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1. Introduction 

Disparities in access to sanitation and clean water between urban and rural areas in Vietnam remain 
a major challenge for infrastructure project management and sustainable development, particularly in 
resource-limited developing countries [1]. While urban sanitation coverage is near optimal, rural areas 
continue to lag due to high poverty, low income, and limited infrastructure, posing risks to public health 
and hindering progress toward Sustainable Development Goal 6 (SDG 6) [2]. This study applies Artificial 
Neural Networks (ANN) and Support Vector Machine (SVM) to forecast sanitation coverage from 2018 
to 2023, offering a quantitative basis for targeted infrastructure planning and asset management. 
Focusing on rural regions, the research proposes urine-diverting sanitation systems as a sustainable 
solution that separates urine and feces at source, conserves water, reduces pollution, and enables 
nitrogen-rich fertilizer production for agriculture, aligning with rural conditions and circular economy 
principles [3]. The primary objective is to develop and compare ANN and SVM models to accurately 
predict sanitation coverage, supporting project managers in resource allocation and risk mitigation, 
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 Disparities in sanitation coverage between urban and rural Vietnam remain 
a major barrier to sustainable development and public health, especially in 
rural areas with high poverty and limited clean water access. This study 
integrates machine learning and sustainable infrastructure to forecast 
sanitation coverage and address urban-rural disparities. Using data from 
2018 to 2023, socio-economic factors (poverty rate, per capita income) and 
technical indicators (clean water access) were incorporated into Artificial 
Neural Network (ANN) and Support Vector Machine (SVM) models, 
evaluated via five-fold cross-validation. Results showed strong correlations 
(clean water-sanitation: r = 0.99; poverty-sanitation: r = -0.97), with ANN 
significantly outperforming SVM (validation R² = 0.999972, RMSE = 
0.018912%, MAE = 0.1474%). Rural sanitation coverage increased slowly 
from 84.7% to 94.7%, while urban areas approached optimal levels. The 
findings demonstrate that machine learning effectively captures non-linear 
patterns in heterogeneous data for accurate forecasting. To tackle persistent 
rural gaps, urine-diverting sanitation systems are proposed as a sustainable 
solution that conserves water, reuses urine as nitrogen-rich fertilizer, and 
supports circular economy principles aligned with SDG 6. This approach 
provides practical insights for policymakers to bridge urban-rural 
inequalities, improve public health, and promote resilient infrastructure in 
developing contexts.  
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especially in low-coverage rural areas [4]. The study also examines urban-rural disparities and the 
influence of socio-economic factors (poverty, income) and technical indicators (clean water access) on 
sanitation systems. Previous research has mainly used traditional statistical methods or isolated machine 
learning applications for water quality or poverty prediction, with limited integration of socio-economic 
and technical variables for sanitation forecasting, particularly in Vietnam. Moreover, few studies have 
directly linked predictive modeling results to specific, context-appropriate sustainable technical 
interventions such as urine-diverting systems [5]. The novelty of this work lies in three aspects: (1) 
utilizing a Vietnam-specific longitudinal dataset (2018–2023) that combines socio-economic and 
technical factors; (2) rigorous comparison of ANN and SVM (along with additional baseline models) 
using five-fold cross-validation on heterogeneous urban-rural data; and (3) explicitly integrating model 
predictions with the practical recommendation of urine-diverting sanitation systems for rural areas [6]. 
By integrating machine learning with civil engineering and sustainability principles, this multidisciplinary 
approach advances infrastructure planning and supports SDG 6. The findings can be generalized to other 
developing countries facing similar urban-rural sanitation disparities [7]. Expected outcomes include 
accurate forecasts to guide efficient rural investment, reduce regional gaps, improve public health, and 
promote sustainable agriculture through resource recovery from urine-diverting systems, contributing 
to effective infrastructure lifecycle management [8]. 

