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ABSTRACT 

	This study explores the socioeconomic determinants of income inequality in East Kalimantan during 2019–2024, with an emphasis on testing the robustness of the findings through Monte Carlo simulation. Employing a quantitative explanatory design, the research applies panel data regression using the Common Effect Model (CEM), supported by specification tests such as the Hausman and Lagrange Multiplier to ensure model accuracy. The data, drawn from 10 districts and cities in East Kalimantan, were sourced from Statistics Indonesia and related official institutions. To strengthen the validity of the regression estimates, 1,000 Monte Carlo simulations were conducted, allowing for the evaluation of coefficient stability under random variations.The analysis reveals that Mean Years of Schooling (coef. 0.0267, p<0.01) and Sex Ratio (coef. 0.0032, p<0.01) significantly increase income inequality as measured by the Gini Ratio Index, while Domestic Direct Investment (coef. -0.0074, p<0.05) significantly reduces it. The simulation results further confirm the reliability of these estimates, as the coefficient distributions remain consistent with very low bias values (below 0.001). Overall, the findings highlight that disparities in educational attainment and demographic structure tend to exacerbate inequality, whereas domestic investment contributes to narrowing income gaps. These results underscore the need for policy measures that expand equitable access to education, promote gender equality in the labor market, and encourage domestic investment. Such strategies are essential to support inclusive and sustainable economic growth in East Kalimantan, particularly in the context of its role as Indonesia’s new capital region.
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1. INTRODUCTION 
[bookmark: _Hlk206930711]East Kalimantan is the epicenter of national development, designated and predicted as the site of Indonesia’s new national capital (Republic Indonesia, 2022). This transformation has sparked investment, infrastructure growth, and population mobility, boosting economic prospects. However, rapid development may deepen socio-economic disparities if not accompanied by equitable resource distribution (Oktavia et al., 2024; Wulandari et al., 2023). Despite its natural wealth, East Kalimantan faces structural inequalities, with growth benefits concentrated in urban and resource-rich areas (Permatasari et al., 2024; Pratiwi, 2021). The Gini Ratio Index is crucial for assessing income inequality and understanding how development impacts welfare distribution (Mallela et al., 2023). Analyzing the Gini Ratio at the district/city level helps identify spatial inequalities, support evidence-based policies, and protect vulnerable populations.
Table 1 Gini ratio index by province in Kalimantan
	Provinces in Kalimantan 2024
	Semester 1 (March)
	Semester 2 (September)

