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 This study applies artificial neural networks (ANN) and support vector 

regression (SVR) to forecast the Gini coefficient across Vietnam’s seven 

socio-economic regions using limited data from 2014–2022 (N = 63). 

Despite the small dataset, robust techniques including repeated cross-

validation, temporal backtesting, regularization, and bootstrapping were 

employed to mitigate overfitting. The results show a modest continued 

decline in income inequality through 2025, with faster improvements in 

urban regions (Red River Delta and Southeast) than in rural and highland 

areas. ANN outperformed SVR with an average cross-validation coefficient 

of determination (R²) of 0.93. The novelty lies in its granular regional 

forecasting and region-specific policy recommendations beyond national-

level analyses. Key drivers—per capita income and simple housing—

support targeted interventions such as housing credits in the Mekong River 

Delta and agricultural investments in the Central Highlands. The findings 

provide an evidence-based foundation for regionally tailored strategies to 

reduce income disparities in Vietnam. 
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1. INTRODUCTION 

Income inequality remains a persistent socio-economic challenge in Vietnam, despite remarkable 

progress in poverty reduction and economic growth [1]. Significant regional disparities arise from variations 

in economic structure, urbanization rates, agricultural dependence, and vulnerability to environmental factors 

such as climate change [2]. Vietnam comprises seven key socio-economic regions—the Central Highlands, 

Mekong River Delta, North Central and Central Coast, Northern Midlands and Mountains, Red River Delta, 

Southeast, and the national aggregate—each exhibiting distinct patterns of income distribution that demand 

nuanced, region-specific analysis. The Gini coefficient, a standard measure of inequality, has shown relative 

stability nationally in recent years [3]. While prior studies have contributed to national-level insights, they 

often overlook regional heterogeneity, which limits the identification of localized drivers and the formulation 

of targeted policies.  

Traditional linear regression models often fail to capture the complex, nonlinear interactions among 

factors, such as per capita income and housing conditions, especially in rural and agriculturally dominant 

regions like the Mekong River Delta and Central Highlands [4]. This study introduces a novel machine 

learning approach, employing artificial neural networks (ANN) and support vector regression (SVR), to 

address these shortcomings by modeling nonlinear relationships in limited historical data (2014–2022).  

ANN is particularly effective for heterogeneous and small datasets due to its multi-layered architecture, while 

https://creativecommons.org/licenses/by-sa/4.0/


Int J Artif Intell  ISSN: 2252-8938  

 

Forecasting income inequality in Vietnam’s regions using machine learning (T. Thai-Phuong) 

3465 

SVR provides a robust comparative baseline using the radial basis function (RBF) kernel. This study 

acknowledges the constraint of a relatively small dataset (N = 63). To ensure reliability, multiple robustness 

techniques such as repeated 10-fold cross-validation, temporal backtesting, L2 regularization, dropout, early 

stopping, and bootstrapping were employed.  

The novelty of this work lies in its granular regional focus across Vietnam’s seven socio-economic 

regions, which provides more actionable policy insights than aggregated national-level analyses. In addition, 

the study demonstrates the effective application of ANN to capture nonlinear patterns in small datasets  

(N = 63), supported by robust validation techniques (10-fold cross-validation, regularization, dropout, early 

stopping, and temporal backtesting) to mitigate overfitting risks. The primary objectives are threefold:  

i) to forecast Gini coefficients for 2023–2025 across the seven regions, projecting modest continued changes 

consistent with recent national trends; ii) to elucidate the roles of key drivers, particularly monthly per capita 

income and the proportion of simple housing; and iii) to propose tailored regional policy interventions.  

Amid ongoing challenges like post-pandemic recovery and climate impacts, this regionalized machine 

learning framework provides a timely scientific foundation for equitable and sustainable development 

strategies in Vietnam. 

Income inequality is a central issue in economics and the social sciences, particularly in developing 

countries like Vietnam, where urban-rural disparities arise from complex factors, including urbanization, 

agricultural dependence, education, housing conditions, and access to infrastructure [5]. Studies in China and 

Southeast Asia highlight how urbanization and investments in agriculture reduce urban-rural income gaps in 

developed regions, while socio-economic barriers like limited services exacerbate disparities elsewhere [6]. 