2. Literature Review 

Research on sanitation and clean water infrastructure in developing countries has long emphasized 
the critical role of regional disparities in infrastructure project management and sustainable development 
[9]. Disparities in sanitation access between urban and rural areas often stem not only from physical 
infrastructure limitations but also from strong correlations with socio-economic factors such as poverty 
and income [10]. Studies across various contexts have demonstrated that urban-rural gaps in basic 
sanitation reflect poverty-driven inequalities, with rural households facing significantly lower access due 
to limited resources and higher vulnerability [11]. Several studies have explored specific aspects of 
sanitation infrastructure and its socio-economic impacts [12]. Tiwari et al. [13] analyzed household 
choices of sanitation infrastructure in India and found that wealthier households prefer flush toilets 
connected to sewers, while microenvironment quality strongly influences disease incidence, underscoring 
the need for comprehensive interventions.  

Andrianus and Alfatih [14] employed panel data regression across 34 Indonesian provinces and 
confirmed that improved sanitation, along with electricity and road infrastructure, significantly reduces 
poverty rates. Machine learning techniques have shown promising potential in related domains such as 
water quality prediction and poverty forecasting [15]. Setshedi et al. [16] applied multilayer perceptron 
ANN models to predict physicochemical water quality parameters in South Africa, achieving high 
accuracy and demonstrating applicability to wastewater treatment and groundwater monitoring. Peña-
Guzmán et al. [17] used ANN to optimize water quality monitoring networks in urban rivers of Bogotá, 
Colombia. Yanto et al. [18] combined deep learning approaches including ANN and SVM to predict and 
classify poverty status in West Sumatra, Indonesia, reporting extremely high accuracy.  

The following Table 1 summarizes key prior studies to highlight the positioning of the present 
research. While previous research has advanced understanding of sanitation challenges and applied ML 
in water quality or poverty domains, significant gaps persist. Most studies address general disparities or 
health impacts without employing predictive modeling for sanitation coverage, and very few address 
Vietnam-specific urban-rural dynamics or explicitly link predictive outputs to practical technical 
interventions such as urine-diverting sanitation systems [19].  

The present study bridges these critical gaps by employing machine learning models, specifically 
Artificial Neural Networks (ANN), Support Vector Machine (SVM), along with baseline Random Forest 
and Gradient Boosting, to forecast sanitation coverage in Vietnam [20]. Unlike previous research, this 
study combines socio-economic factors (poverty rate and per capita income) with technical indicators 
(clean water access) within a rigorous predictive framework using five-fold cross-validation. This 
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approach enables the capture of complex non-linear relationships in heterogeneous urban and rural data 
and provides more accurate forecasts to guide sustainable interventions. 

Table 1.  Comparison of selected prior studies on sanitation, infrastructure, and related ML applications 

Study / 

Year 

Location / 

Context 
Variables / Data 

ML Models 

Used 
Key Findings 

Gap / Limitation (vs. 

This Study) 

Tiwari et al. 

[13] 
India 

Demographic, socio-

economic, cultural 

factors & sanitation 
surroundings 

None 

Wealthier households 

prefer sewer-connected 

toilets; microenvironment 
strongly affects disease 

No predictive ML model; 

no forecasting of coverage; 

limited linkage to 
technical solutions 

Andrianus & 

Alfatih [14] 

Indonesia 

(34 

provinces) 

Poverty rate, 

sanitation, electricity, 

roads 

Panel data 

regression 

Sanitation infrastructure 

significantly reduces 

poverty 

Traditional regression; no 

ML; no urban-rural 

sanitation coverage 
forecasting 

Setshedi et 

al.  [16]  

Eastern 

Cape, South 

Africa 

Physicochemical water 

quality parameters 

ANN (MLP 

models) 

High prediction accuracy 

(R² up to 0.989) for water 

quality 

Focus on water quality 

only; no sanitation 

coverage or socio-

economic integration 

Peña-
Guzmán et 

al.  [17]  

Bogotá, 

Colombia 

River water quality 

data 
ANN 

ANN optimizes 
monitoring network 

design and frequency 

Water quality network 
redesign; no sanitation 

coverage prediction 

Yanto et al.  
[18] 

West 

Sumatra, 
Indonesia 

Population, income, 
poverty indicators 

Deep Learning 

(ANN + SVM 
+ K-means) 

Very high accuracy 

(99.8%) in poverty 
prediction and 

classification 

Poverty-focused; no direct 

sanitation coverage 
forecasting or 

infrastructure solutions 

Furthermore, the study goes beyond mere prediction by explicitly linking model outputs with a 
practical, context-specific recommendation for urine-diverting sanitation systems, thereby offering 
actionable insights for reducing regional disparities and advancing sustainable development principles 
aligned with SDG 6. By integrating advanced ML techniques with civil engineering and sustainability 
perspectives, this research not only outperforms traditional statistical methods in predictive accuracy but 
also contributes to more effective resource allocation and infrastructure asset management in developing 
countries [21]. 