	West Kalimantan
	0.31
	0.314

	Central Kalimantan
	0.301
	0.304

	South Kalimantan
	0.302
	0.298

	East Kalimantan
	0.321
	0.31

	North Kalimantan
	0.264
	0.259


Source: (Statistics Indonesia, 2025)
East Kalimantan Province recorded the highest Gini Ratio in Kalimantan in 2024, namely 0.321 in the first semester and 0.310 in the second semester, indicating a significant level of income inequality. In fact, this region has great economic potential and is the location for the development of the Archipelago's National Capital. High inequality in the midst of economic growth reflects the unequal distribution of welfare. This condition shows the urgency of studying East Kalimantan to identify the causes of inequality and formulate more inclusive and equitable development policies.
Mean Years of Schooling (MYS), representing the average years of formal education completed by individuals aged 25 and over ((Statistics Indonesia, 2024). In developing countries such as Indonesia, rising MYS can paradoxically increase the Gini Index when educational benefits are concentrated among specific groups, contributing to long-term income inequality (Shao et al., 2019; Sihombing, 2023). Human Capital Theory posits that education enhances individual productivity and income, thereby potentially reducing inequality (Becker, 1986). While many studies have found a negative relationship between education and the Gini Index (Hindun et al., 2024; Setyadi et al., 2022), others report mixed findings, particularly in areas with unequal access to education, where a positive correlation has been observed (Putri & Aminda, 2024a; S. Dai et al., 2023a). These findings suggest that the impact of education on inequality is highly context-dependent, shaped by local socioeconomic and structural conditions. This study reexamines the relationship between MYS and the Gini Index in East Kalimantan to explore these spatial dynamics and support the formulation of inclusive, evidence-based policies.
[bookmark: _Hlk198224531]The distribution of the population by sex, referred to as the sex ratio, is one of the demographic indicators that can reflect the social and economic dynamics within a region (Alfarizi, 2021; Statistic Indonesia, 2024). Imbalances in the sex ratio, such as male or female dominance in the population, not only affect the family structure and the labor market, but also potentially affect the overall income distribution (Kabaderan et al., 2024). Inequality in the sex ratio can trigger changes in consumption patterns, employment opportunities and economic participation rates between genders, which in turn has the potential to widen or narrow the economic gap in society (Aula & Adiputra, 2024). Although not many studies have directly linked the sex ratio with the Gini index, some studies highlight that gender imbalance can affect income inequality through the channels of labor force participation and access to economic resources (Li et al., 2022; Qian, 2008), especially when women tend to be excluded from economic activities due to male dominance in the demographic structure and patriarchal culture, income distribution becomes increasingly unequal (Irvan et al., 2021)
[bookmark: _Hlk198224551]According (Kansil & Chang, 2024) Domestic direct investment (DDI) plays a crucial role in accelerating equitable economic growth, especially in the context of large-scale infrastructure development accompanying the relocation of the national capital to East Kalimantan. DDI not only encourages the expansion of national productive sectors, but also contains significant potential in reducing income distribution disparities, as reflected in the decline in the value of the Gini coefficient. By creating wider employment opportunities, increasing people's consumption capacity, and encouraging equitable access to economic resources, DDI can serve as a catalyst in realizing a more equal and inclusive socio-economic structure (Muryani et al., 2021). Previous studies found that an increase in DDI can encourage a more equitable distribution of income at the regional level (Degrit Nst & Mellita Sari, 2024). Domestic direct investment spread across various sectors and regions is considered capable of creating jobs, increasing people's income, and expanding access to economic opportunities, especially for low-income groups (Alawiyah et al., 2024)
[bookmark: _Hlk198224643]This study adopts an integrative approach by combining the classical panel data estimation model (Common Effect Model) with a probabilistic resampling technique based on Monte Carlo simulation to assess the robustness of parameter significance under varying data distribution scenarios. Although existing literature has not explicitly synthesized these two methodologies, each has independently demonstrated substantial analytical value. By exploring their methodological convergence, this research seeks to contribute to a more adaptive framework for panel data regression analysis, particularly in contexts marked by uncertainty and distributional variability, such as income inequality studies. 

.2. methodology 
[bookmark: _Hlk198224704]2.1 Research Design
This study uses a quantitative explanatory approach with analysis using Common Effect Model (CEM) on panel data regression covering 10 districts/cities in East Kalimantan from 2019 to 2024 with the dependent variable being income inequality using the Gini ratio index, and the independent variables being Mean Year of Schooling, Sex Ratio, Domestic Direct Investment, sourced from official institutions such as Statistics Indonesia. To test the robustness of the regression results, this study conducts a Monte Carlo Simulation with 1,000 iterations, assessing the stability of parameter estimates under random data variation. Simulated datasets are generated based on the original model's statistical properties, allowing repeated re-estimation of the regression. The distribution of the simulated coefficients is then compared to the original results to evaluate consistency in magnitude and significance (Duque et al., 2023a; Papadopoulos & Yeung, 2001a). This approach strengthens the validity of the model and ensures the reliability of its empirical findings under simulated uncertainty (Albert, 2020a; McMurray et al., 2017a).
[bookmark: _Hlk198224748][bookmark: _Hlk198224792]Panel data regression is a statistical technique that combines cross-sectional and time-series data to analyze multiple entities over time. The process begins by identifying dependent and independent variables, followed by model formulation and parameter estimation using methods like Ordinary Least Squares (OLS). Three main models are used: Common Effect, Fixed Effect, and Random Effect, each capturing different individual and time-specific variations in the data (Baltagi, 2005a; Ratnasari et al., 2023a).
The Common Effect Model (CEM) is a basic approach in panel data regression that combines both time series and cross-sectional data. It applies Pooled Least Squares to address issues such as heteroskedasticity and correlation across panel units, aiming to produce more efficient parameter estimates. Mathematically, the CEM is expressed as follows (Alviani et al., 2021a; Ratnasari et al., 2023b; Satri Yani, 2020a):

