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ABSTRACT: Artificial intelligence (AI) and machine learning (ML) are increasingly used 
to monitor environmental conditions, estimate exposures, and support health-related 
decision making. Yet the settings with substantial environmental-health burdens often 
have the least complete, representative, and accessible data. This narrative review 
examines three interconnected constraints (data quality, data bias, and data scarcity) and 
considers how they affect the reliability, generalisability, fairness, and practical usefulness 
of AI for environmental health in low-resource regions. The review synthesises 38 sources 
published between 2018 and 2025 covering air-quality sensing, water-quality prediction, 
satellite remote sensing, environmental exposure estimation, public-health surveillance, 
and algorithmic fairness. Across the literature, low-cost sensors can expand spatial 
coverage but require calibration and maintenance; monitoring and health records may 
under-represent exposed populations; and models developed elsewhere may transfer 
poorly without local validation. The review develops an integrated challenge–solution 
taxonomy linking each data limitation to its consequences for AI, technical mitigation 
strategies, and policy or community interventions. Case studies from India, Ethiopia, 
Uganda, and Ghana illustrate how these constraints interact in practice. The review 
identifies priorities for low-resource settings: shared benchmarks, local and subgroup 
validation, explicit uncertainty reporting, interoperable data systems, stronger 
environmental and health surveillance, and governance arrangements that enable 
responsible use of local data. The central implication is that AI can extend environmental-
health monitoring, but technical innovation cannot fully substitute for representative local 
measurements and health data. 

 

1. INTRODUCTION 

Environmental conditions, including air pollution, unsafe water, and other exposure-related hazards, shape human health, but 
their distribution and measurement are highly unequal. More than 90% of deaths attributable to air pollution occur in low- and 
middle-income countries (LMICs) (Pinder et al., 2019). Groundwater arsenic is another major environmental-health concern: a 
global model estimates that 94 to 220 million people are potentially exposed to high concentrations, most of them in Asia 
(Podgorski and Berg, 2020). These burdens create a strong rationale for environmental monitoring that can identify exposure 
patterns and support prevention and public-health action. 
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AI and ML are increasingly used for environmental monitoring, prediction, and decision support. A bibliometric analysis of 
4,762 publications from 1991 to 2024 reported rapid growth in AI research for environmental monitoring since 2010, with air 
and water quality among the major application areas (Alotaibi and Nassif, 2024). In principle, AI can combine measurements 
from regulatory monitors, low-cost sensors, satellite imagery, geospatial variables, and health information to estimate 
environmental conditions in places where direct measurement is limited. In practice, model performance is constrained by the 
quality, representativeness, and availability of these inputs. 

The data these models require is often thinnest where exposure and health burdens are greatest. Of 234 countries and territories, 
141 have no regular PM2.5 monitoring, and the global mean population distance to the nearest monitor has been estimated at 
220 km (Martin et al., 2019). In 2024, 36% of countries were reported to have no government air-quality monitoring, and access 
to openly shared data remained uneven (OpenAQ, 2024). Health-outcome data is also incomplete: about four in ten deaths 
worldwide go unregistered, and in the WHO African Region only one in ten is recorded (World Health Organization, 2021). 
These gaps create a fundamental problem for environmental-health AI. A model may predict an environmental variable 
accurately while still providing limited evidence about who is exposed, who is vulnerable, and what health consequences follow. 

This review therefore examines how three interconnected data problems limit AI for environmental health in low-resource 
regions, and which technical, governance, and community-level responses can reduce their effects. It addresses three questions: 

1. What data problems limit AI models for environmental health in low-resource regions? 
2. How do these problems affect model accuracy, fairness, and usefulness? 
3. Which technical and policy approaches can reduce them? 

Section 2 describes the applications and data sources and how environmental monitoring connects to human health. Section 3 
sets out the review methodology. Section 4 presents the results and discussion: the three data challenges, the resulting challenge–
solution taxonomy, three case studies, implications for practice, and limitations. Section 5 identifies open problems, and Section 
6 concludes. Appendix A summarises every source surveyed. 

2. BACKGROUND 

2.1 Applications and Data Sources 

AI for environmental health draws on four kinds of data, each with its own weaknesses in low-resource settings (Table 1). 

Table 1. Data sources used by AI for environmental health and their main weaknesses in low-resource regions 

Data source Typical AI use Main weakness in low-resource regions 

Reference-grade monitoring 
stations 

Ground truth for training and 
calibration 

Few or none; costly to buy and maintain (Pinder et al., 
2019; Martin et al., 2019) 

Low-cost sensors Dense local monitoring of air and 
water 

Biased readings that need local calibration (Giordano 
et al., 2021; Concas et al., 2021) 

Satellite imagery Estimating conditions where no 
ground data exists 

Still needs ground data to train and validate (Burke et 
al., 2021) 

Health records and surveys Linking exposure to disease Incomplete registration and reporting (World Health 
Organization, 2021) 

 

Air quality. ML is used to calibrate low-cost sensors, detect anomalies, and correct drift in large sensor networks (Kim and 
Moon, 2025). A review of 78 ML studies covers air quality monitoring and prediction more broadly (Karmoude et al., 2025). 
Locally built networks show what is feasible: the AirQo network in Kampala, Uganda, has released an open dataset from its 
low-cost monitors together with reference instrument data (Sserunjogi et al., 2022). 

