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Abstract. Infectious disease is becoming an increasingly important 
environmental issue, particularly in rapidly urbanising LMICs that lack 
the infrastructure needed to manage these challenges. It is important to 
map their spatial and temporal interactions for prevention and 
adaptation. We discuss novel advances in geostatistics and machine 
learning (ML) designed to map the spatial structure of these factors that 
influence the spatial pattern of infectious diseases; this includes core 
geostatistical methods such as kriging, variogram modelling, spatial 
regression, and autocorrelation analysis, as well as ML models such as 
random forests, convolutional neural networks (CNNs), and long short-
term memory (LSTM) networks. The advantage of multimethod 
geostatistical-ML approaches over monolithic ones is that they achieve 
greater accuracy, interpretability, and uncertainty management. Case 
studies from 2020–2025 demonstrate that remote sensing, hydrologic 
and infrastructure data can be used to augment cholera, malaria and 
dengue models. Some of the challenges are data quality assurance, 
data interpretability, scalability, and privacy issues related to health 
data. Future priorities should focus on explainable AI, federated 
learning, and climate-health digital twins, which will help create resilient, 
secure, and future-proof models applicable globally. Finally, the 
integration of geostatistics and machine learning is a promising 
interdisciplinary solution for disease prediction and for bolstering 
population resilience in a rapidly evolving world. 

Keywords: Geostatistics; Machine Learning; Climate Change; Water 
Stress; Sanitation Infrastructure; Infectious Diseases; Spatial 
Epidemiology. 

 

INTRODUCTION 

Infectious diseases are among the most signifi-
cant health and sustainable development issues 
worldwide. Despite all the strides made in health, 
sanitation, and technology, millions of people die 
annually of malaria, cholera, dengue, and diar-
rheal diseases, the majority of whom live in low 
and middle-income countries. The distribution of 
these diseases is very uneven and is influenced 
by environmental, climatic, and socio-economic 
factors. Recent studies have increasingly focused 
on the combined effects of water stress, climate 
change, and sanitation infrastructure on the spa-
tial and temporal distribution of these diseases, 
as well as their interactions [1]. Limited water 
access, poor sanitation and hygiene practices, 

and warmer temperatures, altered rainfall pat-
terns, and extreme weather events create condi-
tions where pathogens can thrive, and vectors 
and reservoirs can flourish. The dynamics are 
important for predicting outbreaks and for popu-
lation-level strategies. Water stress – the imbal-
ance between water demand and supply is an 
important driver of health. The United Nations 
(2022) reported that more than 2 billion people 
are at risk of water stress, and almost half of the 
world's population will be at risk of water short-
ages within 30 years. The scarcity also means un-
safe water is used, leading to the spread of chol-
era, typhoid, and hepatitis E, and poor water for 
hand washing and other personal hygiene needs, 
which contribute to the spread of pathogens via 
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the faecal-oral route [2, 3]. A lack of regular rain-
fall and inadequate irrigation methods can also 
lead to stagnant water, which supports mosquito 
breeding and contributes to the transmission of 
malaria and dengue [4]. To predict risk, spatially 
explicit water models are essential. 