[bookmark: _Hlk198224812]Fixed Effects Model (FEM) analyzes panel data by accounting for time-invariant individual/regional heterogeneity through entity-specific intercepts while assuming constant slope coefficients. The model captures unobserved fixed characteristics using dummy variables, typically estimated via the Least Squares Dummy Variable (LSDV) approach. Mathematically, FEM can be represented as (Alviani et al., 2021b; Ratnasari et al., 2023b; Satri Yani, 2020b): 

	The Random Effect Model (REM) is a panel data approach that accounts for variation across entities and time by treating these effects as random variables drawn from a specific distribution.
The Random Effect Model (REM) is a panel data approach that accounts for variation across entities and time by treating these effects as random variables drawn from a specific distribution. This allows for more efficient estimation under certain conditions. The REM can be represented mathematically as follows (Alviani et al., 2021b; Ratnasari et al., 2023b; Satri Yani, 2020b):

[bookmark: _Hlk198224860]
2.2 Specification Test
1. 2.2.1 Chow Test
Used to choose between the Common Effect Model (CEM) and the Fixed Effect Model (FEM). Null Hypothesis (H₀): All individual effects are equal → CEM is appropriate. Alternative Hypothesis (H₁): At least one individual effect differs → FEM is more suitable (Bertiani et al., 2024a; Ratnasari et al., 2023b)..
Test statistic: 



2.2.2 Hausman Test
Conducted only if FEM is preferred over CEM. It tests whether FEM or Random Effect Model (REM) is more consistent. Null Hypothesis (H₀): No correlation between regressors and error → REM is consistent Alternative Hypothesis (H₁): Correlation exists → FEM is more appropriate (Bertiani et al., 2024b; Ratnasari et al., 2023b).


2.2.3 Langrage Multiplier Test
Applied when Chow test suggests CEM. This test compares CEM and REM. Null Hypothesis (H₀): No panel effect → CEM is appropriate Alternative Hypothesis (H₁): There is significant panel effect → REM is preferred (Bertiani et al., 2024b; Ratnasari et al., 2023b).


2.3 Classical Assumption Test
In panel data regression, not all classical OLS assumption tests are required. Only multicollinearity and heteroskedasticity tests are considered essential. Meanwhile, in the Fixed Effect Model (FEM), autocorrelation can be disregarded since the model does not require the absence of serial correlation (Agus Tri Basuki, 2014; Baltagi, 2005b). However to ensure that an estimator is Best Linear Unbiased (BLUE), it must satisfy the Gauss-Markov assumptions, which are derived from classical linear regression theory (Henderson, 1975a; Suharsih et al., 2024a). Therefore, this study will still employ all relevant classical assumption tests to ensure the robustness and reliability of the panel regression model.
[bookmark: _Hlk206944419]2.3.1 Multicollinearity
[bookmark: _Hlk206944384]Multicollinearity is tested to detect strong correlations among independent variables that may bias regression results. It is commonly assessed using the Variance Inflation Factor (VIF), where values above 10 indicate potential multicollinearity issues (Henderson, 1975b; Suharsih et al., 2024b) .
2.3.2 Heteroskedasticity
[bookmark: _Hlk206944441]The heteroskedasticity test checks if residual variance differs across observations in a regression model. A p-value of the Obs*R-squared statistic greater than 0.05 suggests no heteroskedasticity. This test can be performed using the White or Breusch-Pagan test to evaluate residual variance stability (Henderson, 1975b; Suharsih et al., 2024b).
1. [bookmark: _Hlk206944598]2.3.3 Autocorrelation
The LM test (Breusch-Godfrey method) is used to detect autocorrelation in a regression model. It relies on the F-statistic and ObsR-squared value. If the probability of ObsR-squared exceeds the significance level (e.g., 5% or 1%), the null hypothesis is not rejected, indicating no autocorrelation. If the probability is below the significance level, the null hypothesis is rejected, suggesting autocorrelation in the residuals. (Henderson, 1975b; Suharsih et al., 2024b).
2.3.4	Normality
Normality tests assess whether regression residuals follow a normal distribution, ensuring valid estimators - especially in small samples. The Jarque-Bera test examines residual skewness and kurtosis, with p > 0.05 indicating normality (Henderson, 1975b; Suharsih et al., 2024b).