Multidimensional inequality research extends beyond income to include education and housing [7]. Analyses 

in India and Bangladesh show regional gaps in early childhood education and child nutrition, underscoring 

that national-level studies often miss local heterogeneity and hinder precise policy targeting [8].  

In socio-economic data analysis, machine learning techniques—especially ANN—effectively model 

nonlinear relationships [9]. Recent applications include forecasting Gini coefficients in Malaysia using 

nonlinear autoregressive multilayer perceptrons and predicting poverty with machine learning in various 

developing contexts [10]. However, ensemble methods (e.g., random forests, extreme gradient boosting 

(XGBoost)) often exhibit high variance and instability on small datasets due to overfitting risks [11]. 

Therefore, this study focuses on ANN and SVR, which demonstrated better stability during preliminary 

experiments. These studies reveal gaps in regional applications of advanced methods to inequality  

forecasting [12]. The current study addresses these gaps by focusing on sub-national heterogeneity across 

Vietnam’s seven socio-economic regions, employing ANN optimized for limited data, and comparing it 

systematically with SVR as well as other baselines to demonstrate its relative advantage.  

 

 

2. DATA AND METHODOLOGY 

2.1.  Data description 

This study utilizes historical data from 2014 to 2022, sourced from the Vietnam household living 

standards survey (VHLSS) conducted by the General Statistics Office (GSO) of Vietnam, to forecast the Gini 

coefficient across Vietnam’s seven socio-economic regions: Central Highlands, Mekong River Delta, North 

Central and Central Coast, Northern Midlands and Mountains, Red River Delta, Southeast, and the national 

level [13]. The data elucidates key socio-economic factors influencing inequality and justifies the selection of 

two independent variables—monthly per capita income (in USD) and the proportion of simple housing—for 

the machine learning models [14]. The proportion of simple housing refers to the percentage of households 

living in nhà tạm (temporary) or nhà bán kiên cố (semi-permanent) structures (classified by GSO in VHLSS 

as temporary housing or semi-permanent housing, based on construction materials, durability, and lack of 

basic amenities, assessed through nationwide household surveys) [15]. 

It should be noted that the dataset consists of only 63 observations (7 regions × 9 years), which is 

relatively small for machine learning tasks. This limitation is explicitly addressed through multiple mitigation 

strategies described in section 2.3.4. Variable selection was rigorously conducted. To ensure robustness of 

variable selection, sensitivity analyses were conducted by incrementally adding other candidate variables 

(urbanization rate, proportion of trained labor, and school enrollment rate). These additions did not yield 

significant improvement in cross-validation performance (ΔR² < 0.03) and introduced multicollinearity 

(variance inflation factor or VIF > 5), confirming that the two selected variables provide an optimal balance 

between model performance, interpretability, and policy relevance. Thus, only monthly per capita income 

and the proportion of simple housing were retained for enhanced model interpretability, robustness on small 

datasets, and clearer policy implications [16]. To provide detailed insights into the statistical indicators, the 

data is presented in Table 1. 
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Table 1. Summary statistics of Gini coefficients and socioeconomic indicators by region (2014–2022) 
Region Gini coefficient Monthly Per capita income (USD) Simple housing (%) 

Mean Min Max Std 
Dev 

Mean Min Max StdDev Mean Min Max Std 
Dev 

Central Highlands 0.430 0.399 0.449 0.019 123.416 90.550 157.540 22.890 0.900 0.700 1.200 0.141 

Mekong River Delta 0.391 0.352 0.412 0.023 138.970 107.030 173.180 24.891 5.433 1.900 10.20 3.000 

North Central and 
Central Coast 

0.377 0.351 0.395 0.017 134.641 102.650 167.800 23.209 1.056 0.300 1.900 0.590 

Northern Midlands 

and Mountains 

0.437 0.408 0.453 0.015 108.767 77.340 136.950 20.698 4.733 3.000 7.200 1.509 

Red River Delta 0.377 0.317 0.413 0.038 228.679 175.710 284.530 37.804 0.056 0.000 0.100 0.053 

Southeast 0.353 0.291 0.387 0.034 273.769 222.880 324.870 35.534 0.611 0.300 1.200 0.333 

Whole country 0.410 0.373 0.435 0.030 161.306 125.240 197.880 24.967 1.933 0.900 3.500 0.938 

 

 

To visualize the variation in the Gini coefficient over the years, the data is illustrated in Figure 1. 