Water quality. A review of more than 170 studies from five years documents ML for predicting water quality indicators and 
indices, and lists data acquisition and model uncertainty among the main challenges (Yan et al., 2024). For groundwater, a 
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random forest model trained on more than 50,000 aggregated arsenic measurements and 11 geospatial predictors produced a 
global hazard map that flags areas with no reported measurements (Podgorski and Berg, 2020). 

Remote sensing. Satellite imagery combined with ML can estimate outcomes where ground surveys are missing. A review in 
Science quantifies the shortage of ground data on human outcomes and concludes that satellite methods add to ground data 
collection but do not replace it (Burke et al., 2021). 

Health surveillance. A scoping review of AI for public health surveillance in Africa describes applications in disease detection 
and prediction alongside the technical challenges of deploying them (Edet et al., 2025). Related reviews group AI health 
interventions in LMICs into diagnosis, risk assessment, outbreak prediction and surveillance, and health policy and planning 
(Schwalbe and Wahl, 2020), and point to weak infrastructure, failing health information systems, and a shortage of skilled staff 
as barriers in Africa (Tshimula et al., 2024). 

2.2 From Environmental Monitoring to Human Health 

The relevance of environmental AI to human health depends on more than accurate prediction of an environmental variable. 
A useful environmental-health pathway connects the measured or inferred condition to human exposure, identifies populations 
that may be vulnerable, and establishes how the information could support prevention, surveillance, or resource allocation. Air-
quality models, for example, can improve estimates of particulate exposure. Groundwater models can identify areas where 
contaminant testing should be prioritised. Satellite or sensor systems can provide spatial information where conventional 
monitoring is sparse. However, these applications should not be interpreted as direct predictions of disease unless the underlying 
studies include appropriate health-outcome data. 

This distinction is important in low-resource settings because the environmental and health data gaps often occur together. 
Sparse monitoring can obscure exposure gradients, while incomplete registration or surveillance can obscure outcomes. AI can 
help bridge the first gap through spatial prediction, sensor calibration, remote sensing, or transfer learning, but it cannot by 
itself establish an exposure–health relationship that has not been measured. Accordingly, this review treats environmental 
monitoring as an enabling component of environmental health, not as a substitute for health-outcome evidence. 

3. REVIEW METHODOLOGY 

This is a narrative review, not a systematic review, and it does not claim to be exhaustive. No PRISMA compliance is claimed. 
This section sets out how sources were found, selected, and synthesised, so that readers can judge the scope and limits of the 
evidence. 

3.1 Literature Search Strategy 

Sources were identified through targeted keyword searches of web and scholarly search engines and publisher and repository 
sites (including PubMed Central, arXiv, and publisher pages), carried out in October 2026. Search terms combined a method 
term with a data or domain term, for example: "low-cost sensor calibration" with "machine learning"; "air quality data gap" with 
"low- and middle-income countries"; "algorithmic bias" or "fairness" with "public health machine learning"; "transfer learning" 
or "satellite" with "air quality" and "data-poor"; "groundwater arsenic" or "fluoride" with "machine learning"; "data imputation" 
with "air quality"; "federated learning" with "health" or "air quality"; and "artificial intelligence" with "public health surveillance" 
and "Africa". These searches were supplemented by follow-up searches for related studies by the same research groups (for 
example, those running the AirQo network in Kampala and the sensor networks in Accra) and by candidate sources listed in 
the authors' preliminary drafts. 

3.2 Source Selection Criteria 

Sources were included if they (1) were published between 2018 and 2025; (2) were written in English; (3) addressed at least one 
of the three focal challenges (data quality, data bias and representativeness, or data scarcity) in environmental monitoring, 
exposure estimation, or health surveillance; and (4) either reported evidence from low- or middle-income settings or described 
methods or data infrastructure directly relevant to them. Peer-reviewed reviews and primary studies were preferred. Preprints 
(two sources) and conference papers were retained only where they filled a specific gap, and two institutional reports were 
retained because they provide global monitoring and health-data statistics that are difficult to replace with individual studies 
(OpenAQ, 2024; World Health Organization, 2021). 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

600 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

Candidate sources were excluded if their bibliographic existence could not be confirmed from a publisher, repository, or 
indexing record, or if they did not report data-related limitations or remedies. Several candidate sources from preliminary drafts 
were excluded on the first ground. The final evidence base comprises 38 sources, listed with their type and setting in Appendix 
A. Screening and selection were shared equally among all four authors, and the final selection was agreed by all authors. 

3.3 Data Extraction and Thematic Synthesis 

Each source was examined for four elements: (1) the principal data limitation; (2) its reported effect on model performance, 
fairness, generalisability, uncertainty, or deployment; (3) technical responses described in the source; and (4) policy, 
infrastructure, or community conditions required for those responses to work. Each source was then coded to one or more of 
the three themes (quality, bias, scarcity); the codes are shown in the final column of Table A1. A source could inform more 
than one theme, and findings were synthesised narratively within each theme (Sections 4.1 to 4.3). 

