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Short informative 10 

 11 

A holistic tool that combines spatial data analysis methods, multi-criteria analysis, and numerical 12 

models was created to predict the spatial effect of applying biosolids to land. A robust framework was 13 

developed first to chart the effects of applied biosolids on the environment and, potentially, on the 14 

human food chain. Selecting cadmium as a prototype contaminant, a conceptual model was designed 15 

as the basis to define the workflow for the tool. Using open source and freely available data the 16 

operation and outputs form the tools are demonstrated at a national scale.  17 

 18 

19 
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 20 

Abstract 21 

 22 

There is a complex relationship between land-use, the environment, food production and quality. 23 

Regulatory and non-regulatory interventions, such as application of biosolids to agricultural land, are 24 

often undertaken at a field- or farm- level and the aggregated effects across farms and regions are 25 

difficult to understand, predict, and communicate to others both spatially and temporally. The aim of 26 

this paper was to introduce Waste to Land (W2L). W2L is a novel, holistic tool that combines spatial 27 

data analysis methods, multi-criteria analysis, and numerical models to detect areas for optimum 28 

biosolids application and to predict the spatial effect of applying biosolids to land. A robust 29 

framework was developed first to chart the effects of applied biosolids on the environment and, 30 

potentially, on the human food chain. Selecting cadmium as a prototype contaminant, a conceptual 31 

model was designed as the basis to define the workflow for the tool. Using the open-source, statistical 32 

language R and freely available data, the operation and outputs from the tool were demonstrated at a 33 

national scale in Scotland, UK. The results provided fresh intelligence on the ability of the Scottish 34 

Landbank to receive biosolids and on the spatial effect of landspreading biosolids, to facilitate the 35 

exchange of information between stakeholders, and to enable decision-making in a context of 36 

spreading biosolids on farmland. 37 

 38 

 39 

Keywords:  agriculture, biosolids, modelling, spatial analysis, stakeholder engagement, multi-criteria 40 

analysis. 41 

42 
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1. Introduction 43 

There is evidence to suggest that the use of organic waste materials (OWM) as soil amendment 44 

improves the quality of the soil, enhances crop yield, reduces the costs to both industry and farmers, 45 

and thus contributes to a circular economy (Alvarenga et al., 2017; Huguier et al., 2017). Around 46 

90x106 t of animal manures, 3.6x106 t of biosolids, and 6.4x106 t of other organic materials are spread 47 

annually in the U.K (Defra, 2008; Black, 2016; Defra, 2017). Yet, the re-use of OWM such as 48 

biosolids could also introduce pollutants and increase soil contamination. 49 

Biosolids are defined as “the nutrient-rich organic materials resulting from the treatment of sewage 50 

sludge” (U.S. EPA, 2011). Treatments include aerobic and anaerobic digestion, composting, alkaline 51 

stabilisation, or thermal drying (Lu et al., 2012), which determine the quality of the biosolids and their 52 

ability to be used as soil amendment (Water UK, 2010). However, concerns related to adverse 53 

environmental and food chain effects of trace elements and pathogens in biosolids have been 54 

acknowledged over the time (e.g. Kukier et al., 2010; Kumpiere et al., 2016) when inadequately 55 

treated biosolids were applied into the soil, disturbing the natural physical, chemical, and biological 56 

properties of the soils and resulted in irreversible effects (Gregory et al., 2015).  A key example can 57 

be seen in the addition of cadmium (Cd) into the soil in levels that exceed the EU’s maximum 58 

permissible concentration of 3 mg Cd kg-1 (Mininni et al., 2015) following the landspreading of 59 

biosolids (e.g. Koupaie and Eskicioglu, 2015, Liu, 2016). In fact, Cd is the principal factor limiting 60 

the use of biosolids on land (Davis, 1986; EC Directive 86/278). Cd is a non-essential trace element 61 

that does not play a role in the growth and development of living organisms. Still, Cd is a highly 62 

carcinogenic metal that can accumulate in the soil and cause toxic effects on soil organisms even in 63 

low concentrations (Khan et al., 2015), and can easily transfer into plants, effectively entering the 64 

food chain (Li et al., 2016). Food security, on the other hand, in terms of quantity and quality of 65 

produce, is an important societal issue in many countries including the UK, but it is vulnerable to 66 

environmental change as a result of local and global events (e.g. climate change, waste generation) as 67 
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well as policy agendas promoting the circular economy (Lathi et al., 2018) or the end-of-waste criteria 68 

(Delgado et al., 2009).   69 

The regulators in the UK ensure that agronomic and economic benefits from material re-use are 70 

balanced against health and environmental risks (e.g. Defra, 2018). To achieve effective regulation, it 71 

is crucial to develop a sound evidence base related to the application of biosolids to land. This should 72 

help to understand and communicate the potential aggregated risk from individual fields and farms 73 

using biosolids, while facilitating the implementation of a reasonable and proportional local response. 74 

To this end, a step-change in the way of understanding and modelling the relationship between 75 

agricultural land use and food security at a national level is needed. For this, the use and exploitation 76 

of existing knowledge and readily available datasets has the potential to be crucial. Readily available 77 

environmental data could be combined with statistical tools to help to provide fresh intelligence and 78 

insights into environmental change and the management of this change by the society. The challenge 79 

lies in defining comprehensive frameworks and conceptual models able to curate and merge available 80 

datasets effectively into computer-based tools yielding robust outputs that are then usable within 81 

environmental management, stakeholder engagement, and decision or policy-making settings.   82 

The availability of relevant data sets (e.g. JHI, 2018; ESDAC, 2020), the advances in physical 83 

geography methods (e.g. Malone et al., 2017), the advent of easy-to-use statistical computing 84 

languages (e.g. R Core Team, 2017), and the present computational power of personal computers 85 

made possible the creation of simple, computer-based tools that show and predict the spatial effect of 86 

applying biosolids to agricultural land. There are a number of integrated, computer-based, numerical 87 

models or tools available aiming at forecasting the environmental effect from different land 88 

management strategies, including the landspreading of OWM (e.g. SWAT - Soil Water Assessment 89 