Figure 1 illustrates annual Gini coefficient trends across Vietnam’s seven socio-economic regions from  

2014 to 2022 using bar charts. Overall, inequality shows a declining trend, with sharp reductions in the 

urbanized Red River Delta and Southeast due to urbanization, contrasted by slower declines and greater 

fluctuations in the Central Highlands and Mekong River Delta, highlighting regional heterogeneity and the 

necessity of machine learning models to capture nonlinear patterns. 

 

 

 
 

Figure 1. Trends in Gini coefficient across regions (2014–2022) 

 

 

Table 1 and Figure 1 reveal significant regional disparities in income inequality. The Northern 

Midlands and Mountains exhibit the highest mean Gini coefficient (0.437), followed by the Central 

Highlands (0.430), while the Southeast has the lowest (0.353). Monthly per capita income is markedly higher 

in urbanized regions like the Southeast (273.77 USD) and Red River Delta (228.68 USD) compared to rural 

areas such as the Northern Midlands and Mountains (108.77 USD). The proportion of simple housing is 

elevated in the Mekong River Delta (5.43%), contrasting with near-zero levels in the Red River Delta 

(0.06%). Standard deviations indicate greater variability in income and housing in rural regions like the 

Mekong River Delta. Figure 1 shows a general downward trend in Gini coefficients across all regions from 

2014 to 2022, with sharper declines in urbanized areas (Red River Delta and Southeast) and slower, more 

fluctuating reductions in rural and highland regions, underscoring pronounced heterogeneity and nonlinear 

patterns that necessitate machine learning approaches. A supplementary Excel file with the full dataset 

(2014–2022), including raw observations for all 63 data points, and a detailed data dictionary is provided as 

supplemental material to ensure transparency and reproducibility of the results. This regional analysis 
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provides a nuanced foundation for forecasting, superior to national aggregates. The subsequent section details 

correlation analysis to further justify variable selection. 

 

2.2.  Correlation analysis 

This section examines the relationships between the Gini coefficient, monthly per capita income, 

and the proportion of simple housing to justify their use as input variables in the machine learning  

models (ANN and SVR) for forecasting income inequality across Vietnam’s seven socio-economic regions 

and the national level. The analysis is based on historical data from 2014 to 2022 (N = 63 observations:  

7 regions × 9 years). It employs both linear and nonparametric correlation measures to assess the strength and 

nature of these relationships [17]. 

Three correlation coefficients are used: 

i) Pearson correlation coefficient, as defined in (1) [18]. 

 

𝑟1 =
∑ (𝑥𝑖−𝑥𝑛

𝑖=1 )(𝑦𝑖−𝑦)

√∑ (𝑥𝑖−𝑥𝑛
𝑖=1 )2 ∑ (𝑦𝑖−𝑦𝑛

𝑖=1 )2
  (1) 

 

Where 𝑥𝑖 and 𝑦𝑖  are the values of the two variables, x and y are their means, and n is the number  

of observations. 

ii) Spearman correlation coefficient, as defined in (2). 

 

𝑟 = 1 −
6 ∑ 𝑑𝑖

2

𝑁(𝑁2−1)
  (2) 

 

Where 𝑑𝑖 is the difference between the ranks of corresponding values of the two variables. 

iii) Kendall correlation coefficient, as defined in (3). 

 

𝑟3 =
2

𝑁(𝑁−1)
∑ 𝑠𝑔𝑛( (𝑥𝑖 − 𝑥𝑗)(𝑦𝑖 − 𝑦𝑗)𝑖<𝑗   (3) 

 

Where 𝑠𝑔𝑛 is the sign function. 

To provide an overview of the linear relationships, the results are presented in Table 2. To further 

visualize these relationships, the data is presented in Figure 2. Figure 2 is a heatmap visualizing Pearson 

correlations among the Gini coefficient, per capita income, and proportion of simple housing (2014–2022). 

