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Abstract 

Understanding source water characteristics – and the catchments which influence them – 

can play a vital role in protecting drinking water supplies.  Many water providers collect vast 

quantities of water quality monitoring data, but this data is often neglected after first use, 

though it may contain important information for understanding contaminant sources, 

processes and risks.  The research in this thesis examines Cryptosporidium – a major 

waterborne pathogen – by applying machine learning (ML) and Quantitative Microbial Risk 

Assessment (QMRA) approaches to long-term water quality, hydro-meteorological and 

geographical datasets. The overall aim is to advance understanding of how catchment 

conditions influence Cryptosporidium river concentrations and the consequent effect on 

public health risk in drinking water supply systems.  The opening work describes a first-of-

its-kind ML-based daily Cryptosporidium prediction tool for use at a major abstraction site 

on the River Thames.  The principal advance is the comparison and integration of 

catchment-averaged and spatially distributed environmental and source data to 

demonstrate predictability at operational timescales and identify potential source areas, 

conditions and lag times associated with elevated Cryptosporidium concentrations.  The 

second study presents a QMRA for London’s drinking water supply, integrating river, 

reservoir and final treated water data across a complex multi-source system.  This enables 

comparison between loading-sensitive raw water-based and treated water-based risk 

estimates, improving assessment of seasonal effects and treatment robustness.  A third 

study applies an explainable ML approach to evaluate the impact of static, pseudo-static 

and dynamic environmental variables across multiple catchments.  Higher humidity and 

recent rainfall events were associated with higher Cryptosporidium river concentrations, 

and 33% of sites were identified as dominated by Cryptosporidium shed by human – as 

opposed to animal – hosts.  Taken together, these findings have important implications for 

drinking water providers and catchment managers, and demonstrate the latent value within 

large-scale historical monitoring datasets, which can be readily harnessed using ML tools. 
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Chapter 1: Introduction 

1.1 Background 

Drinking water providers around the world are under increasing pressure to meet the 

challenges posed by population growth, expanding land development and climate change 

(UNESCO, 2020).  In many countries, droughts and intensive rainfall events are expected to 

become both more frequent and more severe, leading to seasonal and/or year-long 

reductions in the quantity of water available for abstraction, while at the same time 

decreasing the quality of raw water entering drinking water treatment works (WTWs), due 

to the mobilisation of contaminants by overland flow, soil erosion and flooding (Jones, 

Bierkens and van Vliet, 2024).  The need to include catchment and raw water information in 

drinking water quality risk management is now written into legislation, with the European 

Union (2020) Drinking Water Directive mandating that water providers take a source-to-tap 

approach to maintaining safe drinking water. 

More informed, data-driven approaches to drinking water management have the potential 

to mitigate some of these challenges.  The increasing availability of remote sensing data, 

combined with an explosion in Artificial Intelligence (AI)-based modelling tools, provide rich 

new opportunities for understanding catchments, protecting both drinking water supplies 

and the environments upon which they depend.  Running alongside this are the vast 

datasets which have been amassed by water providers around the world; in some cases, 

because of the regularity of sampling and the consistency of methods applied, these 

constitute the most substantial water quality datasets available in their countries of origin.  

Unfortunately, such data – which is primarily collected to meet regulatory requirements 

and/or provide a short-term measure of water quality status – is often permanently 

archived shortly after collection, wasting a potentially valuable resource which could be 

interrogated to deliver scientific insight and understanding. 

The concept of untapped monitoring data underpins the three research projects presented 

in this thesis, each of which seeks to exploit historical datasets to generate learning which 

can aid or inform drinking water providers.  The focus is both on adding to a wider 

understanding of the threat discussed, and to help provide tools which can lead to a more 
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data-driven approach to decision-making, at timescales which are relevant to abstraction 

and water quality managers. 

1.2 Risks of Cryptosporidium to drinking water resources: a brief 
summary 

The work contained in this thesis focuses on Cryptosporidium, a waterborne pathogen which 

can cause acute gastroenteritis in humans and animals (Ryan et al., 2021).  Although 

Cryptosporidium has multiple routes of transmission, infection by contaminated drinking 

water has been associated with the largest outbreaks on record (Efstratiou et al., 2017a).  

The most severe example of this occurred in Milwaukee, Wisconsin in 1993, when 

approximately 403,000 people were infected, leading to at least 54 deaths (Mac Kenzie et 

al., 1994; Hoxie et al., 1997).  The severity and scale of this event had an impact on water 

providers around the world, leading to a much greater awareness of the threat posed by 

Cryptosporidium to drinking water supplies, and the need for appropriate treatment 

processes and monitoring measures to prevent future outbreaks. 

Because of the resistance of the pathogen to chlorine disinfection, drinking water safety 

typically relies on multi-barrier treatment methods in combination with other risk 

management strategies (Betancourt and Rose, 2004); these can include catchment 

management approaches to reduce contamination of raw waters, frequent monitoring of 

source waters to gauge Cryptosporidium loadings, and/or selective abstraction to reduce 

loadings when raw water concentrations are high.  The methods for benchmarking risk vary 

around the world, with some countries (e.g. the Netherlands and Australia) opting for a 

health burden/infection risk-based approach, whereas other countries (including the UK) 

apply concentration-based limits for pathogens in the treated water and then estimate the 

probability of these limits being exceeded (WHO, 2016).   

In the UK, a spate of small outbreaks in the 1980s (Nichols et al., 2006), resulted in the 

formation of the Expert Group on Cryptosporidium in Water in 1989, the findings from which 

were published as the Badenoch Reports (Badenoch, 1990; 1995), followed by a third report 

by Bouchier (1998).  These have formed the basis for Cryptosporidium risk management by 

water providers in the UK, though legislation regarding monitoring has passed through two 

distinct phases since that time.  In 2000-2007, continuous sampling of treated drinking 
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water for Cryptosporidium analysis was mandated for sites designated as of “significant 

risk”, and which did not have membrane filters in place.  This statute was then removed (UK 

Government, 2007), after which greater emphasis was placed on targeted monitoring and 

more detailed risk assessments to demonstrate robustness during rare events – e.g. when 

raw concentrations are very high, or during treatment failures (DWI, 2021).  Monitoring of 

treated waters remains in place at many sites, however, and between 2005-2022, 168 

Cryptosporidium detections were recorded in England and Wales (DWI, 2025a).  Occasional 

outbreaks continue to be linked to drinking water contamination, with 231 confirmed 

infections following an incident in Cwellyn in 2006 (DWI, 2025a), and an estimated 422 

infections resulting from the Pitsford incident in 2008 (Puleston et al., 2014). 

Cryptosporidium concentrations in raw waters show high spatial and temporal variability 

(Vermeulen et al., 2019). They are often characterised by low baseline levels interrupted 

with sudden episodic increases (Bouchier, 1998).  Understanding when and why these 

spikes occur would be an important contribution to Cryptosporidium risk management 

(Ligda et al., 2024).  Although the main sources of Cryptosporidium are generally understood 

– i.e. animal waste mobilised from pastureland/manure-fertilised fields, and human waste 

released by the sewage network – there remains considerable disagreement about the 

relative importance of these sources at different locations and different times (Bukhari et 

al., 1997; Sturdee et al., 2007; Swaffer et al., 2014).  Rainfall, a key environmental driver, is 

known to be important in mobilising and transporting the organism from source areas to 

water bodies, but the effects are non-linear and earlier work by modellers has found that 

rainfall data alone cannot be used as a reliable predictor of Cryptosporidium concentrations 

(Atherholt et al., 1998; Ligda et al., 2024). 

In the absence of other available data sources, previous studies have necessarily relied on 

small datasets collected for specific research purposes – e.g. Tang et al. (2011), Sato et al. 

(2013), Bataiero et al. (2019) and Liu et al. (2019).  The routine monitoring datasets 

collected by drinking water providers in the UK and other countries around the world 

therefore constitute a significant resource which, until now, has remained largely 

unexplored and underutilised.  When combined with recently-developed AI-based data 

analysis and modelling tools, such datasets are arguably more valuable today than ever 

before, providing new opportunities to advance understanding on a range of water quality 
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issues – understanding which can then be applied to protect both the environment and 

drinking water supplies. 

1.3 AI tools and concepts relevant to this thesis 

1.3.1 AI and the water sector 

The use of AI is expected to revolutionise the water sector in the years ahead (UNESCO, 

2025a).  Its effects are already being felt, with AI-based approaches playing an increasing 

role in operational settings, where they have been applied for a wide range of purposes, 

including water quality assessment, wastewater treatment and control, and distribution 

network management (International Water Association, 2020).  Machine learning (ML) 

algorithms are an important subcategory of AI, most of which work on the basis of training 

models to identify (i.e. “learn”) patterns in data which are then applied to generate outputs 

in the form of either predictions, classifications or decisions.  ML models are commonly 

divided into two types: (i) unsupervised models, which train on unlabelled data, usually to 

find clusters or reduce dimensionality; and (ii) supervised models, which are trained using 

labelled input data to predict a target dataset (Hastie et al., 2009).   Commonly used 

examples of supervised models include linear regression, artificial neural networks, tree-

based ensemble models (e.g. random forest) and support vector machines (Zhu et al., 2022). 

In more recent years, the application of ML models has expanded beyond the generation of 

primary model outputs (e.g. predictions or classifications), to analysis of the importance of 

different inputs (or “features”), so as to increase understanding of the systems being 

modelled.  Models differ in their degree of interpretability, ranging from fully transparent 

(“white-box”) models – e.g. linear regression – in which the relationship between inputs and 

outputs is explicitly defined, to complex (“black-box”) models, whose internal logic cannot 

be directly inspected or expressed in a simple, human-readable form. Many modern models 

fall between these two extremes (“grey-box models”); for these, feature effects can be 

approximated using post-hoc methods, but the complete decision-making process cannot 

be exactly characterised.  The interpretation of model inputs to understand systems is often 

referred to by the umbrella term, eXplainable AI (XAI) (Zhu et al., 2023). 
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XAI is very much an emerging field, and one which promises to transform how systems are 

understood and managed. The environmental and water quality sectors have historically 

relied on process-based models, grounded in known physical, chemical and/or biological 

mechanisms. While these models provide mechanistic insight, they can struggle to 

represent complex interactions and nonlinearity – situations where ML-based models are 

often most effective.  Where data of sufficient quality and quantity is available to train 

models, ML and XAI tools therefore offer powerful new alternatives for advancing 

understanding across all scientific disciplines (Minh et al., 2022). 

The work detailed in this thesis exploits this still developing field by making extensive use of 

a supervised machine learning model, eXtreme Gradient Boosting (XGBoost), in combination 

with one of the most widely used XAI methods - SHapley Additive exPlanations (SHAP).  A 

brief explanation of both is provided below. 

1.3.2 XGBoost 

XGBoost is an open source ML library which can be applied to both regression and 

classification tasks (Chen and Guestrin, 2016).  It belongs to the family of ensemble tree-

based models, in which multiple decision trees are trained and the outputs from each tree 

combined into a single model output.  Gradient boosted models, such as XGBoost, extend 

this approach by training trees sequentially in an additive model (“boosting”) and applying 

gradient-based optimisation to correct the errors (“residuals”) in previous trees (Fig. 1.1). 

The “extreme” element relates to a number of additional optimisation steps, including 

regularisation to reduce overfitting (by removing weak, unstable effects), efficient tree 

“pruning” (to remove unhelpful detail) and improved split finding (to identify useful decision 

points).  Unlike many similar models, XGBoost can also handle missing data, by 

incorporating data absence as a learning element (Piraei et al., 2023).   
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Fig. 1.1  Simplified structure of an XGBoost regression model, as used in Chapters 2 and 4. 

 

The model can be defined by a series of equations provided by Chen and Guestrin (2016), 

beginning with the shape of the regression trees (ℱ), which for this (and other tree-based 

models) is often given as: 

ℱ =  { 𝑓(𝑥) =  𝑤{𝑞(𝑥)} ∣ 𝑞 ∶  ℝ𝑚 → {1, … , 𝑇}, 𝑤 ∈ ℝ𝑇} (1) 

where 𝑥 ∈ ℝ𝑚denotes an input data point with 𝑚 features; 𝑞(𝑥) assigns 𝑥 to one of 

𝑇 leaves; and 𝑤 ∈ ℝ𝑇stores the corresponding leaf weights. 

Given this function, XGBoost models the prediction as an additive ensemble of regression 

trees: 

𝑦𝑖̂ = 𝜙(𝑥) = ∑ 𝑓𝑘(𝑥𝑖)

𝐾

𝑘=1

, 𝑓𝑘 ∈ ℱ (2) 

where 𝑦̂𝑖 denotes the predicted output for data point 𝑖; 𝑥𝑖 is the corresponding input 

feature vector; 𝜙(𝑥𝑖) is the model prediction; and each 𝑓𝑘 ∈ ℱ is a regression tree whose 

outputs are summed over 𝐾 trees. 

Model parameters are learned by minimising a regularised objective function: 

𝐿(𝜙) = ∑ 𝑙(𝑦𝑖, 𝑦̂𝑖)

𝑖

+ ∑ 𝛺(𝑓𝑘)

𝑘

 (3) 
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where 𝐿(𝜙) denotes the regularized objective function; 𝑙(𝑦𝑖, 𝑦̂𝑖) measures the loss for data 

point 𝑖; and Ω(𝑓𝑘) penalizes the complexity of each regression tree.  The regularisation term 

is defined as: 

𝛺(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆 ∑ 𝑤𝑗

2

𝑇

𝑗=1

 (4) 

where 𝑇 is the number of leaves in the tree; 𝑤𝑗 denotes the weight of leaf 𝑗; and 𝛾 and 𝜆 are 

regularization parameters.  This term discourages overly complex trees by penalizing both 

the number of leaves and the magnitude of leaf weights. 

At boosting iteration 𝑡, the objective after adding a new tree (𝑓𝑡) becomes: 

𝐿(𝑡) = ∑ 𝑙 (𝑦𝑖 , 𝑦̂𝑖
(𝑡−1)

+ 𝑓𝑡(𝑥𝑖))

𝑖

+ 𝛺(𝑓𝑘) (5) 

where 𝐿(𝑡) denotes the objective at iteration 𝑡; 𝑦̂𝑖

(𝑡−1)
 is the current prediction for data 

point 𝑖; and 𝑓𝑡(𝑥𝑖) is the contribution of the newly added regression tree. 

The loss is then approximated using a second-order Taylor expansion: 

𝐿(𝑡) = ∑ [𝑙(𝑦𝑖, 𝑦̂𝑖
(𝑡−1)

) + 𝑔𝑖𝑓𝑡(𝑥𝑖) +
1

2
ℎ𝑖𝑓𝑡(𝑥𝑖)

2]

𝑖

+ 𝛺(𝑓𝑡) (6) 

where: 

𝑔𝑖 =
𝜕𝑙(𝑦𝑖,𝑦̂)

𝜕𝑦̂
   and   ℎ𝑖 =

𝜕2𝑙(𝑦𝑖,𝑦̂)

𝜕𝑦̂2  |−𝑦̂ = 𝑦̂𝑖
(𝑡−1)

 (7) 

Here, 𝑔𝑖and ℎ𝑖denote the first- and second-order derivatives (gradient and Hessian) of the 

loss with respect to the prediction.  In practice, these derivatives are evaluated at the 

current prediction, 𝑦̂𝑖

(𝑡−1)
, prior to adding the new tree. 

Equations 6 and 7 represent one of the main extreme boosting elements of XGBoost.  While 

standard gradient boosting relies on first-order gradients (𝑔𝑖), XGBoost additionally 

incorporates second-order information through the Hessian terms (ℎ𝑖). 

Equations governing tree construction, split selection, and pruning are not reproduced here, 

as they pertain primarily to implementation details rather than the core conceptual 

formulation (further details are available from Chen and Guestrin (2016)). 
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XGBoost has been used to model time series and to make predictions or classifications in 

many environmental and water quality applications (Wu et al., 2021a; Masood et al., 2023; 

Rawat et al., 2023).  It regularly out-performs other ML models in both its predictive 

performance and computation time (Ligda et al., 2024), and is noted for its reliability when 

modelling datasets with high dimensionality, or multiple correlating features 

(“multicollinearity”) (Drobnič et al., 2020). 

1.3.3 SHAP 

SHAP is a game theory-based post-hoc method for explaining the outputs of ML models in 

terms of feature contributions (Lundberg and Lee, 2017).  These are compiled by comparing 

model outputs with selected features in multiple combinations, to generate average 

estimates of feature contribution (known as “SHAP values”).   Although SHAP is model-

agnostic (i.e. usable with a wide variety of ML model types), a tree-specific version, known 

as Tree SHAP, can be applied to models such as XGBoost; this uses the explicit tree structure 

to efficiently compute SHAP outputs (Lundberg et al., 2018).  

SHAP values quantify the effect of a feature on individual predictions (“local 

interpretability”) and on predictions across the full validation dataset (“global 

interpretability”).  The direction of a feature’s effect on predictions (i.e. positive or negative) 

is described at the local level by the SHAP value, and at the global level by SHAP 

“dependency”, in which the relationship is calculated/plotted between all predictions and 

all SHAP values for a given feature (Molnar, 2022). 

There are numerous examples of the combined use of XGBoost and SHAP – e.g. studies 

seeking to understand spatial effects on landslide susceptibility (Zhang et al., 2023), or 

interpret time series data to elucidate environmental effects on river sediment loads (Piraei 

et al., 2023), and in water quality research, the most relevant example of which is the work 

of Ligda et al. (2024), to connect meteorological, hydrological and water quality parameters 

with Cryptosporidium and Giardia river concentrations. 

It should be noted that XGBoost, in common with many tree-based models, can generate 

feature importance metrics independently of SHAP. However, these metrics are limited in 

that they do not convey the direction of a feature’s effect and they cannot be used to 

analyse local, instance-level contributions. Model-agnostic approaches such as SHAP 
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therefore play a crucial role in the interpretive application of ML models, enabling a more 

detailed understanding of the factors driving individual predictions. 

1.4 Research questions and Thesis structure 

The research detailed in this thesis focuses on Cryptosporidium – a decision which was taken 

in the initial phase of the project after discussions with the research sponsor, Thames Water 

(TW).  For the reasons outlined above (Section 1.2) and provided in more detail in the 

individual chapters of this thesis, managing the Cryptosporidium risk to drinking waters is a 

significant challenge for many water providers around the world, and there are multiple 

knowledge gaps regarding the pathogen.  The key research questions addressed in this work 

are therefore as follows.  

1. What is the potential to develop data-led predictive models to provide warning of 

periods of high Cryptosporidium at daily resolution in a large and complex catchment 

(such as the Thames)? Further, how can such a model be interpreted to understand 

key sources and transport mechanisms? 

2. How can monitoring datasets and asset information be applied to better understand 

and quantify Cryptosporidium risk to drinking water supplies serving large population 

centres, and how can such understanding be used to inform effective management 

strategies? 

3. How can wider environmental datasets be used to understand the key drivers, 

sources and environmental factors that influence the spatial and temporal variability 

in observed source water Cryptosporidium?    

In this thesis, the questions above are addressed sequentially in three key chapters, 

formatted as research papers. Each chapter/paper contains a separate literature review to 

contextualise and justify the identified research question. Hence the thesis consists of six 

chapters, with Chapters 2-4 based on published/draft papers, which detail the most 

significant research contributions of this work. 

Chapter 2 describes the development and testing of a data-driven tool for predicting 

Cryptosporidium concentrations at a major river abstraction site serving London’s WTWs.  

This project – which provided the initial impetus for the work as a whole – was motivated by 

a specific remit from TW to increase the effectiveness of their current selective abstraction-
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based risk mitigation strategy by providing advance notice of elevated Cryptosporidium river 

concentrations.  It applies a readily adoptable (and adaptable) machine learning (ML) 

method, using publicly-available environmental data in combination with TW’s own water 

quality monitoring data.  Further, it deploys explainable AI methods to attempt to explore 

model sensitivities and identify key Cryptosporidium sources within the Thames catchment.  

Chapter 3 details a whole-city Cryptosporidium-based Quantitative Microbial Risk 

Assessment (QMRA) study for London’s drinking water.  It applies extensive TW monitoring 

datasets at multiple sites and three stages in the water treatment system (river intake, 

reservoir, and WTW outlets) to assess both current treatment performance and 

demonstrate the potential of this approach to scenario-test alternative risk mitigation 

strategies.  The work is seen in part as a call to the UK water sector to adopt QMRA-based 

approaches to understanding risk, particularly when considering major changes to 

treatment systems, such as those currently being planned at TW. 

Chapter 4 takes a much broader geographical view, collecting together a vast 

Cryptosporidium river concentration dataset (consisting of ≈ 52,000 measurements) from 

the past 25 years and covering sites around the British mainland.  This data is analysed to 

understand broad spatial and temporal trends, and an ML model is combined with XAI 

methods to identify non-linear patterns, revealing the key dynamic and static environmental 

factors associated with high Cryptosporidium concentrations and the dominant sources in 

different locations. 

Chapter 5 provides a discussion of the research project as a whole and presents further 

details of an operational trial of the Cryptosporidium river prediction tool (explained in 

Chapter 2) at a TW abstraction site in 2024-25.  It summarises the insights gleaned from the 

trial and briefly describes the current roll-out of the tool for full operational use across 

multiple sites.  This chapter then brings together the key scientific implications, limitations 

and future avenues of research. 