3.4 Development of the Challenge–Solution Taxonomy 

The taxonomy (Table 2) was built inductively in three steps. First, recurring sub-problems were identified within each theme, 
giving nine rows: four for quality, two for bias, and three for scarcity. Second, for each row, the effects on AI and the technical 
and policy remedies were taken from the coded extractions, and every entry drawn from a source carries its citation. Third, 
where the reviewed sources identified a problem but did not document a remedy, the authors added a remedy based on their 
own judgement, and these entries are marked with a dagger (†) in Table 2. 

3.5 Distinguishing Evidence from Recommendations 

Throughout the review, statements of evidence are attributed to their sources by citation. Interpretations and recommendations 
that go beyond what the cited studies documented are signposted as the authors' own, using phrases such as "we infer" or "we 
recommend". The implications in Section 4.6 and the priorities in Section 5 are the authors' recommendations, informed by 
the reviewed evidence but not directly tested in it. 

4. RESULTS AND DISCUSSION 

The findings are presented by challenge (Sections 4.1 to 4.3), brought together in a taxonomy (Section 4.4), illustrated with case 
studies (Section 4.5), and then discussed for practice and limitations (Sections 4.6 and 4.7). 

4.1 Data Quality Challenges 

Low-cost sensors make dense monitoring affordable, but their raw readings are not reliable enough for quantitative use. Low-
cost particulate matter sensors are subject to biases that range from simple to correct (meteorology, sensor age) to complex 
(aerosol source, composition, and refractive index) (Giordano et al., 2021). A survey of ML calibration adds cross-sensitivity 
between pollutants, external influences such as traffic and weather, and loss of accuracy over time (Concas et al., 2021). Reported 
performance also varies considerably from one sensor to another (Kang et al., 2022). 

Calibration improves the data but creates its own demands. Methods range from linear and quadratic corrections to complex 
ML models (Giordano et al., 2021; Liang, 2021). Their accuracy depends jointly on the algorithm, the amount of training data, 
and the predictors chosen (Liang and Daniels, 2022). The length of co-location needed differs by sensor type, and a short period 
can suffice only when it covers conditions similar to those of the later deployment (Levy Zamora et al., 2023). 

Model choice involves a trade-off that is particularly important in data-poor settings. Traditional ML models can be 
comparatively lightweight but may fail to generalise across contexts, whereas deep-learning models can require larger datasets 
and may be harder to interpret (Kim and Moon, 2025). Consequently, an apparently accurate calibration or prediction model 
in one city cannot be assumed to remain accurate in another city, season, or pollution regime without local validation. 

Field studies in sub-Saharan Africa confirm both the gain and the local dependence. In Kampala, a random forest calibration 
cut the error of low-cost PM2.5 sensors from an RMSE of 18.6 to 7.2 μg/m³ and was deployed across a network of more than 
120 devices (Adong et al., 2022). In Accra, linear regression and random forest gave only moderate improvement (R² = 0.81), 
while Gaussian mixture regression reached R² = 0.88, tolerated missing inputs, and gave an estimate of calibration certainty 
(McFarlane et al., 2021). A later comparison of three sensor brands in Accra found all of them strongly correlated with the 
reference instrument but biased high for the local mix of pollution sources (Raheja et al., 2023). 
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These demands are hardest to meet where reference instruments are absent. Calibration needs a reference monitor to calibrate 
against, yet most countries have very few (Martin et al., 2019). We infer from these sources, though none tested it directly, that 
calibration quality is likely to be poorest where reference monitors are scarcest; this deserves direct study in low-resource 
deployments. 

Gaps in the record are a second quality problem. They commonly arise from sensor malfunction or communication failure 
(Han et al., 2023). Air quality time series often contain missing values, and the quality of imputation can significantly affect the 
prediction task that follows (Hua et al., 2024). One comparison tested eight imputation methods, from mean and nearest-
neighbour filling to deep models such as BRITS and SAITS, on air quality datasets from several cities (Hua et al., 2024). 
Imputation estimates what was not measured, so it cannot repair a record that is unrepresentative to begin with. 

Data also arrives from mixed sources in mixed forms. Some governments publish air quality data only in static formats that 
cannot be analysed directly (OpenAQ, 2024). Field studies add that incomplete, inconsistent, or non-representative data can 
make ML models ineffective or wrong, whatever the algorithm (Leggesse et al., 2024). 

Health data has a parallel quality problem. Two-thirds of low-income countries have established a standardised system for 
reporting causes of death, but WHO finds that these systems need urgent strengthening (World Health Organization, 2021). 
For environmental-health AI, this matters: an exposure model can be technically strong while the downstream exposure–health 
association remains uncertain, because outcome labels are incomplete, inconsistently recorded, or unavailable for the 
populations of interest. 

4.2 Data Bias and Representativeness 

The existence of data does not mean that it represents the people, places, seasons, or exposure conditions most relevant to 
health. In this review, bias is considered at three connected points: measurement coverage, model development and transfer, 
and reporting or evaluation. These forms of bias should be distinguished from simple scarcity. Scarcity concerns how much 
data exists or is accessible, whereas representational bias concerns whose conditions are systematically over- or under-
represented. 

Coverage bias. Only 24 of 234 countries and territories have more than three PM2.5 monitors per million inhabitants (Martin 
et al., 2019). India, for example, has about one monitor for every 6.8 million people (Martin et al., 2019). Within LMICs, several 
megacities have invested in monitoring networks while hundreds of other cities have limited or no measurements (Pinder et al., 
2019). In our interpretation, a model trained on such data learns the conditions of the monitored places and remains untested 
everywhere else. 