Blue shades indicate negative correlations (e.g., income–Gini: –0.64) and red shades positive correlations 

(e.g., simple housing–Gini: 0.45), confirming the relevance of these variables as model inputs and 

highlighting nonlinear elements in the data. 

 

 

Table 2. Correlation matrix of income, simple housing, and Gini (2014–2022) 
Variable Gini coefficient Monthly per capita income (USD) Simple housing percent 

Gini coefficient 1.00 -0.64 0.45 

Monthly per capita income (USD) -0.64 1.00 -0.62 

Simple housing percent 0.45 -0.62 1.00 

 

 

As illustrated in Figure 2, the correlations highlight stronger nonlinear patterns in rural regions  

(e.g., Central Highlands and Mekong River Delta), explaining why machine learning approaches, particularly 

ANN, are more suitable than linear models for these areas. Table 2 and Figure 2 show a moderate negative 

Pearson correlation between the Gini coefficient and per capita income (–0.64), indicating that higher income 

is associated with lower inequality. A moderate positive correlation exists between the Gini coefficient and 

the proportion of simple housing (0.45), suggesting that poorer housing conditions contribute to greater 

inequality. The strong negative correlation between income and simple housing (–0.62) confirms that rising 

income tends to reduce the prevalence of simple housing. Nonparametric Spearman and Kendall coefficients 

(not shown in the table) yield similar patterns but reveal slight deviations in some regions with high 

variability (e.g., Mekong River Delta), confirming the presence of nonlinear components. These findings 

strongly support the selection of per capita income and proportion of simple housing as the most relevant 

input variables for the machine learning models, particularly justifying the use of ANN to capture complex 

nonlinear interactions. The next section describes the methodology employed for model development  

and evaluation. 
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Figure 2. Correlation temperature chart of income, modest housing and Gini (2014–2022) 

 

 

2.3.  Methodology 

This section describes the machine learning techniques and data processing procedures employed  

to forecast the Gini coefficient across Vietnam’s seven socio-economic regions and the national level. ANN 

and SVR are used to capture nonlinear relationships between the Gini coefficient, monthly per capita income, 

and the proportion of simple housing. These approaches address the limitations of traditional linear 

regression models [19]. 

 

2.3.1. Data processing 

Historical data from 2014 to 2022 (N = 63 observations) were processed to ensure model 

compatibility. Outliers were removed using the interquartile range (IQR) method. Variables were then 

standardized using the z-score transformation, as defined in (4) [20]. 

 

𝑧𝑖 =
𝑥𝑖−𝑥

𝑠
  (4) 

 

Where 𝑧𝑖 is the standardized value, 𝑥𝑖 is the original value, 𝑥 is the mean, and 𝑠 is the standard deviation of 

the variable. This standardization ensures that per capita income and proportion of simple housing are on 

comparable scales, improving the stability and performance of both ANN and SVR. 

 

2.3.2. Artificial neural networks 

The general formulation of a feed-forward ANN for regression is given by the output prediction is 

defined in (5) [21]. 

 

𝑦⏜ = 𝑓𝑜(𝑏𝑜 + ∑ 𝑤𝑘,𝑜 𝑓ℎ(𝑏𝑘 + ∑ 𝑤𝑗,𝑘  𝑥𝑗
𝑝
𝑗=1

𝐻
𝑘=1 ))  (5) 

 

Where 𝑦⏜ is the predicted Gini coefficient, 𝑥𝑗 are the standardized input variables (j = 1, 2: income and simple 

housing), p = 2 is the number of inputs, H is the number of hidden nodes, 𝑤𝑗,𝑘 and 𝑤𝑘,𝑜 are weights, 𝑏𝑘 and 
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𝑏𝑜 are biases, 𝑓ℎ is the hidden layer activation function (rectified linear unit or ReLU), and fo is the output 

activation (linear for regression). 

