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Abstract. Safe access to drinking water remains a critical priority for governments 

and international organizations. The World Health Organization estimates that more 

than 2.2 billion people lack safely managed water services, which has serious 

consequences for health and economic development. In this context, different 

technologies, and especially artificial intelligence (AI), are emerging as innovative 

tools that can help identify, more accurately and quickly, areas with inadequate 
drinking water service coverage. (WHO & UNICEF, 2021). This study analyzes the 

applications of machine learning and statistical techniques to identify sectors of 

society with a lack of drinking water supply. It also describes methodological 

approaches that integrate sociodemographic, environmental, and water infrastructure 

data with predictive models based on neural networks and decision trees. (Ye et al., 

2026). Finally, the challenges associated with data quality, the replicability of models 

in different contexts, and the need for public policies that promote the responsible 

adoption of these cutting-edge technologies are discussed (Sang et al., 2023).  
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1. Introduction 

The global problem of drinking water shortages mainly affects rural populations and informal settlements.  

Bain et al, (2014) They conducted a comprehensive assessment of the risk of fecal contamination in drinking water, 

based on a systematic review of field studies and surveys, finding an inequality between the population that reports 
having access to a water connection to the distribution network (domestic connection), protected well, or safe 

community source, compared to a proportion of that same population that consumes water contaminated with fecal 

matter. They apply the concept of a water gap in situations where there is not only a lack of infrastructure, but also a 

failure in the microbiological quality of water that is supposed to be safe, which in reality exposes millions of people 
to gastrointestinal diseases. 

Research shows that the mere availability of infrastructure does not guarantee safety, and therefore the water gap 
reflects the distance between reported access and the true quality of the water consumed. 

Aitken et al., 2020, argues that traditional monitoring methodologies, based on censuses and field visits, are costly, 
slow, and limited in spatial coverage. For this reason, AI has begun to be used to automate the identification of water 

scarcity patterns by analyzing large volumes of geospatial and sociodemographic data.  
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The objective of this article is to analyze the different technologies used to detect areas without access to drinking 

water, propose a replicable methodological model, and reflect on the ethical and political implications of its adoption. 
(Fatemeh et al., 2025) 

 

2. Problem statement and state of the art 

 

Over the past decade, the search for more effective methods to identify populations without safe access to drinking 

water has led to significant research combining satellite data sources, traditional censuses, and artificial intelligence 

techniques. (Ye et al., 2026).  
 

The work of Bain et al. (2014) marked an important starting point by showing that water coverage statistics published 

by governments, especially those in underdeveloped countries, underestimate the actual magnitude of exposure to 
microbiological risks. In their study, they demonstrated that a considerable proportion of the supply systems classified 

as improved were in fact contaminated, suggesting that the gap between reported access and actual quality does not 

match census records, casting doubt on the reliability of methodologies based exclusively on household surveys and 
field visits. 

 

Several studies have proposed the use of satellite imagery as a complementary resource to reduce the spatial and 

temporal coverage limitations of censuses. These technologies allow for the generation of more frequently updated 
data with higher spatial resolution, which is especially useful in contexts where censuses are infrequent or outdated, 

according to Aitken, Rivera, McIntyre y Siegel (2020), “satellite imagery offers an unprecedented opportunity to 

complement and improve traditional census-based estimates of access to drinking water by providing continuous 
spatial data that can be updated more frequently”. 

 

In their study, Aitken et al. (2020) They conducted one of the most comprehensive analyses by developing a machine 

learning model that integrated multispectral images from Landsat and Sentinel-2 with georeferenced water source 
records. their study confirmed that supervised classification algorithms, such as Random Forest, could identify patterns 

of water vulnerability with a level of accuracy that surpassed that of traditional methods, particularly in rural and peri-

urban regions where surveys are more costly and difficult to implement. 
 

In this context, Ye, Dong, McCright & Gasteyer (2026),conducted a critical review of machine learning applications 

in water resource management. these authors highlighted that artificial intelligence techniques not only provide 
advantages in identifying communities without access to drinking water services, but also allow for the modeling of 

prospective water availability scenarios in the face of climate change. According to their analysis, the combination of 

satellite data and sociodemographic variables improves predictive capacity and the prioritization of public 

investments, although they emphasize the need for databases of sufficient quality. 
 