Chapter 6 briefly summarises the main conclusions and contributions of the work presented 

in this thesis. 
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1.5 Publications and Conference Presentations 

Outputs from this research project have been disseminated in several publications and 

conference presentations, which are summarised below. 

1.5.1 Journal Papers (published) 

Smalley, A. L., Douterelo, I., Chipps, M. and Shucksmith, J. D. (2025) 'Data-driven prediction 

of daily Cryptosporidium river concentrations for water resource management: Use of 

catchment-averaged vs spatially distributed features in a Bagging-XGBoost model', Science 

of The Total Environment, 991, pp. 179794. 

https://doi.org/10.1016/j.scitotenv.2025.179794 (Chapter 2 is a reproduction of this paper.) 

Author Contributions: 

• Alan Smalley performed preliminary data analysis, proposed and developed the model, wrote and tested 

all code, generated and analysed all model outputs, composed the first draft and edited all subsequent 

drafts following feedback. 

• James Shucksmith (academic supervisor) provided critical feedback and input into the proposed study, the 

modelling method and the interpretation of outputs, advised on structural issues and offered feedback at 

multiple stages in the drafting process. 

• Isabel Douterelo (academic supervisor) provided critical feedback and input into the modelling method 

and the interpretation of outputs, advised on chapter structure and offered feedback on later drafts. 

• Michael Chipps (industrial supervisor) identified the operational relevance of the research topic in line with 

Thames Water priorities, provided information regarding the real-world application of the model and input 

into the interpretation of model findings, and offered feedback on later drafts. 

1.5.2 Journal Papers (drafted for submission) 

Smalley, A. L., Lauretto, M. S., Razzolini, M. T. P., Douterelo, I., Chipps, M. and Shucksmith, J. 

D. (2026) Quantitative Microbial Risk Assessment of Cryptosporidium for London’s water 

supply: Analysis of raw and treated water to inform supply management.  Intended journal: 

Water Research. (Chapter 3 is a reproduction of this paper.) 

Author Contributions: 

• Alan Smalley performed preliminary data analysis, proposed and developed the QMRA modelling 

framework, wrote and tested all code, generated and analysed all model outputs, composed the first draft 

and edited all subsequent drafts following feedback.  

• James Shucksmith (academic supervisor) provided critical feedback and input into the proposed study, the 

modelling method and the interpretation of outputs, advised on structural issues and offered feedback at 

multiple stages in the drafting process. 

• Isabel Douterelo (academic supervisor) provided critical feedback and input into the modelling method 

and the interpretation of outputs and offered feedback on later drafts. 

• Michael Chipps (industrial supervisor) provided input into the modelling method and the interpretation of 

outputs, and offered feedback on later drafts. 

https://doi.org/10.1016/j.scitotenv.2025.179794
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• Marcelo Lauretto and Maria Tereza Razzolini (research collaborators) contributed guidance on standard 

QMRA and statistical methods and provided feedback on later drafts. 

 

Smalley, A. L., Douterelo, I., Chipps, M. and Shucksmith, J. D. (2026) Environmental factors 

and sources influencing Cryptosporidium river concentrations: A data-rich spatio-temporal 

analysis using Explainable AI. Intended journal: Water Research. (Chapter 4 is a reproduction 

of this paper.) 

Author Contributions: 

• Alan Smalley proposed the idea for the study, obtained the data, performed data analysis, trialled and 

developed the model, wrote all code, generated and analysed all model outputs, composed the first draft 

and edited all subsequent drafts following feedback.  

• James Shucksmith (academic supervisor) provided critical feedback and input into the proposed study, the 

modelling method and the interpretation of outputs, advised on structural issues and offered feedback at 

multiple stages in the drafting process. 

• Isabel Douterelo and Michael Chipps (academic and industrial supervisors) provided critical feedback and 

input into the modelling method and the interpretation of outputs, and offered feedback on later drafts. 

 

1.5.3 Conference Presentations 

Smalley, A. L., Shucksmith, J. D., Douterelo, I., Speight, V. and Chipps, M. (2023) 

‘Understanding Cryptosporidium trends in a major UK river system.’  40th IAHR World 

Congress (Vienna, 2023).  

Smalley, A. L., Shucksmith, J. D., Douterelo, I. and Chipps, M. (2025) ‘Implementing a 

machine learning approach for predicting Cryptosporidium river concentrations to assist 

operational water resource decisions on the River Thames.’ SimHydro 2025: Which data for 

water and models? (Nice, 2025). 

Smalley, A. L., Douterelo, I., Chipps, M. and Shucksmith, J. D. (2025) ‘Predicting 

Cryptosporidium river concentrations: The development and testing of a data-driven model 

for operational use.’  CCWI 2025 - 21st Computing & Control for the Water Industry 

Conference (Sheffield, 2025). doi.org/10.15131/shef.data.29920904  

 

 



 

13 
 

Chapter 2: Data-driven prediction of daily Cryptosporidium 

river concentrations for water resource management: Use of 

catchment-averaged vs spatially distributed features in a 

Bagging-XGBoost model 

Reproduced from: Smalley, A. L., Douterelo, I., Chipps, M. and Shucksmith, J. D. (2025) 'Data-driven prediction 

of daily Cryptosporidium river concentrations for water resource management: Use of catchment-averaged vs 

spatially distributed features in a Bagging-XGBoost model', Science of The Total Environment, 991, pp. 179794. 

https://doi.org/10.1016/j.scitotenv.2025.179794 

2.1 Abstract 

Cryptosporidium is a waterborne pathogen which poses a major challenge to water utilities 

because of its resistance to chlorination and its infectivity at very low concentrations.  The 

ability to make predictions of Cryptosporidium concentrations in rivers would aid 

significantly in abstraction-based risk management of water resources, but current models 

are inappropriate for making predictions at the temporal resolutions required to inform 

abstraction decision-making.  This study utilises Cryptosporidium data collected over 7 years 

at a major river abstraction site in South East England, alongside publicly-available remote 

sensing data, to train a Bagging-XGBoost model for predictive applications at daily 

timescales. Different combinations of catchment-averaged and spatially distributed datasets 

were trialled as model inputs.  The highest-performing models predicted 69-75% of >1 

oocysts L-1 exceedances, and they also predicted the timing of 78-89% of higher (>2 oocysts 

L-1) exceedances.  Interpretation of predictions using SHapley Additive exPlanations analysis 

indicated that sources near (<30 km) to the intake were the most important and identified 

catchment-averaged rainfall at 1 and 2-day lag time and antecedent Cryptosporidium 

measurements as significant inputs. The study demonstrates the potential of such models 

when an unparsimonious approach to feature selection is taken, because of their ability to 

discern non-linear trends and their resistance to multicollinearity and redundancy in the 

input data.  This advances current understanding by showing how spatially distributed 

catchment information and temporally dynamic predictors can be combined to identify the 

locations and timescales most relevant to Cryptosporidium mobilisation and transport. Such 

https://doi.org/10.1016/j.scitotenv.2025.179794
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models could improve the ability of water utilities to predict pathogen peaks and aid 

abstraction decision-making, thereby reducing the loadings of this pathogen to reservoirs 

and water treatment works. 

2.2 Introduction 

Cryptosporidium is a pathogen of major concern to drinking water providers because of its 

resistance to chlorination and its infectivity at very low concentrations. The organism was 

identified as the leading cause of 63 % of waterborne outbreaks reported worldwide 

between 2011 and 2016 (Efstratiou et al., 2017a).   Cryptosporidium persists in the 

environment in its transmissible “oocyst” form, with each oocyst measuring approximately 

4-6µm in diameter and protected by a robust outer shell (Rose et al., 2002).  When using 

standard methods, it is estimated that Cryptosporidium will be detectable in 45.3% of 

surface water samples globally (Daraei et al., 2020).  Infection in humans and animals can 

lead to cryptosporidiosis, a self-replicating gastrointestinal illness which can be particularly 

dangerous for immunocompromised patients (Bouzid et al., 2013).  Current risk 

management of Cryptosporidium in water systems is often reactive and/or precautionary, 

largely because of inadequacies in the understanding of key sources, pathways and 

processes within the water cycle, and the lack of a robust means of quantifying risk.  

Elevated concentrations of the Cryptosporidium organism in raw water can pose significant 

challenges to water treatment works (WTWs) in terms of treatment costs and potential risks 

to public health if removal and/or deactivation methods prove inadequate (Betancourt and 

Rose, 2004).  In the UK, detections of Cryptosporidium in drinking water must be reported to 

the regulator (the Drinking Water Inspectorate (DWI)) and can lead to enforcement 

measures, including regulatory fines for the associated water company (DWI, 2022).   

The pathogen is typically of greatest concern to those WTWs which rely on surface waters 

for their source water, although groundwater supplies can also be contaminated (Bouchier, 

1998). The major diffuse sources of Cryptosporidium in rivers are believed to be faecal waste 

from grazing livestock (Sturdee et al., 2007) and animal/human waste-based fertilisers 

(including manures, slurries and digestates).  Pathogens from these waste-associated 

sources can be mobilised by runoff generated during rainfall events, usually entering rivers 

as overland flow (Bhattarai et al., 2011; Swaffer et al., 2014).  Previous studies have 
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identified infection prevalence and oocyst loadings as higher in cattle than in other major 

livestock groups, although poultry, pigs, goats, sheep and other farmed animals also 

constitute important reservoirs of environmental Cryptosporidium (Golomazou et al., 2024).  

Diffuse runoff containing waste from wild animals can also contribute to Cryptosporidium 

river loadings in many catchments (Sturdee et al., 1999).  Point sources of Cryptosporidium 

are regarded as largely human (Medema and Schijven, 2001), entering the river either as 

treated discharge from sewage treatment works (STWs) (Bukhari et al., 1997), or untreated 

sewage spilled from combined sewer overflows (CSOs) (Gibson III et al., 1998). It is generally 

accepted that rainfall is a key driver of Cryptosporidium contamination of surface water 

bodies (Bhattarai et al., 2011), but correlations between rainfall and Cryptosporidium 

concentrations in rivers are not found at all sites (Atherholt et al., 1998), and where they are 

present, they are often weak and limited to certain times of the year (Coffey et al., 2010).  

Because laboratory analysis is costly and time consuming, there is an overall lack of 

published data on Cryptosporidium in surface waters, especially at resolutions which would 

facilitate analysis of sources and pathways in the environment.    

Changes in the contaminant/water quality status of the raw surface waters can be managed 

by selective surface water abstraction and/or the adjustment of water treatment options. 

For example, daily abstraction volumes from major intakes on the River Thames are 

currently adjusted in response to the routine monitoring of Cryptosporidium concentrations 

in the raw water, with decisions concerning abstraction suspension, reduction or 

resumption triggered at threshold concentrations of 1, 2, 4, and 5 oocysts L-1 (depending on 

the storage times of the reservoirs to which the river water is being abstracted) (Thames 

Water, 2021).  Unfortunately, long Cryptosporidium analysis times (typically 2 days) mean 

that there is a lag between contamination events and operational decision-making, so that 

in many cases water above key threshold levels is still pumped into the reservoirs.  Equally, 

resumption of abstraction after the Cryptosporidium-contaminated water has passed 

downstream of the abstraction point is also delayed – a particular concern for regions such 

as South East England, which are under water stress.  Furthermore, the effectiveness of such 

decision-making is heavily reliant on frequent (ideally daily) monitoring, which is not 

undertaken at all abstraction points because of the high cost and time demands associated 

with Cryptosporidium sampling and analysis.  The ability to predict/model Cryptosporidium 
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concentrations in rivers over a short (e.g. daily) timeframe would therefore significantly 

improve risk management and decision-making strategies (Dobson and Mijic, 2020), as well 

as assisting in water resource management. 

2.3 Background  

Catchment hydrological-water quality models have traditionally been classified as either 

spatially distributed, semi-distributed or catchment-averaged (also known as “aggregated” 

or “lumped”) models, with the former typically requiring greater complexity, increased 

computing time and higher data demands than the latter (Tran et al., 2018).  Studies 

comparing distributed and catchment-averaged models have demonstrated that increased 

spatial-distribution of data and model design does not automatically equate to increased 

predictive power (Sinha et al., 2022).  Some distributed deterministic models have been 

developed for the specific purpose of predicting raw water contaminant concentrations at 

sub-daily resolution, with a view to informing abstraction timing (Asfaw et al., 2018; 

Suslovaite et al., 2024).  To date, these approaches have only been applied to a small 

number of contaminants (including metaldehyde and E. coli, but not Cryptosporidium) and 

limited to relatively small (≈ 300 km2) test catchments.  

Previous attempts to explicitly model Cryptosporidium river concentrations are summarised 

in Fig. 2.1.  They are generally limited to lower temporal resolution (monthly and above) 

models, or snapshot-based models intended to capture the current loadings to, or 

concentrations within, rivers.  Four models did generate daily predictions (Brion et al., 2001; 

Medema and Schijven, 2001; Dorner et al., 2006; Tang et al., 2011), but these were 

validated against extremely limited datasets of ≤68 Cryptosporidium measurements (taken 

at intervals of many days/weeks).  The models are predominantly deterministic and vary in 

spatial scale and complexity. The partially-distributed Soil Water Assessment Tool (SWAT) 

has been used for three catchment-scale Cryptosporidium models, with two focusing on 

very small (<30 km2) homogenous catchments (Coffey et al., 2010; Tang et al., 2011) and a 

third (Liu et al., 2019) looking at a larger (≈ 4000 km2) catchment and addressing possible 

mitigation scenarios.  The SWAT studies combine a rainfall-runoff element (accounting for 

mobilisation and transport of Cryptosporidium, and dilution effects) with components which 

quantify oocyst loadings from animal and/or human waste-based sources.  The latter can 
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Fig. 2.1  Summary of key characteristics and input parameters used in previous Cryptosporidium models. (Notes: †Spatial distribution often 

varies with input type, hence sometimes two figures are provided; *ML models (all other models are deterministic); **SWAT models; ***New 

models (presented in this paper).  For deterministic models, the number of Cryptosporidium river measurements used for validation (v) is 

provided only, whereas for ML models, the number of both training (t) and validation (v) data points is provided.) 
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include parameters which are indicative of initial oocyst quantities at the source (e.g. 

infection rates, shedding estimates, total faecal matter from grazing animals and 

wastewater discharge volumes), alongside factors which affect either oocyst survival (e.g. 

temperature and sunlight hours), or which might impede oocyst transport (e.g. adsorption 

to soil particles and settling processes).  Other models working at either the catchment scale 

(Walker Jr and Stedinger, 1999) or the global scale (Hofstra and Vermeulen, 2016; 

Vermeulen et al., 2019) predict loadings to water courses averaged over months, years or 

the very long-term (i.e. not in real-time).   

In recent years, machine learning (ML) modelling tools have been increasingly adopted for 

water quality applications due to their ability to consider complex non-linear relationships 

and their applicability to large, complex catchments in which deterministic approaches 

would be computationally expensive and challenging to calibrate.  Brion et al. (2001) 

produced the first data-driven ML model for predicting Cryptosporidium river 

concentrations in the form of a neural network model of a large (17,527 km2) mixed urban-

rural catchment in the USA, with inputs of river discharge, rainfall and water quality 

(including microbiological) parameters.  Similarly, Ligda et al. (2020) applied a Linear 

Discriminant Function Analysis (LDFA) model, with inputs of mean monthly air temperature, 

total weekly rainfall and faecal indicator bacteria (FIB) data to produce mean monthly 

predictions of broad categories of Cryptosporidium concentrations.  Both models were 

trained and validated on relatively small datasets (containing a total of 68 and 136 data 

points, respectively).  The dataset used by Ligda et al. (2020) was later re-applied in a new 

study (Ligda et al., 2024), which trialled and compared the performance of different ML 

models in combination with additional physicochemical water quality inputs for the 

prediction of Cryptosporidium and Giardia river concentrations. The models trialled were 

Support Vector Machines (SVM), K-Nearest Neighbours (KNN), Random Forest (RF) and 

eXtreme Gradient Boosting (XGBoost), with RF and XGBoost found to be the best-

performing models for Cryptosporidium and Giardia, respectively.  All three studies showed 

the potential advantages of combining meteorological and/or hydrological data with river 

water quality data to generate predictions, but it is also worth noting that the use of FIB 

data (which usually requires analysis times of ≥24 hours) would be a significant limitation on 
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the applicability of such models for making real-time daily predictions for water resource 

management. 

The choice of appropriate inputs (or “feature selection”) is a key element of model design 

and it is common practice to perform model trials using different combinations of inputs, 

then to compare the performance metrics of the validated models in order to identify the 

most important features (Dhal and Azad, 2022).  For time series-based ML models which 

contain environmental data, such trials can also be used to decide on the spatial and 

temporal resolution of the input data and the use of data at different time lags to capture 

delayed effects – e.g. due to contaminant travel times (Choubin et al., 2018).  Many ML 

models incorporate methods for calculating feature importance, but in recent years model-

agnostic methods have also been developed, such as SHapley Additive exPlanations (SHAP) 

– a game theory-based approach which quantifies the scale and direction of impact (i.e. 

additive or subtractive) for each feature, along with local interpretation – i.e. the 

assessment of feature importance for each prediction in isolation (Lundberg and Lee, 2017).  

SHAP was deployed to assess the Cryptosporidium ML models developed by Ligda et al. 

(2024), and such approaches have huge potential for enhancing the use of ML tools as 

exploratory methods in order to advance understanding of system processes (Piraei et al., 

2023). 

In summary, previous attempts to model Cryptosporidium highlight a number of ongoing 

challenges, including: (i) a lack of robust understanding concerning key catchment sources 

and transport mechanisms, and their relative significance and required level of detail when 

modelling at different scales and resolutions;  and (ii) the need to access larger 

Cryptosporidium and environmental datasets at higher temporal resolution (e.g. with daily 

instead of monthly intervals), either for the purpose of training more effective ML models, 

or for providing the information required to develop a process-based understanding of 

Cryptosporidium fluxes in response to specific rainfall events and conditions.  To date there 

are no published models which have been proven to provide an operational understanding 

of the risk posed by Cryptosporidium to water abstraction systems at daily or sub-daily 

resolution; addressing the above challenges would be a significant step towards developing 

such a model. Recent advances in the availability of catchment sensing data – much of 

which is publicly available – combined with a parallel increase in open source ML tools, do 
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however provide new opportunities for modelling and predicting catchment water quality 

(Chen et al., 2022).  For example, in the UK an extensive network of sensors has been 

installed on the vast majority of CSOs, providing Event Duration Monitoring (EDM) of spills 

of untreated wastewater into rivers, lakes and coastal waters (Giakoumis and Voulvoulis, 

2023; Suslovaite et al., 2024). 

The present study will present the development and testing of a data-driven tool for 

predicting Cryptosporidium concentrations in a river within a large and complex catchment.  

Making use of a new dataset comprising 7 years of Cryptosporidium measurements (much 

of which is at daily resolution) and open source environmental data, together with freely-

available ML software, the aim is to produce a predictive tool which can be used 

operationally to inform abstraction management decisions.  The novelty of this study lies in 

evaluating whether catchment-averaged and spatially distributed environmental and source 

data can be integrated with antecedent Cryptosporidium measurements within an 

interpretable machine-learning framework to improve scientific understanding of the 

locations, conditions and timescales associated with elevated Cryptosporidium risk.  Specific 

objectives of the study are to (1) carry out trials using an appropriate ML model to 

demonstrate for the first time that well-validated Cryptosporidium predictions can be made 

at daily timescales; (2) compare models using different inputs (including catchment-

averaged and spatially distributed data) to determine how alternative spatial and temporal 

representations of catchment processes influence model performance and interpretation; 

and (3) use model performance and feature importance metrics to identify the key features 

for predicting elevated Cryptosporidium concentrations, including drawing conclusions 

about key source types and locations. 

2.4 Methods 

2.4.1 Study area and Cryptosporidium monitoring 

The catchment area is defined by a downstream monitoring and abstraction point at Walton 

WTW, located to the west of London (Fig. 2.2).   The catchment covers an area of 

approximately 9,300 km2 and contains both extensive rural areas and major urban centres.  

The Walton raw water intake, along with three intakes within 30 km (river distance) 

upstream, and one intake approximately 2 km downstream, all abstract to a series of 
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bankside reservoirs.  As a collective, these five intakes are the source for approximately 70% 

of London’s drinking water, serving approximately 6.5 million people, while the river system 

as a whole provides drinking water for a number of large towns and cities, including Oxford, 

Swindon, Reading, Slough, Maidenhead and Guildford.  127 sewage treatment works (STWs) 

and 285 CSOs discharge into the catchment, as defined by the Walton intake.  For the 

purpose of this study, the catchment has been subdivided into 443 5x5 km cells, 

corresponding to the cells for which rainfall radar data is available.  

 

Fig. 2.2  Maps showing the catchment location on the mainland and the towns, cities and 

river network within the catchment boundary, along with the five major abstraction points 

on the River Thames which provide raw water for approximately 70% of London’s drinking 

water. Base map: OS MiniScale (Ordnance Survey, 2025). 

 

Cryptosporidium monitoring data for the River Thames (sampled at the Walton intake) was 

made available by Thames Water for the period between Jan 2000 and Mar 2023. From 

2016 onwards, most of this data is at approximately daily temporal resolution, especially 

during the months where Cryptosporidium is at its highest.  Cryptosporidium analysis was 

carried out by a UKAS-accredited laboratory using the standard Blue Book immunomagnetic 

separation-immunofluorescence microscopy (IMS-IFM) method (Environment Agency, 

2010).  Concentration data was not adjusted to compensate for analytical recovery because 

the available recovery data was not sample-specific, and therefore would not account for 
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variations in sample matrix.  Furthermore, it was deemed appropriate to remain consistent 

with current Thames Water selective abstraction protocols, which apply concentration data 

without any post-analysis correction factor. 