Development bias. Research on AI for environmental monitoring is concentrated in a few countries (Alotaibi and Nassif, 
2024). Fletcher and colleagues argue that a model must be matched to its target population before use, a criterion they call 
appropriateness, and that careless adoption of AI in LMICs may widen existing health disparities (Fletcher et al., 2021). They 
define bias as a systematic tendency of a model to favour one demographic group over another. 

The global health literature makes the same point from the health side. A review in The Lancet found that much research on AI-
driven health interventions in LMICs does not describe the ethical, regulatory, or practical considerations needed for use at 
scale (Schwalbe and Wahl, 2020). Asiedu and colleagues argue that fairness attributes defined in Western settings do not transfer 
directly, and they propose axes of disparity specific to African contexts from a scoping review, a survey of 672 people, and 
interviews with 28 experts (Asiedu et al., 2024). 

Reporting bias. Even where data is good, fairness is rarely examined. A systematic review of 35 Dutch public health ML 
studies found that sampling and missing-data practices were well documented, but most studies omitted explicit fairness 
framing, subgroup analysis, and discussion of potential harms (Altamirano et al., 2025). This evidence comes from a single, 
well-resourced research system. We infer, but the reviewed sources did not test, that fairness reporting is unlikely to be more 
common where data is scarcer. 

Predictive maps illustrate both the promise and the limit of data-driven environmental-health modelling. The global arsenic 
model identifies likely hazard in regions with few or no reported measurements (Podgorski and Berg, 2020). Such predictions 
can help prioritise testing and resource allocation, but they do not establish that an individual well is safe or unsafe. This 
distinction between prediction and direct measurement is essential when environmental AI is used to inform health protection. 
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4.3 Data Scarcity Challenges 

In many low-resource regions the central problem is that the data was never collected, was collected but not digitised, or was 
collected but not shared. Scarcity therefore takes several forms, each with different implications for AI. 

Sparse monitoring. In 2024, 36% of countries had no government air quality monitoring, and most of these were low-income 
or lower-middle-income countries (OpenAQ, 2024). For water, environmental data often does not exist at the spatial or 
temporal resolution that management decisions need (Willard et al., 2025). 

Closed data. Collection does not guarantee access. A further 9% of countries monitor air quality but do not publish the results, 
and only 27% share data in a fully open form (OpenAQ, 2024). Health data is commonly held in separate institutions, with 
privacy concerns restricting access (Rieke et al., 2020). 

Missing labels. Supervised models need outcomes to learn from. With four in ten deaths unregistered worldwide (World 
Health Organization, 2021), the health side of an exposure–outcome model is often the scarcer half. A review of satellite-based 
ML likewise documents a shortage of ground data on human outcomes (Burke et al., 2021). 

No local data for adaptation. Transfer learning is the usual answer to scarcity, but most applications assume that some data 
from the target site is available for fine-tuning (Willard et al., 2025). Truly unmonitored sites, where only site characteristics and 
external drivers are known, remain a harder case. 

The evidence on how far such methods can stretch scarce data is mixed but encouraging. A deep transfer model trained on 
satellite imagery of Los Angeles and New York explained up to 54% of the variation in air quality in Accra without any local 
labels (Yadav et al., 2024). In Rwanda, combining satellite data with local low-cost sensor readings improved surface PM2.5 
estimates by 40% over ground sensors alone (Malings et al., 2020). In India, a random forest trained on 12,600 groundwater 
fluoride measurements produced a national hazard map at 1 km resolution and an estimate of about 120 million people at risk 
(Podgorski et al., 2018), and the approach has since been extended to a global fluoride map (Podgorski and Berg, 2022). 

Scarcity compounds the other two problems. Without local reference data, sensors may not be calibratable to the required 
accuracy. Without local outcome data, representational bias and subgroup performance may be difficult to evaluate. Scarcity is 
therefore more than a lack of observations: it can prevent the quality and fairness of AI systems from being assessed in the first 
place. 

4.4 Integrated Challenge–Solution Taxonomy 

No single technique addresses all three problems, and technical fixes depend on policy, infrastructure, and community 
conditions. Table 2 therefore maps each challenge to its principal effect on AI, the technical responses identified in the reviewed 
literature, and the policy or community conditions needed to sustain those responses. The taxonomy was derived inductively 
from the thematic grouping described in Section 3, not imposed as a universal classification. 