Sang, Hou, Wang & Ding (2023) they explored the use of convolutional neural networks (CNN) to predict access to 

drinking water in developing regions. Their research showed that these types of models achieve over 90% accuracy in 
classifying areas at high risk of water scarcity, provided that high-resolution satellite images and geolocated data are 

available. However, they note that these systems require advanced technological infrastructure and technical 

capabilities that are not always present in all countries, particularly in developing countries. 
 

 

The identification of populations without safe access to drinking water has evolved considerably over the last two 

decades. From the mid-2000s onwards, approaches began to take hold that recognized the limitations of traditional 
censuses and field visits, particularly in contexts of high geographical dispersion. (Kunz et al., 2007), these approaches 

highlighted that coverage indicators often overestimated effective access to water, as they did not consider 

microbiological quality or the continuous availability of the resource. 
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With advances in remote sensing and the accessibility of medium- and high-resolution satellite images, there has been 

a proliferation of studies proposing the integration of remote data with census records and spatial models. MacDonald 
& Calow (2009) they pointed out that the use of satellite imagery to estimate the location of water points and assess 

drought patterns could provide crucial input for water planning in sub-Saharan Africa and South Asia. This approach 

was pioneering in demonstrating that combining remote sensing with geographic information systems (GIS) could 
reduce data collection costs and time. 

 

Currently, the incorporation of artificial intelligence techniques has amplified the capabilities for detecting areas with 

high marginalization of drinking water service, Vervoort et al. (2016) they documented that supervised learning 
models, such as Random Forest and artificial neural networks, began to be used experimentally to estimate 

groundwater availability and the vulnerability of rural communities. They emphasized that the integration of satellite 

data, climate variables, and socioeconomic factors increased the accuracy of the models, although it also posed 
challenges related to information quality and database interoperability. 

 

Currently, other research has reinforced the relevance of remote data combined with advanced algorithms, Jiaxin et 
al. (2020) They highlighted that new-generation satellites offer images with higher temporal frequency and spatial 

resolution, which facilitates monitoring changes in land use and the evolution of water bodies. By applying deep 

learning techniques, the authors were able to identify patterns of deterioration in surface sources that were not 

traditionally captured by field surveys. On their part, Layth, Najah, Ala Hassan, Farhan Lafta, Ahmed and Al-Dujaild 
(2025) addressed the relationship between water scarcity and social factors, proposing that artificial intelligence can 

also contribute to strategic decision-making and the targeting of public interventions. 

 
The convergence of satellite imagery, censuses, and statistical and artificial intelligence algorithms represents a 

substantial methodological advance over conventional monitoring schemes. However, its effective adoption depends 

on the availability of technological infrastructure, the training of local teams, and the integration of multisectoral data 

(Vervoort et al., 2016; Jiaxin et al., 2020). 
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2.1 The case of Mexico 

 
Table 1 shows the information proposed for constructing the water vulnerability index using the techniques proposed 

in this study. 
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3. The Model 

 
Principal Component Analysis (PCA) is proposed for the treatment of the Mexican case, which allows for the reduction 

of informational redundancy between highly correlated variables, the identification of latent patterns in the data 

structure, and the optimization of the performance of subsequent predictive algorithms. PCA made it possible to 
transform an initial set of quantitative variables (related to sociodemographic characteristics, access to infrastructure, 

housing conditions, and geographic location) into an indicator that preserved as much of the total variance as possible 

(Jolliffe & Cadima, 2016). 

 
3.1 Principal component analysis 

 

Mathematically, Principal Component Analysis (PCA) is an orthogonal transformation that converts a set of possibly 
correlated variables into a set of values of linearly uncorrelated variables called principal components. The first 

principal component (PC1) is defined as the linear combination of the original variables that captures the largest 

proportion of the total variance of the data: 
 

 

 
 

Where the coefficients a1j (known as loadings) are chosen in such a way that the variance of PC1 is maximized, subject 

to the constraint that the sum of their squares equals unity (Jolliffe & Cadima, 2016). By using the first component as 

an index, it is guaranteed that the resulting metric represents the most robust 'signal' of the data structure, discarding 

the statistical noise from the minor components. 
 