2.4 Monte Carlo Simulation
[bookmark: _Hlk198224934]To ensure the robustness of the regression results, this study employs Monte Carlo Simulation (MCS) as a supplementary analytical tool. MCS is a probabilistic method that repeatedly generates synthetic datasets based on predefined distributions typically assuming that residuals follow a normal distribution to test the sensitivity of estimated coefficients (Kim et al., 2025a; Knief & Forstmeier, 2021a). This approach is particularly valuable when the model operates under conditions of data uncertainty or when underlying assumptions about error structures and variable interactions may not be fully met (Kager & Herwig, 2021a).
By conducting exactly 1,000 simulations, this study systematically evaluates the variability of coefficient estimates across randomly perturbed datasets. This intensive iteration process allows the researcher to assess whether the core regression parameters remain stable under simulated uncertainty or fluctuate significantly (Knief & Forstmeier, 2021b). The distribution of the simulated coefficients is then analyzed to examine the model's sensitivity. A narrow dispersion and consistent results across the 1,000 replications suggest a high level of robustness, while substantial variation indicates that the model is sensitive to random shocks in the data (Rose et al., 2023a; Sin, 2024). In this way, Monte Carlo Simulation provides a rigorous methodological framework for validating the reliability, consistency, and generalizability of the regression findings, extending beyond the limitations of the original sample (Kager & Herwig, 2021b; Meaney & Moineddin, 2014).
[bookmark: _Hlk198224975]At each iteration t of the simulation, data for the independent variables​ X1, X2,...Xk and the error term ei are randomly generated based on a predefined distribution. These variables are typically assumed to follow a certain distribution, such as the normal distribution, which influences the estimation results. The data generated in each iteration form a new dataset that is then used to estimate the regression model (Schmidheiny, 2023).

After the data are simulated in each iteration, linear regression analysis is conducted to estimate the regression coefficients from the simulated dataset. The linear regression model is computed using the data generated during each simulation iteration. These estimated coefficients represent the relationship between the dependent and independent variables within the simulated dataset (Knief & Forstmeier, 2021b).

After performing simulations for a certain number of iterations, e.g. 1,000 iterations, we can assess the robustness of the model by analyzing the distribution of the estimated coefficients. Robustness of the model can be evaluated by checking whether the distribution of the estimated coefficients is stable and narrow or on the contrary wide and highly variable. If the coefficient distribution has a small standard deviation, it indicates that the model is stable and insensitive to random variations in the data, indicating a high degree of robustness. Conversely, a wide distribution indicates that the model is sensitive to data uncertainty (Rose et al., 2023b).


3. results and discussion
Table 2 presents the descriptive statistics of the variables used in this study. The dependent variable is the Gini Ratio Index, which serves as a measure of income inequality. The analysis includes three independent variables: Average Years of Schooling, Sex Ratio, and Log Domestic Direct Investment (DDI). Each variable consists of a total of 60 observations, and the table displays all the mean, minimum, maximum and standard deviation values of each variable.