2.4.2 Model type 

The model described below was designed to predict daily Cryptosporidium concentrations at 

the Walton intake on the River Thames.  The predicted concentration outputs were then 

converted into positive or negative classification outputs, representing exceedances of 

different threshold concentrations (1, 2, 3, 4 and 5 oocysts L-1).  These thresholds were 

selected in accordance with the abstraction management trigger levels currently applied 

operationally by Thames Water. 

A Bagging-XGBoost model was used, in combination with an unparsimonious approach to 

feature selection.  XGBoost is a supervised learning algorithm, which resembles earlier 

ensemble tree-based models (such as Random Forest) by generating multiple decision trees 

to reduce overfitting and improve model performance (Chen and Guestrin, 2016; Bisong, 

2019).  XGBoost also incorporates a gradient descent function to correct the errors of 

previous trees constructed in the algorithm (Friedman, 2001).  Although not specifically 

designed for working with time series data, it has been used extensively for time series 

modelling in water resources engineering (Niazkar et al., 2024), and specifically applied to 

water quality modelling studies aimed at estimating water quality indices (Masood et al., 

2023) and predicting persistent organic pollutant concentrations in the Great Lakes of the 

USA and Canada (Wu et al., 2021a).  Numerous studies have demonstrated the superior 

predictive performance of XGBoost for a variety of water quality applications when 

compared with other ML algorithms (e.g. Random Forest and neural network-based models) 

(Wu et al., 2021b; Masood et al., 2023; Rawat et al., 2023).  XGBoost is effective at 

modelling non-linear trends (Bisong, 2019) and it has the capacity to handle datasets with a 

large number of features and different data types (e.g. both numerical and categorical 

data).  Furthermore, its performance is not generally impaired by the presence of redundant 

inputs or multicollinearity (i.e. the use of multiple correlating features) (Pham et al., 2021). 

Prior to adopting an XGBoost-based approach, preliminary trials were conducted using a 

range of alternative regression models, including Multiple Linear Regression, Random 
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Forest, Support Vector Machine and Multilayer Perceptron models, with default 

hyperparameter settings throughout and with the inputs matching those used in Models 1b 

and 5b (as described in Section 2.4.5).  XGBoost-based models were found to give the best 

overall predictive performance (based on the metrics outlined in Section 2.4.7), which 

further justifies this choice of ML approach for the present study. 

The term “Bagging” involves running models multiple times on different subsets of data and 

aggregating the model outputs.  Bagging can be incorporated into an individual XGBoost 

model by setting the subsample hyperparameter (which defines the proportion of data 

randomly sampled for each tree) to a value of <1.  When bagging across multiple models (as 

in the present study), a different random state setting is applied with each run of the model 

in order to ensure that the data is subsampled differently (and reproducibly) each time.  

Bagging across multiple iterations of a model generally reduces overfitting and is particularly 

effective where the input data is noisy or highly variable (Hastie et al., 2009).  Aggregation of 

model outputs is typically performed using weighted averages as part of a Bayesian or 

frequentist statistical approach (Dormann et al., 2018), or by simple averaging (Deng et al., 

2022), which was the method adopted in this study. 

Although it is considered good practice to remove autocorrelating and redundant features 

prior to running ML models (Zhu et al., 2023), such feature engineering can be laborious and 

runs the risk of removing inputs which contain useful data – a particular concern given the 

current knowledge gaps regarding the most important inputs for predicting 

Cryptosporidium.  For this reason, an unparsimonious approach to feature selection was 

adopted and the models were run with a high (>90) number of features, including highly 

autocorrelating inputs at different time lags. 

Various forms of the model (trialling different combinations of inputs as described below) 

were executed using the XGBoost library (v. 1.5) installed in a Python environment (v. 3.8.8) 

and using the Anaconda distribution (available from www.anaconda.com). 

2.4.3 Model inputs 

The choice of input parameters was informed by existing literature detailing 

Cryptosporidium sources, mobilisation mechanisms and factors affecting the pathogen’s 

longevity in catchments (see Fig. 2.1).  The parameters used can be divided into three 

http://www.anaconda.com/
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categories: (i) core inputs (common to all models presented here); (ii) environmental inputs 

(e.g. meteorological and hydrological data); and (iii) CSO inputs (specifically the EDM 

datasets).  A full description and justification of parameters used is provided below.  It 

should be noted that a number of water quality parameters – including turbidity, nitrate, 

ammonium, phosphate and electrical conductivity, measured in grab samples at the intake, 

or upstream sonde stations – were also considered as possible inputs, but were dismissed 

due to substantial gaps in the available data. 

2.4.3.1 Core inputs 

Three core inputs were deployed uniformly across all models.  The first of these was 

Crypto_Rolling_Mean, a 3-week rolling mean Cryptosporidium concentration, based on 

historical measurements from T-7 to T-28 days (where T0 is the current day on which 

Cryptosporidium concentrations are to be predicted by the model).   It was necessary to 

include this feature as a scaling input to allow the model to distinguish between the severity 

of Cryptosporidium seasons.  A temporal input – Day_of_Year – was included to capture 

cyclical annual trends that may not be covered by the other input data; for example, events 

in the farming calendar, or time windows during which heavy rainfall might be more likely to 

mobilise Cryptosporidium.  This input was defined by a numerical value from 1-366.  A third 

input – High_Season – was included to group together the commonly “high” 

Cryptosporidium months (Oct-Feb) into individual seasons, therefore allowing the model to 

learn to delineate temporally between more and less severe Cryptosporidium seasons 

(which were evident in the data).   Seasons are here defined as from 1st Oct to 28th/29th Feb, 

and were delineated in the input by starting year number (e.g. 2016 for the Oct 2016-Feb 

2017 season).  Days in the period from Mar-Sept were designated a zero value in all years.  

2.4.3.2 Environmental inputs 

Environmental inputs include: rainfall, number of consecutive antecedent dry days, soil 

moisture, soil temperature, river discharge and river discharge rate-of-change.  These are 

outlined in greater detail below. 

Previous models have applied rainfall as a catchment-averaged parameter (Brion et al., 

2001), or as a spatially distributed (location-specific) value (Dorner et al., 2006).  In the latter 

case, routing is required to impose appropriate lag times which are reflective of the time-of-
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transport from the source to the abstraction/monitoring point.  In the present study, rainfall 

was used in different forms in both catchment-averaged and spatially distributed versions of 

the models. 

Rainfall radar data (NIMROD) for 5x5km cells and 15-minute resolution was obtained from 

the Centre for Environmental Data Analysis (CEDA) (Met Office, 2003) and converted to 

mean daily rainfall values.  Gaps in the radar data were filled using the HadUKGrid 5x5km 

daily rainfall measurements (Met Office et al., 2021).  The rainfall data in this form was used 

in the spatially distributed versions of the model by imposing location-specific time lags (see 

Section 2.4.4.2). 

Catchment-averaged daily rainfall was obtained by calculating the daily mean for all cells 

within the catchment.  The number of consecutive dry days is important for capturing first-

flush effects, when relatively large amounts of faecal waste may be washed from fields or 

from CSO pipes following an extended dry period (Mamun et al., 2020).  This parameter was 

calculated from the catchment-averaged rainfall, with a dry day defined as one with <1 mm 

of rainfall. 

Soil moisture was included because of its positive impact on runoff generation during 

rainfall events (Singh et al., 2021) and its effect on Cryptosporidium survival, with 

desiccation regarded as one of the most important mechanisms of oocyst deactivation 

(Robertson et al., 1992).  Daily soil moisture values compiled by the COSMOS-UK network 

were obtained from the UK Centre for Ecology & Hydrology (UKCEH) (Smith et al., 2024).  

Data at the four measurement sites in the catchment was retrieved (Chimney Meadows, 

Chobham Common, Sheepdrove and Waddesdon) and averaged to give a mean soil 

moisture value as % volumetric content at 5 cm depth. 

Temperature can be a significant factor controlling oocyst survival, with very low (<-10 ⁰C) 

or very high (>37 ⁰C) temperatures known to dramatically increase rates of oocyst 

deactivation (King et al., 2005).  Because a major source of Cryptosporidium in the 

environment is believed to be animal waste on agricultural land, soil temperature (as 

opposed to air temperature) was taken as an input, with values measured by gauging 

stations at the four COSMOS-UK sites and available from the same website.  Hourly 

measurements were averaged to obtain a mean daily soil temperature in °C. 
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The locations of the four monitoring sites for soil moisture and soil temperature are spread 

across the catchment (see Appendix A for locations and variability over time).  Whilst the 

correlation between sites is very high (>0.84 for soil moisture; >0.97 for soil temperature) 

and overall variability is low, it is acknowledged that the average of these values is unlikely 

to fully represent the full spatial variability of catchment conditions.  Future studies could 

consider the value of populating these inputs with spatially distributed satellite-based data; 

however, for the present study priority was given to reliability of the data and its availability 

in real-time. 

River discharge has been a key input in previous Cryptosporidium river models (e.g.  Liu et 

al., 2019).  Increases in flow will typically follow rainfall-runoff events and may coincide with 

increased spills from CSOs.  Abrupt changes in discharge can also liberate entrained oocysts 

from bed and bankside sediment (Crockett, 2004).  Conversely, high flow rates can have a 

diluting effect, leading to lower Cryptosporidium concentrations (Knapp et al., 2022).  Daily 

discharge data (in m3 day-1) for the nearest downstream gauging station (Kingston-upon-

Thames) was accessed via the Hydrology Data Explorer, managed by Defra 

(https://environment.data.gov.uk/hydrology). 

2.4.3.3 CSO inputs  

The major human sources of Cryptosporidium released to rivers in the UK are believed to be 

discharges of treated sewage effluent (from STWs) and spills of untreated sewage (from 

CSOs) (Medema and Schijven, 2001).  Despite the large number (120) of STWs in the study 

catchment and the sizeable contribution of treated wastewater to the Thames river 

network, the daily regularity of effluent discharge volumes means that these would not 

generally be expected to generate abrupt increases in Cryptosporidium in the river.  By 

contrast, CSO spills of untreated sewage are highly intermittent and therefore present a 

more obvious cause of sudden spikes, particularly given that they are also likely to contain 

higher concentrations of oocysts than treated discharges (Nasser, 2016).  EDM data 

recording CSO spills in the catchment was made available by Thames Water for the period 

from January 2018 to August 2022.  This data also includes discharges from storm tanks, 

which are used to store excess influent during high flow conditions, usually in response to 

rainfall events.  For simplicity, henceforth in Chapter 2 the term "CSOs" will refer to both 

CSOs and storm tanks, except where the text explicitly distinguishes between the two 

https://environment.data.gov.uk/hydrology
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sources.  Note that storm tank spills are likely to coincide with periods of high effluent 

discharge from the main STW outfalls, but this latter source is not represented in the model 

input data. 

EDM data from post-August 2022 was obtained via the publicly-accessible Thames Water 

API Portal (https://data.thameswater.co.uk).  EDM sensors record the time and date at 

which spills from CSOs start and stop (at 1-minute resolution).  Of the 285 CSOs which fall 

within the study catchment, EDM data for 201 CSOs has been acquired, although monitoring 

at each site commenced at different times.  At the start of 2019, 44 of the CSOs were being 

monitored; by the start of 2020, this figure had risen to 161, rising further to 189 monitored 

CSOs by September 2020.  All EDM data was converted into daily binary form – i.e. the 

timestamped spill start and spill stop records were converted into continuous daily binary 

time series, with 0 denoting no spills in a day, and 1 denoting a day in which one or more 

spills occurred.  A catchment-averaged version of the CSO spill data, Catchment-Wide CSO 

Spills, was also calculated by summing all of the spilling CSOs for each day. 

2.4.4 Travel times and time lags 

2.4.4.1 Multi-lagged inputs: time lag trials for catchment-averaged inputs and discharge 
inputs 

The selection of appropriate lag times for the catchment-averaged inputs (rain, consecutive 

dry days, soil moisture and soil temperature), along with river discharge, discharge rate-of-

change and catchment-wide CSO spills, was essential because events resulting in the 

mobilisation and transport of Cryptosporidium can affect in-river concentrations of the 

pathogen many days later (Atherholt, 1998).  The simplest (catchment-averaged) version of 

the model (see Table 2.1) was trialled using a minimum lag time of 1 day and maximum lag 

times (MaxLag) ranging from 2 to 30 days, to determine the most suitable maximum time 

lag (in days), based on model performance.  For example, in the first test the lag times were 

1 and 2 days; in the second test they were 1, 2 and 3 days; in the third test they were 1, 2, 3 

and 4 days (and so on).  The minimum lag time was fixed at 1 throughout because recent 

conditions were presumed to exert a strong influence over Cryptosporidium concentrations.  

In each trial, the lag times were applied uniformly to all lagged inputs.  30 days was deemed 

an appropriate upper limit, since this exceeded the estimated river travel times for all of the 

https://data.thameswater.co.uk/
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5x5 km cells of the catchment under a Q50 flow regime (see Fig. 2.3).  Lag times for features 

are denoted by an “L” followed by the number of days (e.g. L02 refers to a 2-day lag time). 

 

Fig. 2.3  Estimated travel times for 5x5 km cells under three different flow regimes in the 

study catchment 

2.4.4.2 Single-lagged inputs: calculating flow regime-dependent travel times for spatially 
distributed data 

Single-lagged inputs were restricted to the spatially distributed data – i.e. the 5x5 km cell 

rainfall and CSO spill data – which were lagged and averaged according to estimated travel 

times under different flow regimes.  Note that these two types of spatially distributed data 

were chosen because they represented the primary mechanisms/sources which could lead 

to the sudden increases in Cryptosporidium in the river (Medema and Schijven, 2001; 

Bhattarai et al., 2011; Swaffer et al., 2014). Because of the size and the complexity of 

upstream river system, it was necessary to make broad estimates of in-river travel time 

ranges from each cell within the catchment to the Walton intake.  An empirical approach 

described in Jobson (1997) was adopted, in which catchment area and discharge values are 

used to estimate the transport velocity of a contaminant peak through a river network. 

The present study applied the Jobson (1997) method, using 110 catchment travel time data 

points obtained through a combination of tracer tests carried out by Environmental Tracing 

Systems Ltd (1998) and a spill time-of-transport model developed by Wallingford 
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HydroSolutions (2016).  Both sources provided data for limited areas of the catchment, 

including sections of the Thames and a number of its tributaries.  Curve-fitting was applied 

separately to the tributaries, to the upper Thames (with catchment areas of <1600 km2), 

and to the lower Thames (with catchment areas of >1600 km2). QGIS (v. 3.32.3) combined 

with OS Open Rivers Data and OS 1:50,000 terrain data (Ordnance Survey, 2025) was used 

to obtain the catchment area and river distances for the most downstream point in each 5x5 

km catchment cell, and mean velocity (and subsequently travel time) was calculated under 

different flow regimes (Q01 to Q99) for all cells within the catchment.  The quantile of each 

day’s discharge was calculated and rounded to the nearest Q10 to give a quantile interval 

that could then be used to look up appropriate travel times.  When broken down by flow 

regime, error at 68% confidence interval for example cells in the catchment was shown to 

be <1 day when distances between cell and abstraction point were <150 km at high (Q10) 

flow, <60 km at medium (Q50) flow, and <20 km at low (Q90) flow.  The error at low flow is 

not regarded as a critical limitation to the model because 70% of >1 oocyst L-1 exceedances 

occur at flows of Q50 and above, and because inputs for more distant cells were averaged 

over multiple days.  Estimated travel times in the catchment for the three flow regimes are 

shown in Fig. 2.3. Further information concerning curve-fitted equations and error analysis 

is provided in Appendix A. 

2.4.5 Input selection for models 

Table 2.1 shows the inputs included in each tested model.  All models contained the three 

core features, along with the following time-lagged inputs: discharge, discharge rate-of-

change, catchment-averaged soil moisture, catchment-averaged soil temperature and 

catchment-averaged consecutive antecedent dry days.  Models labelled “a” omitted 

catchment-averaged rainfall, whereas those labelled “b” included this input.  Model 2 also 

contained catchment-wide CSO Spills, whereas Models 3 and 4 contained spatially 

distributed cell rainfall data and CSO data, respectively.  Model 5 contained both spatially 

distributed cell rainfall data and CSO data. 

2.4.6 Hyperparameter tuning 

Hyperparameter tuning was initially carried out using Scikit-Learn’s GridsearchCV 

(Pedregosa et al., 2011) but the tuned parameters did not differ markedly from the default 
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settings and produced no improvement in model predictions.  Automatic hyperparameter 

tuning was therefore omitted entirely from future models and – with two exceptions – the 

default hyperparameter settings were adopted throughout.  The exceptions were 

Table 2.1  Input parameters included in each of the tested models, as indicated by greyed-

out cells. (Sp. Dist. = Spatially Distributed) 

    Models 

 Input parameters Input Name Units 1

a 

1

b 

2 

a 

2 

b 

3

a 

3

b 

4

a 

4

b 

5

a 

5

b 

C
o

re
 

Day of year Day_of_Year Day           

High Season Oct-Feb High_Season -           

Cryptosporidium 3-week mean Crypto_Rolling_Mean oocysts L-1           

C
a

tc
h

m
en

t-
A

ve
ra

g
ed

 

Catchment-averaged rainfall Catchment_Rain mm           

Continuous antecedent dry days Dry_Days Days           

Discharge Discharge m3 s-1           

Discharge daily-rate-of-change Discharge_ROC m3 s-1           

Soil moisture Soil_Moisture % volume           

Soil temperature Soil_Temp ⁰C           

Catchment-wide CSO spills  CSO_Sum Spills           

S
p

. 
D

is
t.

 Cell-based rainfall Rainfall_Cell mm           

CSO spills (individual CSOs) CSO Spills           

 

n_estimators (number of decision trees in the model) and subsample (percentage of the 

training data randomly sampled and used in each decision tree).  Preliminary model trials 

were performed using values between 5 and 500 for the n_estimators hyperparameter and 

values of 0.1 to 1.0 for the subsample hyperparameter.  The minimum number of “bagging” 

repeats (No of iterations) was established by training and validating models through 

different iteration totals, ranging from 5 to 200, in order to establish at which point no 

further improvement in performance was achieved.  Model performance was significantly 

improved by shuffling the input data columns before each iteration, an approach which 

reduces biases in the XGBoost random sampling method (Alsahaf et al., 2022).  Random 

seeds were used for both the subsampling and column shuffling so that the results could be 

reproduced.  All of the manual model trials described above were carried out using Model 

1b (which had the smallest number of features, with the exception of 1a) and Model 5b 
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(which had the highest number of features) to see if hyperparameter tuning was feature-

dependent.  

2.4.7 Model validation and performance metrics 

Walk-forward validation was applied so as to replicate the way in which the developed 

model would be deployed operationally (Fig. 2.4).  This is an appropriate alternative to K-

fold validation where data has a time-determined order.  In walk-forward validation, the 

model is trained using the latest available data in a sliding or extending window, to predict 

the next time step (Suradhaniwar, 2021).  Because of the minimum 2-day analysis time for 

Cryptosporidium and the need to incorporate mean Cryptosporidium data from days T-7 to T-

28, the latest data included in the training model was at T-4.  The trained model was then 

used to predict the current day’s Cryptosporidium concentrations (i.e. on day T0).  The 

training data commenced on 01.01.2016 and initially ended on 28.02.2021 (containing a 

minimum of 1165 Cryptosporidium measurements).   

 

Fig. 2.4  Diagram of model processes and model outputs, showing dates (T) over which 

training and validation data is split for walk forward validation, alongside key 

hyperparameters, outputs and evaluation metrics. 

 

 

The initial validation start date was 01.03.2021, with a final validation date of 28.02.2023, 

generating two full years of validation data (containing a total of 683 measurements).  Days 

(i.e. rows) in the training data for which Cryptosporidium measurements were unavailable 

were removed prior to training and validating the model.  The validation outputs from all 
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iterations of a single model were averaged to give a final predicted concentration, in 

accordance with the bagging method described in Section 2.4.2. 

Model outputs were assessed using four performance metrics, beginning with (i) the Root 

Mean Square Error (RMSE), which was applied to the concentration output and represents 

the standard deviation of residuals (i.e. the error in the concentration predictions).  The 

remaining three metrics evaluated the model’s performance when concentrations were 

converted into classification outputs – i.e. positive or negative exceedances of the 1, 2, 3, 4 

and 5 oocysts L-1 thresholds.  These metrics were: (ii) Recall (R), which is the proportion of 

predicted exceedances – i.e. True Positives (TPs) – relative to the total number of measured 

exceedances; (iii) Precision (P), representing the proportion of predicted exceedances which 

were correct; and (iv) F-score (F), which provides a combined evaluation of R and P 

(calculated from the harmonic mean of the two metrics) (Alpaydin, 2014).   An increase in 

the number of TPs results in higher R, P and F scores, but likewise, an increase in the 

number of False Positives (FPs) (i.e. incorrectly predicted exceedances), will produce lower P 

and F scores.  Because reliable prediction of exceedances is central to the use of the model 

in abstraction decision-making, the exceedance-based metrics (R, P and F) were regarded as 

the most important for assessing model performance. 