The effects of climate change also include chang-
es in ecology and epidemiology due to shifts in 
temperature, humidity, and precipitation, which 
can affect vector and pathogen biology. Geo-
graphical range shifts of malaria and dengue vec-
tors, outbreaks of diarrheal diseases due to dis-
ruptions in water supply from floods, droughts, 
and hurricanes [5, 6]. Traditional deterministic 
epidemiological models do not adequately cap-
ture these non-linear and delayed effects, which 
have driven the development of geostatistical 
models and machine learning approaches. Sani-
tation is a modulator of the environmental effects 
on transmission. WHO (2022) estimated that 
over 1.7 billion people have no access to basic 
sanitation and that over 430,000 people die an-
nually from diarrheal disease. The lack of sanita-
tion is a powerful multiplier of climate variabil-
ity: rainfall leads to drainage failures and the 
spread of pathogens; water scarcity brings them 
together. The vulnerabilities are especially 
marked in slums in fast-growing urbanising are-
as [7]. Therefore, knowledge of the spatial varia-
bility of sanitation, climate and hydrology is im-
portant in mapping risk. Geostatistics and ma-
chine learning techniques are well-suited for this 
task. Geostatistics - kriging, variogram modelling, 
and spatial autocorrelation - measure spatial cor-
relation and fill in the gaps in risk [8], but make 
assumptions of stationarity and linearity, and are 
limited in complex systems. Researchers use ma-
chine learning techniques such as random for-
ests, gradient-boosted trees, and neural net-
works to model high-dimensional relationships 
among environmental, climatic, and socio-
economic variables [9]. Integrated models com-
bine the best of both worlds: spatial struc-
ture/uncertainty from geostatistics, prediction 
from ML. For example, authors [10] added a ran-
dom forest with a kriging model for the purposes 
of improving the malaria risk prediction by 20% 
in the Ethiopian highlands; On the other hand, 
authors [11] applied a random forest geospatial 
model with sanitation, water stress and precipi-
tation to predict cholera in West Africa. 

This review compiles the latest studies (2020-
2025) on geostatistical and ML prediction of in-

fectious disease transmission cycles, using water 
stress, climate change, and sanitation. It:  

1) gives a theoretical background of each ap-
proach,  

2) reviews recent implementations and hybrid 
combinations, and  

3) points out relevant challenges for data fusion, 
scalability of models, and translating policies.  

The aim is to illustrate the use of a hybrid spatial 
modelling approach to improve disease surveil-
lance and adaptive health interventions, in ac-
cordance with SDG 3 (Good Health and Well-
Being) and SDG 6 (Clean Water and Sanitation). 

Background and Related Work. Since the 1920s, 
the goal of spatial epidemiology has been to ac-
count for the spatial distribution of disease using 
geographical, climatic, and infrastructural infor-
mation, and this has become increasingly im-
portant in the changing world today. Today, fine-
scale geospatial information, along with the 
complexity of computing and ML, enables us to 
model the heterogeneous, non-linear, and dy-
namic distribution of disease [9]. Spatial epide-
miological models originated in the mining and 
environmental sciences, where geostatistics was 
needed. Spatial dependence and risk prediction 
at unsampled sites are measured and estimated 
using variogram analysis, kriging, and spatial au-
tocorrelation [8]. Early models used sparse data 
to interpolate malaria prevalence in Africa and 
related rainfall, temperature, and altitude to risk 
using spatial and geographically weighted re-
gression (GWR) [12]. Researchers used spatial 
regression to predict cholera hotspots in coastal 
Bangladesh based on groundwater salinity, and 
they applied variogram-based geostatistics to 
study leishmaniasis and schistosomiasis in Latin 
America. 