Table 2 Descriptive Statistics
	[bookmark: _Hlk197350507]Variables
	Obs
	Mean
	Sd
	Min
	Max

	Gini Ratio Index (Index)
	60
	.30925
	.0303341
	.258
	.405

	Mean Year of Schooling (Year)
	60
	9.449
	.9753621
	7.89
	10.99

	Sex Ratio (Ratio)
	60
	109.7417
	4.197065
	103.3
	118.3

	Log Domestic Direct Investment (%)
	60
	14.46974
	1.105126
	12.1505
	16.836


Source: Processed by the author

 	Table 3 Panel Data Regression Results: CEM, REM, and FEM
	Models
	Common Effect Model
	Random Model Effect
	Fixed Model Effect

	Variables
	Gini Ratio Index
	Gini Ratio Index
	Gini Ratio Index

	Mean Year of Schooling
	0.0267***
	0.0267***
	-0.0183

	
	(0.00378)
	(0.00395)
	(0.0294)

	
	
	
	

	Sex Ratio
	0.00320***
	0.00320***
	-0.000155

	
	(0.000805)
	(0.000840)
	(0.00335)

	
	
	
	

	Log Domestic Direct Investment
	-0.00744**
	-0.00754**
	-0.00842

	
	(0.00293)
	(0.00302)
	(0.00531)

	
	
	
	

	Constant
	-0.187*
	-0.185
	0.621

	
	(0.109)
	(0.113)
	(0.590)

	R-squared
	0.475
	
	0.0890

	Observasi
	60
	60
	60


Source: Processed by the author
Hausman test: Chi2=3.11, Prob=0.3747
Lagrange Multiplier test: Chi2 = 0.45, Prob = 0.2520
* p < 0.1, ** p < 0.05, *** p < 0.01

Table 3 presents the results of the Hausman and Lagrange Multiplier (LM) tests used to determine the most appropriate panel data estimation model. The Hausman test produces a Chi-square value of 3.11 with a p-value of 0.3747, indicating that the null hypothesis cannot be rejected. This suggests that there is no significant difference between the Fixed Effects and Random Effects estimators, and therefore, the Random Effects model is preferred. Meanwhile, the LM test yields a Chi-square value of 0.45 with a p-value of 0.2520, also failing to reject the null hypothesis that there are no significant individual effects. Consequently, the Common Effect Model (Pooled OLS) is deemed more appropriate than the Random Effects model. Based on these two specification tests, the Common Effect Model is considered the most suitable for the data in this study.

Table 4 Classical Assumption Test Summary Table
	Assumption
	Test Used
	Test Statistic
	p-value
	Conclusion

	Heteroskedasticity
	Breusch-Pagan / White Test
	Chi2=0.04
	0.9811
	No heteroskedasticity detected

	
	
	
	
	

	Multicollinearity

	Variance Inflation Factor (VIF)
	VIF (Max) = 1.57
	-
	No multicollinearity

	
	
	
	
	

	Autocorrelation
	Wooldridge Test
	F (1, 9) = 1.706 
	0.2239
	No autocorrelation detected

	
	
	
	
	

	Normality of Residuals
	Shapiro-Wilk Test
	Z=0.810
	0.20894
	Residuals are normally distributed


Source: Processed by the author
Table 4 shows the results of the classical assumption tests on the Common Effect Model (CEM) used in this study. The heteroskedasticity test using the Breusch-Pagan method produces a p-value of 0.9811, indicating that the data is homoscedasticity, or in other words, free from heteroskedasticity problems. The multicollinearity test shows that the highest Variance Inflation Factor (VIF) is 1.57, which is well below the critical value of 10, meaning there is no multicollinearity among the independent variables. In addition, the Wooldridge test for autocorrelation gives a p-value of 0.2239, suggesting that the residuals do not suffer from serial correlation. Lastly, the Shapiro-Wilk test for normality yields a p-value of 0.20894, which confirms that the residuals are normally distributed. Based on these results, the model satisfies all classical assumptions and can be considered a Best Linear Unbiased Estimator (BLUE), making the regression results valid and reliable for interpretation.
Table 5 Best-Fitting Common Effect Model (CEM) Results: BLUE Estimator
	VARIABLES
	Common Effect Model