2.4.8 Local interpretation using SHAP values 

SHAP analysis was carried out on the models to quantify the relative contribution of 

individual features to model predictions above and below threshold levels.  The SHAP 

approach provides local interpretability – i.e. the quantification of feature importance at the 

level of the individual prediction – revealing both the magnitude of a feature’s impact the 

direction of that impact (i.e. whether it increases or decreases the predicted value) 

(Lundberg and Lee, 2017). Analysis was performed on the validation data and averaged 

across all iterations within each model.  The results were then applied in three different 

ways: (i) as time series plots of the cumulative totals of the core and lagged discharge and 

catchment-averaged values; (ii) as bar plots of maximum impact scores for the most 

important features and for features grouped by type; and (iii) to produce maps of the 

maximum impact of the spatially distributed inputs (rainfall cells and CSOs) for comparison 

with livestock and human population distributions.  Livestock density data (for cattle, sheep, 
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pigs and poultry) was obtained from the livestock surveys of Great Britain (APHA, 2022), and 

the residential human population data was taken from the 2011 UK census (Reis et al., 

2017). 

2.5 Results 

2.5.1 Lag time and hyperparameter tuning 

Final results from the maximum lag time and hyperparameter trials using Models 1b and 5b 

are shown in Table 2.2.  Note that trials were carried out multiple times to zero-in on the 

settings which produced the highest performing models, with the results for each trialled 

element obtained using the “optimum” settings for the other three elements.  Performance 

was reduced when values lower than those stated in Table 2.2 were used, whereas higher 

values either reduced performance (in the case of MaxLag and subsample), or increased 

computation time without improving performance (in the case of n_estimators and No. of 

iterations).  (See Appendix A for more detailed presentation of the hyperparameter tuning 

outputs.) 

 

Table 2.2 Optimised maximum lag time and hyperparameter settings following initial trials 

 

Model setting / 

hyperparameter 

Optimum 

value 

Explanation / Significance 

MaxLag (days) 18 All catchment-averaged / discharge-related inputs in 

models 1-5 are applied with lag times from 1-18 days 

n_estimators 25 Each iteration of the XGBoost model generates 25 
decision trees (i.e. estimators) from the training data 

Subsample 0.5 The XGBoost model randomly subsamples 50% of the 

training data for each decision tree 

No. of iterations 20 Each model reruns the XGBoost algorithm 20 times, 
producing mean Cryptosporidium concentration 

predictions and probabilities of threshold exceedance 

from the combined outputs of each iteration 

2.5.2 Overall performance and comparison of models 

Performance metric results for the different models are shown in Table 2.3.  RMSE showed 

minimal variation (<0.04 oocysts L-1) between the models, indicating that when predicting 

absolute concentrations, the models differed only marginally.  The exceedance-based 
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metrics (R, P and F) do show more pronounced variation, however.  All of the models 

performed well when predicting lower (>1 oocysts L-1) threshold exceedances, but were less 

effective when predicting moderate (>2 oocysts L-1) exceedances (with R1 scores more than 

2x R2 scores in every case).  A maximum of two higher exceedances (>3 oocysts L-1) were 

Table 2.3 Performance metric results for the different models.  Blank values arise where 

True or False Positives were not predicted by the model.  Cell shading denotes highest, 

intermediate and lowest performing models for each metric 

 
   Model 

   Catchment-Averaged & 
Discharge Inputs 

Catchment-Averaged, Discharge + 
Spatially Distributed Inputs 

   
Without 

CSO Data 
With 

CSO Data 
With 

Cell Rain 
With 

CSOs 

With 
Cell Rain + 

CSOs 

Metric 
Type 

Threshold 
(oocysts L-1) 

Metric 1a 

 

0.564 

44 

8 

1 

20 

5 

1 

0.688 

1b 2a 2b 3a 3b 4a 4b 5a 5b 

True 
Positives 

1 TP1 40 44 44 43 45 45 47 46 47 48 

2 TP2 6 8 4 8 8 9 8 9 9 10 

3 TP3 1 1 1 1 1 0 0 1 2 0 

False 
Positives 

1 FP1 33 20 32 20 25 24 30 21 26 25 

2 FP2 

2 

2 5 2 5 11 13 4 10 14 12 

3 FP3 1 1 1 1 1 2 0 2 1 2 

Recall 1 R1 0.625 0.680 0.688 0.672 0.703 0.703 0.734 0.719 0.734 0.750 

2 R2 0.261 0.348 0.174 0.348 0.348 0.391 0.348 0.391 0.391 0.435 

3 R3 0.083 0.083 0.083 0.083 0.083 0.000 0.000 0.083 0.167 0.000 

Precision 1 P1 0.548 0.688 0.579 0.683 0.643 0.652 0.610 0.687 0.644 0.658 

2 P2 0.750 0.615 0.667 0.615 0.421 0.409 0.667 0.474 0.391 0.455 

3 P3 0.500 0.500 0.500 0.500 0.500 0.000  0.333 0.667 0.000 

F-score 1 F1  0.584 0.688 0.629 0.677 0.672 0.677 0.667 0.702 0.686 0.701 

2 F2 0.387 0.444 0.276 0.444 0.381 0.400 0.457 0.429 0.391 0.444 

3 F3 0.143 0.143 0.143 0.143 0.143   0.133 0.267  

Root Mean Square Error RMSE 0.590 0.564 0.587 0.559 0.558 0.564 0.562 0.564 0.560 0.552 

Total Number of Features 93 111 111 129 522 540 279 297 708 726 

Total 
Number of 
Exceed-
ances 

1 64 (9.4%)           

2 23 (3.4%)           

3 12 (1.8%)           

4 6 (0.9%)           

5 4 (0.6%)           

Total Measurements 683           

 

predicted by the models and there were no predictions higher than 4 oocysts L-1, hence 

metrics for these levels have been omitted from the results.  
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On the whole, catchment-averaged models (Models 1 and 2) performed similarly to the 

spatially distributed models (Models 3-5), but there were subtle differences.  Model 1b 

performed better than the other three catchment-averaged models, including those with 

catchment-wide CSO inputs (Models 2a and 2b).  The inclusion of spatially distributed data 

(Models 3-5) led to a slight increase in Recall (because of a corresponding increase in TPs), 

but this came at the cost of Precision, with Models 3-5 suffering from higher numbers of 

FPs, compared with Model 1b.  Spatially distributed models based on CSO data (4a and 4b) 

performed slightly better than those based on cell rainfall data (3a and 3b).  Although the 

differences are modest, Model 5b – which incorporated all of the catchment-averaged 

parameters (except CSO_Sum) along with all available spatially distributed parameters – was 

the highest performing model, with the lowest RMSE, the highest R1 and R2 scores and the 

second highest F1 and F2 scores. 

It is notable that including rainfall data in some form was shown to have a positive effect on 

the predictive performance of the models at the 1 oocysts L-1 threshold levels.  Models 

which incorporated this input (i.e. those subscripted with “b”, or containing cell rainfall 

inputs) had F1 scores of 0.677-0.702, whereas those models which omitted rainfall entirely 

had lower F1 scores of 0.584-0.667.   

On many occasions, the reduced model performance at higher exceedances was a question 

of prediction magnitude, not prediction timing – i.e. although the models did not predict a 

majority of the moderate-to-high exceedances, they frequently predicted a lower 

exceedance on the same day, with Models 1b and 5b forecasting a >1 oocyst L-1 exceedance 

on over 67-100% of moderate-to-high (>2 to >5 oocysts L-1) exceedances.  Taking all of the 

>1 oocysts L-1 exceedances together, the models correctly predicted 69-75% of 

exceedances, whereas for all >2 oocysts L-1 exceedances, the models predicted a >1 oocysts 

L-1 on 78-89% of occasions. 

Fig. 2.5a shows predicted outputs from the highest performing catchment-averaged model 

(Model 1b) and the highest performing model incorporating spatially distributed data 

(Model 5b), alongside measured Cryptosporidium values.  The differences between the two 

model outputs are subtle, with Model 5b correctly identifying seven more exceedances than 

Model 1b, although it did this at the cost of reduced precision (see Table 2.3). Measured 

Cryptosporidium peaks were higher and more frequent in Oct 2022-Feb 2023 than they 
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Fig. 2.5 (a) Measured and predicted concentrations of Cryptosporidium (generated by 

Models 1b and 5b), (b) catchment-averaged rainfall and (c) discharge.  SHAP values showing 

the impact on Model 1b predictions of (d) core inputs and (e) hydrological inputs and (f) soil 

meteorological inputs (presented as cumulative values for all lag times), and (g) the impact 

on Model 5b of rainfall cells and CSOs as cumulative totals. (Note: for simplicity, the effect 

of SHAP base values has been omitted.) 
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were in the preceding year (Oct 2021-Feb 2022); the outputs of both models reflected this, 

with notably fewer predicted exceedances in the earlier period, indicating that the models 

are capable of distinguishing between more and less severe Cryptosporidium seasons.  Fig. 

2.5b-c show two key environmental variables (catchment-averaged rainfall and discharge), 

illustrating that the highest peaks in Cryptosporidium sometimes coincided with, or lagged 

slightly behind, rainfall events and increases in discharge. 

For the most part the models underestimated the highest measured Cryptosporidium peaks, 

but for two months (Aug and Oct 2022) the predictions consistently exceeded observed 

values.  The environmental variables do not offer any clear explanation for these incorrectly 

high predictions, although the occurrence of several small rainfall events at a time when 

discharge was low may provide a partial explanation.  

2.5.3 SHAP analysis 

Fig. 2.5d-f displays mean SHAP impact scores for the three core inputs and catchment-

averaged inputs (expressed as cumulative values across all lag times) for Model 1b.  

Crypto_Rolling_Mean was the most positively impactful feature (i.e. increasing the 

predicted concentration) for the more severe Cryptosporidium season (Oct 2022-Feb 2023), 

but it had very little impact on the less severe season (Oct 2021-Feb 2022), where instead 

Day_of_Year was more impactful.  During the months in which observed Cryptosporidium is 

typically low (defined here as Mar-Sept), predictions are shown to be partially dominated by 

the negative impact (i.e. acting to reduce the predicted concentration) of 

Crypto_Rolling_Mean. 

Of the non-core inputs, Discharge, Catchment_Rain, Soil_Moisture and Soil_Temp have the 

most influence on predictions, although these impacts vary with the time of year.  Discharge 

has the most striking positive impact in Aug-Oct 2022 and a negative impact in Dec 2022 and 

Jan 2023.  Catchment_Rain’s impact is predominantly positive, but also much more 

intermittent than the other catchment-averaged/discharge-based inputs, and often of 

higher magnitude.  Soil_Moisture’s impact is also largely positive and (like Discharge) occurs 

most prominently in Aug-Sep 2022, whereas Soil_Temp switches frequently from imposing a 

small positive to small negative impact, with the highest-magnitude impact occurring in late 

Jan 2023. 
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The combined SHAP values for spatially-distributed inputs (Fig. 2.5g) show that the impact 

of Rainfall Cells is of much greater magnitude than the CSOs, although CSOs do occasionally 

have a higher impact (e.g. in early Sept, mid-Oct and early Dec 2022).  As with 

Catchment_Rain, the spatially-distributed inputs have a very intermittent, high-magnitude 

(relative to other catchment-averaged inputs) impact on predictions.  This impact is 

generally positive, although negative impacts of moderate magnitude do occur in Dec-Jan of 

both winter seasons. 

Ranking the features by their highest maximum positive impact (Fig. 2.6) shows that in both 

Model 1b and 5b, catchment-averaged rainfall has the greatest effect when applied with a 

2-day lag time (Catchment_Rain_L02), although a 1-day lag time is also important for Model 

1b.   Rainfall Cells within 30 km river distance of the intake provided the highest positive 

impact on Model 5b, although Rainfall Cells ≥30 km from the intake also had a high 

maximum collective impact.  Crypto_Rolling_Mean and Day_of_Year had roughly equal 

impact on both models, but Soil_Moisture and Discharge were more impactful in Model 1b 

than 5b.  Discharge had the most impact at a 6-day lag time, whereas Discharge_ROC has 

most effect on Model 1b at a 1-day lag time.  The maximum impact of CSOs on Model 5b 

was relatively low. 

 

Fig. 2.6 Maximum positive and negative SHAP impact scores for key individual features and 

grouped features in (a) Model 1b and (b) Model 5b.  (Note: catchment-averaged and 

spatially distributed features with an absolute maximum impact of <0.25 are grouped 
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together by feature type; RD = River Distance (km) from Walton intake; Ln=lag time, 

expressed as n days.) 

2.5.4 Identifying possible source locations/areas  

Fig. 2.7a-b shows the locations of spatially distributed features (rainfall cells and CSOs), 

along with their maximum positive SHAP impact scores (from Model 5b).  Here, high-scoring 

features can be treated as an indicator of possible Cryptosporidium source areas/locations.  

The most impactful rainfall cells are 387, 444, 498 and 583, all of which are within 30 km 

river distance of the intake, which is also an area of relatively high (human) population (Fig. 

2.7b).  The majority of the moderately impactful cells are also located near to the intake, 

although there are exceptions in the north-east of the catchment (245), central areas (296 

and 349), and seven cells in the far west of the catchment (e.g. 310 and 426).  There isn’t a 

clear overlap between rainfall cell impact and 

 

Fig. 2.7  Maximum SHAP impact scores for (a) 5x5 km rainfall cells and (b) CSO binary inputs, 

with (c) human population density from 2011 Census (Reis et al., 2017), alongside livestock 

densities for (d) cattle, (e) pigs (f) poultry and (g) sheep from APHA (2022). 
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livestock distributions, although the higher-impact cells in the west do coincide with higher 

cattle densities (Fig. 2.7c), and those positioned towards the centre and north-east of the 

catchment coincide with higher sheep, pig, poultry and cattle densities. 

The impact of the CSO inputs is lower in magnitude than that of the rainfall cells.  The most 

impactful CSO inputs (006 and 033) are far (>100 km river distance) from the intake and in 

relatively low population areas, although one moderately impactful CSO (224) is much 

closer to the intake and in a higher population area. 

2.6 Discussion 

2.6.1 Predicting Cryptosporidium at daily timescales 

This study has demonstrated that predictions of Cryptosporidium can be made at daily 

timescales using an ML model.  Although four previous studies have used either ML or 

deterministic models to generate daily predictions (Brion et al., 2001; Medema and 

Schijven, 2001; Dorner et al., 2006; Tang et al., 2011), each of these was validated against 

sparse data (with ≤68 Cryptosporidium measurements), whereas in this study models were 

trained using a minimum of 1165 Cryptosporidium measurements over approximately 5 

years and validated with 683 measurements spread across 2 years.  Furthermore, unlike 

several of the cited studies, this model does not require FIB data as an input.  Such a well-

validated demonstration of the predictability of Cryptosporidium at daily timescales 

constitutes an important finding, given the variety and uncertainty of pathogen sources, the 

daily, seasonal and annual variability in Cryptosporidium concentrations in the river, and the 

size and complexity of the catchment concerned.  Predictions of the type presented here 

are very likely to have operational utility, since water supply managers do not normally 

require absolute Cryptosporidium values in order to make abstraction decisions, but only a 

reliable indicator of whether or not concentrations are likely to exceed certain thresholds – 

and the highest-performing models correctly predicted 69-75% of >1 oocysts L-1 

exceedances, and predicted elevated concentrations on 78-89% of >2 oocysts L-1 

exceedances.  The approach taken – namely, the application of a Bagging-XGBoost model 

with an unparsimonious approach to feature selection – also has the benefit of simplicity in 
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that it does not require extensive preliminary data analysis in order to reduce 

dimensionality.   

2.6.2 Differential performance of catchment-averaged and spatially distributed models 

The highest performing spatially distributed model (Model 5b) slightly outperformed the 

highest performing catchment-averaged model (Model 1b) on the majority of metrics.  

More generally, those models incorporating spatially distributed features predicted more 

exceedances (i.e. had higher Recall values), but they also suffered from lower Precision 

values than Model 1b.  This may be due to the far larger number of features used in the 

spatially distributed models, which can be a source of feature noise or overfitting (Dhal and 

Azad, 2022) – an effect which could be amplified by the high levels of multicollinearity 

known to be present in the input data (Chan et al., 2022).  The fact that the spatially 

distributed models with the fewest features (Models 4a and 4b) had higher precision than 

those models with >500 features, adds further credence to this interpretation. 

The higher Recall of Model 5b compared with Model 1b indicates that cell rainfall and CSO 

data provided relevant extra (source-related) information to the model.  A major 

component of this is the more distant (≥30 km) rainfall cell inputs (see Fig. 2.6b), which will 

differ greatly from catchment-averaged rainfall because of the combination of extended 

time lags and averaging over multiple days.  Catchment-averaged rainfall will serve as a 

reasonable proxy for the more impactful nearby (<30 km) rainfall cells, hence the reason 

why catchment-averaged models are still relatively effective.  However, cell rainfall data for 

more distant locations in the catchment (and therefore more distant Cryptosporidium 

sources) plays a dominant role in increasing the number of exceedances predicted by Model 

5b relative to the catchment-averaged models. 

Based on these results, it is arguable that the simpler catchment-averaged modelling 

approach provides a more time-efficient and robust option for many water abstraction 

operators, since for large catchments it would require a much smaller number of input 

features and it would also remove the need to obtain travel time estimates for discrete 

points within the catchment. 
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2.6.3 Applying model performance and SHAP analysis to understand Cryptosporidium 
transport and sources 

Rainfall was shown to be a key input, with comparison of the models consistently 

demonstrating that the inclusion of rainfall features in some form resulted in improved 

performance.  This was further supported by the SHAP analysis, which showed that rainfall 

inputs taken as a collective were the most impactful features in the two highest performing 

models (1b and 5b).  This is an important finding, and one which highlights the centrality of 

rainfall as a mechanism for transferring Cryptosporidium into rivers, by mobilising and 

transporting (as rainfall-runoff) oocysts which are present in faecal matter on fields and in 

urban areas, as well as flushing oocysts from drainage networks and increasing the volumes 

of untreated sewage entering rivers (via CSO spills).  This interpretation is well-supported by 

previous studies (Atherholt et al., 1998; Bhattarai et al., 2011) and established theory 

regarding Cryptosporidium transport in catchments (FWR, 2011). 

The importance of catchment-averaged rainfall at 2-day lag time to both Models 1b and 5b 

indicates that rainfall over nearby sources (i.e. within 2 days’ travel time) influences 

Cryptosporidium concentrations in the river more than rainfall over more distant areas – 

and therefore that nearby sources are more dominant.  This is backed-up by the Model 5b 

SHAP output, in which cells that were near (<30 km river distance) to the intake had the 

largest impact on predictions.  Existing theory states that Cryptosporidium from more 

distant sources will be subject to greater levels of dispersion and die-off during transport 

(Medema and Schijven, 2001), and hence will generally have a less pronounced effect on 

pathogen concentrations than sources which are near to the monitoring point.  However, 

more distant sources are still relevant, as shown by the high impact of rainfall cells ≥30 km 

upstream of the intake, and by the improved performance of the models when extended lag 

times (up to 18 days) were applied to the catchment-averaged data, suggesting that less 

recent rainfall events – and hence more distant upstream sources – do have an important 

secondary effect on Cryptosporidium concentrations at the intake. 

In Model 5b, the higher overall impact of rainfall cells relative to CSOs lends support to the 

theory that mobilisation of livestock-shed oocysts by rainfall-runoff is more important than 

mobilisation of human-shed oocysts in CSO spills.  On the other hand, the correspondence 

of the most impactful rainfall cells with areas of moderate-to-high human population and 
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relatively low livestock population (e.g. cells 387 and 444) contradicts this and points to the 

significance of human sources.  It is important, however, to draw a distinction between 

human and urban inputs; CSO spills can contain both untreated sewage and urban storm 

water, and are therefore likely to be dominated by human-shed oocysts in many cases.  

However, rainfall-runoff over higher (human) population areas will also generate discharges 

of urban storm water into the river system, which can contain oocysts shed by domestic 

animals and wild animals.  Indeed, previous studies show that oocysts shed by non-human 

animals (e.g. dogs and pigeons) can be the primary source of surges in Cryptosporidium river 

concentrations after rainfall over built-up areas (Müller et al., 2020). 

The superior performance of spatially distributed models which included CSO data (i.e. 

Models 4a, 4b, 5a and 5b) relative to those which excluded CSOs (Models 3a and 3b) also 

adds support to the significance of human sources.  This could be particularly true at certain 

times of the year, such as in autumn or early winter, when river levels are often lower than 

in mid-late winter, and so potential dilution effects are reduced; this effect appears to be in 

evidence for periods in Oct and early Dec 2022, when the CSOs have a greater impact than 

the rainfall cells (Fig. 2.5g).  It should be noted however that the binary form of the CSO 

inputs may serve to inhibit their effectiveness, since the data in this form provides no 

information to the model concerning the scale of untreated sewage spills.  Overcoming 

these deficiencies in the CSO input data is challenging and would require access to 

information which was unavailable for the present study, including dimension data for each 

individual asset, which could then be used to estimate/scale flow volumes (Suslovaite et al., 

2024).  Furthermore, although spills from STW storm tanks are included in the dataset, 

discharges from the main STW effluent outfalls are not represented within the CSO inputs, 

even though such discharges may contain inadequately treated sewage during periods of 

high hydraulic loading. 