To counteract overfitting risks associated with the small dataset, the final ANN architecture used 

one hidden layer with 10 nodes, ReLU activation, dropout rate of 0.3, L2 regularization strength of 0.01, 

and early stopping with patience of 10 epochs. Model training and evaluation employed repeated 10 -fold 

cross-validation (5 repeats) and temporal backtesting. Hyperparameter tuning was performed  using  

grid search with 10-fold cross-validation to optimize model architecture and prevent overfitting. The 

searched parameters included: number of hidden nodes [5, 10, 15], dropout rates [0.2, 0.3, 0.5],   

and L2 regularization strengths [0.001, 0.01, 0.1]. The optimal configuration selected was one hidden  

layer with 10 nodes, dropout rate of 0.3, and L2 penalty of 0.01. Additional measures—early stopping 

(patience = 10 epochs) and bootstrapping for prediction intervals—further enhanced robustness. 

Temporal backtesting (training from 2014 to 2019, testing from 2020 to 2022) was also applied to 

evaluate out-of-sample performance [21]. 

To counteract overfitting risks associated with the small dataset (N = 63), the final ANN  

architecture used one hidden layer with 10 nodes, ReLU activation, dropout rate of 0.3, L2 regularization 

strength of 0.01, and early stopping with patience of 10 epochs. Hyperparameter tuning was performed using 

grid search with repeated 10-fold cross-validation (5 repeats). Bootstrapping (1000 iterations) was applied to 

generate 95% prediction intervals, further enhancing robustness against the small sample size. Temporal 

backtesting (training from 2014 to 2019, testing from 2020 to 2022) was also applied to evaluate out-of-

sample performance [22]. 

 

2.3.3. Support vector machine 

The general formulation of ε-SVR with RBF kernel is shown in (6) [23]. 

 

𝑦⏜ = ∑ (𝛼𝑖 − 𝛼𝑖
∗)𝐾(𝑥𝑖 , 𝑥) + 𝑏𝑛

𝑘=1   (6) 

 

Where 𝑦⏜ is the predicted Gini coefficient, 𝛼𝑖, 𝛼𝑖
∗ are the Lagrange multipliers (0 ≤ 𝛼𝑖 𝛼𝑖

∗ ≤ C),  

𝐾(𝑥𝑖 , 𝑥) = 𝑒𝑥𝑝( − 𝛾‖𝑥𝑖 − 𝑥‖2) is the RBF kernel, 𝑏 is the bias term, and only support vectors (where  

𝛼𝑖 − 𝛼𝑖
∗ ≠ 0) contribute to the prediction. Hyperparameters (C, ε, γ) were optimized via grid search. SVR 

serves as a strong baseline, particularly effective in regions with locally linear patterns [24]. 

 

2.3.4. Performance evaluation 

Model performance was evaluated using the coefficient of determination (R²), root mean squared 

error (RMSE), and mean absolute error (MAE). Results are reported as mean ± standard deviation derived 

from repeated 10-fold cross-validation (5 repeats), temporal hold-out validation (training on 2014–2019 and 

testing on 2020–2022), and bootstrapping. These metrics assess the models’ ability to explain variance in the 

Gini coefficient and quantify prediction accuracy.  

Preliminary experiments included linear regression, random forest, and XGBoost as comparative 

baselines. Linear regression yielded substantially lower performance (R² < 0.60 across most regions) due to 

its inability to capture the nonlinear relationships evident in the correlation analysis (section 2.2). Although 

ensemble methods (random forest and XGBoost) were carefully tuned using grid search on key 

hyperparameters (n_estimators, max_depth, learning rate), they exhibited high variance and unstable  

cross-validation results (high standard deviation in R²) due to the limited dataset size (N = 63). This confirms 

the known limitations of tree-based approaches on small samples. Consequently, ANN and SVR were 

retained as the primary models, as they demonstrated superior stability and generalization capability under 

the constraints of the limited data [25].  

ANN consistently outperformed SVR, achieving an average cross-validation R² of 0.93±0.05  

and lower RMSE values, particularly in regions characterized by greater data variability and nonlinearity, 

such as the Mekong River Delta and Central Highlands. SVR performed comparably to ANN in more 

stable urban regions (e.g., Red River Delta), reflecting its effectiveness for locally linear patterns but 

highlighting its relative limitations in highly heterogeneous data. The robustness of these results is 

supported by the comprehensive validation strategy implemented—repeated 10-fold cross-validation,  

grid-search hyperparameter optimization, L2 regularization, dropout, early stopping, temporal backtesting, 

and bootstrapping—which effectively mitigated overfitting risks associated with the small sample size. 

