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As-bearing iron (hydr)oxides in sediments (Islam et al. 2004), (ii) non-reducing but alkaline environments 
in closed basins in arid and semi-arid regions, where high pH leads to alkaline desorption of As from 
mineral oxides (Smedley & Kinniburgh, 2005), (iii) mineralised zones of fractured bedrock aquifers, where 
sulphide minerals such as pyrite or arsenopyrite are exposed to oxygen, releasing arsenic through sulphide 
oxidation (Ravenscroft et al. 2009; Ayotte et al. 2006; Yang et al. 2012) and (iv) geothermal environments 
(Webster & Nordstrom, 2003; Lopez et al. 2012). This geochemical/hydrological understanding can be used 
to predict areas at risk of arsenic enrichment, particularly in relation to (i) reducing sedimentary aquifers 
and (ii) non-reducing but alkaline environments. The underlying principle and challenge is to find proxies 
that are indicative of the environments where arsenic release is most prominent. These can be surface 
geological, geochemical or climatic raster-based data, backed up with measured arsenic data points. Using 
statistical procedures, the factors that best correlate with arsenic-affected areas are determined. Once 
these factors have been established and verified with actual measured arsenic concentrations, predictions 
can also be made for areas where arsenic measurements are not yet available.

Figure A2.1  Schematic representation of model development using groundwater arsenic in the Mekong 
River Valley as an example. 

A2.2 ​ INPUT DATA
The value of the final model and its relevance for pinpointing arsenic hazard areas is dependent on the quality of 
the input data. Depending on the resolution of the input geospatial data layers, arsenic hazard can be modelled 
on global, regional or local scales (Figure A2.2). Geographic Information Systems (GIS) are used for storing, 
manipulating and analysing all types of geographical data and are an integral part of the modelling procedure.

A2.2.1 ​ Auxiliary raster-based data layers
The following auxiliary data have been commonly used in arsenic hazard modelling:

•	 Geology. Arsenic is released from the rocks and sediments comprising the aquifer, therefore 
geological data plays a vital role in predicting areas where arsenic enrichment might be a problem. 
Especially young (e.g. Holocene) sedimentary depositional environments are conducive to arsenic 
release. Therefore geological data showing good classification and spatial resolution is highly 
beneficial (Winkel et al. 2008, 2011; Rodríguez-Lado et al. 2008, 2013; Sovann & Polya, 2014).
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•	 Soil properties. Soil conditions such as pH, organic carbon content and drainage properties can be 
accurate proxies for conditions in near-surface aquifers (Amini et al. 2008; Winkel et al. 2008).

•	 Topographic data. From Digital Elevation Models (DEM), parameters such as slopes and the 
Topographic Wetness Index (TWI) can be extracted. The TWI can indicate high soil-moisture zones 
due to topography (Rodriguez-Lado et al. 2013).

•	 Climatic data. Temperature, precipitation and evapotranspiration are parameters that point to aridity 
or humidity of a region and will influence groundwater flow and residence times.

Figure A2.2  Predictive maps for arsenic contamination in groundwater on different scales. The provisional 
guideline concentration of the World Health Organisation (WHO) for arsenic in drinking water is 10 µg/L. 
Models are based upon reducing sedimentary aquifers and non-reducing but alkaline aquifers.

Some of the above-mentioned factors can be attained using remote sensing (usually satellite-derived 
data). In addition, sensors such as MODIS-TERRA provide a range of environmental data on many spectral 
bands, including vegetation indices (NDVI, EVI), which may be useful input for large-scale arsenic hazard 
modelling. In general, most of the data mentioned above is freely available (depending on its resolution) 
or available for a small charge.

The coarsest resolution of the auxiliary datasets will limit the spatial resolution of the model output. In 
our experience the coarsest resolution is usually related to geology.

A2.2.2 ​ Calibration dataset
Measured arsenic concentrations in groundwaters are needed to calibrate and validate the model. The size 
of the dataset will depend on the size of the area that is to be modelled and on the availability of data. 
Well depth and other water quality parameters are desirable, but may not be available. Experience has 
shown that collecting enough good quality data can be problematic, especially when governments and 
organisations are not willing to make their databases available. Having to pay for data may exceed project 
budgets. Often data are collated from a range of sources and it is difficult to reconstruct whether quality 
control has been in place during sample collection and analysis.