Viewed as a whole, the SHAP analysis of the spatially distributed inputs can be taken as 

evidence that livestock, human and urban sources of Cryptosporidium are all important in 

determining river concentrations of the pathogen (with urban sources made up of a mixture 

of human and non-human oocysts).  The impact of rainfall cells is of higher magnitude than 

the CSO inputs, but the CSOs add an important “polishing” effect to the final prediction (i.e. 
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by raising predictions above threshold concentrations when their lower-magnitude impacts 

are applied). 

Soil moisture was shown to have the most (positive) impact in Aug-Oct – this corresponds to 

the months in which surface moisture levels often undergo significant change as the drier 

conditions of late summer transition into the wetter periods of autumn.  This observation 

matches well with theory, since high moisture values should reduce the rate of oocyst 

desiccation on the land (Robertson et al., 1992) and increase runoff volumes (and hence the 

potential for Cryptosporidium mobilisation) during rainfall events (Singh et al., 2021).  It 

should also be noted that basing the average soil moisture (and soil temperature) on data 

taken from four sites in the catchment is a potential model limitation.  In particular, the use 

of spatially distributed (satellite-based) soil moisture data could complement (and increase 

the predictive utility of) the spatially distributed rainfall data. 

Discharge also had the most positive impact in Aug-Oct, whereas the negative (i.e. 

subtractive) impacts of high discharge were shown to play an important role later in the 

season, as illustrated by the SHAP outputs for Nov 2022-Feb 2023 (Fig. 2.5e). The effects of 

this input parameter are expected to be non-linear.  For example, high discharges may 

sometimes coincide with higher loadings of Cryptosporidium from rainfall-runoff or CSO 

spills, and with more rapid transport of mobilised oocysts in the catchment.  However, high 

discharge could also lead to greater dilution, and hence reduced concentrations of the 

pathogen (Knapp et al., 2022).  The impact of discharge rate-of-change at 1-day time lag on 

Model 1b (Fig. 2.6a) could represent the influx of Cryptosporidium oocysts liberated by re-

suspended bed and bankside sediment in the wake of abrupt changes in flow (Crockett, 

2004; Drummond et al., 2018). 

Two of the most impactful features – Crypto_Rolling_Mean and Day_of_Year – serve as 

surrogates for other processes for which we lack appropriate data.  Day_of_Year represents 

seasonal elements, such as the annual farming calendar (e.g. when manure-based fertiliser 

might be applied to the fields, or when livestock may be transferred from grazing fields to 

winter holds), or the timing of peak infection rates in the UK in both human and livestock 

populations – typically in the months of Sep and Apr, respectively, although the monitoring 

of infections in livestock is arguably too patchy to provide a reliable picture of seasonal 

trends (Public Health England, 2024; APHA, 2024).  Crypto_Rolling_Mean provides a 
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surrogate for seasonal and longer-scale (e.g. annual) variations in Cryptosporidium.  There 

are many factors which may result in longer-term variation, including sporadic outbreaks in 

the animal or human populations, as well as differential rates of oocyst survival and/or 

release into the environment as a result of meteorological or farming effects which have not 

been represented elsewhere by the input data.  This feature’s centrality is consistent with 

the model design, since it was included precisely for the purpose of providing a scaling 

factor to inform the model of the severity of the current Cryptosporidium season. 

2.6.4 Modelling and feature interpretation limitations 

All models were ineffective at predicting the magnitude of exceedances above 3 oocysts L-1, 

although they were much more effective at predicting the timing of such exceedances.  This 

is to be expected, given that higher exceedances are much rarer in the dataset and hence 

the models have fewer such instances on which to train.  The performance of the models 

may also be limited by the quality of the Cryptosporidium data itself, which is subject to 

issues of sampling representativeness, analytical recovery and subjectivity of analysis 

method (Efstratiou et al., 2017b; Hassan et al., 2021).  Although Thames Water’s selective 

abstraction protocols apply Cryptosporidium measurements without correction for 

analytical recovery, a refined version of the model could still incorporate an estimated 

recovery component to improve predictive performance and interpretability.  Direct 

adjustment of concentrations based on laboratory recovery data is problematic because 

routine quality control tests rarely match the matrices of the samples, but a continuously 

monitored proxy for recovery – e.g. turbidity – could be considered, particularly where 

sufficient site-specific laboratory data is available to establish a reliable relationship.  This 

should be treated as an exploratory approach, however, because previous studies have 

found the relationship between turbidity and oocyst recovery to be weak, complex, or 

context-dependent (Feng et al., 2003; Francy et al., 2004).  Collectively, these data quality 

challenges underline the necessity to work with large Cryptosporidium datasets when 

training models. 

A one-day time-step was adopted because this was the maximum temporal resolution of 

the Cryptosporidium data, but sub-daily time-steps could reveal subtleties that are not 

visible in the current models.  In particular, the discrete daily, sub-weekly or sub-monthly 
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sampling approach associated with routine monitoring by water companies provides only a 

snapshot of river conditions and may fail to capture short-duration contamination events.  

Episodic inputs associated with CSO spills, elevated discharges from STW outfalls, or 

localised rainfall-runoff events occurring close to the sampling locations could therefore be 

underrepresented even within the approximately daily dataset used here, potentially 

obscuring some short-timescale relationships between the source-related features (i.e. CSO 

spills and rainfall) and Cryptosporidium concentrations in the resulting models.  

Unfortunately, although sub-daily environmental datasets are widely available, sub-daily 

Cryptosporidium data is not collected as part of routine water sector monitoring. 

It should also be noted that travel time calculations for such a complex river network are 

challenging, and it is therefore probable that inaccurate lag times have been applied to 

some of the spatially distributed features.  If this is the case, it will of course compromise 

the effectiveness of the spatially distributed models and the associated SHAP analysis. 

Interpretation of the spatially distributed rainfall data is likely to be further impaired by the 

homogeneity of rainfall events over what is a region of relatively low relief.  In particular, 

the high correlation between adjacent/proximate rainfall cells will reduce the ability of an 

ML model to discern the effects of rainfall over different parts of catchment.  The higher-

impact cells highlighted by the SHAP analysis may in fact represent effects produced by 

nearby cells, which could complicate interpretation of likely sources when SHAP outputs are 

compared with livestock and human population data.  Furthermore, a number of factors not 

considered here are also likely to influence the potential for animal waste to reach surface 

water bodies; these include the storage locations of waste-based fertilisers, soil type, land 

gradient and the proximity of grazing animals to watercourses. 

Finally, it is important to bear in mind that although XGBoost model performance has a high 

tolerance for multicollinearity in the input data, this is less true for model interpretability by 

feature importance analysis (including SHAP), with the potential generation of outputs 

which over/under-estimate individual feature impacts (Drobnič et al., 2020). This is one 

drawback of the unparsimonious approach used here.  The spatially distributed features are 

a particular concern in this context because of the low magnitude of their associated SHAP 

impacts; findings concerning the most important sources/source areas and their relative 

significance should therefore be treated with caution.  Other studies have analysed model 
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inputs beforehand and removed highly-correlating features (Takefuji, 2025), but even when 

such approaches are adopted, the question regarding which features to retain/remove 

remains problematic, and can result in the loss of valuable input data (O’Brien, 2017).  

However, there is undoubted scope for future researchers to engage with the challenging 

problems posed by feature importance and multicollinearity in the context of data-rich ML-

based pathogen river models; such work could also seek to understand the effect of feature 

interactions (Alomari and Andó, 2024). 

2.7 Conclusions 

This study advances the modelling of Cryptosporidium in river systems by evaluating how 

catchment-averaged and spatially distributed environmental and source data can be 

integrated with antecedent Cryptosporidium measurements within an interpretable ML 

framework.  It the first published attempt to make daily predictions of Cryptosporidium 

concentrations in a complex river system by training and validating a model using 

approximately daily monitoring data in a long-term (7-year) dataset.  It successfully 

demonstrates that such predictions – which are of great relevance to water resource 

management – can be practically made utilising commonly available environmental datasets 

alongside existing raw water monitoring data. The contribution is therefore both predictive 

and explanatory: the modelling framework provides a means of assessing which spatial 

representations, environmental drivers, source indicators and lag times are most 

informative for understanding short-term Cryptosporidium risk.  XGBoost was used because 

of its reputation for high predictive performance and its ability to deal with multicollinearity 

in the input data – a key quality, given the use of input parameters at multiple lag times. 

The most successful model (containing both catchment-averaged and spatially distributed 

data) achieved F-scores of 0.701 and 0.444 when predicting exceedances above 1 and 2 

oocysts L-1, respectively.  A simpler model (using catchment-averaged inputs) performed 

almost as well; it may therefore be preferable in an operational setting to opt for a 

catchment-averaged model, particularly if spatially distributed data and associated travel 

time estimates are unavailable, or challenging to obtain.  Models which excluded rainfall 

entirely from the input data performed less well, demonstrating the centrality of rainfall as a 

mobilisation mechanism. 
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All of the models tended to underestimate moderate-to-high exceedances (>2 oocysts L-1), 

although the models were more successful at predicting the timing of such exceedances, 

predicting a >1 oocysts L-1 exceedance on 78-89 % of days when Cryptosporidium exceeded 

2 oocysts L-1. 

Sources near to the intake were shown to have the greatest effect on Cryptosporidium 

concentrations in the river, as demonstrated by the importance of catchment-averaged 

rainfall at 2-day lag time and by the impact of spatially distributed rainfall features <30 km 

upstream.  SHAP analysis of spatially distributed model inputs supports the theory that 

livestock, human and mixed urban sources of Cryptosporidium are all important in 

determining the pathogen’s concentrations in the river.  However, the effectiveness of 

spatially distributed features may have been partially impeded by potential errors in travel 

time estimation and (in the case of CSO inputs) by the binary form of the data.  The SHAP 

analysis results should be considered in the light of the high number of features and 

multicollinearity in the input data, which is particularly high in the case of the spatially 

distributed rainfall inputs. 

Discharge antecedent to rainfall events was also shown to be an important feature, with 

discharge rate-of-change, soil temperature and soil moisture adding further useful 

information to the model, although the vital contribution of two proxy inputs representing 

antecedent Cryptosporidium concentrations and day of the year show that there are still 

major knowledge and data gaps which, if addressed, could lead to an improved model.   

The approach outlined here could be readily adopted at many abstraction sites, at little or 

no cost.  Although such ML models rely on extensive training data, it should be noted that 

many water providers in the UK and around the world have already collected substantial 

Cryptosporidium datasets as part of their routine monitoring regimes (Smeets et al., 2007).  

When combined with remote sensing environmental data and powerful ML software tools 

(both of which are often freely available), these existing datasets contain significant 

untapped potential, which could be harnessed not only to support future modelling, but 

also to advance scientific understanding of Cryptosporidium source contributions, transport 

pathways and temporal variability in complex catchments. 
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Chapter 3: Quantitative Microbial Risk Assessment of 

Cryptosporidium for London’s water supply: Analysis of raw 

and treated water to inform supply management 

Reproduced from draft journal paper: Smalley, A. L., Lauretto, M. S., Razzolini, M. T. P, Douterelo, I., Chipps, 

M. and Shucksmith, J. D. (2026) Quantitative Microbial Risk Assessment of Cryptosporidium for London’s water 

supply: Analysis of raw and treated water to inform supply management.  Intended journal: Water Research. 

3.1 Abstract 

Quantitative Microbial Risk Assessment (QMRA) is a widely used approach for 

understanding and managing Cryptosporidium risk in drinking water systems, but is often 

constrained by reliance on raw/source water concentrations in combination with treatment-

performance assumptions or log-removal credits. This study integrates source water, 

reservoir and treated water data within a novel parallel QMRA framework to evaluate 

Cryptosporidium risk in final treated supplies for a complex multi-source drinking water 

system.  A whole-city approach for London was adopted, accounting for complex blending 

of source waters in the reservoir storage and treatment system, and in the drinking water 

supply network.  Parallel raw water (RW-QMRA) and treated water (TW-QMRA) risk outputs 

were generated for biannual periods to quantify seasonal effects and model selective 

abstraction-based risk management strategies.  Log-removal values were computed using 

additional reservoir datasets and a novel, hybrid data imputation method with 

parametrically-defined lower limits to deal with the high proportion (>98%) of left-censored 

data points in the treated water data.  

TW-QMRA results revealed no clear seasonality, with median biannual risk values over 6 

years ranging from 0.0037% to 0.0057% - below the USEPA "tolerable" risk guideline.  RW-

QMRA outputs showed clear seasonality (reflecting high Cryptosporidium river 

concentrations in winter), with above-guideline median risk for some Sep-Feb periods (up to 

0.012%).  Selective suspension/reduction in river abstraction volumes was shown to lower 

median risk to below the guideline level for all periods, but the overall risk reduction was 

modest (<0.3 log units) compared with potential reductions from alternative risk mitigation 

options (e.g. the 2-4 log reduction achievable with UV treatment).  The absence of 
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seasonality in the TW-QMRA outputs provided partial evidence of system robustness, while 

the RW-QMRA outputs – which are less vulnerable to left-censored data uncertainties – 

offered a more conservative and loading-sensitive assessment of risk variation.  

3.2 Introduction 

Cryptosporidium is a protozoan pathogen which can cause gastrointestinal illness in infected 

humans and animals.  The largest Cryptosporidium outbreaks on record have been caused 

by the consumption of contaminated drinking water (Mac Kenzie et al., 1994; Widerström et 

al., 2014; Pignata et al., 2019).  Risk management of Cryptosporidium by drinking water 

providers typically relies on multi-barrier treatment options, often involving physical 

removal by coagulation-flocculation and/or filtration (Betancourt and Rose, 2004).  The 

pathogen is resistant to chlorination at standard treatment concentrations, but deactivation 

can be achieved either by ozonation or UV treatment, though at additional financial cost per 

unit of treated water (USEPA, 2025).  Hence, when applying risk mitigation strategies to 

protect public health, it is essential to have some means of calculating the effectiveness of 

different approaches.  Such calculations are often challenging, however, especially for large 

and complex systems where risk is a function of many factors, including pathogen loadings 

in raw water supplies (e.g. river systems, which are influenced by site-specific and highly 

variable seasonal factors, such as rainfall-runoff), complex and interlinked treatment 

systems, and population characteristics (e.g. differential immunity to infection).  The need 

for risk quantification becomes even more pressing when prioritising investment, making 

asset management decisions or considering the effective implementation of other risk 

mitigation strategies, such as selective surface water abstraction to reduce loadings of 

contaminants to water treatment works (WTW).  

Quantitative Microbial Risk Assessment (QMRA) is an established approach advocated by 

the World Health Organisation (WHO) which has been used in a drinking water context for 

an array of pathogens, including Cryptosporidium (Medema et al., 2009).  The two key 

inputs usually required are (i) the exposure of the population to the pathogen and (ii) the 

dose-response relationship exhibited by members of the population.  Exposure typically 

breaks into two further components: the concentration of the pathogen in the ingested 

water (taken from water quality data) and the volume of ingested water.  Although point 
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estimates of inputs can be used, the preferred QMRA approach is to probabilistically model 

each input separately, generating distributions which can be randomly sampled in a Monte 

Carlo analysis.  Final risk outputs are then in the form of daily and annual infection risk 

distributions, which reflect both the uncertainty and natural variability of the inputs (WHO, 

2016). 

Each of the inputs presents its own challenges (Medema et al., 2009). For example, 

analytical datasets for pathogens (including Cryptosporidium) often contain high numbers of 

non-detects – i.e. left-censored values below the analytical limit of detection (LOD).  In 

many recent studies, the method adopted for dealing with non-detects is parametric 

modelling, using censored Maximum Likelihood Estimation (MLE), in which a likelihood 

function is applied to determine the most probable fitted distribution (Helsel, 2012).  Two 

problematic aspects of the MLE method are that it relies on assumptions regarding the 

shape of the concentration distribution (e.g. gamma or log-normal), and that the curve-

fitting process is biased towards the uncensored data points (Antweiler and Taylor, 2008).  It 

is also regarded as non-ideal for modelling data which is highly left-censored, with one study 

recommending 80% as an upper limit (Hewett and Ganser, 2007).  Alternative methods have 

been used – e.g. the semi-parametric Regression on Order of Statistics (ROS) (Helsel and 

Cohn, 1988) and the non-parametric Kaplan-Meier (KM) and multiple-imputation (MI) 

methods) (Helsel, 2012).  MI methods – which are based on repeated random sampling 

from distributions – have also been shown to outperform the alternatives (Canales et al., 

2018) and are less reliant on assumptions regarding underlying distributions.   

The majority of published QMRA studies are also based on either raw (untreated) or treated 

water datasets in isolation – and where both data streams are available, they are rarely 

symmetrical, with one containing many more data points than the other (Owens et al., 

2020).  QMRAs based on raw water data (RW-QMRA) must incorporate a log-removal 

element to calculate the final treated concentrations after water has passed through the 

WTW(s).  The most common approach is to assign log removal credits (LRCs) appropriate to 

the on-site treatment processes.  LRCs are usually taken from the literature, but these may 

not reflect true, site-specific performance of the treatment processes (Schmidt et al., 2020).  

Use of LRCs also fails to capture the inherent variability/uncertainty in the system, which is a 

central aim of the QMRA method.  An alternative approach is to model log-removal values 
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(LRVs) directly, using real data, but this requires access to both raw and treated 

concentration measurements.  A potential advantage of RW-QMRAs is that they can 

incorporate changes in risk due to observed differences in pathogen loadings (e.g. seasonal 

changes in river concentrations), but data availability often precludes this – i.e. if 

concentration monitoring data is sparse, it cannot be divided into seasonal subsets while 

maintaining statistical robustness. 

QMRA studies based on treated water data (TW-QMRA) do not require 

assumptions/calculations for log-removal, since the concentration data represents the 

status of the water, post-treatment.  In cases where treated water frequently contains 

detectable pathogens, TW-QMRA can be the preferred approach, because its source data 

directly reflects the condition of the water being ingested (Guzmán Barragán et al., 2022).  

However, in robust and effective water treatment systems, where pathogens are almost 

always removed to levels below the LOD, the concentration data will be highly left-

censored, meaning that (compared with the raw data) there is considerable uncertainty 

regarding true pathogen levels in the water.  In such cases, TW-QMRAs also have limited 

scope for assessing changing environmental loadings (e.g. due to seasonal effects), because 

unlike RW-QMRA, such loadings are not inherently incorporated into the input data.  In 

summary, both RW-QMRA and TW-QMRA can be subject to high levels of uncertainty in 

their exposure assessments; for RW-QMRA, this uncertainty resides chiefly in the log-

removal estimates, whereas in TW-QMRA the bulk of the uncertainty lies in the left-

censored concentration data. 

In a number of countries (including the UK, Netherlands, Australia, USA and Canada) 

monitoring of Cryptosporidium concentration in raw source waters is undertaken at many 

sites as part of the standard risk management strategy (Clancy and Hunter, 2004; Schets et 

al., 2008; Cook et al., 2013; Petterson et al., 2021).  Regulatory requirements in the UK also 

require water providers to collect extensive treated water data for WTWs considered at 

higher risk; when combined with the large raw water datasets, this constitutes a significant 

resource which – from a research perspective – has not been fully tapped (Smeets et al., 

2007).  Rich datasets for both raw and treated waters provide researchers with an 

opportunity to perform parallel RW-QMRA and TW-QMRA at the same sites to assess the 

effect of different environmental loadings over time (e.g. seasonal effects), quantify 
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treatment efficacy by calculating LRVs, and evaluate the robustness of the treatment 

systems by comparing the response to different loadings seen in both the RW-QMRA and 

TW-QMRA.  If treatment systems are robust, changes in environmental loadings seen in the 

RW-QMRA outputs should be either less apparent or indiscernible in the TW-QMRA (i.e. 

because the processes will remove the extra influx of pathogens).  Furthermore, the RW-

QMRA can be used to scenario-test hypothetical risk management strategies to estimate 

improvements in relative risk. 

The aim of this study is to develop and evaluate a dual RW-QMRA and TW-QMRA approach 

for assessing pathogen risk across a complex multi-source drinking water system, using the 

first city-wide QMRA of Cryptosporidium for London’s drinking water as a case study.  The 

study utilises novel and extensive datasets to explore and refine QMRA approaches (e.g. log 

removal calculations) in the context of large and complex water supply systems, and applies 

a hybrid data imputation method to model Cryptosporidium concentrations – a step which is 

required because of the reliance on exclusively left-censored data in some of the seasonal 

TW-QMRA input data. Further, we demonstrate the applicability of QMRA to inform 

management strategies by considering the effectiveness of a currently-active selective 

abstraction protocol (described below), and scenario-test alternate approaches to show the 

potential risk reduction and explore trade-offs with abstraction volumes.  

3.3 Method 

3.3.1 Description of drinking water assets 

Thames Water-managed assets provide drinking water to approximately 76 % of the 

population of Greater London (≈ 7.4 million people).  Surface water provides the source for 

87-89 % of this water (based on 2016-2025 Thames Water output data) and this is obtained 

from 6 abstraction points on the River Thames (Intakes A-D3), and 2 abstraction points on 

the River Lee (Intakes E & F) (see Fig. 3.1).  Water from each of the intakes is transferred to 

one or more of the multiple bankside reservoirs which flank the rivers.  The reservoirs 

supply water to 5 large WTWs, with each WTW receiving water from at least 2 reservoirs, 

the proportional blend of which changes over time due to a variety of circumstances (e.g. 

water quality considerations, reservoir levels and maintenance). Transfer of water between 

reservoirs (for maintenance or water storage management) is also routine.  The WTWs 
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pump water both to local distribution networks and to the Thames Water Ring Main 

(TWRM).  Hence water produced at any of the WTWs can be consumed in any part of 

Greater London connected to the TWRM.   For simplicity, this study will focus exclusively on 

water blended in the TWRM, which is the supply accessed by the majority (≈ 76%) of 

consumers in Greater London (Dickens and Bensted, 1988). 