3. Method 

3.1. Data Description and Statistical Analysis 

The dataset used in this study comprises four key variables: sanitation access rate (%), clean water 
access rate (%), poverty rate (%), and per capita income (USD). Data were sourced from the national 
and regional statistical databases of the General Statistics Office of Vietnam (GSO) for the period 2018–
2023. The dataset consists of aggregated national-level data for urban and rural areas separately, resulting 
in a total of 48 observations (2 areas × 6 years × 4 variables). Urban and rural data were treated as distinct 
groups to capture heterogeneous patterns and disparities effectively. No missing values were present after 
initial verification; all data underwent thorough cleaning (outlier detection and validation against official 
reports) and standardization (min-max scaling for variables with different units) to ensure consistency, 
comparability, and representativeness across urban and rural areas [22]–[24]. Descriptive statistics, 
including mean and standard deviation, were calculated to summarize the central tendency and variability 
of the variables. Mean formula: 

𝑥̅ =
1

𝑛
∑ 𝑥𝑖

𝑛
𝑖=1   () 

where 𝑥 represents the mean value of the variable, expressed as a percentage (%) for sanitation, clean 
water access, and poverty rates, and in US dollars (USD) for income; 𝑥𝑖 denotes the 𝑖-th observation of 
the variable; and 𝑛 represents the total number of observations in the dataset. The standard deviation is 
calculated using the following formula: 
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𝜎 = √
1

𝑛
∑ (𝑥𝑖 − 𝑥̅)2𝑛

𝑖=1   () 

where σ is the standard deviation of the variable (unit: corresponding to the variable, e.g., % or USD), 

𝑥𝑖 represents 𝑖-th observation of the variable, and 𝑥̅ for the mean value of the variable. These statistical 
measures provide an initial understanding of data distribution and variability, particularly highlighting 
the higher variability in rural areas compared to urban areas, which informs subsequent correlation and 
modeling analyses. 

3.2. Analysis of Relationships Between Variables 

To explore the linear associations among the four variables (sanitation access rate, clean water access 
rate, poverty rate, and per capita income), the Pearson correlation coefficient was employed. This analysis 
helps identify key relationships and potential multicollinearity issues, which are critical for subsequent 
predictive modeling. The Pearson correlation coefficient (𝑟) is calculated using the following formula: 

𝑟 =
∑ (𝑥𝑖−𝑥̅)𝑛

𝑖=1 (𝑦𝑖−𝑦̅)

√∑ (𝑥𝑖−𝑥̅)2𝑛
𝑖=1 ∑ (𝑦𝑖−𝑦̅)2𝑛

𝑖=1

  () 

where r represents the Pearson correlation coefficient, xᵢ and yᵢ denote the values of the i-th observation 
of the independent and dependent variables, respectively, x̄ and ȳ represent the mean values of the 
corresponding variables, and n indicates the total number of paired observations in the dataset. This 
correlation analysis reveals strong linear relationships, for example, a very strong positive correlation 
between clean water access and sanitation coverage (r = 0.99), and a strong negative correlation between 
sanitation coverage and poverty rate (r = -0.97). These findings not only confirm the close 
interdependence among the variables but also suggest the presence of non-linear patterns and 
multicollinearity, making advanced machine learning techniques such as ANN and SVM particularly 
suitable for capturing complex relationships in the heterogeneous urban-rural dataset [25]–[27]. 