Tool (Arnold et al., 1998); Daisy – Soil-crop-atmosphere system model (Abrahamsen and Hansen, 90 

2000)). Yet, and in spite of their comprehensiveness, these models lack versatility, as they are not 91 

built in an easy-to-use open-source language, which makes it difficult to customise the simulated 92 

environmental compartments and processes. They also are relatively rigid in terms of enabling the use 93 

of readily available datasets that require statistical processing or data mining prior being fed into the 94 
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model. Moreover, their model outputs may not be very easy to understand, requiring expert 95 

knowledge for their processing and interpretation. Additionally, they lack sound statistical tools 96 

permitting the exploration and exploitation of the model inputs and outputs beyond the scope of the 97 

model. In the UK, there was a good attempt to develop a tool to quantify and locate, temporally and 98 

spatially, the national capacity of agricultural land to accept OWM –i.e. ALOWANCE (Agricultural 99 

Land and Organic Waste – A National Capacity Estimator; Humphries et al. 2007). However, 100 

ALOWANCE did not take into account the source-pathway-receptor paradigm, which establishes the 101 

context in which an environmental risk exists by defining the source of contamination, a receptor, and 102 

a pathway linking the two (SEPA, 2007) to explore the environmental effect derived from using 103 

OWM in a farmland. Moreover, the limited geographic spread (e.g. land capacity of Scotland was not 104 

considered) and the lack of maintenance of this model/tool led to its disappearance.           105 

The aim of this paper is to introduce Waste to Land (W2L), a novel tool to show and predict the 106 

spatial effect of applying biosolids on the environment. W2L considers both the availability of data at 107 

the national level and the statistical requirements to bring them together in a single model and achieve 108 

the following goals: (i) to detect areas for optimum biosolids application; (ii) to foresee the movement 109 

of biosolids across environmental compartments; (iii) to explore scale and zonation effects of the 110 

application of biosolids to identify aggregated spatial effects; and (iv) to inform land management 111 

strategies and policies. In this paper we introduce the components of W2L, built in the statistical 112 

language R (R Core Team, 2018) on the basis of a novel framework and conceptual model portraying 113 

the case of applying biosolids into land. Additionally, we illustrate potential tool outputs generated 114 

from setting a case scenario in which a high dose of Cd-rich biosolids is applied into land in Scotland. 115 

Eventually, we reflect on the views of the proposed tool following sense-checking with key 116 

stakeholders to identify aspects for improving W2L and requirements to create a useful tool.  117 

   118 
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 119 

2. Materials and methods 120 

 121 

2.2.  W2L framework 122 

We defined a robust and comprehensive framework (Fig. 1) to evaluate the impact and benefit of 123 

applying OWM to farmland on the environment and, potentially, on the human food chain. The 124 

framework gathered the driving processes, the environmental compartments, and required information 125 

(i.e. variables) to describe the processes and compartments needed to assess the environmental effect 126 

of spreading (Bruun et al., 2016; Liu, 2016; Tully and Ryals 2017) and transport (Heimsath et al., 127 

1997; Stieglitz et al., 2003; Sperotto et al., 2014; Friberg, 2017) of organic waste materials (OWM) 128 

recognised in the literature. Five main environmental compartments were included within the 129 

framework – i.e. soil, water, plant, atmosphere, and human food chain – linked through a series of 130 

processes (arrows) that can potentially be described in the light of measurable variables (dotted boxes) 131 

by using process-based, numerical models (e.g. Jorgensen, 2011; Gonzalez-Ollauri and Mickovski, 132 

2014). The source-pathway-receptor paradigm, which establishes the context in which an 133 

environmental risk exists (SEPA, 2007), was considered to identify quantitative variables able to 134 

describe the release and transport of OWM elements from the amendment into the environment.  135 

To portray the established framework, we used biosolids as an OWM example due to their 136 

controversial and restricted use on farmland in the UK (e.g Defra, 2018; The Guardian 05/10/2019). 137 

In addition, we focused the framework on the chemical elements of major general concern for 138 

agricultural production and environmental quality (Hester and Harrison, 2016; Tully and Ryals, 139 

2017), i.e. soil macronutrients which regulate crop yields (i.e. nitrogen, N; phosphorous, P; and 140 

potassium, K) but also able to disturb aquatic ecosystems through eutrophication (Chislock et al., 141 

2013), and heavy metals (e.g. cadmium, Cd; chromium, Cr; lead, Pb; copper, Cu; zinc, Zn; etc.) with 142 

acknowledged risks to human health and ecosystem integrity (Tiller, 1989). Establishing the elements 143 

of interest allowed identification of specific processes and quantitative variables related to their 144 
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behaviour in the environment over spatiotemporal scales (e.g. release from the soil and 145 

bioavailability) and setting soil nutrient and heavy metal threshold levels for identification of sites for 146 

optimum OWM landspreading as required by the Regulators (Defra, 2018).  147 

 148 

Figure 1. W2L framework illustrating the processes (arrows) involved in the movement of biosolid elements (e.g. nitrogen, 149 
phosphorous, heavy metals, etc.) across environmental compartments (solid line boxes) and their governing variables (dash 150 
line boxes). The red arrows within the framework indicate the scope of the current version of W2L. See online version for 151 
colours.    152 

To avoid potential data availability constraints an exhaustive exploration of the UK electronic 153 

databases (i.e. 47 datasets from 37 different sources; Table 1 and supplementary material Table S1) 154 

was carried out to identify the usability of each dataset in terms of the potential to depict particular 155 

environmental processes and describe specific compartments within the framework.  The main criteria 156 

in the usability assessment included: (i) free access; (ii) spatial distribution; and (iii) minimum data 157 

management operations.  158 
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2.3. W2L modules 159 