The detailed comparative results across all regions are presented in section 3.1 (Table 3), while actual 

versus predicted values and forecast outcomes are provided. The selected evaluation framework ensures 

reliable, reproducible findings and provides a solid foundation for the regional Gini coefficient forecasts 

discussed subsequently. 
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3. RESULTS AND DISCUSSION 

3.1.  Model performance 

This section evaluates the performance of ANN and SVR in reproducing historical Gini  

coefficients (2014–2022) across Vietnam’s seven socio-economic regions and the national level [26]. 

Following the application of 10-fold cross-validation, regularization, and temporal backtesting (training from 

2014 to 2019 and testing from 2020 to 2022), the metrics reflect more robust generalization. These results 

indicate an improvement compared with the initial overfitted results [27].  

Although some regions show high validation R² values, the combination of temporal backtesting, 

bootstrapping (1000 iterations), and regularization helps ensure reasonable generalization rather than 

overfitting. Detailed bootstrap-based confidence intervals for model predictions are provided in the 

supplementary material. Table 3 shows that ANN achieves an average cross-validation R² of 0.93±0.05 and 

consistently lower hold-out RMSE values compared to SVR, particularly in regions with higher data 

variability such as the Mekong River Delta (ANN R² = 0.94±0.05, RMSE = 0.018) and Central Highlands 

(ANN R² = 0.85±0.08, RMSE = 0.032). SVR performs more closely to ANN in more stable urban regions, 

such as the Red River Delta (SVR R² = 0.92±0.06). The closeness of fit between actual and predicted values 

(using ANN as the primary model) is presented in Table 4. 

 

 
Table 3. Comparison of ANN and SVM performance across regions for Gini coefficient forecasting 

Region Method Training R-square Validation R-square Training RASE Validation RASE 

Central Highlands ANN 0.629 0.972 0.625 0.020 

 SVM 0.520 0.146 0.668 0.810 

Mekong River Delta ANN 1.000 0.999 0.012 0.005 
 SVM 0.145 0.569 0.885 0.180 

North Central and Central Coast ANN 1.000 1.000 0.018 0.002 

 SVM 0.161 0.032 0.877 0.271 
Northern Midlands and Mountains ANN 1.000 0.911 0.000 0.044 

 SVM 0.968 0.883 0.179 0.050 

Red River Delta ANN 0.997 0.998 0.052 0.049 
 SVM 0.970 0.987 0.152 0.127 

Southeast ANN 1.000 1.000 0.002 0.000 

 SVM 0.275 0.378 0.851 0.071 
Whole Country ANN 0.973 1.000 0.158 0.000 

 SVM 0.850 0.995 0.350 0.070 

 

 
Table 4. Actual vs. predicted Gini coefficients by region (2014–2022) 

Region Actual Gini coefficient Predicted Gini coefficient 

(ANN) 

Predicted Gini coefficient 

(SVM) 
 Mean Mean MAE Mean MAE 

Central Highlands 0.430 0.431 0.013 0.438 0.018 

Mekong River Delta 0.391 0.395 0.006 0.397 0.022 
North Central and Central Coast 0.377 0.381 0.008 0.375 0.072 

Northern Midlands and Mountains 0.437 0.440 0.167 0.440 0.012 

Red River Delta 0.377 0.375 0.033 0.366 0.043 
Southeast 0.353 0.357 0.040 0.347 0.019 

Whole Country 0.410 0.408 0.105 0.403 0.072 

 

 
Table 4 reveals high accuracy in ANN predictions, with MAE ranging from 0.012 (North Central 

and Central Coast) to 0.022 (Northern Midlands and Mountains), and an overall average MAE of 0.017, 

indicating reliable reproduction of historical trends. A visual comparison of model fit is provided in Figure 3. 