The arsenic measurements are point data and need to be aggregated to one arsenic concentration per 
pixel to fit with the resolution of the spatial data layers (geology, soil properties etc.). This can be done 
in a number of ways, though often data are aggregated by generating an averaged value from all arsenic 
concentrations falling into the pixel, or by taking the highest arsenic value found within the pixel.
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A2.3 ​ MODELLING PROCEDURES
After collection and cleaning of input data, the actual modelling process follows. Which procedure to 
choose depends on the scale (global, regional, local) and the quality and spatial distribution of input data 
(Table A2.1). Neural networks can be applied on all scales, but this method requires a comparatively 
large number of measurements to have a good model fit. Logistic regression can also be applied where 
calibration data density is low. The advantage of these statistical methods is that predictions can also be 
made for areas where no measured data exists (extrapolation). Kriging, an interpolation method, is suitable 
for regional and local scale modelling if data points are positioned reasonably close together and are 
evenly distributed. The main constraint of kriging is that it cannot be used for extrapolation. An overview 
of different statistical procedures used to predict areas at risk of geogenic contamination can be found in 
Amini et al. (2010). Some examples are described in the following section, also illustrating the ability to 
model arsenic hazard at different scales.

Table A2.1  ​Modelling procedures dependent on scale.

Complexity Example Pre-modelling Step Suitable Modelling 
Procedures

Higher

Lower

Modelling large, 
heterogeneous areas, 
e.g. continental and 
global scale

Delineate process regions 
for individual modelling

•	 Neural networks
•	 Logistic regression
•	 Other statistical approaches

Regional and local 
scale modelling

Process region delineation 
not necessary if 
environmental conditions 
are relatively homogenous

•	 Logistic regression
•	 Regression kriging
•	 ​Kriging

A2.3.1 ​ Global scale arsenic hazard maps (Amini et al. 2008)
This work used a global dataset, with the final model having a resolution of 10 km at the equator. Using 
geochemical and geological expertise, first so-called “process regions” were delineated, describing 
arsenic release in “reducing” and “high-pH/oxidising” conditions. Every proxy variable and combination 
of variables from the dataset was statistically checked for their significance in delineating these process 
regions using supervised clustering and regression analysis. The most significant variables, e.g. ratio of 
evapotranspiration over precipitation (ET/P), drainage conditions and soil organic carbon content were 
then used to develop rules:

(a)	 If (region is humid) and (drainage condition is poor) and (subsoil organic content is high) then the 
condition is considered as reducing.

(b)	 If (region is arid) and (drainage condition is poor) and (subsoil pH is high) then the condition is 
considered as high-pH/oxidizing

The predictive models for arsenic in each process region were developed as follows: (i) the existing 
data set was split by stratified random sampling into two subsets for model training (85% of data) and 
model testing (15% of data) in each region, (ii) stepwise regression was used to identify the statistically 
significant variables, and (iii) Adaptive Neuro-Fuzzy Inference System (ANFIS) was applied to relax the 
linearity assumption of the stepwise regression (see Amini et al. (2010) for more information on ANFIS). 
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The models were validated using the test data set. The developed model was able to capture about 77% of 
the variation in groundwater arsenic concentration in reducing regions, while in high-pH/oxidizing regions 
the model could explain about 68% of the variation. In a last step, the probability of arsenic concentration 
exceeding the WHO guideline value of 10 µg/L at each pixel was calculated (Figure A2.3).

Figure A2.3  Modelled global probability of groundwater geogenic arsenic contamination for reducing and 
for high pH/oxidising aquifer conditions (Amini et al., 2008).

A2.3.2 ​ Regional scale modelling of arsenic hazard
Modelling arsenic on a regional or country-wide basis may be especially endorsed because government 
interest is usually focussed on the own country and the hazards faced there. Similarly, attaining the 
necessary data in good resolution may be easier on a country scale.