 

Fig. 3.1  Schematic map of the major Thames Water assets supporting London’s drinking 

water supply. 

 

The WTWs mitigate the Cryptosporidium risk primarily by physical removal of oocysts during 

the treatment process.  This is either by Rapid Gravity Filtration (RGF) followed by Slow Sand 

Filtration (SSF), as in WTWs 1, 2, 3 and 5, or by Coagulation-Flocculation, combined with 

Counter-Current Dissolved Air Flotation/Filtration (CoCo-DAFF), as in WTW 4.  Estimates of 

log-removal credits (LRCs) for the five water treatment works are given in Table 3.1, based 

on literature values (Hijnen and Medema, 2007; Edzwald et al., 2001).  There is 

disagreement on the effectiveness of RGF for Cryptosporidium removal, with previous UK 

guidance conservatively assuming an LRC of zero (Badenoch, 1990), although the consensus 

opinion is that RGF can achieve ≈ 1-log removal with effective use of coagulants (Hijnen and 

Medema, 2007).  Overall LRCs both with and without the literature values for RGF are 

therefore provided in Table 3.1.  All sites also apply ozone at the tertiary stage, and two 
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sites (WTWs 1 and 4) apply pre-ozone at the head of the treatment train, but the system 

and Ct (concentration-time) levels are not designed to achieve inactivation of oocysts.  For 

this reason, ozone log-removal credits have not been applied to the LRCs quote in this 

study. 

Table 3.1  Summary of Log-removal Credit (LRC) estimates for WTWs and Cryptosporidium-

relevant treatment processes.  (Coag-Floc = Coagulation-Flocculation; CoCo-DAFF = Counter-

Current Dissolved Air Flotation/Filtration.)  LRCs taken from Hijnen and Medema (2007) and 

Edzwald et al. (2001). 
  Rapid 

Gravity 
Filtration 

(RGF) 

Slow 
Sand 

Filtration 
(SSF) 

Coag-
Floc 

CoCo-
DAFF 

Overall LRC 
 

 
 

 With RGF LRC Without RGF LRC 

LRC Mean: 1.1 4.8 1.9 1.7 
Mean Range Mean Range 

Range: 0.0-2.3 2.7-6.5 0.4-3.8 1.4-2.0 

          Asset          

WTW 1, 2, 3 & 5 ✓ ✓   5.9 2.7 - 8.8 4.8 2.7-6.5 

WTW 4    ✓ ✓ - - 3.6 1.8 - 5.8 

3.3.2 Cryptosporidium monitoring 

Routine monitoring of Cryptosporidium concentrations is undertaken at the river abstraction 

points, WTW inlets and WTW outlets, with all analysis carried out according to the standard 

immunofluorescence and enumeration-based Blue Book Method (Environment Agency, 

2010).  Intakes D1 and D2 are located ≈1 km apart, but monitoring is only carried out at 

Intake D1, hence for this study these will be treated as a single monitoring site.  Intake D3, 

just downstream of D2, supplies only small volumes of water intermittently, therefore its 

volumes have been combined with those of Intake D1.  

Cryptosporidium river concentrations are highly seasonal in the Thames catchment, with 

most years registering their highest concentrations in Nov-Jan, and moderately high values 

in Sep, Oct and Feb (Smalley et al., 2025).  The data was therefore split into biannual sets so 

as to consider the “low” (Mar-Aug) and “high” (Sep-Feb) concentration periods separately.  

These will be referred to henceforth as Summer and Winter periods, respectively.  WTW 

outlet Cryptosporidium data is available from Nov 2017 onwards, but to ensure that each 

biannual period contains data across all months, the analysis has been limited to the 6 years 

from 1 Mar 2018 to 29 Feb 2024. 
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3.3.3 QMRA workflow 

Parallel quantitative microbial risk analysis is based on Cryptosporidium concentrations 

measured in the river water (RW-QMRA) and the treated water (TW-QMRA).  The modelling 

steps can be broken down as follows: (1) proportional allocation of intake water to WTWs; 

(2) concentration modelling; (3) log-removal modelling; (4) ingestion rate modelling; (5) 

dose-response modelling; and (6) the final QMRA models.  All data processing was 

performed in Python (version 3.13.5) using the Anaconda distribution (available from 

www.anaconda.com). 

3.3.3.1 Proportional allocation 

Thames Water provided daily inflow volumes from the intakes to specific reservoirs, and 

daily outflow volumes from the reservoirs to specific WTWs.  This data was compiled and 

used to calculate the relative proportion of water from individual intakes to individual 

WTWs (along the intake → reservoir(s) → WTW pathway) for each biannual period. 

3.3.3.2 Concentration modelling 

A Hybrid Multiple-Imputation (HMI) approach with bootstrapping and parametrically 

defined lower limits has been adopted for the concentration modelling.  For simplicity and 

consistency, the method has been applied uniformly to all three of the different 

concentration datasets (i.e. river intake, WTW inlet and WTW outlet data).  The advantage 

of this approach over MLE or ROS are that it relies on fewer prior assumptions regarding the 

distributions of the parent data (Canales et al., 2018). 

The “hybrid” element relates to the differential treatment of the censored and uncensored 

values.  Censored values are substituted with new values sampled from a log-uniform 

distribution, with an upper limit (CLOD), determined by the LOD (i.e. the censored value) and 

a lower limit, (CLL) defined by 0.1x the 50th percentile (Q50) of a parametric model, which was 

fitted to the entirety of the data for each of the data types (see Appendix B for MLE 

modelling).   This is a similar approach to that applied by Canales et al. (2018) to confine MI 

boundaries. 

Uncensored values are treated using an empirical simulation method in which the original 

uncensored data is divided into bins and then randomly sampled from a uniform 

distribution within each bin (with sampling proportional to the frequency of the original 

http://www.anaconda.com/
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data points).  Bootstrapping was implemented to generate 10,000 samples per biannual 

time period per WTW.  For RW-QMRA, the number of bootstrapped values drawn from each 

relevant intake was determined by the proportional allocation data. 

Note that analytical recovery has not been factored into the analysis.  Although the 

correction of concentration data by a recovery factor is recommended in QMRA where 

suitable recovery data is available (Medema et al., 2009; WHO, 2016), some previous 

studies have avoided doing so on the basis that incomplete recovery is partly compensated 

for by the inclusion of non-viable oocysts and non-infectious Cryptosporidium species in 

standard IMS-IFM oocyst counts (Smeets et al., 2007; Sato et al., 2013).  Furthermore, the 

available recovery data was limited to routine quality control tests that did not reflect the 

matrices of the environmental samples and therefore did not constitute true sample-

specific recovery estimates; applying such correction factors therefore risked introducing 

additional error (Hamilton et al., 2018). 

3.3.3.3 Log-removal modelling 

Log-removal values (LRVs) were required for the RW-QMRA to simulate the two-stage 

reduction in Cryptosporidium concentrations during (i) storage in reservoirs and (ii) 

treatment in WTWs.  Given access to both treated and untreated water datasets, these 

were calculated as in equations 8 and 9: 

𝐿𝑅𝑉𝑠𝑡𝑜𝑟𝑎𝑔𝑒 =  𝐿𝑂𝐺10 (
𝐶𝑖

𝐶𝑤𝑖
) 

(8) 

  

𝐿𝑅𝑉𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = 𝐿𝑂𝐺10 (
𝐶𝑤𝑖

𝐶𝑤𝑜
) 

(9) 

where the concentrations (in oocysts L-1) are given by Ci (at the intake), Cwi (at the WTW 

inlet) and Cwo (at the WTW outlet).  Data for each asset pair (i.e. intake/inlet or inlet/outlet) 

was first ranked by concentration across the full six-year period (Smeets et al., 2008), then 

independently divided into quantile bins. Within each bin, upstream and downstream values 

were randomly paired to compute LRVs. The process was repeated over 1,000 iterations to 

yield a distributional estimate of removal performance over the study period. Censored 

concentrations were substituted with values randomly sampled from a log-unform 
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distribution between the previously defined lower limit (CLL) and the censored value (CLOD).    

Uncensored values were applied directly without substitution.  Note that rank-based pairing 

was preferred over time-based pairing because of the difficulty in apply appropriate lag 

times for storage that would be appropriate for multiple reservoirs with different (and 

dynamic) retention times, and because time-based pairing was found to generate extreme 

and unrealistic LRVs. 

3.3.3.4 Ingestion rate and dose-response model 

Ingestion rate (IR, in mL day-1) was modelled using a log-normal distribution fitted to the 

regulator’s survey of unboiled tap water consumption by adults in the UK (DWI, 2008).  The 

fitted natural-log parameters were log-mean (μ) = 5.63 and log-standard deviation (σ) = 

1.198, with the distribution capped at the 99th percentile (4,523 mL day-1).   

The daily ingested dose (d) (in oocysts) was calculated as in Equation 10: 

𝑑 = 𝐶. 𝐼𝑅/1000 (10) (10) 

where C is the concentration (oocysts L-1) in the ingested water.  Dose-response was based 

on data published in DuPont et al. (1995) and fitted to an exponential model, as shown in 

Equation 11: 

𝑃inf _d = 1 − 𝑒−𝑘 .𝑑 (11) 

where Pinf_d is the daily probability of infection at Cryptosporidium dose d (in oocysts) and k 

is the dose-response constant (also known as the infectivity coefficient), which represents 

the probability that a single organism will survive the host’s defences to initiate an infection.  

This is commonly based on challenge studies involving the infection of human volunteers.    

However, such studies have demonstrated substantial variation in infectivity between 

different Cryptosporidium isolates.  The Iowa isolate was the focus of the earliest human 

challenge study for Cryptosporidium, incorporating 29 volunteers and 8 different doses in 

the 30-1,000,000 oocysts range (DuPont, 1995).  Subsequent challenge studies working with 

different C. parvum isolates have identified isolates with lower infectivity (UCP) and higher 

infectivity (TAMU), using four dose levels and involving 17 and 14 volunteers, respectively 

(Messner et al., 2001).  The DuPont (1995) data was applied in this study for the primary 

Iowa dose-response (DR) model, on the basis that it constitutes the most substantial single-
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isolate dataset available, and because it represents a middle ground between higher- and 

lower-infectivity isolates.  Uncertainty in k was modelled using a bootstrap method 

described in Haas, Rose and Gerba (1999) and Guzmán Barragán et al. (2022), to generate 

an empirical distribution of k consisting of 20,000 values.   

To evaluate the effects of higher- and lower-infectivity isolates on risk estimates, a 

secondary pooled DR model was applied, in which k-values were sampled from a broader 

distribution representing the dose-response data from UCP, Iowa and TAMU isolates.  The 

distribution of 50,000 k-values was obtained by applying the hierarchical Bayesian 

framework described by Messner et al. (2001). This approach treats isolate-specific dose-

response parameters as samples from a wider population of human-infective 

Cryptosporidium strains and propagates between-strain variability through the Monte Carlo 

simulation (see Appendix B.2 for more information).  The QMRA outputs from the two dose-

response models are referred to henceforth as Iowa DR QMRA and pooled DR QMRA. 

3.3.3.5 Final QMRA model 

Infection risk was computed according to a standard QMRA method (WHO, 2016), with daily 

probability of infection (Pinf_d) as shown in Equation 11.  Infection probability during each 

biannual period (Pinf_period), which is the likelihood of at least one infection during that time, 

is then given by Equation 12: 

𝑃inf _period = 1 − ∏(1 − 𝑃inf_d,𝑖)

𝑛

𝑖=1

 
(12) 

where n is the number of days in a biannual period (181-184) and (1 - Pinf_d,i) is the 

probability of not being infected on day i.  To enable comparison with the USEPA annual 

infection risk guideline value, biannual infection probabilities were converted to annualised 

form using Equation 13: 

𝑃inf_y = 1 − (1 − 𝑃inf_period)
365/𝑛

 (13) 

A Monte Carlo modelling approach was adopted to capture variability and uncertainty in the 

input parameters.  Monte Carlo simulation involved sampling from the previously described 

bootstrapped or parametric distributions to obtain daily values for concentration (C), log 

removal values (LRVstorage and LRVtreatment), ingestion rate (IR) and dose-response constant 
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(k).  (Note that for the TW-QMRA, the LRV values defaulted to zero.)  Equation 11 was then 

applied to compute the daily infection probability (Pinf_d).  This process was repeated for n 

days, appropriate to the relevant biannual (Mar-Aug or Sep-Feb) period, after which the 

resulting Pinf_d values were used to calculate Pinf_period and Pinf_y (Equations 12 and 13).  This 

sequence constitutes a single Monte Carlo simulation, and the process was repeated across 

20,000 iterations for all time periods and for assets in the RW-QMRA and TW-QMRA 

models.  (Note also that, in line with the conventional QMRA practice, k varied between 

iterations but remained constant within each iteration.) 

To represent the blending of water from all modelled WTWs supplying London, daily 

infection probabilities from WTWs were weighted by their relative WTW output volumes 

and combined into a single blended infection probability distribution for each period. The 

standard QMRA approach is to model risk for children and adults simultaneously (WHO, 

2016), but in this study risk values are calculated for adults only.  Age-related risk outputs 

for Cryptosporidium differ only as a consequence of differential consumption rates, as all 

other model inputs are usually identical; therefore, risk outputs for adults consistently 

exceed those for children because of higher adult ingestion rates.  (Razzolini, Santos and 

Bastos, 2010; Sato et al., 2013; Guzmán Barragán et al., 2022).  A QMRA for adults-only 

therefore provides the most conservative (i.e. highest-risk) output. 

3.3.4 Modelling risk reduction under selective abstraction regimes 

Selective abstraction of river water can be an effective way of reducing contaminant 

loadings to reservoirs or water treatment works.  Typically, this involves reducing or 

suspending abstraction when concentrations rise above “trigger” thresholds – a practice 

used by Thames Water for managing Cryptosporidium risk.  Table 3.2 shows the two 

Selective Abstraction Regimes (SARs) currently in place. 

Because of its use of raw water data, the RW-QMRA can be applied to model the effect of 

applying Thames Water’s SARs on infection risk (this is not true for the TW-QMRA, because 

of its use of treated water data as an input).  The effect of SARs was assessed by re-running 

the RW-QMRA model with Suspension Threshold (ST) and Reduction Threshold (RT) 

conditions.  For RT, two types were applied to represent the suspension protocols described 

in Table 3.2; these were reduction of the original abstraction volume by 50% (50RT) and by 
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25% (25RT).  Because abstraction volumes do not feed directly into the QMRA model, 

changes in abstraction volumes were modelled by removing and reducing values from the 

bootstrapped data.  Specifically, concentrations which exceeded the ST were removed 

altogether, whereas concentrations which exceeded 50RT and 25RT were reduced by 50% 

and 25%, respectively.  Threshold concentrations were applied to the data in the ST → 50RT 

→ 25RT order and reductions were only applied once (i.e. values reduced because they 

exceeded 50RT were not further reduced if the adjusted value also exceeded 25RT). 

Table 3.2  Trigger thresholds applied in the selective abstraction-based risk management of 

Cryptosporidium at Thames Water (Thames Water, 2021) 

 

Cryptosporidium 
river 
concentration 
(oocysts L-1) 
 

Selective Abstraction Regime 1 
(SAR-1) 

Selective Abstraction Regime 2 
(SAR-2) 

Applied at 
long retention time reservoirs 

Applied at 
short retention time reservoirs 

>1 Maintain pumping Reduce pumping to maintain current 
volume of storage (or as close as 
possible) 

>2 Reduce pumping to maintain current 
volume of storage (or as close as 
possible) 

Reduce pumping to 50% of current 
outflow (or as close as possible) 

>4 Reduce pumping to 50% of current 
outflow (or as close as possible) 

Stop all pumping 

>5 Stop all pumping Stop all pumping 

 

This approach was carried out for SAR-1 and SAR-2 (ST5 50RT4 25RT2 and  ST4 50RT2 25RT1, 

respectively, where the subscript denotes the trigger threshold concentration).  To 

demonstrate the use of the model to scenario test new risk management strategies, a 

hypothetical abstraction regime (SAR-H) was modelled, based on a more stringent set of 

thresholds (ST1.5 
50RT0.5). 

Selective abstraction inevitably reduces overall abstraction volumes.  To quantify the effect 

of this alongside risk reduction, the percentage abstraction volume reduction was calculated 

for each SAR.  Abstraction deficit was defined as the % reduction from the mean annual 

abstraction volume (where the latter value was constructed from smoothed daily 

abstraction datasets, corrected for existing SAR suspensions/reductions). 
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3.3.5 Sensitivity analysis 

To evaluate the relative impact of the different inputs, sensitivity analysis was performed by 

calculating the Spearman rank correlation coefficients for the annualised risk values with 

model inputs (note that the latter were averaged for each iteration within the Monte Carlo 

simulation) (Vásquez et al., 2014). 

3.4 Results 

3.4.1 Summary statistics, sampling frequency and Cryptosporidium detections 

The summary statistics in Table 3.3 show that for each asset type, mean Cryptosporidium 

(Cmean) was highest at Intake E, WTW Inlet 2 and WTW Outlet 3 – three assets which are not 

directly linked (although WTWs 2 and 3 do draw water from shared reservoir sources). 

Lowest Cmean values were at intake F, and the linked assets WTW Inlet 4 and WTW Outlet 4.  

However, WTW Outlet 4 also had the highest mean LOD – an important consideration when 

modelling the left-censored data, since high LODs will produce higher imputed 

concentration values.  Sampling frequency varied across the sites, with least frequent 

sampling at Intakes B followed by Intake C.  Fortunately, Intakes B and C are only ≈ 5 km 

apart on River Thames, so the values can be legitimately merged (the option taken in this 

study). 

Across the three data types, there was a stark contrast in the number of Cryptosporidium 

detections (i.e. uncensored values), which made up 36-73% of the river intake data, 3-9% of 

the WTW inlet data, and 0.7-2.0% of the WTW outlet data.  When the detections from all 6 

years are plotted by day-of-year (Fig. 3.2), the intakes follow the seasonal pattern previously 

observed for this catchment (Smalley et al., 2025), with more detections and higher 

concentrations occurring in Sep/Oct to Feb/Mar.  This seasonal trend was reproduced in the 

WTW inlet data, although the differences between the months were less stark.  The 

seasonality in the WTW outlet data was lagged by comparison, with far more detections in 

Jan-Mar than in Sep-Dec, and with detections also occurring (albeit less frequently) in the 

late spring and summer months. 
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Table 3.3  Summary statistics and measurement counts for the intakes, WTW inlets and 

WTW outlets. (Cen = Censored values (non-detects); Det= Detections (uncensored values).  

For concentration statistics, censored data points are here treated as 0 oocysts L-1.  Shading 

indicates highest, intermediate and lowest concentrations.) 

 Concentration (oocysts L-1)    

Site Cmean C95 Cmax LODmean % Det % Cen Measurements 

Intakes 

A 0.28 1.2 5.5 0.1 50.1 49.9 803 

B 0.38 1.5 4.4 0.1 55.9 44.1 102 

C 0.30 1.5 4.4 0.1 50.5 49.5 289 

D 0.45 2.0 13.4 0.1 54.9 45.1 1738 

E 0.53 2.0 6.5 0.1 73.1 26.9 468 

F 0.18 1.0 7.5 0.1 35.7 64.3 856 

WTW 
Inlets 

1 0.0075 0.0 0.5 0.1 4.9 95.1 815 

2 0.0131 0.1 1.0 0.1 8.8 91.2 872 

3 0.0062 0.1 0.4 0.1 5.3 94.7 795 

4 0.0035 0.0 0.2 0.1 3.0 97.0 1336 

5 0.0079 0.1 0.6 0.1 5.4 94.6 3403 

WTW 
Outlets 

1 1.6E-6 0 3.0E-4 3.0E-4 0.7 99.3 1145 

2 2.9E-6 0 3.5E-4 3.4E-4 1.1 98.9 622 

3 9.1E-6 0 1.5E-3 3.5E-4 2.0 98.0 539 

4 1.0E-6 0 6.2E-4 6.2E-4 0.2 99.8 875 

5 3.0E-6 0 7.9E-4 3.4E-4 1.0 99.0 1233 

 

 

Fig. 3.2  Cryptosporidium detections for the 6-year period of study, plotted by day-of-year, 

showing (a) river intakes, (b) WTW inlets and (c) WTW outlets. 
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3.4.2 Volumetric data and proportional allocation 

Cumulative intake volumes over the study period (Fig. 3.3a) show that the largest quantities 

of water were abstracted at Intakes A and (collectively) at Intakes D1 and D2.  The lowest 

 

Fig. 3.3  Water volume data for the study period (01.03.2018 to 29.04.2024) showing (a) 

proportions of total volumes abstracted from intakes A-F, (b) proportions of total output 

volumes generated by WTWs 1-5 and (c) total intake volumes supplying individual WTWs 

(based on proportional allocation calculations). 