For prototyping purposes, and in an attempt to provide a relevant example of the tool’s potential, we 160 

targeted cadmium (Cd) as one of the major toxic elements present in biosolids (Kukier et al., 2010) 161 

that poses high threats to soil quality, food safety and human health (Khan et al., 2017), while 162 

remaining the principal factor limiting the use of biosolids on land in the UK (Davis, 1986; Mininni et 163 

al., 2015). W2L was built in the open-source statistical computing language R, combining machine 164 

learning, multi-criteria analysis (MCA), numerical modelling, digital soil mapping and geostatistics 165 

(R Core Team, 2018).  166 

On the basis of the components defined in the framework (Fig. 1) and the objectives set for the W2L 167 

tool, a conceptual model was designed as the basis to define the workflow for the tool (Fig. 2).  Four 168 

interconnected modules were built in a cascade fashion to cover the spatiotemporal scales: (i) Spatial 169 

data mining and interpolation; (ii) Optimum biosolids application zones definition; (iii) Biosolid 170 

elements transport across the environment; and (iv) Exploratory spatial data analysis (ESDA).   171 

 172 

Figure 2. W2L conceptual model illustrating the tool’s workflow, modules, datasets and numerical operations involved in the 173 
generation of outputs on the basis of a user-defined case scenario. Modules i to iii can feed into module iv for further 174 
statistical exploration of the input and output datasets. The connection between datasets and numerical operations is 175 
illustrated with arrows. Constraining attributes or covariates limit the land’s capacity to receive biosolids according to UK’s 176 
environmental regulations (Defra, 2002, 2018) and are thus excluded from MCA-AHP - i.e. Multicriteria Analysis – 177 
Analytical Hierarchy Process.     178 

 179 
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The aim of Module i is to generate digital soil maps in the form of spatially continuous raster layers 181 

from spatial data points containing sparse information for soil attributes of interest (Table 1; Fig. 1). 182 

To do so, the module evaluates first the relationship between the soil data points with readily 183 

available, spatially continuous, terrain and geographic features (e.g. slope, curvature, aspect, land use) 184 

occurring at the same location where information for a particular soil attribute exists - i.e. scorpan 185 

approach (McBratney et al., 2003; Malone et al. 2017). The former relationship is evaluated by fitting 186 

Random Forest (RF) models (Breiman, 2001; Liaw and Wiener, 2018) combined with a verification 187 

process that involves a bootstrapping method with replacement (Efron, 1979). With this approach, 70 188 

% of the data points available are employed to fit RF models, while the remaining 30 % are utilised to 189 

evaluate the model’s predictive capacity. One hundred RF models are fitted in total per soil attribute 190 

from which the best model is then chosen to undertake spatial interpolations and generate spatially 191 

continuous raster layers (i.e. digital soil mapping; McBratney et al., 2003). The best model is chosen 192 

in terms of the highest coefficient of determination (R2), the highest explained variance, and the 193 

minimum residual mean square error (RMSE). The models for each of the studied soil attributes are 194 

built in a cascade fashion (Gonzalez-Ollauri and Mickovski, 2017) following an environmental logic 195 

(Table 2). With this, prediction outputs for the first attribute (e.g. soil clay content) feed into the 196 

models predicting the subsequent attributes (e.g. soil pH), increasing the predictive capacity of the 197 

models as more information becomes available to fit successive models (e.g. Zhang and Ling, 2018).  198 

Table 1. Environmental covariates employed by W2L to detect optimum zones for biosolids application in Scotland and to 199 
predict soil Cd uptake by plants. RF: random forest.  200 

Covariate Original format Transformation Source Description 
Land Use Vector Aggregation; 

Rasterisation; 
Reclassification 

OS (2018) Farmland is generally suitable for biosolids application while 
other land uses (e.g. forests, infrastructure, outcrops) restrict 
their application – Defra (2018) 

Soil texture 
(i.e. sand, 
silt and 
clay 
content) 

Spatial points RF modelling; Spatial 
interpolation; 
Reclassification 

JHI (2018) Fine textured soils will retain biosolid elements while coarse 
soils will foster the transport (e.g. leaching) of biosolid 
elements from the soil to other environmental compartments 
(Bohn et al., 2001) 

Soil pH Spatial points RF modelling; Spatial 
interpolation; 
Reclassification 

JHI (2018) Soil pH below 5 fosters the release of Cd from the soil and its 
transport to other environmental compartments (Smith, 1993; 
Gray et al., 1999); Biosolids may not be applied if soil pH < 5 
(DoE, 1996) 

Soil total 
nitrogen 

Spatial points RF modelling; Spatial 
interpolation; 
Reclassification 

JHI (2018) Soils rich in nitrogen (i.e. > 240 mg kg-1) should be excluded 
for biosolids application – a soil nitrogen supply system should 
be followed (Defra, 2011). 