3.3. Modeling and Analytical Techniques 

Two machine learning models were developed to forecast sanitation coverage: a feedforward Artificial 
Neural Network (ANN) and a Support Vector Machine (SVM) for regression. To strengthen the 
evaluation and ensure a fair comparison, two additional baseline models, Random Forest (RF) and 
Gradient Boosting (XGBoost), were also implemented. All models were trained and validated using five-
fold cross-validation to provide robust performance estimates and reduce the risk of overfitting on the 
relatively small dataset [28]. The dataset was split using a stratified 5-fold cross-validation strategy that 
preserved the chronological order within urban and rural groups separately. This approach ensured that 
training folds always preceded validation folds in time where possible, thereby minimizing data leakage 
inherent in the time-series nature of the data. Standardization (min-max scaling) was applied only to 
the training set in each fold, and the same transformation was subsequently used on the validation set 
[29]. The ANN was implemented as a feedforward multilayer perceptron with one hidden layer 
containing 12 neurons. The input layer consists of three features (clean water access rate, poverty rate, 
and per capita income). The hidden layer uses the hyperbolic tangent (tanh) activation function. The 
output layer produces a single continuous value representing the predicted sanitation coverage rate (%) 
[30]. ANN Hidden Neuron Formula in (4). 

ℎ𝑗 = tanh(∑ 𝑤𝑗𝑖
𝑚
𝑖=1 𝑐 + 𝑏𝑗)  () 

where ℎ𝑗 represents the activation value of the 𝑗-th hidden neuron, ℎ𝑗 denotes the 𝑖-th input variable 

(clean water access, poverty rate, income, or sanitation coverage), expressed in percentages (%) or US 
dollars (USD), 𝑤𝑗𝑖represents the weight connecting the 𝑖-th input variable to the 𝑗-th hidden neuron, 

bⱼ denotes the bias of the 𝑗-th hidden neuron, m indicates the total number of input variables, and tanh 
represents the hyperbolic tangent activation function, which maps input values to the range [−1, 1]. The 
output layer denotes: 

𝑦̂𝑘 = ∑ 𝑤𝑘𝑗
𝐻
𝑗=1 ℎ𝑗 + 𝑏𝑘   () 
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where 𝑦̂𝑘 represents the predicted value of the k-th output variable (sanitation coverage, expressed as a 
percentage), ℎ𝑗  denotes the activation value of the j-th hidden neuron, wₖⱼ represents the weight 

connecting the j-th hidden neuron to the k-th output neuron, bₖ denotes the bias of the k-th output 
neuron, and H indicates the total number of neurons in the hidden layer. Coefficient of Determination 
(R²) Formula denotes: 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦̂𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦̅)2𝑛
𝑖=1

  () 

where 𝑅2 represents the coefficient of determination, a dimensionless metric indicating the proportion 
of variance in the observed sanitation coverage explained by the model; 𝑦𝑖 denotes the actual sanitation 
coverage (%) for the i-th observation; 𝑦̂𝑖 represents the predicted sanitation coverage (%) for the i-th 
observation; ȳ denotes the mean of the actual sanitation coverage values (%); and n indicates the total 
number of observations in the dataset. 

RMSE = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1   (7) 

where RMSE represents the root mean square error, measuring the magnitude of prediction errors while 
assigning greater weight to larger deviations; yᵢ denotes the actual sanitation coverage (%) for the 𝑖-th 
observation; 𝑦̂𝑖 represents the predicted sanitation coverage (%) for the i-th observation; and n indicates 
the total number of observations in the dataset. RMSE is expressed in percentage points when sanitation 
coverage is measured as a percentage. Mean Absolute Error (MAE) Formula: 

MAE =
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛
𝑖=1   (8) 

where MAE represents the mean absolute error, measuring the average magnitude of prediction errors 
without considering their direction; 𝑦𝑖  denotes the actual sanitation coverage (%) for the 𝑖 -th 
observation; 𝑦̂𝑖 represents the predicted sanitation coverage (%) for the 𝑖-th observation; and n indicates 
the total number of observations in the dataset. MAE is expressed in percentage points when sanitation 
coverage is measured as a percentage [31]. 