Table 2. Integrated challenge–solution taxonomy for AI in environmental health in low-resource regions 

Group Data challenge Effect on AI Technical remedies Policy and community 
remedies 

Quality Sensor bias, drift, 
and cross-
sensitivity 

Errors in inputs 
carry into 
predictions; 
calibrations fail when 
moved to new sites 

ML calibration with periodic 
recalibration (Giordano et al., 2021; 
Concas et al., 2021; Adong et al., 2022; 
McFarlane et al., 2021); co-location 
periods matched to deployment 
conditions (Levy Zamora et al., 2023); 
season-specific calibration (Campmier et 
al., 2023); ML combined with physical 
knowledge (Kim and Moon, 2025) 

Calibration standards and 
regulatory benchmarks 
(Kim and Moon, 2025); 
investment in reference 
monitors (Pinder et al., 
2019; Martin et al., 2019) 
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Group Data challenge Effect on AI Technical remedies Policy and community 
remedies 

Quality Missing values in 
time series 

Less usable training 
data; poor 
imputation degrades 
later prediction 

Imputation methods chosen by 
comparison on local data, from simple 
filling to deep models (Hua et al., 2024) 

Reliable power, 
connectivity, and 
maintenance for 
monitoring sites† 

Quality Mixed sources 
and formats 

Integration errors; 
data that cannot be 
analysed directly 

Harmonised data pipelines†; networks 
that integrate regulatory, low-cost, and 
satellite sources (Martin et al., 2019) 

Common data standards†; 
publication in machine-
readable form (OpenAQ, 
2024) 

Quality Unreliable health 
records 

Noisy outcome 
labels weaken 
exposure–outcome 
models 

Interpretable models that help expose 
doubtful labels† 

Stronger death and cause-
of-death registration 
(World Health 
Organization, 2021) 

Bias Monitoring 
concentrated in a 
few cities and 
countries 

Models untested for 
under-monitored 
populations 

Geospatial models to guide where to 
measure next (Podgorski and Berg, 
2020; Podgorski et al., 2018; Podgorski 
and Berg, 2022); evaluation at both 
urban and rural sites (Campmier et al., 
2023) 

Monitoring sited by 
population exposure†; 
locally run networks 
(Sserunjogi et al., 2022) 

Bias Fairness seldom 
assessed 

Disparities go 
unnoticed and may 
widen 

Matching models to the target 
population (Fletcher et al., 2021; Asiedu 
et al., 2024); subgroup analysis and 
frameworks such as ACAR (Altamirano 
et al., 2025) 

Fairness reporting required 
by journals and funders†, 
building on the reporting 
gaps found by Altamirano 
et al. (2025) 

Scarcity Few monitors 
and short 
records 

Too little data to 
train, adapt, or 
validate 

Satellite imagery with ML (Burke et al., 
2021; Leggesse et al., 2024; Malings et 
al., 2020); transfer learning from data-
rich sites (Willard et al., 2025; Yadav et 
al., 2024); network-wide calibration that 
uses existing reference monitors (Zheng 
et al., 2019) 

Long-term funding for 
monitoring†; lasting local 
institutions and capacity 
(Pinder et al., 2019) 

Scarcity Closed or siloed 
data 

Each model limited 
to its own small 
dataset 

Federated learning across institutions 
without exchanging data (Rieke et al., 
2020; Yarham et al., 2025) 

Open data policies 
(OpenAQ, 2024); data-
sharing agreements that 
protect privacy† 

Scarcity Missing outcome 
labels 

Models cannot be 
trained or evaluated 
against health 
outcomes 

Ensemble models with cross-validation 
when samples are few (Leggesse et al., 
2024); satellite proxies validated on 
ground samples (Burke et al., 2021) 

Health information 
systems and registration 
(World Health 
Organization, 2021) 

 

Note to Table 2: entries with a citation are documented in the cited source. Entries marked † are the authors' proposals, added 
where the reviewed sources identified a problem but did not document a remedy. 

Three points follow from the taxonomy. 

First, technical remedies still require some form of local evidence. Satellite models require ground data for training or validation, 
and transfer learning usually requires target-site observations (Burke et al., 2021; Willard et al., 2025). Even transfer without 
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local labels explained only about half of the variation in one target city (Yadav et al., 2024). These methods reduce the amount 
of local data needed without removing the need. 

Second, remedies interact. Federated learning addresses access to data held in separate institutions (Rieke et al., 2020), but we 
argue that it cannot by itself correct geographic coverage bias if the participating institutions all serve the same well-monitored 
populations. Similarly, imputation can reduce missingness in a time series but cannot make an unmeasured rural community 
representative of the target population. 

Third, in our assessment, the policy and infrastructure environment sets a practical boundary for technical remedies. Calibration 
depends on reference monitors, fairness analysis depends on information about relevant subgroups, and both depend on 
sustained measurement, maintenance, interoperability, and responsible data access. 

For environmental-health applications, the taxonomy therefore treats technical methods and governance interventions as 
complementary, not competing, solutions. 

4.5 Case Studies 

Three cases show the three problems, and the remedies, at work in specific places. Each case first summarises what the cited 
studies report and then gives the authors' interpretation. Because the cases come from a small number of cities and one lake, 
they illustrate the challenges but do not establish how widely the findings generalise across other geographical and population 
contexts. 

4.5.1 Air quality sensing in Indian cities 

India has about one PM2.5 monitor for every 6.8 million people (Martin et al., 2019), so low-cost sensors are an obvious 
supplement. Two studies show what it takes to make them usable. 

In Delhi, Zheng and colleagues calibrated a network of 10 low-cost nodes against the city's 22 regulatory reference monitors 
using Gaussian process regression (Zheng et al., 2019). The method calibrates sensors in the field without first co-locating each 
one with a reference instrument, and it flags malfunctioning nodes. The authors estimate that about 20 reference stations are 
the optimum for this approach in Delhi. 

A long-term evaluation of PurpleAir sensors at three Indian sites (Delhi, Hamirpur, and Bangalore) found that calibration using 
site- and season-specific information improved performance (Campmier et al., 2023). A single correction did not serve all places 
and seasons. 