Soil total 
cadmium 

Spatial points RF modelling; Spatial 
interpolation; 
Reclassification 

JHI (2018) Soils with high background levels of Cd (i.e. 3 mg kg-1) should 
be excluded for biosolids application (Mininni et al., 2015) 

Soil 
organic 

Spatial points RF modelling; Spatial 
interpolation; 

JHI (2018) OM rich soils (OM > 2 %) will have the ability to retain 
biosolid elements, but they tend to be acidic (i.e. soil pH<7 – 
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matter Reclassification potential release of soil Cd at pH < 5). OM poor soils will 
profit from the application of organic-rich amendments but 
may encourage transport of biosolid elements from the soil into 
other environmental compartments (Bohn et al., 2001)   

Terrain 
attributes 
(i.e. 
elevation, 
slope, 
curvature, 
aspect) 

Raster Terrain attributes 
calculation; 
Reclassification 

GetMapping 
(2018) 

Sloped soils may be subjected to erosion and runoff, 
facilitating transport of biosolid elements to other 
environmental compartments. Land management operations on 
sloped soils are expensive. Land spreading should be avoided 
if slope is > 16o  (Humphries et al., 2007) 

Water 
bodies 

Vector Selection; Buffer; 
Rasterisation 

OS (2018) Organic amendments cannot be applied on water bodies. A 
buffer distance of 10 m from watercourses must be considered 
for biosolids application (MAFF, 1998)  

Wells Spatial points Selection; Buffer; 
Rasterisation 

OS (2018) A buffer distance of 50 m from wells  and springs must be 
considered for biosolids application (MAFF, 1998) 

Nature 
reserves 

Vector Selection; Buffer; 
Rasterisation 

OS (2018) Biosolids cannot be applied on nature reserves (Defra, 2018) 

Nitrate 
vulnerable 
zones 

Vector Selection; Buffer; 
Rasterisation 

OS (2018) Zones designated as vulnerable for nitrate pollution have 
restrictions for the application of fertilisers (Defra, 2002) 

Urban 
centres 

Vector Selection; Buffer; 
Rasterisation 

OS (2018) Biosolids cannot be applied on urban soil or where a nuisance 
can be caused to nearby homes, industry, or traffic (Defra, 
2018) 

 201 

 202 

2.3.2. Module ii: Optimum biosolid application zones definition  203 

Module ii is focused on generating land suitability scores for the landspread of biosolids on the basis 204 

of the 12 environmental covariates (Table 1; Fig. 2) known to influence the bioavailability of soil Cd 205 

(Kukier et al., 2010), or limiting the application of biosolids into land (Defra, 2018). The covariates 206 

were combined through a multi-criteria analysis (MCA; Eastman, 1999; Gonzalez-Ollauri, 2013) 207 

comprising an analytical hierarchy process (AHP; Saaty, 1980) and a simple additive weighting 208 

operation (SAW; Hwang and Yoon, 1981). The AHP assigns weights to each covariate according to 209 

their relative relevance for scoring land into suitability classes for biosolids landspreading. Water 210 

bodies, wells, nature reserves, nitrate vulnerable zones, and urban centres were excluded from AHP, 211 

as they explicitly restrict the application of biosolids on land (Defra, 2018), but they were considered 212 

in the definition of land suitability classes through a spatial overlay operation (Wade and Sommer, 213 

2006).  214 

We retrieved information on the relative importance of the remaining seven covariates  (i.e. after 215 

excluding the five constraining covariates indicated above; Table 1; Fig. 2) by conducting a survey of 216 

sixteen anonymous experts based at Glasgow Caledonian University (GCU). The survey asked the 217 
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experts to rate the relative importance of each covariate by using pairwise comparison matrices (Song 218 

and Kang, 2016) . The comparison matrices enabled the respondents to rate each covariate against 219 

each other. Accordingly, the matrices were populated with values ranging from 1 to 9, and their 220 

inverse counterparts (e.g. 1/n), depending on the perceived importance of one covariate against 221 

another. The AHP protocol defined by Saaty (1980) was then implemented to process the information 222 

gathered in the pairwise comparison matrices and to retrieve an eigenvector containing the relative 223 

weight of each evaluated covariate (i.e. the sum of the eigenvector components is 1). The consistency 224 

of the AHP outcomes was checked in the light of a consistency index (Saaty, 1980). Subsequently, the 225 

criteria or covariates were combined in their spatial format through SAW (Eq. 1) following a 226 

reclassification process (supplementary material Table S2; Wade and Sommer 2006). The 227 

reclassification process consisted in standardising each covariate into a suitability scores scale ranging 228 

from 1 (i.e. least suitable) to 5 (i.e. most suitable), depending on how each covariate may influence 229 

the bioavailability of soil Cd (Table 1).  230 

Biosolids Application Potential = X1 x Land Use + X2 x Soil Clay Content + X3 x Soil pH + X4 x Soil 231 

Nitrogen Level + X5 x Soil Organic Matter + X6 x Terrain Slope + + X7 x Soil Cd Level (Eq.1) 232 

where X1 to X7 are the eigenvector components resulting from AHP - i.e. relative importance of each 233 

covariate and SXn=1.    234 

2.3.3. Module iii: Biosolids elements transport across the environment.  235 

Module iii was aimed at predicting the transport of specific chemical elements across the 236 

environmental compartments once a dose of biosolids with a known elemental composition has been 237 

applied to land. To do so, this module accepts process-based and empirical, numerical models able to 238 

predict the flux of an element of interest from the amendment to the soil and from the soil to the crop 239 

and, potentially, to the food chain, using soil and climatic variables as predictors (e.g. Gonzalez-240 

Ollauri and Mickovski, 2016, 2017, 2018). For prototyping purposes, a model simulating the soil-crop 241 

uptake of cadmium (Cd) was included, taking into account the empirical equations suggested in 242 
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McBride (2002) to estimate the uptake of Cd by a given crop as a function of the soil pH and the soil 243 

background concentration of Cd (Eq. 2).  244 

log$𝐶𝑑'()*+ = 𝑎 + 𝑏. log(𝑠𝑜𝑖𝑙	𝐶𝑑) − 𝑐. (𝑠𝑜𝑖𝑙	𝑝𝐻) Eq.2 245 

where a, b, and c are crop-specific, empirical coefficients.  246 

2.3.4. Module iv: Exploratory spatial data analysis (ESDA) 247 

The aim of Module iv was to map the geographical distribution for selected spatial variables alone or 248 

in combination, at identifying spatial outliers, at detecting trends, or discovering regimes of spatial 249 

association between environmental covariates. This was achieved by incorporating the R package 250 