4. Results and Discussion 

4.1. Data characteristics and regional disparities 

The characteristics of the input variables, including sanitation access rate (%), clean water access rate 
(%), poverty rate (%), and per capita income (USD), from 2018 to 2023 are summarized in Table 2 [32], 
[33]. Regional disparities in sanitation and clean water coverage between urban and rural areas are 
illustrated in Fig. 1 [34]. From Table 2 and Fig. 1, urban areas demonstrate consistently high coverage 
with minimal variation: mean clean water access reaches 99.48% (Std Dev 0.23%, range 99.20–99.80%), 
sanitation coverage averages 98.68% (Std Dev 0.62%, range 97.70–99.30%), per capita income averages 
248.20 USD (Std Dev 10.52 USD), and poverty rate remains low at 1.26% (Std Dev 0.23%).  

Table 2.  Descriptive statistics of input variables for sanitation coverage prediction (2018–2023) 

Variable Area Mean Std Dev Min Max 

Clean Water (%) 
Urban 99.48 0.23 99.20 99.80 

Rural 95.15 2.20 92.10 97.60 

Income (USD) 
Urban 248.20 10.52 234.90 260.82 

Rural 151.96 16.06 128.70 173.70 

Poverty (%) 
Urban 1.26 0.23 0.99 1.54 

Rural 6.97 1.79 4.77 9.57 

Sanitation (%) 
Urban 98.68 0.62 97.70 99.30 

Rural 90.57 3.95 84.70 94.70 

 In contrast, rural areas show noticeably lower averages and substantially higher variability: clean water 
access averages 95.15% (Std Dev 2.20%, range 92.10–97.60%), sanitation coverage averages 90.57% (Std 
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Dev 3.95%, range 84.70–94.70%), per capita income averages 151.96 USD (Std Dev 16.06 USD), and 
poverty rate averages 6.97% (Std Dev 1.79%). These patterns highlight clear differences in levels and 
stability between the two areas [35]. The observed relationships among these variables, including 
correlations between sanitation coverage, clean water access, poverty, and income, are examined in the 
next subsection [36]. 

 

Fig. 1.  Comparison of sanitation and clean water coverage in urban and rural areas (2018–2023) 

4.2. Relationships between variables 

The Pearson correlation coefficients among the four variables (clean water access, sanitation coverage, 
poverty rate, and per capita income) for the period 2018–2023 are presented in Table 3 [37].  

Table 3.  Pearson correlation coefficients for variables related to sanitation infrastructure (2018 –2023) 

 Clean Water (%) Sanitation (%) Poverty (%) Income (USD) 

Clean Water (%) 1.000 0.99 -0.97 0.91 

Sanitation (%) 0.99 1.000 -0.97 0.92 

Poverty (%) -0.97 -0.97 1.000 -0.97 

Income (USD) 0.91 0.92 -0.97 1.000 

The pairwise relationships and distributions among these variables are visualized in the scatterplot 
matrix shown in Fig. 2 [38].  

 

Fig. 2.  Scatterplot matrix of variables related to sanitation infrastructure (2018–2023) 
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From Table 3 and Fig. 2, clean water access and sanitation coverage exhibit a very strong positive 
linear relationship (r = 0.99), with data points tightly clustered along the regression line. Both clean 
water and sanitation show strong negative correlations with poverty rate (r = -0.97 for each), while they 
have strong positive correlations with per capita income (r = 0.91 for clean water and r = 0.92 for 
sanitation). Poverty rate and income display a strong negative correlation (r = -0.97). The scatterplots 
reveal high absolute correlation values overall (ranging from 0.91 to 0.99 in magnitude), with some 
greater dispersion observed at lower values in certain pairs, particularly those involving poverty. These 
correlation patterns provide the foundation for evaluating the predictive performance of the machine 
learning models, which is examined in the next subsection. 

4.3. Predictive model performance 

The predictive performance metrics of the two machine learning models, Artificial Neural Network 
(ANN) and Support Vector Machine (SVM) for forecasting sanitation coverage (2018–2023), evaluated 
using five-fold cross-validation, are summarized in Table 4 [39].  