However, in most geostatistical models, it is as-
sumed that the system is stationary and linear, 
assumptions that are generally not satisfied in 
real epidemiological systems (which are typically 
non-stationary, heterogeneous, and coupled). 
Consequently, researchers have turned to ML 
methods capable of handling high-dimensional 
data. Various methods have been used to com-
bine environmental factors (such as temperature, 
vegetation indices, and soil moisture) with socio-
economic factors (population density and sanita-
tion coverage) to generate disease risk maps, in-
cluding support vector machines (SVMs), deci-
sion trees, random forests, and neural networks 
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[13]. Authors [14] used an ensemble ML to map 
malaria transmission over the African continent 
using satellite and survey data. Authors [15] 
showed that random forests and gradient boost-
ing models could forecast dengue in Southeast 
Asia, where rainfall variability and drought prev-
alence are considered important variables. While 
predictions are a strength of ML, they lack the 
spatial interpretability that geostatistics offers. 
The autocorrelation measures, such as Moran's I 
and the Getis-Ord Gi, are explicit measures of 
dispersion, whereas the ML models are "black 
boxes"; this has led to the development of new 
hybrid geostatistical-ML approaches that aim to 
combine the strengths of spatial statistics and AI 
for interpretation and prediction. Authors [10] 
applied random forests and kriging to create 
high-resolution malaria risk maps in Ethiopia, 
achieving higher spatial accuracy than previously 
reported. Authors [10] employed random forests 
and kriging to generate malaria risk maps in 
Ethiopia with higher spatial accuracy than previ-
ously reported. In addition, remote sensing has 
been used to improve the accuracy of the cholera 
prediction in the Ganges Delta through the appli-
cation of ML: authors [16] leveraged vegetation 
and water reflectance indices derived from Sen-
tinel data to enhance the prediction of cholera in 
the Ganges Delta region by applying ML; authors 
[11] showed that the soil moisture index derived 
from satellite data is strongly associated with 
sanitation and cholera in West Africa; this is an 
important development, driven by sanitation and 
socio-economic factors. Although income and 
education were important, poor sanitation quali-
ty was a significant predictor of diarrheal disease 
in sub-Saharan African cities, according to the 
authors [7]. Researchers have effectively repro-
duced lagged impacts of environmental factors 
using spatiotemporal machine learning methods 
such as RNNs and LSTMs. Authors [17] built an 
LSTM model for Dengue in Indonesia that out-
performs static models, and hybrid space-LSTM 
models were applied to determine the lagged ef-
fects of rainfall anomalies on cholera in Bangla-
desh. However, there are still many issues to be 
addressed. Researchers often develop disease- or 
location-specific models that cannot be easily 
transferred; they also collect data with highly 
variable quality and resolution, especially in re-
source-poor environments; apply methods in-
consistently; and struggle to interpret models 
and quantify uncertainty. The next steps should 
be on data standardisation, explainable AI, and 

connecting up multi-source data such as climate, 
water, sanitation, and population. The message 
from the facts is clear: geostatistics and ML com-
plement each other, and their combination is the 
way forward for infectious disease modelling in 
the face of environmental and infrastructural 
challenges. 

 

RESULTS AND DISCUSSION 

Geostatistical Modelling Techniques. Geostatistics 
are an important tool for quantifying the spatial 
variability and dependence of infectious diseases 
in relation to environmental and built features. 
Geostatistics is a quantitative approach to con-
ceptualise infectious disease distribution as a 
continuous surface from a finite, irregularly 
spaced set of observations of disease density [8]. 
It can be used to model the non-random distribu-
tion of infectious diseases driven by climate, hy-
drology, and socio-economic factors. The subse-
quent subsections briefly describe the main 
techniques of infectious disease mapping. 

Spatial Interpolation is a technique for estimating 
risk at unsampled locations using nearby sam-
ples. The most commonly used method is kriging, 
which exploits spatial autocorrelation to produce 
predictions with low estimation error and is bet-
ter than inverse distance weighting (IDW) meth-
ods by incorporating both similarity and dis-
tance. Ordinary kriging assumes stationarity, but 
regression and universal kriging can include var-
iables (such as temperature, rainfall, and sanita-
tion coverage). Co-kriging uses correlated infor-
mation (e.g., rainfall and vegetation indices) [18]. 
Other studies have also employed the Kriging 
technique to create maps of malaria prevalence 
from national surveys and to map climatic and 
topographic factors [10]. 

Variogram modelling is a fundamental part of 
kriging analysis and describes spatial correlation 
as a function of distance. The nugget (measure-
ment or micro-scale variance), the sill (total vari-
ance) and the range (distance at which the ob-
servations are independent) are used to quantify 
spatial variance [19]. In Bangladesh, for instance, 
a variogram analysis indicated a correlation scale 
of ~40 km for cholera, suggesting regional-scale 
environmental risk factors, such as groundwater 
salinity [18]. Anisotropic Variograms are used for 
models that allow for different variances in dif-
ferent directions. 
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Spatial autocorrelation is a test for whether the 
distribution of disease at one location is associat-
ed with that at another. Researchers used Mo-
ran's I and Geary's C to determine global cluster-
ing in Southeast Asia. They linked the observed 
clustering to non-compliance with hygiene 
standards and irregular rainfall, which could be 
addressed by targeted interventions such as wa-
ter quality management and vaccination [15]. In 
West Africa, Getis-Ord Gi* was applied to detect 
hot and cold spots, which were attributed to poor 
hygiene and irregular rainfall and prioritised for 
intervention, such as improvements in water 
quality and vaccination [11]. 