‘GeoXP’ (Laurent et al., 2012) into the tool’s workflow (Fig. 2). ‘GeoXP’ enables the user to couple 251 

maps generated from the implementation of Modules i to iii with interactive statistical graphs, making 252 

easy to explore the environmental factors leading to a particular output, to assess the spatial outcomes 253 

produced by the proposed tool in detail, or to evaluate the spatial aggregated effect of a particular land 254 

management strategy.           255 

2.4. Case study – preliminary implementation of W2L 256 

To illustrate and test the potential of W2L, the conceptual model and workflow through the modules 257 

(Fig. 2) were applied for the case of spreading biosolids onto land in Scotland, and targeting cadmium 258 

(Cd) as the biosolid element of concern (e.g. Kukier et al., 2010). The scenario of applying an equal 259 

dose of 16 t biosolids ha-1 with a Cd concentration of 3 mg kg-1 throughout Scotland was considered, 260 

with three different crops – i.e. lettuce, chard, and corn –assumed to be cultivated one-at-a-time over 261 

the entire land surface. We also assumed that all Cd within the biosolids became bioavailable 262 

immediately after application. The purpose of setting this scenario was twofold: (i) to identify the 263 

extent of the Scottish landbank able to receive biosolids as a basis to estimate the total capacity for 264 

biosolids re-use in Scotland; and (ii) to estimate the ability of typical crops to uptake Cd from the soil 265 

under changing environmental attributes. We also focused the scenario at a higher spatial scale to 266 

avoid the presentation of sensitive information for farmers or landowners, and to showcase the 267 
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outcomes from Module iii in a more illustrative manner without incurring any sensitivity issues to 268 

target stakeholders.  269 

The required datasets to implement the tool’s prototype (Table 1) were transformed from a spatial 270 

data points into a raster format (i.e. spatially continuous format) using Module i and the formulae 271 

shown in Table 2. Prior to implementing Module ii, every spatially-based dataset was reclassified into 272 

a suitability scores scale using a standardisation method (e.g. Eastman, 1999). With this, the original 273 

variable’s value was replaced by values ranging from 1 to 5 according to their positive or negative 274 

impact on the bioavailability and transport of Cd in the environment (e.g. Friberg, 2017; Table 1). 275 

Then, zones for optimum application of biosolids were identified by implementing Module ii. Next, 276 

Module iii was implemented to assess Cd uptake by the three crops considered in this case study, as 277 

indicated above. The differences between the three considered crops in terms of their ability to uptake 278 

soil Cd were evaluated by retrieving and plotting the cumulative distribution functions (CDF) and 279 

probability distribution functions (PDF) for the simulation outcomes produced by Module iii. 280 

Subsequently, Module iv was implemented to undertake an ESDA using specific inputs and outputs 281 

from Modules i and iii.  282 

Table 2. Prediction formulas for the soil spatial variables used with the random forest (RF) algorithm to obtain spatially 283 
continuous datasets from spatial points within W2L’s Module i (Fig. 2). OM: organic matter; N: nitrogen; Cd: Cadmium. 284 

Covariate Formula 
Soil sand Sand = Elevation + Slope + Curvature + Aspect + Land cover 
Soil clay Clay = Sand + Elevation + Slope + Curvature + Aspect + Land cover 
Soil silt Silt = Clay + Sand + Elevation + Slope + Curvature + Aspect + Land cover 
Soil pH pH = Silt + Clay + Sand + Elevation + Slope + Curvature + Aspect + Land cover 
Soil OM OM = pH + Silt + Clay + Sand + Elevation + Slope + Curvature + Aspect + Land cover 
Soil N N = OM + pH + Silt + Clay + Sand + Elevation + Slope + Curvature + Aspect + Land cover 
Soil Cd Cd = N + OM + pH + Silt + Clay + Sand + Elevation + Slope + Curvature + Aspect + Land cover 
 285 

2.5. W2L viability and future requirements  286 

To explore the viability of the tool and the requirements for its future enhancement, a series of 17 287 

semi-structured interviews were carried out with stakeholders from relevant departments of the 288 

Regulators (i.e. Scottish Environment Protection Agency (SEPA), Environment Agency for England 289 

and Defra), water industry (i.e. Scottish Water), environmental consultancies (i.e. WCA Consulting), 290 
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National Farmers Union, and British academic institutions (i.e. Cranfield University, James Hutton 291 

Institute, University of Glasgow, University of Strathclyde, and GCU). On the basis of key 292 

stakeholders’ perception on W2L,  we explored the needs, weaknesses, opportunities, and threats of 293 

the proposed tool by using the SWOT (strengths, weaknesses, opportunities, and threats) analysis 294 

approach (e.g. Hill and Westbrook, 1997; JRC, 2018). 295 

3. Results and Discussion	296 

3.1. Module i: spatial inputs interpolation 297 

The outcomes from Module i are summarised in Table 3. The ability of Module i to spatially predict  298 

the studied covariates tended to increase when more information was avaialble (Tables 2, 3). The 299 

spatial models for soil total nitrogen had the highest goodness of fit (Table 3), whilst those for soil pH 300 

and Cd had the lowest (Table 3). The results reflected the spatial heterogeneity of covariates such as 301 

soil pH and Cd and their indepence from the spatial atributes that we considered for their predicttion 302 

with the models defined in Module i (Table 2). The predictive capacity of these models could have 303 

been improved by considering additional covariates that are directly correlated with the attributes of 304 

interest - e.g. parent material with soil pH (Bohn et al., 2001). However, the results showed that 305 

Module i is capable of generating spatially continuous robust outputs in the form of digital soil maps 306 