 

abstraction volumes were taken at Intakes E and B, but collectively these still account for 

13.5% of the total abstracted volume.  Volumetric data for treated water (Fig. 3.3b) shows 

that WTWs 1, 2 and 5 are the largest works, collectively generating > 90 % of the output 

from London’s large WTWs.  Although WTWs 3 and 4 are much smaller, collectively these 
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provide 9.3 % of the total volume emerging from the five large WTWs serving London.  

Proportional allocation calculations reveal which intakes serve as the primary sources for 

the WTWs (Fig. 3.3c).  Intake A is a major source for WTWs 1, 2 and 3, whereas Intake C is a 

major source for WTWs 1 and 3.  Intake D is the exclusive source for WTW 4 and a major 

source for WTWs 2 and 5.  Intakes B, E and F predominantly serve just one WTW.  Note that 

the water supplied from very small works (constituting ≈ 10% of the overall supply and 

largely based on groundwater sources) has been omitted from these proportional 

calculations and all subsequent risk evaluations. 

3.4.3 Log-removal values 

Although based on different paired datasets, Modelled LRVstorage distributions (Fig. 3.4a-e) 

show a consistent log removal effect due to reservoir storage, with mean values in the 0.83-

0.95 range.  This is slightly lower than the LRVstorage value of 1-log commonly deployed by 

Thames Water for modelling and risk assessment (Thames Water, 2025).  Modelled 

LRVtreatment distributions (Fig. 3.4f-j) are also very similar across the WTWs, with means in the 

2.97-3.21 range.  WTW 4 has the highest spread, with an interquartile range (Q25-Q75) of 

0.65.  For WTW 4, modelled LRVtreatment means are approximately 0.6 log lower than mean 

literature values for Coag-Floc treatment with CoCo-DAFF (Table 3.1).  For WTWs 1, 2, 3 and 

5 the discrepancy is much greater, with modelled LRVtreatment means ≈ 1.6-1.7 lower than 

literature values (when potential RGF effects are excluded) and 2.7-2.8 lower when RGF is 

included.   

3.4.4 QMRA outputs and selective abstraction modelling 

Except where stated, results presented here will focus on the Iowa DR QMRAs. TW-QMRA 

risk outputs (Fig. 3.5a) show no obvious summer-winter seasonality, and all but one of the 

distributions falls below the USEPA guideline value of 10-4 infections person-1 yr-1.  (Note 

that although median and/or mean risk values have been used in the past when measuring 

against guideline values, the preferred and more conservative 
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Fig. 3.4   Modelled distributions of (a-e) storage stage log-removal values (LRVstorage) and (f-j) 

treatment stage log-removal values (LRVtreatment).  
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Fig. 3.5  Annual 

infection risk 

distribution outputs 

from Iowa DR QMRA 

models for biannual 

periods, based on 

Cryptosporidium 

concentrations in (a) 

treated water, and (b-

e) river water with (b) 

no selective 

abstraction, (c) SAR-1, 

(d) SAR-2 and (e) SAR-

H.  
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approach in recent years has been to use the 95th quantile (Q95) values (Schijven et al., 

2011).  Both median and Q95 values will therefore be considered in this study.)  The period 

with the highest risk is 2018 Summer (underlining the lack of clear seasonality), which 

exceeds the USEPA guideline at Q95.  The range within each distribution and the temporal 

variation between each biannual period (based on Q5-Q95 values) falls within 1 log unit, 

between 2 x 10-5 and 2 x 10-4 infections person-1 yr-1 (i.e. 0.002% to 0.02%). 

RW-QMRA outputs without selective abstraction (Fig. 3.5b) show strong seasonality, with 

higher risk distributions for all Winter periods compared with Summer periods.  In three 

periods, the Winter median falls above the USEPA guideline, and for all but one Winter 

period the Q95 values exceed the guideline.  The range (Q5-Q95) of risk across all periods is 

greater than for the treated outputs, ranging from 5 x 10-6 to 3 x 10-4 infections person-1 yr-1 

(0.0005% to 0.03%), although when grouped separately, the Q5-Q95 range is ≈ 1 log unit for 

the Winter periods and ≈1 log unit for the Summer.  Summer periods are extremely 

consistent across the 6-year study period.  Note also that lower Winter period distributions 

reflect periods of reduced Cryptosporidium river concentrations in the winter months of 

2019-20 and 2021-22 (data not presented). 

Annual risk statistics across the full six-year study period are also provided (Table 3.4), 

showing that at the median level both TW-QMRA and RW-QMRA fall well below the USEPA 

guideline, whereas Q95 for RW-QMRA (No SAR) falls very slightly above the guideline.  This 

illustrates the innately conservative nature of biannual modelling (i.e. inclined to generate 

higher risk outputs for some periods) when compared to models which take in one or more 

Table 3.4  Annualised infection risk values for QMRA outputs across the full study period 

(01.03.2018 to 29.02.2024).  Highlighted value = above USEPA guideline. 

 

  
Annual Infection Risk 

(infections person-1 yr-1) 

Dose-Response (DR) Model → Iowa DR  Pooled DR 

Model Scenario Median Q95  Median Q95 

TW-QMRA - 4.39 x 10-5 8.39 x 10-5  4.17 x 10-5 1.12 x 10-3 

RW-QMRA 

No SAR 4.79 x 10-5 1.05 x 10-4  4.43 x 10-5 1.29 x 10-3 

SAR-1 4.32 x 10-5 8.83 x 10-5  4.15 x 10-5 1.12 x 10-3 

SAR-2 3.73 x 10-5 7.58 x 10-5  3.59 x 10-5 9.71 x 10-4 

SAR-H 2.26 x 10-5 4.42 x 10-5  2.19 x 10-5 5.99 x 10-4 
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complete years.  Applying the pooled DR QMRA resulted in similar median values across all 

models, but raised Q95 values by at least an order of magnitude.  (Full outputs from the 

pooled DR QMRA are presented in Appendix B.2). 

3.4.5 Sensitivity analysis 

Sensitivity analysis (Fig. 3.6) reveals that the treated and river water models respond 

differently to the two types of concentration data, with TW-QMRA most sensitive to 

censored data and RW-QMRA most sensitive to the uncensored data.  This pattern reflects 

 

(a) TW-QMRA 

 

(b) RW-QMRA 
(No SAR) 

 

 

 

Fig. 3.6  Sensitivity analysis based on Spearman correlation coefficient (r), for (a) TW-QMRA 

(b) RW-QMRA (without SAR), using the Iowa DR model. 
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the relative abundance of each data type in the two models (i.e. for TW-QMRA, censored 

data >> uncensored data; for RW-QMRA, uncensored data > censored data).  However, 

though the uncensored data is secondary in the TW-QMRA, it nevertheless has a 

disproportionately strong effect (given that there are only 40 detections in ≈ 4,400 data 

points, across all WTW outlets). The TW-QMRA is most sensitive to dose-response (k) overall 

– this is most likely a consequence of the lower variance in the TW-QMRA concentration 

data. 

RW-QMRA is also sensitive to dose-response, albeit to a lesser extent.  LRVtreatment has a 

greater (negative) impact on risk than LRVstorage.  Somewhat surprisingly, LRVstorage shows a 

positive correlation with risk outputs; this is most likely because the log-removal effects due 

to storage are being obscured by the larger log-removal effects of treatment.  Both TW-

QMRA and RW-QMRA are only moderately sensitive to ingestion volume. 

3.4.6 Selective abstraction modelling: An example application of the model 

Additional RW-QMRA models (for different SARs) are provided to demonstrate an 

application of the model which is of direct relevance for understanding both current and 

future risk levels.  SAR-1 and SAR-2 – which represent current abstraction regimes employed 

by Thames Water – both result in decreased risk (relative to the baseline “No SAR” model), 

reducing Winter period medians to less than the USEPA guideline (Fig. 3.5c-d).  Q95 values 

for SAR-1 and SAR-2 remain above or on the guideline level for the higher Winter periods, 

however.  The overall reduction in Winter median and Q95 risk values achieved by selective 

abstraction is, however, modest at <0.3 log units. 

When modelling SAR-H – a much more stringent hypothetical strategy – all Q95 values are 

brought within the USEPA recommendation (Fig. 3.5e).  Median and Q95 values in Winter 

seasons are reduced by ≈0.4-0.6 log units.  As would be expected, given the low 

Cryptosporidium concentrations found in most Mar-Sep periods, the Summer risk 

distributions show almost no change in response to abstraction regime. 

Fig. 3.7 shows the effect of SAR risk reduction in the context of water abstraction volume 

reduction, modelled for the entire study period (with exact risk values shown in Table 3.4).  

Median annual infection risk drops from 4.8x10-5 for No SAR to 3.7x10-5 infections person-1 

yr-1 for SAR-2 – equivalent to 1 fewer person in 100,000 becoming infected per year – but 
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this comes at the cost of an abstraction reduction of 1.6%.  Use of the hypothetical SAR-H 

reduces median risk to 2.3 x10-5 infections person-1 yr-1, in return for ≈6% volume reduction.  

It is notable however that more dramatic risk reductions are observed if the more 

conservative Q95 risk statistic is used instead of the median – a more conservative risk 

mitigation strategy may therefore lead to the acceptance of greater reductions in 

abstraction volume. 

 

Fig. 3.7  Annual infection risk (for all biannual periods combined, 2018-2024) plotted against 

annual abstraction volume reduction for different SARs.  (For Iowa DR QMRAs only and 

idealised SAR implementation, with smoothed mean daily abstraction volumes for 2018-

2024.) 

 

3.5 Discussion 

3.5.1 Overall infection risk 

3.5.1.1 Treated water QMRA (TW-QMRA) 

TW-QMRA outputs show consistent median risk levels below the USEPA guideline of 10-4 

infections person-1 yr-1 (0.01%) (Regli et al., 1991); this indicates that current risk 

management practices and water treatment processes are effective at reducing the risk of 

Cryptosporidium infection to tolerable levels.  The HMI modelling method adopted here is 

appropriate given the preponderance of left-censored data and, in the case of some 
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biannual periods, data subsets which consist exclusively of left-censored values, and which 

are therefore unamenable to standard MLE modelling. 

The annual increases in Cryptosporidium concentrations found in Oct-Feb in both the raw 

(river intake) and reservoir (WTW inlet) data did not result in pronounced seasonality in the 

TW-QMRA outputs. This could be taken as evidence that the combination of reservoir 

storage and WTW processes are sufficiently robust to deal with the increased loadings of 

oocysts in the cold season.  However, it could also indicate a weakness in the TW-QMRA 

method, given that a slight increase in frequency of detections was observed in the treated 

water in Jan-Mar (Fig. 3.2c). The fact that this overlaps with both Summer and Winter 

seasons may be the reason why these detections are not reflected in the biannual risk 

outputs; in which case, it is arguable that the treated water’s slightly delayed seasonality 

would be better represented by Winter seasons defined as Oct-Mar, instead of Sep-Feb.  An 

explanation for the lagged seasonality in treated water detections might be the negative 

effect of low temperatures on SSF biofilms (Schmutzdecke), which have been found to be 

pronounced when temperatures drop below ≈ 8°C (Maiyo et al., 2023).  Given that SSFs are 

the primary mechanism of oocyst removal for 96.3% of the water considered in this study 

(Table 3.1 and Fig. 3.3), temperature-related treatment performance is a critical 

consideration for protecting London’s drinking water supply. 

Absence of seasonality in TW-QMRA outputs could also be due to the dominance of left-

censored concentration data over the uncensored data, but the high sensitivity of the TW-

QMRA risk outputs to uncensored data (Fig. 3.6) shows that detections are significantly 

affecting the outputs (i.e. they are not completely masked by the non-detects). 

3.5.1.2 Raw water QMRA (RW-QMRA) 

RW-QMRA model outputs show a strong seasonal effect, with median risk for three 

“Winter” periods exceeding the USEPA tolerable risk guideline, whereas all “Summer” 

period median and Q95 values were within the tolerable risk band.  The RW-QMRA model is 

based on more assumptions than the TW-QMRA model, and it requires more data 

processing steps.  The assumptions relate to the proportional allocation of river intake 

water to WTWs and log-removal rates at both the storage and treatment stages.  For 

reasons discussed below (Section 3.5.4), LRVtreatment outputs (Fig. 3.4f-j) appear conservative 
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when compared with LRCs taken from the literature (Table 3.1), and will therefore generate 

correspondingly higher risk outputs.   

The higher number of uncensored concentration values in the river intake data means that 

the RW-QMRA is better able to represent variations in seasonal risk – variations which will 

never be fully discernible in the TW-QMRA unless the system frequently fails (i.e. producing 

more detections).  However, the reduction in risk achieved by the application of SAR-1 and 

SAR-2 showed that the current abstraction strategy could be playing a role in bringing all 

median values to tolerable risk levels (although Q95 values still remain above the threshold). 

Biannual modelling (as opposed to annual or multiple-year modelling) is inherently 

conservative – i.e. inclined to generate higher risk outputs for certain periods – because the 

modelled concentration distributions during the higher-risk months are not merged with 

concentration data from the lower-risk months.  When risk is assessed across a full year, 

median risk for the city-wide treatment system falls well within tolerable levels, irrespective 

of modelling method applied (Table 3.4), and Q95 values are also below the guideline when 

currently active abstraction scenarios are applied. 

The models do not consider analytical recovery, which, based on previous studies using the 

same or closely comparable methods, has been shown to vary between 6–89% for the raw-

water data and 16–60% for the treated-water data (Environment Agency, 2010).  This could 

lead to significant underestimates in both RW-QMRA and TW-QMRA risk outputs, though 

these may be balanced in part by the inclusion of non-infectious oocysts in the 

concentration data – i.e. oocysts which are non-viable, or which belong to species which are 

not regarded as pathogenic to humans (Medema et al., 2009; Ryan et al., 2021).  The 

inclusion of both recovery rates and estimates of the viable and infectious fractions is 

recommended in QMRA (Owens et al., 2020).  Where possible, recovery data should be 

sample-specific because recovery can vary widely in response to water conditions (Schijven 

et al., 2011), but non-sample-specific recovery data can still be incorporated probabilistically 

where suitable study-specific data is available; for example, Daniels et al. (2018) adjusted 

exposure estimates by applying modelled recovery distributions derived from spiking trials 

and literature-informed viability and infectious-fraction assumptions.   It should be noted, 

however, that attempting to model these correction factors without adequate data risks 

introducing additional bias (Hamilton et al., 2018). 
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3.5.1.3 Interpreting parallel QMRA outputs 

Taken together, the RW-QMRA and TW-QMRA outputs provide complementary estimates of 

Cryptosporidium risk in the final blended treated water.  Both models estimate risk at the 

same endpoint and share common ingestion and dose-response components, but they 

reconstruct the exposure concentration using different input data and model design. The 

RW-QMRA is driven by raw water concentration data and therefore retains the pronounced 

seasonal variation in Cryptosporidium loadings observed at the river intakes, with 

proportional allocation and aggregated storage/treatment LRV distributions used to 

translate those loadings to the final treated supply.  Importantly, the seasonal pattern in the 

RW-QMRA outputs is not a consequence of applying season-specific LRVs: modelled LRV 

distributions were generated using data from the full six-year study period to avoid 

circularity, an approach which would be expected, if anything, to dampen rather than 

amplify seasonal differences in risk.  By contrast, the TW-QMRA uses WTW outlet 

concentration data directly, meaning that its outputs are more strongly shaped by the high 

proportion of left-censored treated water measurements and by the small number of 

detections. Differences between the two sets of outputs are therefore not simply a contrast 

between “raw water” and “treated water” QMRA, but arise from the interaction between 

substantively different concentration datasets and the modelling assumptions required to 

estimate risk in the final blended treated water. 

3.5.2 Effectiveness of selective abstraction 

In the RW-QMRA model presented here, the quantifiable seasonal risk reduction achieved 

through selective abstraction is modest. The SAR-2 strategy delivers a modelled reduction of 

<0.3 log units in return for a relatively small (≈1.6%) reduction in mean annual abstraction 

volume. Greater seasonal risk reductions (0.4-0.6 log units) can be achieved using the more 

stringent SAR-H strategy, but only at the cost of a substantially larger (≈6%) reduction in 

mean annual abstraction volume – a level of supply loss that may be operationally and 

politically difficult to justify in the water-stressed south-east of the UK. 

It should also be noted that the examples presented here represent “idealised” abstraction 

management strategies in which abstraction is always reduced or suspended sufficiently 

early to prevent elevated Cryptosporidium loadings entering reservoirs once river 
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concentrations exceed threshold values. In practice, such operational perfection is unlikely 

to be achievable because of monitoring uncertainty, forecasting limitations, response delays 

and competing supply demands. Consequently, real-world implementation of any SAR is 

likely to yield smaller reductions in infection risk, while simultaneously incurring greater 

losses in deployable output than those shown in Fig. 3.7. 

Importantly, the reductions in infection risk achieved through selective abstraction are also 

small relative to the ≈3-log reduction already achieved by existing treatment processes (Fig. 

3.4).  More substantial reductions in risk could instead be achieved through the addition of 

further treatment barriers.  For example, UV disinfection can typically provide 2-4 log 

inactivation of Cryptosporidium. A 2-log UV treatment barrier would reduce the seasonal 

Iowa DR RW-QMRA median outputs to approximately 10-7 to 10-6 infections person-1 year-1 – 

at least two orders of magnitude below the USEPA guideline – while avoiding any reduction 

in water supply volume. The installation of UV contactors at the major London WTWs is 

currently in the planning stages (Thames Water, 2023).  Although implementation at this 

scale will involve considerable capital and operational expenditure, the model outputs 

presented here demonstrate the potential public health benefits of this investment.   

Selective abstraction remains, however, a useful risk reduction method which can be 

continually practised without fresh investment and at significantly lower running costs.  

(Note that the largest associated costs are staff time for sampling and analysis of grab 

samples.) 

3.5.3 Application of QMRA to complex systems 

The QMRA models described here provide an example of how the complexities in a major 

water supply system can be modelled using a proportional allocation method to represent 

mixing of multiple sources of raw water and storage reservoirs.  Note that this complexity 

resides in the RW-QMRA model – proportional allocation is not required for the TW-QMRA 

model, although the weighting of risk values, using relative WTW output volumes, is 

required in both models to account for the final blending of treated water.  Applying the 

same method for other sites requires a substantial hydrological dataset in which all flows to 

and from assets are routinely recorded (and ideally at daily resolution, to reflect daily 

operational decision-making).  Where such data is not collected at all locations, estimates 
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can be applied instead, such as standard operational pumping rates and pumping times, but 

the final model will be subject to greater error. 

3.5.4 Analysis of log-removal modelling 

The high consistency in the log-removal distributions (Fig. 3.4) suggests that performance 

across the system is relatively uniform, with no obviously failing or vulnerable assets.  

Although sites vary in their frequency of detections (with WTW 3 having the most 

detections, at 2%), this is not reflected in the LRV distributions.  Another notable trend in 

the LRV data is the consistent skewing of the distributions.  The right skew seen in the 

LRVstorage distributions (Fig. 3.4a-e) can be explained by the potential for occasional high log-

removal effects during extended reservoir retention times, whereas the very slight left-skew 

in the LRVtreatment distributions (Fig. 3.4f-j) could be reflective of occasional dips in treatment 

performance (von Sperling, Verbyla and Oliveira, 2020). 

Mean values for LRVtreatment are substantially lower than their equivalents in the literature, 

particularly for the SSF-based sites (see Table 3.1), but the modelled distributions do overlap 

with previously published ranges, and SSF performance is expected to be in the lower range 

in temperate climates (Maiyo et al., 2023).  The use of a parametrically-defined lower limit 

for censored data imputation in the log removal model may also have led to overly 

conservative LRVs, since subtle changes in both upstream and downstream concentrations 

can lead to substantial differences in final LRV values (von Sperling, Verbyla and Oliveira, 

2020).   The method of pairing upstream and downstream data in the intake → reservoir(s) 

→ WTW pathway can also have a dramatic effect on LRV estimates.  Several pairing 

methods were tested in initial trials, including date-based pairing (with site-specific lag time 

distributions) and simple rank-based pairing.  Quartile-ranking – the method presented here 

– resulted in the most realistic outputs (i.e. the absence of unrealistic negative log-removal 

rates, which are sometimes generated by other pairing methods), and it also produced the 

closest match between RW-QMRA and TW-QMRA outputs, which is one method of 

validating log-removal modelling/pairing methods (Smeets et al., 2008). 

It should also be noted that averaging and combining literature-based LRCs for multiple 

treatment processes can result in overestimation of log-removal rates (Schmidt, Anderson 

and Emelko, 2020).  While the use of literature-based LRCs is a viable option, the wide 
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variety in specific treatment conditions and source water characteristics makes site-specific 

LRVs the preferred choice where suitable data is available (von Sperling, Verbyla and 

Oliveira, 2020).  In the RW-QMRA model, the LRV distributions fulfil their intended function 

of providing approximate log-removal values for the individual assets, while also 

representing uncertainty and natural variability.  An obvious modification which could be 

made would be to model LRVs by season, potentially capturing the effect of both 

seasonally-different loadings and treatment performance (e.g. reduced SSF performance in 

colder months); this option was not taken however because of the risk of circularity (i.e. 

applying LRV distributions to exactly the same concentration datasets from which they were 

generated) and because trials showed that LRV calculations were highly sensitive to 

seasonal loadings, leading to exaggerated LRVs for Winter and low LRVs in Summer.  

Aggregating LRVs across all time periods is an effective way of removing these effects. 