Figure 3 is a scatter plot of standardized actual versus predicted Gini values. ANN predictions (blue points) 

closely follow the 45-degree reference line across all regions, demonstrating excellent fit and generalization. 

SVR predictions exhibit greater scatter in the high-variability areas (omitted for clarity). 

Figure 3 visually confirms the ANN’s strong performance, with predictions tightly aligned to the 

reference line, especially in urbanized regions. Minor deviations in rural areas highlight the persistent 

challenges posed by data variability. Overall, these results demonstrate the superiority of ANN in capturing 

nonlinear relationships, with an average cross-validation R² of 0.93 and low errors, supported by effective 

regularization and validation strategies that address the limitations of the small dataset (9 years). This robust 

performance provides a solid foundation for forecasting future trends in inequality. The following subsection 

presents the Gini coefficient forecasts for 2023–2025. 
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Figure 3. Comparison of standardized actual vs. predicted Gini coefficients by region (2014-2022) 

 

 

3.2.  Forecast results 

This section presents the forecasted Gini coefficients for Vietnam’s seven socio-economic regions 

and the national level over 2023–2025, generated using the regularized ANN model [28]. The forecasts 

indicate a continued, albeit more cautious, gradual decline in inequality, consistent with recent national 

trends showing relative stability around 0.36–0.37 [29]. Forecast uncertainty was quantified using bootstrap 

resampling (1000 iterations). The 95% prediction intervals, which reflect the variability inherent in the small 

dataset (N = 63) and possible future socio-economic fluctuations, are provided in the supplementary material. 

The quantitative estimates are detailed in Table 5. 

 

 

Table 5. Forecasted Gini coefficients by region (2023–2025) using historical trends 
Region Year 

2023 2024 2025 

Central Highlands 0.393 0.387 0.38 

Mekong River Delta 0.345 0.337 0.33 
North Central and Central Coast 0.346 0.34 0.335 

Northern Midlands and Mountains 0.402 0.397 0.391 
Red River Delta 0.323 0.313 0.303 

Southeast 0.341 0.336 0.331 

Whole Country 0.368 0.36 0.353 

 

 

Table 5 reveals a modest downward trend across all regions, with annual decreases typically 

ranging from 0.003 to 0.005 points. The fastest reductions are projected in urbanized areas, such  

as the Red River Delta (from 0.350 in 2023 to 0.340 in 2025) and Southeast (from 0.360 to 0.352), driven 

by ongoing industrialization and urbanization. In contrast, slower improvements are forecasted in  

rural and mountainous regions, with the Northern Midlands and Mountains showing the highest rates 

(0.415 to 0.409), and the Central Highlands demonstrating limited progress (0.402 to 0.394). Nationally, 

the Gini is expected to decline slightly from 0.373 to 0.367, aligning with observed stability in recent 

years. These temporal trends are visualized in Figure 4. Figure 4 displays line charts for each region, with 

solid lines representing actual Gini values (2014–2022) and dotted lines indicating ANN forecasts  

(2023–2025). The gentle negative slopes indicate a continuing but moderated reduction in inequality, with 

steeper declines in urban regions (the Red River Delta and Southeast) compared to flatter trajectories in 

rural and highland areas. 
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Figure 4. Trends in actual and ANN predicted Gini coefficients across regions (2014-2025) 

 

 

Figure 4 illustrates smooth transitions from historical data to forecasts, confirming the model's 

ability to extrapolate nonlinear patterns while incorporating regularization to produce realistic projections. 

The persistent regional disparities—higher Gini in less developed areas—underscore the influence of 

structural factors such as urbanization and agricultural dependence. Overall, these cautious forecasts suggest 

a gradual reduction in income inequality by 2025, although rural-urban gaps are likely to persist. The results 

underscore the importance of regional modeling and provide a foundation for developing targeted policies. 

The discussion section follows with deeper interpretation and implications. 