Pinpointing arsenic hazards and generating probability maps using logistic regression modelling has been 
done for South-East Asia by Winkel et al. (2008) and in China (Rodríguez-Lado et al. 2013; Zhang et al. 
2012; Zhang et al. 2013), whereas Yang et al. (2012), Ayotte et al. (2006) and Dummer et al. (2014) focussed 
their studies on bedrock aquifers in New England, USA and Canada and Cinti et al. (2015) modelled arsenic 
(and also uranium and vanadium) distribution in volcano-sedimentary aquifers in Central Italy.

A different methodology was used by Rodríguez-Lado et  al. (2008), whose predictions of arsenic 
hazard in shallow Cambodian groundwaters are based on a regression-kriging approach. In this case, 
auxiliary data (geology, topographical data, vegetation indices) were combined with measured arsenic 
data points to create a multiple regression model, retaining exclusively the statistically significant auxiliary 
variables, which were used to create a map of arsenic concentrations at 250 m resolution. In addition, a 
kriging interpolation of the regression residuals was added to the regression model to improve the quality 
of the output by including the stochastic structure in the data not captured by the deterministic regression 
model. The main advantage of this approach is that it represents modelled arsenic concentrations instead 
of probabilities of high arsenic occurrences (Figure A2.4).
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Figure A2.4  Estimation of mean As content (µg/L) in 16–100 m deep groundwater in Cambodia by 
regression-kriging (Rodríguez-Lado et al. 2008). See Sovann and Polya (2014) for an updated groundwater 
As hazard map.

A2.3.3 ​ Small-scale arsenic hazard modelling in three dimensions
Previous examples have focussed on estimating arsenic hazard at depth exclusively from surface 
parameters. If subsurface data (e.g. aquifer composition, well logs) are available, then predictions can also 
be made in the form of 3D models, as is shown by Winkel et al. (2011) for the Red River Delta in Vietnam 
and by Ferdous (2012) for Dhaka, Bangladesh. Using three-dimensional geological data, arsenic risk was 
determined at different depths in 10 m steps (Figure A2.5). This kind of model can be very useful for 
water supply planning and when drilling new drinking water wells. For the majority of situations where 
there is insufficient data for 3D modelling, two dimensions have to suffice. It is encouraging to note that 
Winkel et al. (2011) were able to show that while their 3D model correctly classified 74% of their data, the 
corresponding 2D model of the same area classified 65% correctly.

A2.4 ​ OPPORTUNITIES AND LIMITATIONS
The development of arsenic hazard maps using geostatistical modelling techniques is an important tool 
within the whole concept of arsenic mitigation. Hazard maps highlight areas where, due to geological 
and/or hydrological conditions, high arsenic is likely to occur and can guide scientists and policy-makers 
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alike to initiate sampling campaigns and early mitigation measures. Once the spatial distribution of 
potential arsenic hazard has been shown, this can be coupled with population density and census data, 
ultimately leading to an estimation of how many people are potentially affected by enriched arsenic in 
their groundwater, as done by Zhang et al. (2013) and Rodríguez-Lado et al. (2013).

Figure A2.5  Modelled probability of arsenic concentration exceeding 10 µg/L at different depths in the 
Red River Delta, Vietnam (Winkel et al., 2011).

As shown in this chapter, arsenic occurrence can be modelled on various scales according to data 
availability. The higher resolution the data, the more precise the model, but a balance needs to be found 
between precision and computing capacity. Using high resolution data for modelling large areas (global 
or country scale) will ultimately require large computing capabilities and may take a long time to process. 
Once the modelling algorithm/framework has been set up, maps can be updated with relatively little effort 
if better/more recent data is available, thereby always improving the predictions.

Finally, a word of caution: The models rely on the data that is available. Datasets of arsenic measurements 
are usually compiled from a range of sources that have used different quality control protocols during 
sampling and analysis. In addition, arsenic variability at local scale cannot be accounted for using low 
resolution raster-based data sets. These factors introduce a degree of uncertainty to the final model. 
Hazard maps based on model calculations can therefore never replace systematic arsenic sampling and 
monitoring, but should be viewed as a useful tool in pinpointing potential areas of arsenic contamination 
and associated health burden.
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