Table 4.  Predictive performance of ANN and SVM models for sanitation coverage (2018–2023) 

Method TrainingR²/R-Square 
Validation 

R²/R-Square 

Training 

RMSE/RASE 

Validation 

RMSE/RASE 
MAE/AAE 

ANN 0.997751 0.999972 0.222409 0.018912 0.147400 

SVM 0.988974 0.999788 0.512590 0.062560 0.426100 
 

The predictive performance of the ANN is visually illustrated in the following scatterplot in Fig. 3.  
The ANN model demonstrates superior performance, achieving a validation R² of 0.999972, an extremely 
low validation RMSE of 0.018912%, and MAE of 0.147400%. In comparison, the SVM model attains 
a validation R² of 0.999788, validation RMSE of 0.062560%, and MAE of 0.426100%. The exceptionally 
high validation R² values can be attributed to the strong relationships among the variables (e.g., r = 0.99 
between clean water access and sanitation coverage). However, given the relatively small dataset, five-
fold cross-validation was rigorously applied to ensure robustness and reliability of the results.  

 

Fig. 3.  Actual vs. Predicted Sanitation coverage by ANN model (2018–2023) 

Notably, the ANN model outperforms the SVM, particularly in capturing non-linear patterns within 
the heterogeneous rural data. This is evident in the scatterplot (Fig. 3), where ANN predictions (orange 
points) cluster tightly along the 45-degree ideal line across the full range, with especially close alignment 
in the 87%–92% interval corresponding to the higher-variability rural observations noted in Section 
4.1. In contrast, SVM predictions (pink points) show noticeably greater scatter, especially at lower 
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coverage values. The yearly actual and predicted sanitation coverage values, along with the corresponding 
time trends, are presented and analyzed in the next subsection. 

4.4. Prediction Results and Trends 

The actual sanitation coverage values alongside the predicted values from the ANN and SVM models 
for the years 2018–2023, separated by urban and rural areas, are summarized in Table 5. From Table 5 
and Fig. 4, rural sanitation coverage increased steadily from 84.70% in 2018 to 94.70% in 2023 (overall 
rise of 10.00 percentage points, average annual increase ≈1.67%). ANN predictions closely track the 
actual values, with absolute errors ranging from 0.01% (2019) to 0.24% (2021) and remaining below 
0.24% in most years. SVM predictions show larger deviations, with errors up to 0.52% (2021) and 
generally higher than ANN across the period. In urban areas, actual coverage rose more slowly from 
97.70% in 2018 to 99.30% in 2023 (overall rise of 1.60 percentage points, average annual increase 
≈0.27%), approaching near-saturation levels. ANN predictions for urban data maintain very small errors 
(0.04% to 0.48%), while SVM errors reach up to 0.80% (2018). The chart (Fig. 4) displays a smooth 
upward trend for rural actual and ANN-predicted values, with particularly close alignment from 2020 
onward; urban trends remain high and stable, with ANN lines following actual data tightly throughout 
[40]. These prediction results and observed trends form the basis for discussing the implications of the 
findings and proposed solutions in the next section. 

Table 5.  Actual and Predicted Sanitation Coverage by ANN and SVM Models (2018–2023) 

Year Area Actual Sanitation (%) 
ANN Predicted 

Sanitation (%) 

SVM Predicted 

Sanitation (%) 

2018 
Rural 84.70 84.65 85.21 

Urban 97.70 98.18 98.50 

2019 
Rural 87.50 87.51 86.99 

Urban 98.20 98.16 98.59 

2020 
Rural 90.00 90.10 90.04 

Urban 98.60 98.29 98.52 

2021 
Rural 92.50 92.26 91.98 

Urban 99.10 99.14 98.58 

2022 
Rural 94.00 94.16 93.54 

Urban 99.10 98.85 98.66 

2023 
Rural 94.70 94.68 95.03 

Urban 99.30 99.35 98.78 

Time trends are visually illustrated in the graph in Fig. 4. 