In our reading, the case links all three problems. Quality is manageable with ML calibration, but the calibration depends on 
reference monitors, which Delhi has in number and many other cities lack (Pinder et al., 2019). We therefore caution that a 
method proven in a well-monitored city may not transfer to places where data is scarcest, and where exposure estimates for 
health protection are most uncertain; neither study tested such transfer. 

4.5.2 Water quality in Lake Tana, Ethiopia 

Leggesse and colleagues estimated total nitrogen and total phosphorus in Lake Tana from Landsat 8 imagery using six ML 
algorithms (Leggesse et al., 2024). They note that long-term continuous water quality monitoring is lacking in most African 
inland waterbodies because of limited infrastructure, finance, and technical capacity. 

The field data came from intermittent sampling campaigns between 2016 and 2022, at 27 to 170 locations per campaign, giving 
1,101 data points for each parameter. XGBoost gave the best result for nitrogen (R² = 0.80) and random forest for phosphorus 
(R² = 0.73). The artificial neural network performed poorly on phosphorus (R² = 0.21). 

The authors used k-fold cross-validation because field samples were limited, and they report that cloud cover in the rainy season 
adds uncertainty. They recommend more complete field data collection for future work. 

In our reading, the case shows a satellite proxy working under scarcity, with two cautions. The model still needed several years 
of laboratory-analysed samples to train and validate, and simpler ensemble models outperformed the neural network on this 
small dataset. 
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4.5.3 Locally run sensor networks in Kampala and Accra 

Two African cities show what locally led monitoring can achieve with few reference instruments. 

In Kampala, the AirQo team at Makerere University builds its own low-cost sensors for local conditions. Calibration against a 
reference monitor with a random forest model reduced PM2.5 error from an RMSE of 18.6 to 7.2 μg/m³, and the model was 
rolled out to more than 120 devices (Adong et al., 2022). The network's data has been released as an open dataset (Sserunjogi 
et al., 2022). 

In Accra, a network of 17 low-cost monitors ran from 2018 to 2021 and was corrected with Gaussian mixture regression 
(McFarlane et al., 2021; Raheja et al., 2023). The corrected network average was 23.4 μg/m³, 1.6 times the WHO daily guideline 
of 15 μg/m³ (Raheja et al., 2023). Accra has also served as the test city for transfer learning from satellite imagery of US cities 
(Yadav et al., 2024). 

In both cities, one or two reference monitors anchor a whole network (Adong et al., 2022; Raheja et al., 2023). We interpret 
this as supporting the view that modest investment in reference instruments, paired with local technical capacity, can yield a 
large return in usable exposure data; the studies did not, however, compare costs or test this directly. 

4.6 Synthesis and Implications for Practice 

Across the reviewed literature, data limitations emerge as a major constraint on AI for environmental health in low-resource 
regions. This does not mean that algorithms are unimportant. It means that algorithmic improvements cannot compensate 
indefinitely for missing, biased, poorly calibrated, or inaccessible observations. Studies that compare methods often report 
useful performance after adequate calibration or local validation (Adong et al., 2022; Leggesse et al., 2024; Zheng et al., 2019), 
while studies of transfer to new settings show that target-site evidence is still needed (Willard et al., 2025; Yadav et al., 2024). 

The following implications are the authors' recommendations. They are informed by the reviewed evidence, cited where a 
specific study supports them, but their effectiveness has not been tested in the reviewed studies: 

• For researchers: report where the training data came from and where the model was not tested. Validate on held-out 
sites in under-monitored areas where any exist, and report performance by subgroup (Altamirano et al., 2025). 

• For funders and governments: a small number of reference monitors has high value because many low-cost sensors 
can be calibrated against them (Zheng et al., 2019). Publishing existing data in open, machine-readable form costs little 
and benefits every later model (OpenAQ, 2024). 

• For practitioners deploying sensors: plan for recalibration across seasons from the start (Campmier et al., 2023), and 
prefer simpler models when local data is limited (Kim and Moon, 2025; Leggesse et al., 2024). 

• For public-health agencies: treat model outputs as exposure estimates that show where to test and measure, not as 
direct evidence of disease (Podgorski and Berg, 2020), and strengthen death and cause-of-death registration so that 
exposure can be linked to outcomes (World Health Organization, 2021). 

4.7 Limitations of This Review 

This review has six principal limitations. 

Limitations of the narrative approach. This is a narrative and purposive synthesis, not a systematic review. Relevant studies 
may have been missed, source selection reflects author judgement, and the searches were not designed to be reproducible in 
the way a systematic protocol would be. No meta-analysis was attempted, so the review cannot estimate how large or consistent 
the reported effects are across studies. The review is also limited to English-language sources. 

Differences in study quality. The evidence base mixes peer-reviewed primary studies, reviews, institutional reports, 
conference papers, and two preprints. No formal quality or risk-of-bias appraisal was carried out, and the sources were not 
weighted by quality. Findings from single-site studies and preprints should therefore be given less weight than those from peer-
reviewed reviews and multi-site evaluations. 