Spatial regression takes the description a step 
further, inferring the effects of environmental 
and socio-economic predictors on disease while 
accounting for spatial effects. Spatial Lag Models 
(SLM) model the effects of nearby observations, 
and Spatial Error Models (SEM) account for spa-
tial dependence in model residuals due to un-
measured forces. Authors [14] showed that there 
are spatial lags in temperature and precipitation 
associated with malaria in East Africa. Geograph-
ically Weighted Regression (GWR) and Multiscale 
GWR (MGWR) allow the impact of a variable to 
vary spatially [20]. Authors [7] used GWR to 
show that sanitation has varying effects in Afri-
can cities, depending on population density and 
infrastructure. 

In addition, geostatistics offers uncertainty quan-
tification. Kriging variance maps, resampling and 
BH models provide a measure of prediction un-
certainty. Maps of predicted risk and uncertainty 
help decision-makers focus on the high-risk, 
highly uncertain areas [21]. The development of 
Bayesian geostatistical modelling has greatly 
shaped how researchers use survey-based and 
satellite-derived environmental covariates to 
model malaria risk in sub-Saharan Africa [8]. 

Machine Learning and AI-Based Approaches. Arti-
ficial intelligence (AI) and machine learning (ML) 
are becoming increasingly crucial in spatial epi-
demiology, particularly for capturing non-linear 
relationships among environmental risk factors, 
sanitation services, and disease. Moreover, ML 
methods do not impose any prior assumptions 
about the distribution, and can help discover 
hidden patterns in a variety of large-scale data. 
With the increasing accessibility of open health 
data, climate archives and remote-sensing im-
agery, the use of ML and real-time predictions, 
and fine-scale risk mapping are now possible [9]. 

The most popular supervised algorithms for dis-
ease-risk mapping are random forests, support 
vector machines (SVMs), and gradient boosting. 
Random forests can handle multicollinearity and 
missing data, and they can handle non-linear in-
teractions. Using random forests as a mapping 
tool, authors [11] found that the most important 
variables for predicting cholera risk in West Afri-
ca were sanitation and rainfall variability, and 
that performance was better than that of tradi-
tional regression. Authors [15] used gradient 
boosting to link drought event frequency and 
dengue in Southeast Asia, demonstrating the im-
portance of water scarcity to vector ecology. In 
Southeast Asia, SVMs correctly predict malaria 
risk from remote-sensing-based temperatures, 
vegetation, and rainfall anomalies with over 85% 
accuracy [22]. Still, they are sensitive to kernel 
functions and are not well scalable unless opti-
mised. 

Deep learning has introduced a revolution in spa-
tiotemporal modelling by extracting the hierar-
chical features of data. The same type of CNN 
used for images is now being adopted for gridded 
maps of the environment and diseases. Using a 
CNN trained on satellite and climate data, au-
thors [23] were able to predict dengue outbreaks 
in Thailand, accounting for small-scale variability 
that was not detectable via traditional spatial re-
gression. Recurrent neural networks (RNNs), 
particularly long short-term memory (LSTM) 
networks, are ideal for modelling time lags from 
the environment to disease. Authors [17] report-
ed an 18% improvement in dengue forecasting 
across Indonesia using lagged rainfall and tem-
perature in an LSTM. Authors [6] state that tem-
poral modelling is crucial for diseases sensitive to 
climate, such as cholera, malaria, and leptospiro-
sis. 