(McBratney et al., 2003) even from relatively sparse spatial data points, and reflect spatial 307 

heterogeneity more satisfactorily than common spatial interpolation approaches, such as kriging or 308 

inverse distance weighting (Malone et al., 2017).  309 

Table 3. Summary from the cross-validation process for the 100 Random Forest models fitted in Module i to generate 310 
spatially continuous information from spatial data points for the considered soil attributes. sd: standard deviation.   311 

Covariate R2±sd RMSE±sd Explained 
Variance±sd 
(%) 

Best model 
R2 RMSE Explained 

Variance (%) 
Soil sand 0.04±0.02 39.35±1.12 0.62±2.97 0.09 37.13 5.53 
Soil clay 0.21±0.04 61.13±1.50 57.51±3.30 0.35 62.19 56.21 
Soil silt 0.62±0.04 52.95±1.42 82.87±1.14 0.59 53.76 81.90 
Soil pH 0.09±0.01 1.91±0.04 0.37±1.83 0.13 1.87 1.92 
Soil OM 0.30±0.03 30.78±0.84 28.16±2.24 0.39 29.05 22.48 
Soil total N 0.87±0.01 0.32±0.02 87.16±0.64 0.91 0.28 85.61 
Soil total Cd 0.12±0.10 0.53±0.21 5.79±6.86 0.36 0.35 5.33 
 312 
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 313 

Figure 3. (a) Land use classes established in this study for Scotland; (b) Soil pH map for Scotland generated by W2L through 314 
spatial interpolation in Module i; (c) Land suitability for biosolids application in Scotland predicted by W2L’s Module ii, 315 
where 1 portrays the least suitable and 5 the most suitable land for biosolids application. Agricultural land and zones with 316 
soil pH above 5 presented the highest suitability for biosolids application. See online version for colours.          317 

3.3. Module ii: zones for optimum application of biosolids within Scotland’s land bank   318 

The results from the AHP implemented in Module ii are shown in Table 4. Land use was shown to be 319 

the most important covariate (0.28±0.13) while the least important covariate was the soil background 320 

concentration of Cd (0.08±0.04). The resulting consistency index from the AHP was 0.032, indicating 321 

that the AHP inputs were consistent (Saaty, 1980).  The combination of the attributes considered in 322 

Module ii (Table 1) led to the successful classification of Scotland’s land bank into classes with 323 

different scores for receiving biosolids (Fig. 3). The results indicate that there is a limited amount of 324 

land (2.6 % of Scotland’s area) offering optimum conditions for the application of biosolids (Fig. 3c). 325 

Land areas under agricultural use (Fig. 3a) and with soil pH above 5 (Fig. 3b) were shown to present 326 

the most favourable attributes for landspreading biosolids (Fig. 4c). Considering a biosolids 327 

application dose of 16 t ha-1, the optimum amount of biosolids that the Scottish Landbank can receive 328 

is 3.3 million t of biosolids – i.e. twice the amount of biosolids produced annually in the U.K in 2008 329 

(Water UK, 2010). However, the ability of the land to receive Cd-rich biosolids was shown to be 330 

substantially limited by the presence of a rough topography and acidic soils throughout Scotland (Fig. 331 

4b; Soil Survey of Scotland Staff, 1981). It is worth noting that the outcomes obtained herein 332 

depended upon the weights assigned to each of the considered environmental attributes (Table 4), the 333 

amount and type of covariates chosen, the robustness of the spatial interpolations undertaken by 334 

Module i (Table 3), as well as the quality and reliability of the input datasets. Yet, the results indicated 335 
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that W2L was effective for identifying geographical zones with more favourable attributes for the 336 

application of biosolids. As a result, the information generated from implementing Module ii is 337 

readily usable by land planners and managers, field finders, or famers, to inform better the decisions 338 

made on a given land management strategy at a particular geographical location. 339 

Table 4. Relative weight (i.e. eigenvector components) for the soil attributes considered in the Analytical Hierarchy Process 340 
(AHP) implemented in W2L’s Module ii.  341 

Covariate/Attributes Relative weight  
Land use 0.28±0.13 
Soil clay 0.16±0.08 
Soil pH 0.15±0.12 
Soil total N 0.12±0.09 
Soil OM 0.10±0.08 
Terrain slope 0.11±0.06 
Soil total Cd 0.08±0.04 
 342 

 343 

Figure 4. (a-c) Plant uptake of soil total Cd (mg kg-1 dry weight; DW) predicted by W2L’s Module iii for three typical crops - 344 
i.e. (a) lettuce, (b) chard, and (c) corn, assumed to be cultivated throughout Scotland’s geographical area. (d) Illustration of 345 
the behaviour of the cadmium (Cd) uptake model employed in W2L’s Module iii (McBride, 2002) for the three different 346 
crops (i.e. lettuce, chard, and corn) under two different soil pH values. When soil pH is above 5, the ability to uptake soil Cd 347 
by the crops is substantially reduced. (e-f) Cumulative distribution functions (CDF) and probability distribution functions 348 
(PDF) retrieved from the outputs generated by W2L’s Module iii to compare the ability of the three considered typical crops 349 
to uptake soil Cd. Chard’s ability to uptake and bioaccumulate soil Cd was significantly higher than lettuce and corn’s. See 350 
online version for colours.  351 
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3.4. Module iii: Cadmium uptake by three typical crops 352 

The simulation results from implementing W2L’s Module iii (Fig. 2; Section 2.3.3) are shown in Fig. 353 

4. The results indicate that the three crops under consideration (i.e. Lettuce, Chard, and Corn) were 354 

able to uptake and accumulate Cd in their leaf tissue in concentrations surpassing the safety limits 355 

recommended by the EU for this element (i.e. 3 mg Kg-1 DW; Mininni et al., 2015; Defra, 2017b). 356 

Chard was the crop showing the greatest Cd uptake (Figs. 4b, e, f) as a result of the concentration of 357 

soil total Cd derived from the application of biosolids under the considered scenario (i.e. 3 mg Cd Kg-358 