Uneven regional data availability. The case-study evidence comes mainly from India, Ghana, Uganda, and Ethiopia, and the 
fairness evidence includes a review of Dutch research (Altamirano et al., 2025). Other low-resource regions, including Latin 
America, South-East Asia, Central Asia, and small island states, are under-represented. This partly reflects where data and 
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published studies exist, which is itself an example of the coverage bias discussed in Section 4.2. The findings may not generalise 
to settings with different pollution sources, climates, health systems, or data infrastructure. 

Implementation costs. The review did not systematically extract cost data, and the remedies in Table 2 differ widely in what 
they would cost. Reference monitors, periodic recalibration, sensor maintenance, connectivity, data infrastructure, health 
registration systems, and skilled local staff all carry recurring costs that may exceed the initial purchase of sensors or software. 
Policymakers should not read the taxonomy as a list of interchangeable or low-cost options, and future work should evaluate 
the cost-effectiveness of each remedy in local conditions. 

Short-term and technical evidence on mitigation. Most of the mitigation evidence reviewed here reports technical 
performance, such as RMSE or R², over limited periods; Campmier et al. (2023) is one of the few long-term field evaluations. 
Few sources examine whether remedies remain effective over years, whether local institutions sustain them, or whether affected 
communities were involved in their design and use. Longitudinal and community-engaged evaluations are needed before any 
remedy can be recommended with confidence (Section 5). 

Limited link to health outcomes. Relatively few included studies directly link environmental AI outputs to measured human-
health outcomes. Some conclusions therefore concern the reliability of environmental exposure estimation, not demonstrated 
health-effect prediction. 

These limitations should be considered when interpreting the taxonomy and cross-study comparisons. 

5. OPEN PROBLEMS AND FUTURE DIRECTIONS 

The following seven priorities are the authors' proposals, each motivated by gaps identified in the reviewed literature. 

1. Benchmarks from low-resource settings. Models are often evaluated on data from well-monitored places. Open 
datasets such as the AirQo release (Sserunjogi et al., 2022) are a start, but shared benchmarks should include rural and 
peri-urban settings, seasonal variation, missingness, subgroup information where ethically appropriate, and uncertainty 
annotations. 

2. Calibration without a nearby reference. Most sensor-calibration methods assume co-location with a reference 
instrument (Giordano et al., 2021; Levy Zamora et al., 2023), and network-wide methods still rely on reference monitors 
within the city (Zheng et al., 2019). Developing reliable reference-light or reference-free methods remains important, but 
such methods should be evaluated against independent reference measurements before deployment. 

3. Routine subgroup reporting. Fairness assessment is uncommon even in well-resourced public-health ML research 
(Altamirano et al., 2025). Environmental-health studies should report performance across relevant geographic, 
demographic, socioeconomic, and exposure subgroups where such reporting is ethically and statistically justified. 

4. Honest uncertainty. A prediction for an unmonitored place should carry an estimate of how far it can be trusted. Model 
uncertainty, data uncertainty, and extrapolation uncertainty should be distinguished, not collapsed into a single 
performance metric. 

5. Data governance. Much existing environmental and health data is collected but not shared (OpenAQ, 2024). Federated 
approaches and open-data policies address different parts of this problem (Rieke et al., 2020). Future work should evaluate 
governance models that allow legitimate local use while protecting privacy, security, and community interests. 

6. Linking exposure to health outcomes. A major opportunity is to connect environmental exposure estimates with 
longitudinal health, surveillance, or epidemiological data. Such work should make the exposure–outcome pathway explicit 
and assess whether improved environmental predictions translate into better identification of vulnerable populations or 
more effective public-health decisions. Fairness frameworks developed for clinical and public-health ML can provide a 
starting point, but their applicability to environmental exposure modelling requires context-specific validation (Fletcher 
et al., 2021; Altamirano et al., 2025). 

7. Longitudinal and community-engaged evaluation. The mitigation strategies in Table 2 are mostly supported by short-
term technical results (Section 4.7). Future studies should follow deployments over several years, report recurring costs 
alongside accuracy, and involve affected communities and local institutions in design, deployment, and evaluation. Locally 
run networks such as AirQo (Adong et al., 2022; Sserunjogi et al., 2022) offer a natural setting for such work. 
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6. CONCLUSION 

AI can extend environmental-health monitoring to places that have historically lacked dense measurement, but its reliability 
remains bounded by the underlying data. This review identifies data quality, representational bias, and data scarcity as 
interconnected constraints that affect accuracy, generalisability, fairness, uncertainty, and the practical interpretation of AI 
outputs in low-resource settings. The reviewed evidence shows that calibration, satellite proxies, transfer learning, and federated 
learning can reduce some barriers, but they do not eliminate the need for representative local evidence. Because this is a narrative 
review drawing mainly on short-term technical evidence from a limited set of countries, these conclusions should be tested 
through longitudinal, community-engaged, and cost-aware evaluations. 