Some other useful techniques include unsuper-
vised learning, such as clustering, self-organising 
maps (SOMs), and principal component analysis 
(PCA). In poor surveillance districts, authors [24] 
used SOMs to group districts in Bangladesh 
based on sanitation, rainfall, and water quality, 
which were strongly related to cholera incidence, 
suggesting that the clusters could be useful in 
those districts. PCA can be used to identify the 
smallest number of correlated parameters that 
describe the data; these parameters represent 
meaningful components of the data. 

Explainable AI (XAI) is on the rise. While deep 
models have high accuracy, they lack transparen-
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cy for policy. SHAP and LIME provide explana-
tions of predictions at the global and local levels. 
Authors [11] used SHAP values in random forests 
to determine that precipitation anomalies and 
access to sanitation services are the most influen-
tial factors in cholera risk, enabling targeted in-
terventions. However, there are issues. The effec-
tiveness of models depends on the quality and 
representativeness of the data, and data quality is 
often poorly documented in resource-poor set-
tings, leading to biases that can result in inequi-
table health policies. Deep learning models re-
quire large, labelled datasets and substantial 
computational resources, but researchers are 
now mitigating these challenges through new 
paradigms such as cloud computing, transfer 
learning, and federated learning. To conclude, ML 
and AI have revolutionised spatial epidemiology, 
and hybrid geostatistical-ML systems will remain 
a key player in the future, amid the increased 
threat of climate and environmental hazards. 

Case Studies and Applications. Integrated geosta-
tistical ML techniques have been used through-
out Africa, Asia and Latin America to estimate 
environmental variables and predict outbreaks 
of infectious disease. The Malaria Atlas Project 
from authors [14] was an early large-scale 
demonstration that used satellite remote sensing, 
random forests, and kriging to produce high-
resolution malaria risk maps across sub-Saharan 
Africa. The prevalence was strongly related to 
rainfall, temperature and vegetation, and the hy-
brid model performed better than the standard 
spatial regression by over 15% in data-sparse 
areas. 

Authors [11] employed the random forest (RF) 
machine learning model, in combination with 
Moran's I autocorrelation, to model cholera risk 

in West Africa using satellite rainfall, water stress 
indices, and sanitation coverage. The framework 
identified areas of critical sanitation conditions 
(hot zones) in conjunction with precipitation var-
iability, and geostatistical diagnostics added in-
terpretability and consistency, thereby facilitat-
ing targeted public-health action. In coastal Bang-
ladesh, authors [18] integrated support vector 
regression with variogram analysis. They identi-
fied groundwater salinity and post-monsoon 
rainfall as the major factors, leading to a cholera 
risk map validated by a field survey. 

Authors [10] demonstrated that a random forest 
ordinary kriging hybrid technique generated 
continuous malaria risk surfaces in the Ethiopian 
highlands with an increase in accuracy of 20% 
compared with malaria-only techniques, and also 
produced probabilistic uncertainty maps for allo-
cation of resources. In Thailand, authors [23] 
used CNNs on urban heat, rainfall, and vegetation 
imagery to identify previously unseen urban 
clusters associated with poor drainage with over 
90% accuracy. Authors [17] modelled dengue in 
Indonesia using LSTM networks with 94% accu-
racy, leveraging lagged temperature and humidi-
ty data, demonstrating the benefit of temporal 
memory for vector-borne disease forecasting. 

Authors [25] applied GWR to a random forests 
model to explore how sanitation and diarrheal 
disease are shaped by spatial variation in semi-
arid Brazil, finding that drought areas were at 
higher risk of poor sanitation, and that climate 
infrastructure interactions are synergistic. Au-
thors [16] used Sentinel-2 data with gradient 
boosting for cholera prediction in the Ganges 
Delta, achieving 82% accuracy, and chlorophyll 
was used. 