1 soil; see Section 2.4), and as a result of the prevalent acidic soils found in Scotland (Fig. 3b). In line 359 

with the adopted Cd uptake model in Module iii (McBride, 2002), higher concentrations of soil total 360 

Cd and different soil pH levels lead to different Cd uptake predictions (Fig. 4d). Accordingly, the 361 

zones with higher soil pH (Fig. 3b) and, hence, better aptitude for receiving biosolids (Fig. 3c), were 362 

shown to have substantially lower Cd uptake (Fig. 4a-c). However, the predicted levels of Cd 363 

accumulation in the dry tissue of the selected crops seem unlikely as crops will not be able to uptake 364 

Cd infinitely (e.g. Zhao et al., 2002; Stritsis and Claassen, 2013), given that other elements may 365 

become limiting for crop growth and development as more Cd is made available (e.g. Das et al., 1997; 366 

Moreno et al., 1999). Additionally, toxic effects are likely to appear as a result of the high Cd 367 

concentration in the plant tissues (e.g. Das et al., 1997). These results, albeit limited in their 368 

application potential,  support the usefulness of W2L in making land management decisions at the 369 

farm level or at larger spatial scales, as well as the aggregated effect of a given land management 370 

strategy if additional data processing of the results is undertaken (e.g. Figs. 4e-f). For example, W2L 371 

can help choose the most appropriate crop for cultivation on a given geographic area with certain soil 372 

or environmental attributes (Table 1), calculate the total amount of a contaminant removed from the 373 

soil by that crop (Fig. 4f; e.g. Gonzalez-Ollauri and Mickovski, 2018), or identify geographical areas 374 

requiring land treatment prior cultivation (e.g. liming to increase soil pH; Goulding, 2016; Fig. 4d). 375 

Nonetheless, the predictive capacity of the Cd uptake model included in W2L’s prototype (McBride, 376 

2002), or of any other uptake model chosen by a future tool user, has to be tested and validated to 377 

ensure a high degree of reliability from the obtained outcomes, in particular, if the movement of a 378 

particular element along the food chain is of concern. Similarly, more comprehensive and integrated 379 
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models of biosolid or element accumulation and its cycle within the environment, or a specific 380 

site/filed, as depicted in the established framework (Fig. 1) can be easily included by the future users 381 

due to the open-source nature of the proposed tool. To this effect, the comprehensive list of UK 382 

datasets provided in the supplementary material (Table S1) is offered as a good starting point.    383 

3.5. Module iv: Exploratory Spatial Data Analysis (ESDA)  384 

The inclusion of the ESDA workflow in Module iv of W2L (Fig. 2) helped highlight the 385 

environmental factors responsible for a particular spatial observation and their statistical relationship. 386 

In the example provided in Fig. 5, W2L showed that a large proportion of  the Scottish Landbank has 387 

a pH < 5 (Figs. 5a and c), in which the full range of soil total Cd concentrations is well represented 388 

(Fig. 5b). Additionally, the simulated soil Cd uptake by crops was shown to be substantially lower in 389 

geographic zones with soil pH > 5 (Figs. 5c and 5f). The latter enabled the ESDA workflow to 390 

identify spatial clusters with different levels of Cd uptake (Fig. 5c-f) - i.e. West Scotland presented 391 

high rates of soil Cd uptake as a result of low soil pH (< 5) while East Scotland showed low rates of 392 

soil Cd uptake as result of high soil pH (> 5). These observations corroborate and illustrate further the 393 

simulation outcomes for Cd uptake by the considered crops (Fig. 4). These outputs could be 394 

employed, for example, for delineating geographical zones on which different land management 395 

strategies or policies can be considered - e.g. zones of varied biosolids load that can be applied in the 396 

light of the potential bioaccumulation of Cd. It is worth noting that the R package ‘GeoXP’ (Laurent 397 

et al., 2012) incorporated in Module iv includes a wider range of ESDA functions which, with an 398 

adequate interpretation, can provide a deeper understanding on spatial observations and support land 399 

management decisions and strategies through the provision of illustrative intelligence.     400 
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 401 

Figure 5. An example of the outcomes that can retrieved from W2L’s Module iv through ESDA (Exploratory Spatial Data 402 
Analysis) methods to reveal spatial distributions and clusters. (a) Probability density function (PDF) for soil pH in Scotland, 403 
on which the range of data points with a soil pH below 5 (i.e. zones where the application of biosolids is not recommended; 404 
Fig. 3c) has been highlighted in red; (b) Probability density function (PDF) for soil total Cd in Scotland, on which the range 405 
of data points located on soils with a pH below 5 is highlighted in red; (c) zones with soil pH below 5 in Scotland were 406 
highlighted in red after introducing this query in W2L’s Module iv; (d-f) Spatial clusters belonging to geographical areas 407 
presenting (d) high soil Cd uptake – Cluster 3, and (e) low soil Cd uptake – Cluster 1.   408 

 409 

3.6. W2L viability and future requirements: stakeholders perception on the proposed tool 410 

The outputs from the SWOT analysis are shown in Table 5, by which we explored the needs, 411 

weaknesses, opportunities, and threats related to W2L on the basis of key stakeholders’ perception. 412 

The stakeholders’ general perception of W2L was positive, with a consensus that the tool has the 413 

potential to serve as a platform to enhance the overall confidence of using biosolids in farmland as 414 

well as support and inform research, national and local strategies. Stakeholders indicated that, in the 415 

future, multiple soil amendment options (e.g. farmyard manure, biochar, vermicompost, inorganic 416 

fertiliser, etc.) and variables related to their chemical composition and elements release (e.g. 417 

mineralisation functions; Eghball et al., 2002) can be incorporated in W2L to allow comparison of the 418 

effects of different organic materials. The stakeholders identified the robustness of the tool outputs, 419 
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and the sensitivity of the information employed and generated by the tool (Table 5) as aspects that, 420 

while currently limited by data availability, will have to be addressed in the future.  421 