Unlike equal weighting methods, Principal Component Analysis (PCA) assigns weights (loadings) endogenously. The 

first principal component (PC1) is extracted such that it maximizes the explained variance, acting as the best statistical 
summary of the latent phenomenon. As noted by Müller and Schmidt (2022), this approach ensures that variables 

contributing the most variability to the system have a proportional impact on the final index, thereby enhancing the 

discriminatory power between the observation units. 
 

Principal Component Analysis (PCA) enables the reduction of a system of p variables into a significantly simpler 

structure without sacrificing interpretability. Recently, its efficacy has been demonstrated in the development of social 

vulnerability and sustainability indices, where it identifies patterns that simple additive methods overlook (Dahal, 
2021; Singh & Patel, 2021). This underscores that this statistical technique remains the standard of choice for 

transforming highly correlated variables into synthetic indicators with minimal loss of variance. 
 
 

4. Model results 

 

The water vulnerability index for the states of Mexico can be seen in table 2. The criterion for selecting the states with 

the greatest lack of drinking water service is identified with those states that have a “PCA index” with the highest 

factor load. 
 

The entities that meet the selection criteria established according to the methodology are Chiapas, Guerrero, 

Michoacán, Oaxaca, Puebla, and Veracruz, which, for our study, represent the states of the Mexican Republic that are 
most behind in terms of drinking water coverage. 
 

𝑃𝐶1 = 𝑎11𝑋1 + 𝑎12𝑋2 + ⋯+ 𝑎1𝑝𝑋𝑝  
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The implementation of the principal component variable reduction technique in Orange AI facilitated the visual 

interpretation of the main axes, the detection of outliers, and the preliminary grouping of regions with similar 
conditions, which was key to identifying states with a high probability of lacking drinking water service. 

 

5. Proposed public policies 

 

• Based on the results obtained, the following public policies are proposed for the use of technology in detecting 

areas lacking drinking water: 
• Establish a national strategy that coordinates government, academic, and private efforts for the use of AI in 

planning, detecting, and mitigating areas without access to drinking water.  

• Implement a technical entity specializing in the consolidation, processing, and analysis of census, climate, 

geospatial, and satellite data using AI, with the aim of identifying critical areas of water scarcity. 
• Allocate budgetary resources within programs to promote projects for detecting and predicting water service 

deficiencies using AI, prioritizing marginalized areas. 

• Promote agreements between state governments, technology companies, and universities to implement pilot 
projects using technology based on statistical models and AI in municipalities with high water vulnerability. 
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• Incorporate predictive analysis and automated visualization modules into information systems in locations 

with inadequate drinking water supplies, in order to generate real-time maps that identify and prioritize areas 
without water supplies. 

• Establish legal and ethical guidelines for the use of statistical methods and AI in public services, considering 

algorithmic transparency, data protection, and equity in the distribution of water resources. 
• Implement specialized training programs in statistical techniques and AI applied to water for state and 

municipal officials, as well as for community committees. 

• Develop mobile platforms that enable citizens to report water supply failures, provide feedback on AI models, 

and participate in decision-making processes. 
 

6. Conclusions 

 
Research shows that the application of technology for the efficient identification of areas without access to drinking 

water should be considered as a tool that allows decision-makers to better allocate resources to reduce the gap in 

drinking water service coverage in marginalized areas. (Gelila et al., 2025) 
 

Taken together, these findings support the argument that the use of statistics, statistical methods, geographic 

information systems, and artificial intelligence constitutes an indispensable methodological evolution for overcoming 

the limitations of conventional monitoring strategies. However, the bibliographic references consulted agree that their 
successful implementation depends both on the availability of open and updated data and on the strengthening of local 

capacities in the management of advanced digital tools. 

 
It is recommended that government agencies strengthen the generation of high-quality data and promote inter-

institutional collaboration strategies. It is also essential to establish regulatory frameworks that guarantee the ethical 

use of information (Fatemeh et al., 2025) 

 
However, challenges remain, such as the need to improve information banks, the legal framework for the use of 

information, training for managers of the various agencies in the drinking water sector in statistical and AI techniques. 

On the other hand, the adoption of predictive models raises ethical questions about privacy and the risk of 
stigmatization of communities identified as priorities. (Sang et al., 2023) 

 

It is emphasized that artificial intelligence and statistical prediction methods do not replace traditional mechanisms of 
community participation, but rather complement them, optimizing government decision-making (Ye et al., 2026) 
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