 

Table 1 – Summary of Key Case Studies Integrating Geostatistics and Machine Learning for Disease Modelling 
(2020–2025) 

Study Region/ 
Country 

Disease 
Focus 

Model / Methods Key Predictors Major Findings 

[14] Sub-Saharan 
Africa 

Malaria Random Forest + 
kriging 

Rainfall, 
temperature, 
vegetation index 

15% improvement in 
predictive accuracy; 
enhanced risk mapping for 
low-surveillance areas 

[18] Bangladesh 
(Coastal) 

Cholera Support Vector 
Regression + 
Variogram 
Analysis 

Groundwater 
salinity, rainfall, 
groundwater depth 

Identified high-risk zones; 
groundwater salinity is a 
major determinant of 
outbreaks. 

[11] West Africa Cholera Random Forest + Rainfall variability, Detected cholera hot 
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Study Region/ 
Country 

Disease 
Focus 

Model / Methods Key Predictors Major Findings 

Moran's I sanitation 
coverage, water 
stress 

zones; improved 
interpretability via spatial 
diagnostics 

[10] Ethiopia Malaria Random Forest + 
Ordinary Kriging 

Rainfall, 
temperature, and 
land cover 

20% accuracy 
improvement; 
probabilistic risk mapping 
and uncertainty 
quantification 

[23] Thailand Dengue 
Fever 

Convolutional 
Neural Network 
(CNN) 

Urban heat index, 
vegetation, rainfall 

90% accuracy; identified 
new urban dengue clusters 
linked to poor drainage 

[17] Indonesia Dengue 
Fever 

Long Short-Term 
Memory (LSTM) 

Lagged rainfall, 
humidity, 
temperature 

94% accuracy; effective 
spatiotemporal forecasting 

[25] Brazil Diarrheal 
Disease 

GWR + Random 
Forest 

Sanitation index, 
drought frequency, 
and income level 

Revealed spatial 
heterogeneity; sanitation 
quality is a key local 
determinant 

[16] Ganges Delta Cholera Gradient Boosting 
+ Remote Sensing 

Water quality, 
turbidity, and 
vegetation health 

82% accuracy; linked 
water pollution directly to 
disease outbreaks 

 

Challenges and Limitations. Even with significant 
methodological advances, there are still obstacles 
to the practical application of geostatistical ML 
frameworks. These range from data quality 
through computational cost, interpretability, 
generalisation, ethics and policy translation. 

The issues of data quality and spatial heterogene-
ity remain constant challenges. In low- and mid-
dle-income areas, disease surveillance is inade-
quate, atmospheric interference or missing data 
in satellite observations occur, and data collec-
tion methods vary from region to region [14]. 
There is also a lack of consistency in the sanita-
tion and water-stress indicators, such as the def-
initions of "access to clean water", "latrine cover-
age", and "drainage quality" [7]. The harmonisa-
tion of multi-source datasets from climate, hy-
drology, infrastructure, and demographics also 
needs to be carefully handled across spatial and 
temporal scales, as errors can lead to biased re-
sults and erroneous conclusions. 

Interpretability and transparency are major con-
cerns in deep and ensemble models. Although 
these models have good predictive power, their 
internal logic can be difficult to understand due 
to their "black-box" nature [9], making it chal-
lenging to incorporate them into public health 
policymaking, where causal attribution is re-
quired for decision-making. Some approaches, 

such as Explainable AI (XAI) methods SHAP and 
LIME [11], are starting to tackle this issue but are 
underutilised in the epidemiological context. 

Scalability and computational cost are also con-
straints for real-world deployment. Both deep 
learning and classical geostatistical approaches 
(kriging, the Bayesian hierarchical model) re-
quire extensive computational resources to 
achieve high-resolution disease mapping. Re-
searchers address these challenges using cloud 
computing and GPU acceleration, but costs, re-
producibility issues, and data transfer problems 
remain, particularly in resource-limited settings 
[17]. They are exploring promising directions 
such as approximate Bayesian inference and spa-
tial subsampling. 