	
	Gini Ratio Index

	
	

	Mean Year of Schooling
	0.0267***

	
	(0.00378)

	
	

	Sex Ratio
	0.00320***

	
	(0.000805)

	
	

	Log Domestic Direct Investment
	-0.00744**

	
	(0.00293)

	
	

	Constant
	-0.187*

	
	(0.109)

	
	

	Observations
	60

	R-squared
	0.475


Source: Processed by the author
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The Mean year of schooling variable has a prob. value smaller than 0.01, meaning that it is significant so that it has enough power to reject H0 (there is no relationship), thus accepting Ha, which means it has a relationship with a coefficient value of 0.0267. This means that when the mean year of schooling increases by 1 year (unit), the gini ratio variable will increase by 0.0267 units. The positive relationship between average years of schooling and Gini Ratio can be caused by structural factors such as inequality in access to education, especially at the secondary level. According to (Ayuningtyas, 2021) In East Kalimantan, the results of the March 2020 National Socio-Economic Survey (Susenas) show that almost all children aged 7-15 years have accessed primary education, but there are still inequalities in access to secondary education for children aged 16-18 years. Access to secondary education is more unequal in urban areas compared to rural areas, indicating the need for education policy reform to remove the influence of external factors beyond children's control. This argument or theory is also supported by research which states that there is a significant asymptotic effect between the education Gini coefficient (education inequality) and economic growth on the income Gini coefficient (income inequality) (Bennett et al., 2024; Makhlouf & Lalley, 2023; Xu et al., 2023). 
The sex ratio variable has a probability value. Smaller than 0.01. This means that it is significant so that it has enough power to reject H0 (there is no relationship), so that it accepts Ha, which means that it has a relationship with a coefficient value of 0.00320. This means that when the sex ratio increases by 1 unit, the gini ratio variable will increase by 0.00320 units. The difference in numbers between men and women can affect the social and economic structure of a society (Altuzarra et al., 2021). When the number of men is much greater than women, it has the potential to create inequality in access to economic facilities, especially in employment sectors that absorb more male labor, such as infrastructure and construction projects (Cabeza-García et al., 2018; Talafha et al., 2025a). And with some regions not yet fully implementing gender equality principles, women often experience limited access to education, employment and participation in decision-making (Talafha et al., 2025b). This imbalance can reinforce gender discriminatory practices and deepen social inequality in society (Akinwande et al., 2024a; Talafha et al., 2025b). This imbalance can reinforce gender discriminatory practices and deepen social inequality in society (Akinwande et al., 2024b).
The Log Domestic Direct Investment variable has a probability value smaller than 0.05, meaning that it is significant so that it has enough power to reject H0 (no relationship), thus accepting Ha, which means it has a relationship with a coefficient value of -0.00744. This means that when Log Domestic Direct Investment increases by 1 unit, the gini ratio variable will decrease by -0.00744 units. Domestic Direct Investment affects income inequality in a region. Domestic Direct Investment creates large-scale employment in producing in the fields of infrastructure development, agriculture, industry, and so on (Mumtaz & Amar, 2022). This job opening also absorbs labor on a large scale. In addition, Domestic Direct Investment tends to be spread across regions. This allows local communities, including MSMEs, to obtain financing and infrastructure support that strengthens businesses, thereby broadening the beneficiary base and minimizing wealth concentrations, in other words, income equalization (Soegoto et al., 2024). 
After regression analysis, Monte Carlo Simulation is used as a further method to test the robustness and uncertainty of the model estimation results. Regression does produce coefficients as estimates of the relationship between variables, but these estimates contain an element of uncertainty that can affect the validity of inference (Albert, 2020b; Papadopoulos & Yeung, 2001b). Therefore, Monte Carlo Simulation plays an important role in providing an overview of the probabilistic distribution of regression results through an iterative simulation process with a random sampling approach, in this study researchers used 1000 simulation iterations. This technique allows researchers to evaluate the sensitivity of the model to variations in input data, predict the range of possible values of the dependent variable, and test the extent to which the regression results are stable under various scenarios (McMurray et al., 2017b). Thus, Monte Carlo Simulation not only strengthens model validation, but also provides a stronger basis for more realistic and robust data-driven decision-making (Duque et al., 2023b).
Table 6 Regression Coefficient Estimates from 1000 Monte Carlo Iterations
	Variable
	Obs
	Mean
	Std. dev.
	Min
	Max

	b1_Mean Year of Schooling
	1000
	0.0260903
	0.0047852
	0.0119217
	0.0422045

	
	