 422 

Table 5. SWOT analysis of the tool and the future development stemming from the stakeholder engagement. 423 

Strengths (and needs) Weaknesses 
• The tool can show benefits of using OWM (waste, climate 
change, wider public benefits) 
• Core model needs to be flexible and versatile 
• The tool should complement other research and build on it 
• Need for the framework to continue to inform the future research 
questions 
• Clear ownership and robustness of the data 
• User-friendly interface needs to accessible for a wide range of 
non-cognitive stakeholders 
• IT requirements with legacy systems held by environment 
agencies 
• Cloud-driven, so not dependent on expensive software tied to 
physical computers 
• A maintenance plan is needed for the datasets 
• Need for quality assurance of data quality 
• Need to get engagement from the stakeholders and wider farming 
community – i.e. stakeholders need to feel ownership for the tool 
and data 

• Restrictions of accessing data – data protocols are needed 
• Tool boundaries –i.e. where to set them? 
• Food standards not included 
• Data quality assurance issues – data quality must be monitored 
• Long time to develop an operational tool that can become 

mandatory at the national level 
• Lack of strategy to capture data from stakeholders  
• Lack of experimental case study to test and support the tool’s 

potential  
 

Opportunities Threats 
• Pragmatic tool that is seeking to promote behavioural change, 
learning, and information exchange amongst stakeholders 
• The tool may encourage the use of biosolids in agriculture  
• The tool should be mandatory and provide full national coverage 
to get the best out of it 
• Important to engage with the National Farmers Union to 
encourage farmers to get involved, to recognise the tool as a good 
practice, to promote it to members, to reflect quality assurance 
schemes   
• Testing the tool with farmers will be really important to establish 
benefits 
• There is significant potential if the tool is promoted well among 
the farming community 
• The tool should explore questions that are of interest to the 
farmers –e.g. fertiliser inputs and costs, organic matter inputs from 
OWM 
• A prototype mobile app could help to gain some momentum and 
visibility for the wider framework 
• However, a simple tool should not be of poor quality in terms of 
data 
• There are opportunities to link the tool to the wider waste sector 
and to the circular economy   

• Access and data sensitivity 
• Tool data must be live and updated 
• The tool needs to achieve the full picture in terms of evaluating 
the effect of OWM landspreading on the environment  
• Public perception could be potentially damaging 

 
 

 424 

The framework on which W2L was built will allow addressing of these issues through inclusion of 425 

input quality verification, spatial interpolation based on widely accepted methodologies, assessment 426 

of source-pathway-receptor numerical models, sensitivity analysis of the input variables and 427 

maintenance/update over time in terms of fixed inputs and components. Although the features 428 

concerned with the sensitivity of the input/output information are challenging (e.g. organic waste in 429 
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general, and biosolids in particular, are generally regarded as a sensitive material (e.g. Lowman et al., 430 

2013; Koupaie and Eskicioglu, 2015; Liu, 2016), and although farmers may be interested to see the 431 

impact of a given land management strategy on their farms, they may also be reluctant to make public 432 

particular practices implemented on their farms. These issues can be addressed with presentation of 433 

the W2L outcomes at a scale appropriate for anonymising the activities of individual farmers or 434 

agencies. Despite the operational challenges of this approach, the authors are currently working on the 435 

enhancement of W2L focusing on generating and presenting outputs in different tiers/scales 436 

depending on the focus of a particular stakeholder.  437 

Future research and development of W2L will focus on the inclusion of financial aspects related to the 438 

profitability of using biosolids in farmland, the consideration of the effect of using biosolids on soil 439 

microbial communities, or the impact of landspreading biosolids on the development of antimicrobial 440 

resistance by human populations. The framework that W2L is based on, together with the open-source 441 

nature of its structure lend themselves to effective inclusion of these aspects and also compilation of 442 

the tool in form of a mobile application which will: make the tool easier to use, engage with a wider 443 

base of stakeholders, facilitate the user-provided information incorporation and  help to raise public 444 

awareness.      445 

 446 

4. Conclusion  447 

In this paper, we introduced Waste to Land (W2L) as a novel tool to show and predict the spatial 448 

effect of applying biosolids on the environment. W2L comprised holistic, numerical tools integrating 449 

existing knowledge, readily available datasets, and sound statistical approaches to provide fresh 450 

intelligence on the spatial effect of landspreading biosolids, to facilitate the exchange of information 451 

between stakeholders, and to enable decision-making in a context of spreading biosolids on farmland. 452 

In the light of W2L’s features and outputs showcased herein, it can be concluded that: 453 

• W2L is versatile and customisable. 454 
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• W2L is interoperable at multiple spatial scales. 455 

• W2L effectively manages sparse, spatially-distributed data inputs to generate digital soil 456 

maps. 457 

• W2L identifies optimum locations for the application of biosolids to land. 458 

• W2L can foresee the behaviour of biosolids elements in the environment under multiple 459 

environmental and management scenarios. 460 

• W2L facilitates the exploration of the tool outputs in depth to identify possible reasons, 461 

factors, or variables shaping them, and it can evaluate spatial aggregated effects. 462 

• W2L can ease the communication of the results between stakeholders.  463 

However, to accomplish the refinement of W2L, there are a number of limitations that need to be 464 

overcome. Data availability, consistency, robustness, ownership and maintenance are needed in order 465 

to continuously enhance the new tool which, on the other hand, lends itself to future incorporation of 466 

alternative soil amendments and the related financial aspects. W2L can help to deliver key policy and 467 

regulatory needs in relation to agricultural land use and food security and it can promote awareness 468 

and behavioural shifts in a society exposed to a vulnerable and changing environment.  469 
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