There is limited model generalisation and trans-
ferability due to the context-sensitive nature of 
the relationship between the environment and 
disease. The impact of rainfall on malaria, for in-
stance, depends on local vector ecology, whereas 
the impact of sanitation differs between urban 
and rural settings [25]. This is because the model 
may become overly complex and fit the specific 
patterns of the local data, leading to poor per-
formance on test data. Transfer learning and do-
main adaptation are potential solutions which 
are not often used in spatial epidemiology. 
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Researchers face methodological tensions when 
they combine geostatistics and machine learning. 
Real data often violate stationarity and isotropy 
assumptions, so researchers must reconcile 
probabilistic geostatistical outputs with deter-
ministic machine learning predictions. To avoid 
over-optimistic error estimates and inflated un-
certainty [10], they rely on spatial cross-
validation. 

But there are other limitations, such as data eth-
ics and privacy. Fine-grained spatial health in-
formation can be susceptible to re-identification 
threats, especially for disadvantaged groups [13], 
and mobile, social, and sensor information exac-
erbates privacy concerns. A way forward is fed-
erated learning and other privacy-preserving 
frameworks that enable collaborative model 
training without sharing raw data. 

Uncertainty quantification is still not uniform 
among the methods. The uncertainty (kriging 
variance, Bayesian posteriors) is a natural part of 
geostatistics, but many ML models only give 
point estimates. Bayesian neural networks and 
ensemble-based uncertainty estimation are 
emerging ideas, but not yet commonly used in 
operational surveillance systems [21]. 

Future Research Directions. Innovation is needed 
across technical, ethical, and institutional aspects 
to advance future geostatistical ML disease mod-
elling. Several directions seem to be particularly 
promising. 

The convergence of AI and GIS will likely serve as 
the foundation for future decision-support sys-
tems. Environmental change monitoring using 
automated platforms that combine geostatistics, 
ML, and GIS, supported by remote sensing, IoT 
sensors, and epidemiological surveillance, can be 
implemented to detect emerging hotspots in near 
real time [13]. Interoperability of systems and 
institutions is a prerequisite. 

Digital twins are a revolutionary field. A climate 
health digital twin would continually integrate 
environmental and epidemiological data to simu-
late the dynamics of diseases under different in-

terventions and climate scenarios, making static 
risk maps adaptable and enabling real-time deci-
sion-making tools [9]. The spatial structure and 
uncertainty would come from geostatistics, and 
the predictive engine would come from ML. 

Data scarcity and privacy issues are addressed by 
federated and transfer learning. Federated learn-
ing is a paradigm that enables multiple institu-
tions to train shared models without sharing raw 
data, which is useful when sharing is legally or 
politically restricted. Transfer learning: Using 
models trained in one context (e.g., dengue in 
Southeast Asia) in another (Latin America), with 
a need for fewer extensive local datasets [17]. 
Incorporating these into geostatistical frame-
works would allow for global connections and 
local calibration of disease prediction. 

 
CONCLUSIONS 

Environmental changes, water scarcity, and poor 
sanitation are major global health problems. 
With the rise of new and emerging infectious dis-
eases driven by climate change, urbanisation, and 
infrastructural inequity, combining geostatistics 
with machine learning is a powerful tool for cap-
turing the coupled spatial and temporal dynam-
ics of these transformations. Geostatistics pro-
vides interpretability and formal uncertainty 
quantification, while ML offers high-dimensional 
pattern recognition and flexibility. They work 
together to identify emerging hotspots, attribute 
environmental drivers and anticipate future 
risks. 

The results of this review have revealed that the 
hybrid frameworks, random forest kriging, GWR 
with ML, and deep learning geostatistical ensem-
bles have enhanced predictive accuracy for envi-
ronmentally mediated diseases. Examples from 
Africa, Asia, and Latin America show that adding 
water stress, sanitation, and climate variables 
improves model performance and policy rele-
vance, and helps create fine-scale maps of water-
related risks that inform early warning and re-
source allocation in vulnerable areas.  
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