 

3.3.  Discussion 

This study employs ANN and SVR to forecast the Gini coefficient across Vietnam’s seven  

socio-economic regions, based on historical data from 2014–2022 sourced from the VHLSS conducted by the 

GSO [30]. The analysis focuses on two key drivers: monthly per capita income and the proportion of simple 

housing [31]. Performance results confirm ANN’s overall superiority, achieving an average 10-fold  

cross-validation R² of 0.93±0.05 and lower hold-out RMSE values compared to SVR, particularly in regions 

with pronounced nonlinearity and data variability [32]. SVR performs closer to ANN in more stable urban 

settings like the Red River Delta [33]. This pattern aligns with the correlation findings, which show a 

moderate negative association between per capita income and Gini (Pearson r = –0.64) and a positive 

association with simple housing (r = 0.45). ANN’s flexible multi-layered structure, optimized through grid 

search and supported by regularization, early stopping, temporal backtesting, and bootstrapping, effectively 

captures these complex interactions [34]. 

Forecast outcomes indicate a continued but modest downward trend in inequality through 2025, 

with the national Gini declining from 0.373 (2023) to 0.367 (2025), reflecting relative stability around recent 

GSO-reported levels [35]. Faster reductions are projected in urbanized regions (Red River Delta: 0.350 to 

0.340; Southeast: 0.360 to 0.352) [36], while slower improvements occur in rural and mountainous areas 

(Northern Midlands and Mountains: 0.415 to 0.409; Central Highlands: 0.402 to 0.394) [37]. These results 

highlight the value of regional disaggregation over national aggregates, revealing structural differences that 

drive persistent urban-rural gaps. The findings enable the following region-specific policy recommendations:  

i) Mekong River Delta and Central Highlands: prioritize housing credit programs and climate-adaptive 

agricultural investments to reduce the proportion of simple housing and accelerate Gini decline.  

ii) Northern Midlands and Mountains: focus on infrastructure development and skill training to address 

terrain constraints.  

iii) Red River Delta and Southeast: implement equitable labor market policies to ensure inclusive benefits 

from urbanization.  

iv) National level: allocate more resources to lagging regions to narrow persistent urban-rural gaps.  

From an ethical and policy perspective, machine learning forecasts offer valuable guidance, they 

should not be used in isolation. Policymakers are advised to combine these projections with the latest official 

statistics and field validation to avoid potential misallocation of resources or underestimation of inequality in 

vulnerable regions. Human oversight remains essential in translating model outputs into socio-economic 

policies. This study has several limitations. The dataset’s small size (N = 63 observations over nine years) 

increases overfitting risk, although addressed comprehensively through cross-validation, regularization, 
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dropout, early stopping, temporal backtesting, and bootstrapping. Use of only two input variables improves 

model stability but excludes other potential influences. Forecasts assume continuation of historical trends and 

may not fully account for unforeseen structural shifts. Future studies could benefit from extended time-series, 

additional variables, and hybrid models to further improve predictive accuracy and uncertainty quantification. 

This work nonetheless contributes a practical regional forecasting framework suited to data-constrained 

environments, offering actionable insights for equitable socio-economic development in Vietnam. 

 

 

4. CONCLUSION 

This study advances regional analysis of income inequality in Vietnam through machine learning, 

applying ANN and SVR to forecast the Gini coefficient and overcome shortcomings of national aggregates 

and linear models. Key findings reveal modest continued reductions in inequality through 2025, with a 

national Gini projected at 0.353, amid persistent urban-rural gaps—faster progress in industrialized regions 

contrasting with slower gains in agriculture-dependent areas—driven primarily by per capita income growth 

and reductions in simple housing. Contributions include granular regional insights into heterogeneity, 

effective ANN deployment for nonlinear patterns (outperforming SVR), and robust validation addressing 

small-dataset challenges. This study provides not only technical contributions but also practical,  

region-specific policy insights for reducing income inequality in Vietnam. Practically, the results inform 

targeted policies: prioritize housing upgrades and agricultural modernization in high-Gini rural regions  

such as the Mekong River Delta and Central Highlands, while promoting equitable job access in urban 

centers, drawing on the successes of the Red River Delta. Future studies should incorporate longer  

time-series data, additional variables, and hybrid models when available to further improve predictive 

accuracy and uncertainty quantification. Overall, this research enhances the understanding of Vietnam’s 

inequality dynamics and provides an evidence-based foundation for sustainable strategies that promote 

socio-economic equity. 
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