	
	
	
	

	b2_Sex Ratio
	1000
	0.0031586
	0.0008252
	-0.0013169
	0.0062949

	
	
	
	
	
	

	b3_Log Domestic Direct Investment
	1000
	-0.0082385
	0.0031192
	-0.0193662
	0.0021131


Source: Processed by the author

The results of 1,000 Monte Carlo simulation iterations show that Mean Year of Schooling has an average coefficient of 0.0261 with a low standard deviation (0.0048) and consistently positive minimum and maximum values, indicating a stable and positive influence on the dependent variable. The Sex Ratio variable has an average coefficient of 0.0032 with a very small standard deviation (0.0008), but its range includes both negative and positive values, suggesting a weak and statistically insignificant effect. Meanwhile, Log Domestic Direct Investment exhibits a negative average coefficient of -0.0082, with a minimum of -0.0194 and a maximum of 0.0021, indicating a generally consistent negative impact on the dependent variable. Overall, education and domestic investment show more stable and substantial effects in the model compared to the sex ratio.
Table 7 Monte Carlo Simulation Results for Regression Coefficients and Model Uncertainty
	Variable
	Regression Coefficient
	Mean of Simulate Coefficient
	Coefficient Bias

	Mean Year of Schooling
	0.0267255
	0.0260903
	0.0006352

	
	
	
	

	Sex Ratio
	0.0031996
	0.0031586
	0.000041

	
	
	
	