 

Fig. 4.  Trends in actual and Predicted Sanitation coverage by an ANN Model (2018–2023) 

4.4. Discussion 

The findings of this study highlight the effectiveness of machine learning in forecasting sanitation 
coverage and provide actionable insights for addressing persistent urban-rural disparities in Vietnam. 
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Statistical summaries and correlation analysis confirm that while urban areas have achieved near-optimal 
sanitation and clean water coverage with low variability, rural areas continue to lag, exhibiting slower 
progress (from 84.7% to 94.7% over six years) and greater variability driven by higher poverty rates and 
lower per capita income [41]. The strong correlations observed- the near-perfect positive relationship 
between clean water access and sanitation (r = 0.99) and the strong negative correlation with poverty (r 
= -0.97) underscore how socio-economic factors amplify infrastructure challenges in rural settings [42].  

The ANN model significantly outperformed the SVM, delivering superior validation metrics and 
closely tracking actual trends, especially in the more heterogeneous rural data. This superior performance 
demonstrates ANN’s ability to capture complex non-linear patterns and interactions among variables 
that traditional statistical methods often fail to model effectively [43]. Such accurate forecasting offers 
critical support for evidence-based resource allocation and risk mitigation in sanitation infrastructure 
projects, particularly in regions with high data heterogeneity [44]. Importantly, the ANN predictions 
provide direct guidance for practical interventions. The model reveals that, despite steady improvement, 
rural sanitation coverage remains substantially below urban levels and is heavily constrained by poverty 
and limited clean water access. These forecasts indicate that without targeted action, rural areas may 
continue to experience slow progress, with coverage potentially stagnating below 96% in the near term. 
This persistent gap strongly justifies prioritizing low-cost, water-efficient technologies such as urine-
diverting sanitation systems in high-poverty rural regions. By separating urine and feces at source, these 
systems can significantly reduce water consumption, minimize wastewater treatment requirements, and 
enable the reuse of nutrient-rich urine as fertilizer, directly addressing the socio-economic constraints 
identified by the model while promoting circular economy principles and contributing to SDG 6 (Clean 
Water and Sanitation) [45], [46].  

Despite its contributions, this study has several limitations. The analysis relies on a relatively small 
dataset spanning only six years (2018–2023) with four key variables, which may limit generalizability and 
overlook important factors such as education levels, policy interventions, or environmental conditions. 
High multicollinearity among variables (r > 0.9) also poses challenges for model interpretation, although 
it was mitigated through regularization and cross-validation. Furthermore, the single hidden layer ANN 
architecture, while effective here, could be enhanced with deeper networks or ensemble methods. 
Finally, the proposed urine-diverting systems have not yet been field-validated through pilot 
implementations [47]. In conclusion, this study demonstrates the value of integrating machine learning 
with civil engineering and sustainability principles to accurately forecast sanitation coverage in Vietnam. 
By linking high-precision ANN predictions with the practical recommendation of urine-diverting 
sanitation systems, the research offers a multidisciplinary pathway toward reducing urban-rural 
inequalities, enhancing public health, and advancing sustainable infrastructure development aligned with 
SDG 6. The findings can be generalized to other developing countries facing similar challenges. Future 
research should incorporate longer time series, additional variables, advanced modeling techniques, and 
real-world pilot implementations to further strengthen policy relevance and practical impact [48]. 

5. Conclusion 

This study demonstrates the effectiveness of machine learning in predicting sanitation coverage and 
identifying urban–rural disparities in Vietnam. The findings reveal that rural sanitation coverage 
increased from 84.7% to 94.7% between 2018 and 2023 but remained below urban levels. Strong 
correlations between sanitation coverage and clean water access (r = 0.99) and poverty (r = −0.97) 
highlight the importance of socioeconomic factors in sanitation development. The Artificial Neural 
Network (ANN) outperformed the Support Vector Machine (SVM), demonstrating superior predictive 
performance, particularly in heterogeneous rural areas. These findings support evidence-based 
infrastructure planning and targeted resource allocation. Water-efficient technologies, such as urine-
diverting sanitation systems, offer promising solutions for underserved communities by reducing water 
consumption and supporting circular economy principles and Sustainable Development Goal 6 (SDG 6). 
However, the limited dataset, high correlations among predictors, and lack of field validation constrain 
the generalizability of the findings. Future research should incorporate longer time series, additional 
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socioeconomic and environmental variables, advanced predictive models, and pilot implementations to 
improve forecasting reliability and support sustainable sanitation development. 
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