** 

(0.000) 

0.006*** 

(0.001) 

0.006*** 

(0.001) 

0.005*** 

(0.001) 

0.003*** 

(0.000) 

0.002*** 

(0.000) 

0.003*** 

(0.000) 

0.003*** 

(0.001) 

sex 
0.547*** 

(0.009) 

0.854*** 

(0.021) 

0.848*** 

(0.016) 

0.730*** 

(0.013) 

0.513*** 

(0.010) 

0.352*** 

(0.009) 

0.265*** 

(0.012) 

0.278*** 

(0.017) 

married 
0.115*** 

(0.009) 

0.059*** 

(0.025) 

0.078*** 

(0.021) 

0.103*** 

(0.013) 

0.147*** 

(0.010) 

0.151*** 

(0.009) 

0.166*** 

(0.012) 

0.180*** 

(0.017) 

urban 
0.300*** 

(0.010) 

0.460*** 

(0.027) 

0.423*** 

(0.022) 

0.378*** 

(0.014) 

0.315*** 

(0.012) 

0.222*** 

(0.011) 

0.165*** 

(0.014) 

0.163*** 

(0.18) 

_cons 
2.295*** 

(0.043) 

0.023*** 

(0.1113) 

0.632*** 

(0.087) 

1.393*** 

(0.061) 

2.447*** 

(0.050) 

3.374*** 

(0.047) 

3.938*** 

(0.057) 

3.996*** 

(0.081) 

         

Observations 55.857 55.857 55.857 55.857 55.857 55.857 55.857 55.857 

R-squared 0.1982 0.1124 0.1172 0.1233 0.1106 0.0963 0.0927 0.0965 

 

The main findings are summarized below: 

• Education: The study found that the benefit of an additional year of education on 

earnings varies across the income distribution but remains significant across all 
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quintiles. Notably, higher returns on education are evident at the higher end of the 

income spectrum. In the 5th quintile, an additional year of education is associated with 

an increase in income by $1.84, while in the 95th quintile, the increase is $52.45. 

• Marital Status: Being married or in a common-law union positively influences earnings 

across the distribution. The effect is more pronounced at the upper end, where 

partnered entrepreneurs earn 12.1% more than their single peers in the 95th quintile. 

• Gender: The coefficient analysis reveals that male entrepreneurs consistently out-earn 

their female counterparts across all educational quintiles, with a substantial 80% 

higher earnings at the lower conditional quintiles. 

• Urban Location: Entrepreneurs located in urban areas have a clear income advantage 

over those in rural areas, with earnings between 10% to 45% higher, showcasing the 

importance of geographical location in economic success. 

• Age: Age shows a positive correlation with earnings, but its impact diminishes in the 

higher income quintiles, indicating that younger entrepreneurs tend to earn more in 

the lower quintiles of the distribution. 

• Experience: While experience contributes to income, its impact is relatively minor, not 

exceeding 1%. 

• Coefficients and Confidence Intervals: The study also highlights that the constants and 

slopes of these relationships significantly differ across quintiles, with a steeper slope 

observed from the 75th quintile upwards. This suggests an increasing return on these 

variables, especially education, in higher income brackets. 

The quantile regression plot (Figure 1) depicts the impact of years of entrepreneurship 

education, labeled as "eduemp," on the dependent variable across different points of its distribution. 

The Y-axis measures the size of the "eduemp" coefficient, indicating the strength and direction of its 

association with the outcome variable at various quantiles, displayed on the X-axis, ranging from the 

lowest (0) to the highest (1). 

Figure 1. Quantile Regression of Entrepreneurship Education Years ('eduemp') on Outcome 

Variable 

Indeterminacy is calculated (Figure 2) and normalized to observe the relative variability and 

trends more clearly in the data across various quintiles. 
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Figure 2. Normalized Indeterminacy Across Quintiles 

 

The pattern depicted in the figure reveals a decline in indeterminacy, hinting at a progressively 

uniform influence of educational attainment on earnings as one ascends the income quintiles. This 

visual evidence underscores a pivotal consideration: the impact of education on income is not 

uniform across the spectrum. Consequently, this necessitates a nuanced approach in policy-making 

that acknowledges and addresses the variable effects of educational investment across different 

income segments. 

4. Discussion 

A few key observations can be drawn and related to the findings on education's impact on 

earnings and the calculation of indeterminacy [17, 18, 19]: 

 

1. Decreasing Indeterminacy with Income: The graph shows a steep initial decline in 

indeterminacy, which then stabilizes as it progresses through the quintiles. This could 

suggest that at lower income levels, the impact of additional education on earnings is more 

variable. As we move up the income distribution, the effect of education becomes more 

predictable, with higher quintiles showing less indeterminacy and hence a more consistent 

return on investment in education. 

2. Higher Returns at Higher Income Levels: The research indicated that additional education 

has higher returns at the upper end of the income spectrum, which corresponds to the lower 

indeterminacy at higher quintiles seen in the graph. This relationship suggests a positive 

correlation between the certainty of returns on education and the income level, reinforcing 

the finding that additional education is a more significant predictor of income increases for 

those already at the higher end of the income distribution. 

3. Implications for Neutrosophic Statistics: In the framework of neutrosophic statistics, the 

varying levels of indeterminacy across quintiles can be seen as an opportunity to explore the 

elements of truth, falsity, and indeterminacy in the data. Neutrosophic statistics could be 

used to model these elements more explicitly, potentially offering richer insights into the 

nuanced way education impacts earnings. 

For instance, where indeterminacy is high, the neutrosophic approach could help to uncover the 

underlying factors contributing to this uncertainty, such as differing quality of education, the varying 

economic value of different fields of study, or the impact of network effects and social capital that 

might not be captured in a traditional statistical model[20]. Conversely, at higher quintiles, where 

there is less indeterminacy, neutrosophic statistics could help validate the robustness of the observed 
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trends, confirming the strong positive impact of additional education on earnings for individuals in 

these segments. 

Incorporating neutrosophic statistics into this analysis could thus enhance the understanding of 

educational returns [21] across income levels, enabling more targeted and effective educational 

policies and interventions that are responsive to the observed heterogeneity in the data [22]. 

5. Conclusions  

The research presented in this paper reveals a pattern of decreasing indeterminacy with 

ascending income quintiles, indicating that the influence of educational attainment on earnings 

stabilizes at higher income levels. This suggests that the economic returns on additional education 

are more predictable and potentially greater for individuals in the upper levels of the income 

distribution. These findings are instrumental for policymakers, as they highlight the necessity of 

crafting nuanced educational policies that consider the heterogeneous effects of education across the 

income spectrum. By focusing on the areas where educational investment yields substantial benefits, 

policymakers can better allocate resources to enhance economic outcomes. 

Looking ahead, the application of neutrosophic statistics in this study introduces an innovative 

methodology that more accurately reflects the uncertainties present in economic data. Prospective 

research could build on this foundation by applying a neutrosophic framework to analyze other 

socio-economic factors, thereby unraveling the intricate factors influencing income. Future initiatives 

could include longitudinal analyses to track the long-term effects of education on earnings or cross-

country comparisons to understand these dynamics in various economic contexts. Moreover, 

integrating machine learning with neutrosophic statistical methods could lead to the development of 

more sophisticated and flexible predictive models, thus equipping policymakers with advanced tools 

for fostering economic growth and development. 
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