	Log Domestic Direct Investment
	-0.0074362
	-0.0082385
	-0.0008023


Source: Processed by the author

Based Table 6 and 7 on 1,000 Monte Carlo simulation iterations, the regression coefficient for the Mean Years of Schooling variable was 0.0267255, while the simulated coefficient averaged 0.0260903, yielding a minor bias of 0.0006352. The negligible bias suggests that the simulation model for this variable exhibits high accuracy without significant distortion (Banack et al., 2021a; Koehler et al., 2009; Sun et al., 2022a). The positive coefficient suggests that an increase in average years of schooling correlates with a rise in the Gini index. This phenomenon may occur due to highly uneven educational distribution in East Kalimantan, where disparities in access to schooling exacerbate income inequality, even as average schooling duration increases (Putri & Aminda, 2024b; S. Dai et al., 2023b). To mitigate this, targeted policies promoting equitable education access are essential. Conducting on-the-ground surveys could help identify gaps and ensure all residents receive adequate and fair educational opportunities.
Based on the results of 1,000 iterations of the Monte Carlo simulation, the regression coefficient for the sex ratio variable is estimated at 0.0031996, while the average simulated coefficient is 0.0031586, yielding a negligible bias of 0.000041. This minimal bias reinforces the robustness and reliability of the simulation model, indicating that the estimates are free from substantial distortion. The slightly positive coefficient suggests a marginal association between sex ratio and income inequality, as represented by the Gini Index, although the magnitude of the effect remains modest. In the context of East Kalimantan, this finding implies that disparities in the distribution of income may be partially attributed to gender-related imbalances. Therefore, addressing gender-based discrimination is imperative to foster a more equitable, efficient, and inclusive income distribution. The consistency and accuracy of the simulation outcomes underscore the sound performance of the model, particularly in capturing the nuanced dynamics of the sex ratio variable.
The regression coefficient for log-transformed domestic direct investment is estimated at -0.0074362, with an average simulated coefficient of -0.0082385, resulting in a relatively small bias of -0.0008023. This negative coefficient indicates an inverse relationship between domestic investment and income inequality, suggesting that greater levels of domestic direct investment are associated with reductions in the Gini Index. In other words, increased domestic investment contributes to a more equitable distribution of income. Although there is a slight discrepancy between the estimated and simulated coefficients, the bias remains minimal, further affirming the reliability and consistency of the simulation model. These results underscore the significance of fostering domestic investment as a strategic policy tool to mitigate income inequality and promote inclusive economic development.
The consistently small bias values across all independent variables each remaining below the 0.001 threshold indicate that the Monte Carlo simulation model is not subject to significant bias, thereby validating the unbiased nature of its estimates (Albert, 2020b; Banack et al., 2021b; Sun et al., 2022b). This finding suggests that the model is methodologically sound and reliable for predicting the relationship between the independent variables and income inequality, as measured by the Gini Index. Overall, the simulation model demonstrates strong performance, evidenced by the close alignment between the simulated coefficients and the original regression estimates (Banack et al., 2021b; Harwell, 2018). Accordingly, it can be concluded that the three independent variables Sex Ratio, Domestic Direct Investment (DDI), and Mean Years of Schooling exert a measurable influence on income inequality. Despite potential variations in the values of these independent variables, their relationship with the Gini Index remains consistently evident, reinforcing the robustness and relevance of the model across different scenarios.
[image: ]
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Source: Processed by the author
Fig. 1. Coefficient Distribution from Monte Carlo Simulations for Independent Variables.[image: ]
Figure 1 presents the coefficient distributions generated from 1,000 Monte Carlo simulation iterations for three independent variables: mean years of schooling (x1), sex ratio (x2), and domestic direct investment (x3). The distribution for x1 exhibits a near-perfect bell-shaped curve, centered around a mean of approximately 0.026. This suggests a stable and robust positive influence of educational attainment on the dependent variable. 
Based on the coefficient distribution results from the Monte Carlo simulation, it can be concluded that the model using the Mean Year of Schooling variable shows the highest level of stability. The distribution appears symmetrical and forms a pattern resembling a bell curve, indicating that the coefficient estimates from the simulation are consistent and do not spread to the extremes. The Sex Ratio variable also shows fairly good stability, characterized by a sharp distribution at the center and relatively symmetrical, illustrating that most of the simulation results are concentrated at the same particular value. Meanwhile, the Direct Domestic Investment variable has a slightly lower level of stability than the other two variables. This can be seen from the shape of the distribution which is not fully symmetrical and tends to tilt to the left, indicating a larger variation in results between simulations. Nevertheless, the model with this variable can still be categorized as stable because most of the simulation results remain concentrated in one area (Duque et al., 2023b; Kim et al., 2025b; Rose et al., 2023b).

4. ConclusioN
This study analyzes the influence of socio-economic factors on income inequality in East Kalimantan during the 2019–2024 period. The findings indicate that average years of schooling, sex ratio, and domestic investment (PMDN) significantly affect the Gini index, with stable and consistent coefficients across various data scenarios. Both average years of schooling and the sex ratio exhibit a positive relationship with the Gini index. The disparity in access to education is identified as the primary cause of the paradox in which an increase in average years of schooling correlates with greater income inequality. Meanwhile, a high sex ratio reflects gender-based disparities in labor market access, where women continue to face discrimination, resulting in lower participation and income levels. Therefore, collaboration between regional and central governments is necessary to formulate strategies for equitable access to education and to reform labor market policies in a gender-inclusive manner to reduce income inequality.
Conversely, domestic investment shows a negative relationship with the Gini index, suggesting that increased PMDN contributes to reducing income inequality. High levels of domestic investment help expand employment opportunities, reduce unemployment, and promote a more equitable income distribution. In this context, the government should enhance investment-supporting infrastructure and simplify licensing procedures to make East Kalimantan a more strategic and attractive destination for domestic investors. Through this approach, increased investment is expected to foster inclusive and sustainable regional economic growth. 
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