The practical priority is therefore not simply to deploy more sophisticated algorithms. It is to build sustainable measurement 
and health-information systems, improve data interoperability and access, evaluate models across relevant populations and 
locations, and make uncertainty explicit. For environmental health, the ultimate test of AI is not only whether it predicts an 
environmental variable accurately, but whether that prediction can support a defensible understanding of exposure, 
vulnerability, and health risk. Future research should consequently combine technical innovation with local validation, 
governance, and community-informed deployment. 
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Table A1. Sources surveyed in this review, in alphabetical order 

Source Type Domain and setting Point used in this review Challenge 
Adong et al., 2022 Primary study Sensor calibration, 

Kampala 
Random forest cut RMSE from 18.6 
to 7.2 μg/m³; over 120 devices 

Q 

Alotaibi and Nassif, 
2024 

Bibliometric 
review 

AI in environmental 
monitoring 

4,762 publications; output led by 
China, the US, and India 

B 

Altamirano et al., 2025 Systematic 
review 

Public health ML, 
Netherlands 

Most of 35 studies omit fairness 
framing and subgroup analysis 

B 

Asiedu et al., 2024 Mixed-methods 
study 

Fairness in health ML, 
Africa 

Fairness attributes specific to African 
contexts 

B 

Burke et al., 2021 Review Satellite imagery and 
ML 

Satellite methods add to ground data 
but do not replace it 

S 

Campmier et al., 2023 Primary study PurpleAir sensors, India Site- and season-specific calibration 
improves performance 

Q, B 

Concas et al., 2021 Survey ML calibration of air 
sensors 

Cross-sensitivity, external influences, 
and drift 

Q 

Edet et al., 2025 Scoping review AI for health 
surveillance, Africa 

Applications and deployment 
challenges 

S 

Fletcher et al., 2021 Framework AI in global health Appropriateness, bias, and fairness 
criteria 

B 

Giordano et al., 2021 Review Low-cost PM sensors Sources of bias and best practices for 
calibration 

Q 

Han et al., 2023 Survey ML for urban air quality Missing values arise from sensor and 
communication failures 

Q 

Hua et al., 2024 Review and 
experiment 

Air quality imputation Eight methods compared; imputation 
quality affects prediction 

Q 

Kang et al., 2022 Review Low-cost air sensor 
performance 

Performance varies considerably 
between sensors 

Q 

Karmoude et al., 2025 Review ML for air quality 78 studies on monitoring and 
prediction 

Q 

Kim and Moon, 2025 Review ML quality control of 
air sensors 

Simple models generalise poorly; deep 
models need large datasets 

Q 

Leggesse et al., 2024 Primary study Water quality, Lake 
Tana, Ethiopia 

Landsat and ML with limited samples; 
R² 0.80 for nitrogen 

S 

Levy Zamora et al., 
2023 

Primary study Co-location calibration Needed duration varies; conditions 
must match deployment 

Q 

Liang, 2021 Review Sensor calibration Techniques, trends, and challenges Q 
Liang and Daniels, 
2022 

Primary study Sensor calibration Accuracy depends on algorithm, 
training size, and predictors 

Q 

Malings et al., 2020 Primary study Satellite and low-cost 
sensors, Africa 

Combining both improved PM2.5 
estimates by 40% in Rwanda 

S 

Martin et al., 2019 Analysis PM2.5 monitoring, 
global 

141 of 234 countries have no regular 
PM2.5 monitoring 

B, S 

McFarlane et al., 2021 Primary study Sensor calibration, 
Accra 

Gaussian mixture regression reached 
R² 0.88 with certainty estimates 

Q 

OpenAQ, 2024 Report Air quality data, global 36% of countries do not monitor; 
27% share data fully openly 

S 
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Source Type Domain and setting Point used in this review Challenge 
Pinder et al., 2019 Perspective Air quality, LMICs Over 90% of air pollution deaths are 

in LMICs; hundreds of cities lack 
monitoring 

B, S 

Podgorski and Berg, 
2020 

Primary study Groundwater arsenic, 
global 

Random forest hazard map; 94 to 220 
million people potentially exposed 

S 

Podgorski and Berg, 
2022 

Primary study Groundwater fluoride, 
global 

Random forest hazard map extended 
worldwide 

S 

Podgorski et al., 2018 Primary study Groundwater fluoride, 
India 

12,600 measurements; about 120 
million people at risk 

S 

Raheja et al., 2023 Primary study Sensor intercomparison, 
Accra 

Three sensor brands biased high for 
local sources 

Q, B 

Rieke et al., 2020 Perspective Federated learning in 
health 

Training across institutions without 
exchanging data 

S 

Schwalbe and Wahl, 
2020 

Review AI in global health Deployment considerations are rarely 
described 

B 

Sserunjogi et al., 2022 Dataset Air quality, Kampala Open data from a locally run low-cost 
network 

B, S 

Tshimula et al., 2024 Review AI for health 
surveillance, Africa 

Infrastructure, information system, 
and skills barriers 

Q, S 

Willard et al., 2025 Survey ML for unmonitored 
water sites 

Transfer learning usually needs some 
target-site data 

S 

World Health 
Organization, 2021 

Report Health data systems, 
global 

Four in ten deaths worldwide are 
unregistered 

Q, S 

Yadav et al., 2024 Primary study Transfer learning, Accra Up to 54% of variation explained 
without local labels 

B, S 

Yan et al., 2024 Review ML for water quality Over 170 studies; data acquisition and 
uncertainty are open challenges 

Q, S 

Yarham et al., 2025 Review Federated learning for 
air quality 

Collaborative training without sharing 
raw data 

S 

Zheng et al., 2019 Primary study Sensor network, Delhi Network-wide calibration using 22 
reference monitors 

Q, S 
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