3.5.5 Key determinants of risk 

Both models are sensitive to concentration data inputs (Fig. 3.6), which is desirable from a 

modelling perspective, since these are the inputs for which we have an abundance of “real” 

and site-specific monitoring data (albeit much of it left-censored).  By contrast, the high 

sensitivity of both TW-QMRA and RW-QMRA to dose-response is less ideal, because of the 

uncertainties inherent in this model input.  This issue is made even more apparent by the 

order-of-magnitude increases in Q95 values which are observed when the pooled DR model 

is used instead of the Iowa DR model (Table 3.4); this illustrates the potential for more 

infectious species/genotypes and strains to raise infection risk well above the “tolerable” 

levels.  The pooled DR QMRA is still derived from only a small number of C. parvum isolates 

(Iowa, TAMU and UCP), meaning that it cannot fully capture the likely diversity of infectivity 

present among environmental Cryptosporidium populations; however, this is an inherent 

limitation of Cryptosporidium QMRA studies generally, owing to the extremely limited 

number of experimentally derived human dose-response datasets currently available.  

Determining which Cryptosporidium isolate data is most appropriate for QMRA is 

problematic, since in almost all cases risk assessors will have little or no information 

concerning the relative infectivity of detected oocysts at their sites.  What’s more, existing 

dose-response datasets were gathered from infection challenge studies of healthy human 
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volunteers, meaning that there is a notable lack of controlled data for very young, elderly or 

immunocompromised subjects, and no controlled data showing the effect of ingesting very 

low (<10) numbers of oocysts, which are more appropriate to exposures via drinking water 

following treatment/network failures (Messner and Berger, 2016).  Epidemiological data 

collected during outbreaks offers another means of generating dose-response models 

(Eisenberg et al., 1998), but this is not currently the preferred option for Cryptosporidium 

QMRA studies (Medema et al., 2009).  Consequently, uncertainty associated with dose-

response selection and low-dose extrapolation remains one of the dominant structural 

uncertainties within Cryptosporidium QMRA (Hamilton et al., 2024). 

In previous studies, ingestion volume has been identified as more impactful than dose-

response (Owens et al., 2020), but the opposite trend was found in this study.  This may be 

due to the nature of the ingestion model used here, which has a lower mean that those 

used in many published studies.  The low mean may be a consequence of greater hot drink 

consumption in the UK (i.e. boiled tap water, as opposed to unboiled tap water represented 

by the ingestion model), especially when compared to the warmer locations considered in 

some previous studies.  Nevertheless, more up-to-date consumption data would be 

preferable, given the changes in drinking habits over the previous decade (e.g. an increased 

trend for using refillable water bottles and greater access to drinking water in schools, 

workplaces and community centres), but this concern is mitigated somewhat by the 

moderate sensitivity of both models to ingestion volume. 

An important limitation of the study is that the models do not consider contamination risks 

arising within the drinking water distribution system (DWDS).  Such risks are difficult to 

quantify within QMRA frameworks because they are often associated with sporadic 

infrastructure failures, ingress events or operational incidents rather than routine treatment 

performance and monitored source water quality.  Nevertheless, major Cryptosporidium 

incidents in the UK have in some cases originated within the DWDS, rather than in source 

waters or treatment works; for example, the 2024 Brixham outbreak was linked to 

contamination entering the network through a flooded air valve chamber (BBC, 2024; DWI, 

2025).  Consequently, the risk estimates presented here should be interpreted as risks 

associated with treated water production and WTW outlet quality, rather than total end-

consumer risk across the full drinking water supply and distribution system. 
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3.5.6 Example applications of RW-QMRA: SARs and other risk mitigation strategies 

By modelling different abstraction-based risk mitigation methods alongside abstraction 

volume reductions, the optimum combination of permissible risk and permissible reduction 

can be identified (Fig. 3.7).  The analysis demonstrates that SARs are potentially effective in 

reducing risk, though the cost in terms of reduced abstraction volume becomes increasingly 

severe as the thresholds are lowered.  Water resource pressures are expected to become 

more acute for SE England, therefore understanding this trade-off will become increasingly 

important.   

Other uses of the RW-QMRA model could include estimating risk reductions resulting from 

additional treatment measures – e.g. the introduction of UV contactors to deactivate 

oocysts.  Modelled reductions in risk can be tied directly to installation and operating cost 

estimates as part of a cost-benefit analysis, leading to more informed and targeted 

allocation of funds so as to maximise the positive the impact of investment in public health.  

The QMRA-based approach is not widely adopted in the UK, and in the case of 

Cryptosporidium, water companies usually adhere to concentration-based limits, which are 

commonly 1.5 to 2 orders-of-magnitude below the analytical LOD (e.g. the Thames Water 

(2023) limit is 10-5 oocysts L-1 ). Hence QMRA-based approaches could introduce more 

nuance into risk discussions and decision-making, rather than appraising risk in binary 

terms, which focus on detection (i.e. failure) vs absence (i.e. perceived pass). 

3.6 Conclusions 

This study has demonstrated the application of parallel raw water and treated water QMRA 

within a complex multi-source drinking water system, integrating data from multiple stages 

of abstraction, storage and treatment to evaluate Cryptosporidium risk in the final treated 

water supply.  Observed variations between the different QMRA outputs reflect the 

different areas of uncertainty in the two models – specifically, the log-removal modelling in 

RW-QMRA, and the heavy reliance on left-censored data in TW-QMRA.  Although TW-QMRA 

is based on ingested water concentrations, high LODs (relative to the unachievably low LOD 

required to confirm tolerable risk) mean that left-censored modelling assumptions will 

always be critical where detections are infrequent.  TW-QMRA is also unsuitable for 

exploring changes in risk in response to differing environmental conditions, pathogen 
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loadings or risk management strategies.  RW-QMRA can model these changing risks 

effectively because it considers the full water treatment pathway, from intake to WTW 

output.  Such approaches are more in line with recent legislation, advising water providers 

to adopt a “source-to-tap” approach to risk management, which directly incorporates risk 

imposed by catchment conditions (European Union, 2020). 

Both TW-QMRA and RW-QMRA found that the current overall risk to London’s drinking 

water from Cryptosporidium is within the tolerable risk levels defined by the USEPA (Regli et 

al., 1991).  RW-QMRA shows there is a seasonal increase in risk due to high winter river 

concentrations of the pathogen.  By incorporating different abstraction scenarios into the 

model, risk variation can be quantified alongside estimated reductions in abstraction 

volume.   Selective abstraction results in a <0.3-log reduction in risk, which is modest 

compared with the 2-4 log reductions (based on potential oocyst inactivation rates) that 

could be achieved by installing UV treatment at the major London WTWs – work which is 

currently planned for 2025-2035. 

QMRA is not the preferred approach for risk assessment in the UK water sector, but this 

study can be seen as a test case for where it could be adopted to assess risk beyond 

individual treatment works to encompass complex water supply networks.  Severe water 

scarcity has been projected for the South East of England by 2050, due to increased 

population, increased development and climate change (Environment Agency, 2025), 

whereas climate-driven increases in the frequency of intense rainfall events (Chan et al., 

2023) are expected to generate greater wash-off of animal waste from fields, potentially 

leading to higher pathogen loadings to surface waters.  Such conditions – which are also 

projected for many other parts of the world – inevitably increase the tension between 

achieving water quality targets and meeting water demand (Jones et al., 2024).  The QMRA-

based analysis demonstrated here can provide a method of addressing these competing 

priorities by extracting value from extensive monitoring data held in water company 

databases and applying it to better understand existing and future risk, under a range of 

management scenarios. 
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Chapter 4: Environmental factors and sources influencing 

Cryptosporidium river concentrations: A data-rich spatio-

temporal analysis using Explainable AI 

Reproduced from draft journal paper: Smalley, A. L., Douterelo, I., Chipps, M. and Shucksmith, J. D. (2026) 

Environmental factors and sources influencing Cryptosporidium river concentrations: A data-rich spatio-

temporal analysis using Explainable AI. Intended journal: Water Research. 

4.1 Abstract 

Cryptosporidium is a waterborne parasite which poses significant risks to drinking water 

safety.  Despite its importance, considerable uncertainty remains regarding the effect of 

environmental factors on the scale and timing of Cryptosporidium concentrations in source 

waters. This paper performs a spatio-temporal analysis of the environmental factors 

influencing Cryptosporidium river concentrations by applying eXplainable AI (XAI) tools to a 

large-scale, long-term nationwide dataset.  The study brings together extensive land use, 

topographical, hydro-meteorological and human/animal density data to analyse the 

seasonality and magnitude of Cryptosporidium in rivers and advance understanding of how 

static catchment characteristics interact with dynamic environmental conditions to 

influence Cryptosporidium concentrations across heterogeneous river systems. 

A machine learning (ML) model – XGBoost – was trained with environmental inputs at 

different spatial scales.  Interpretation of feature effects using SHapley Additive 

exPlanations (SHAP) found that humidity and rainfall had a strong positive effect on 

Cryptosporidium concentrations.  Human population density was shown to be more highly 

predictive of Cryptosporidium concentrations than either grassland (grazing) areas or 

livestock density, indicating that human sources of Cryptosporidium are more important 

than animal sources in many UK rivers.  Density of combined sewer overflows (CSOs) and 

sewage treatment works (STW) were found to be more effective predictors at the local (≤25 

km upstream) scale, pointing to the possible impact of local point sources. The study 

revealed strong seasonality in Cryptosporidium at many sites, with the timing of peak 

concentrations varying significantly with catchment characteristics, such as human 

population, STW density, urban area and prevailing meteorological conditions.  The principal 
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advance of this work lies in demonstrating how an XAI-based modelling framework can 

combine static, pseudo-static and dynamic environmental datasets across multiple 

catchments to identify drivers of pathogen occurrence and seasonality in river systems, 

yielding more generalisable insights than previous single-catchment or short-term studies. 

4.2 Introduction 

Cryptosporidium is a pathogen capable of causing severe gastro-intestinal illness in humans 

and animals.  It exists in the environment in its transmissible “oocysts” form, large numbers 

of which are shed in the faeces of infected hosts (Rose et al., 2002).  Once in the 

environment, oocysts can be transported to surface waters and groundwaters, potentially 

contaminating vital sources for drinking water.  Cryptosporidium poses a major drinking 

water treatment challenge because of its resistance to chlorine disinfection, its infectivity at 

very low doses, and long (1-2 day) laboratory analysis times, which prevent real-time 

monitoring (Okhuysen et al., 1999; Betancourt and Rose, 2004; Hassan et al., 2021).  

Contamination of drinking waters can lead directly to outbreaks, threatening public health 

and undermining confidence in drinking water safety (Efstratiou et al., 2017a), with the 

worst cases often making the news, as seen in the recent events in the South West of the 

UK (Horton, 2025). 

Grazing livestock (Sturdee et al., 2007; Bhattarai et al., 2011) and the application of manure-

based fertilisers (Swaffer et al., 2014) are generally regarded as the most significant animal 

sources, with mobilisation from fields to water courses usually driven by rainfall events, 

leading to transport of oocysts in rainfall-runoff (Atherholt et al., 1998).  Most human 

sources of Cryptosporidium enter rivers either in the regular daily discharges from sewage 

treatment works (STWs) (Bukhari et al., 1997), or in irregular spills from combined sewer 

overflows (CSOs) (Gibson III et al., 1998), with the latter generally occurring in the wake of 

rainfall events, or due to storm drainage/sewer network issues. Other factors which have 

been considered to influence concentration levels in river systems include temperature 

(King et al., 2005), sunlight hours (Dorner et al., 2006), soil moisture (Samadder et al., 2010) 

and river discharge (Swaffer et al., 2014).  

Cryptosporidium infections (in humans and animals) and detections in the raw waters are 

often highly seasonal, although seasonality has been shown to vary widely between 
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countries and climate types (Ikiroma and Pollock, 2021; Wang et al., 2023).  Such seasonality 

is likely the consequence of multiple factors, including extended oocysts survival times in 

the wetter, cooler conditions, increased rainfall-runoff volumes over moist and/or saturated 

soils and increased loadings from human and/or animal sources during seasonal infection 

peaks (Wang et al., 2023). 

A greater understanding of the relative importance of different Cryptosporidium sources 

and mobilisation factors under differing environmental conditions would provide vital 

information to water supply operatives and could feed into the development of new 

predictive models and catchment management strategies.  Previous research on 

Cryptosporidium in raw waters has generally focussed on single or adjoining catchments 

(Sturdee et al., 2007), with a notable absence of any study comparing multiple catchments 

to explore the influence of environmental variables.  Previous catchments studies are also 

often based on small datasets (e.g. <20 water sample measurements) over relatively brief 

(e.g. 1-2 years) timescales and/or infrequent sampling (Robinson et al., 2011; Wells et al., 

2015); they are therefore ill-suited for discerning long-term seasonal and/or annual trends.  

Globally-based Cryptosporidium loadings and river concentrations have been estimated 

using models based on land use, population data, STW removal efficiencies, rivers flows and 

weather data (Vermeulen et al., 2019), but these studies were not designed to represent or 

interpret important temporal (i.e. seasonal) trends and influences.  To date, no national or 

international studies exist which are based on consistent Cryptosporidium sampling 

protocols and consistent analytical procedures over long durations and at regular (e.g. sub-

monthly or sub-weekly) sampling frequency. Of particular need is a detailed exploration of 

the intertwined influence of static or pseudo-static catchment characteristics (e.g. slope or 

population density), and dynamic factors, such as rainfall, temperature and discharge, on 

observed Cryptosporidium concentrations. 

In the UK, source waters at high risk of Cryptosporidium contamination are routinely 

monitored as part of standard risk management practice.  A number of sites have been 

monitored in this way for 20+ years, but the data is fragmented between databases 

managed by multiple water companies.  Collectively, these datasets have considerable 

potential for investigating spatial and temporal patterns in Cryptosporidium source water 

concentrations, which could inform understanding of related drinking water risks (Smeets et 
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al., 2007). In addition to this, the combined explosion in freely available AI-based modelling 

tools and remote sensing data has opened new avenues for data-driven research (Zhu et al., 

2023).  The interrogation of machine learning (ML) models using eXplainable AI (XAI) tools is 

an increasingly common practice, which has been deployed in a number of river catchment 

studies.  Wu et al. (2021b) used several ML models (including XGBoost – a tree-based 

ensemble model) to track sources of river pathogens in a watershed in California, while 

Zhang et al. (2022) applied a different tree-based model (Random Forest) along with 

SHapley Additive exPlanations (SHAP) to connect land use with river water quality (e.g. 

nutrients) in the Potomac River Basin.  Both studies used catchment-specific 

meteorological/environmental data in their models and applied XAI methods to analyse for 

non-linear/interactive trends that would not have been discernible using conventional 

statistical analysis. 

The aim of this study is to develop an integrated spatio-temporal analytical framework for 

understanding environmental controls on Cryptosporidium concentrations in rivers at a 

national scale.  To achieve this, a multi-catchment Cryptosporidium monitoring dataset 

covering the entirety of the British mainland is analysed alongside static, pseudo-static and 

dynamic environmental datasets using XAI methods.  Specific objectives are to: (i) provide 

an overview of how Cryptosporidium river concentrations vary spatially and temporally (e.g. 

peak timing and strength of seasonality) on the British mainland; (ii) identify the most 

important environmental factors influencing Cryptosporidium river concentrations over time 

and space; and (iii) determine the relative importance of animal and human sources in the 

study catchment.  An XAI approach will be adopted to meet these objectives, making use of 

freely available modelling software and open-source environmental data.  Taken as a whole, 

this work advances understanding of how static catchment characteristics interact with 

dynamic hydro-meteorological conditions to influence Cryptosporidium concentrations 

across heterogeneous river systems. The study also demonstrates the utility of XAI as a 

transferable framework for analysing long-term pathogen monitoring data across multiple 

catchments. 
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4.3 Method 

In carrying out this research, the following steps were taken: (i) initial Cryptosporidium data 

acquisition and cleaning to compile the study dataset; (ii) calculation of summary statistics 

for spatial and temporal analysis; (iii) geographical processing of environmental data; (iv) 

development of a multi-catchment Cryptosporidium ML model; and (v) coupling the ML 

model with XAI to analyse the potential impact of environmental factors on Cryptosporidium 

concentrations.  All coding was performed in Python (v. 3.13.5), using the Anaconda 

distribution (v. 6.0.7), and all geographical information systems (GIS) analysis was 

performed in QGIS (v. 3.40.10-Bratislava). 

4.3.1 Cryptosporidium data acquisition and cleaning 

Environmental Information Regulation (EIR) requests for Cryptosporidium concentration 

data in untreated source (i.e. raw) waters were submitted to the major water companies in 

the UK, all of which responded positively, providing full data retrievals.  The resulting 

dataset comprised approximately 210,000 Cryptosporidium measurements.  All samples 

were analysed in accredited laboratories using the standard Blue Book method employed by 

all water companies in the UK (Environment Agency, 2010).  Recovery efficiencies for this 

method are typically ≤60% (Environment Agency, 2010); results should therefore be 

considered underestimates of true concentrations, although oocysts counts are likely to 

include non-viable oocysts or species/genotypes which are not infectious to humans 

(Daniels et al., 2018; Ryan et al., 2021).  In the absence of sample-specific recovery data, we 

have excluded recovery considerations from the analysis of Cryptosporidium datasets, in line 

with the approach taken by previous studies (e.g. Ligda et al., 2020; Guzmán Barragán et al., 

2022; Ligda et al., 2024). 

Frequency and periods of measurement varied widely across sampling sites, with >4000 

data points spanning the years 2000-2024 available for some sites, whereas other sites only 

had a single measurement.  The type of sampling sites also varied widely, with some water 

company datasets dominated by either river abstraction points, impoundment reservoirs, 

bankside reservoirs, or boreholes, reflecting the prevailing source waters across the 

different regions. 



 

86 
 

The dataset was filtered to consider only river sites (the focus of this study).  Measurements 

taken outside of the 24-year study period (01.01.2000 to 31.12.2023) were removed (note 

that this is the period for which gridded meteorological data was available – see next 

section).  River sites were excluded if they contained fewer than 100 data points in total or 

fewer than 2 years of sampling data.  52 sites satisfied these criteria (constituting 52,181 

Cryptosporidium measurements), all of which were at abstraction sites – i.e. intakes where 

water is transferred (by gravity or by pumping) to a reservoir or water treatment works 

(WTW).  For security reasons, the exact position of abstraction sites is rarely disclosed by 

water companies, therefore sampling sites had to be inferred from the site 

names/descriptions.  Final site coordinates were confirmed by identifying the associated 

abstraction point on Google Maps (satellite view), usually by observation of an intake 

channel, eel screen, adjacent WTW or reservoir. 

4.3.2 Summary statistics for spatial and temporal analysis 

Summary statistics, based on long-term (≤24 years) Cryptosporidium data, were calculated 

for all sites, with left-censored values (i.e. values below the detection limit) treated as zeros.  

Mean monthly Cryptosporidium concentration (Cm̄onthly) aggregated across all sampling years 

was calculated for each site, along with seasonal amplitude (As), a commonly used metric 

for seasonal change (Zhao and Zeng, 2014), calculated as shown in Equation 14: 

𝐴𝑠 = 𝑚𝑎𝑥(𝐶𝑚̅𝑜𝑛𝑡ℎ𝑙𝑦) − 𝑚𝑖𝑛(𝐶𝑚̅𝑜𝑛𝑡ℎ𝑙𝑦) (14) 

Sites were grouped by the timing of their Cryptosporidium seasonal peak and differences in 

environmental variables between these groups were assessed using one-way ANOVA with 

Tukey’s Honestly Significant Difference (HSD) post-hoc tests (Zuur, Ieno and Smith, 2007).  

Spearman’s rank correlation analysis was carried out for long-term mean Cryptosporidium 

(CL̄T), seasonal amplitude and long-term catchment-averaged environmental data (see 

below) to discern which factors may influence seasonality. 

4.3.3 Environmental data and GIS processing 

A summary of the environmental data used is provided in Table 4.1.  The data is divided into 

static and dynamic types, with static datasets including both  factors which are truly 

unchanging during the study’s timescale – i.e. catchment-averaged elevation, aspect (as N:S 
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Table 4.1  Environmental datasets used as features in the XGBoost model.  

 
 Data Units Resolution 

 
Notes / Source Base Feature 

St
at

ic
 

OSGB coordinates 
(of sampling site) 

m 1m 
Compiled from site info 
/ Google Maps 

Eastings 
Northings 

Soil Percentage 
Runoff (SPR) 

% 1x1km 

Based on Hydrology of 
Soil Types classification 
1995 
(Boorman, 1995) 

SPR 

Aspect - 
North:South ratio 

Decimal 

50m 
Based on OS Terrain 50 
(Ordnance Survey, 
2025) 

N:S_Aspect 

Elevation m Elevation 

Slope angle (mean) ° Slope 

Human population 
density 

people km-2 1x1km 
2011 Census data 
(Reis et al., 2017) 

Human_Pop 

Livestock density 
(cattle, pigs, poultry 
& sheep)  

head km-2 1x1km 
Animal and Plant 
Health Agency (APHA, 
2022) 

Cattle_Pop 
Poultry_Pop 
Sheep_Pop 

Land use 
(Aggregated 
classifications) 

% area 1x1km 
UKCEH Land Cover 
Map 2023 
(Morton et al., 2024) 

Land_Arable 
Land_Grassland 
Land_Forested 
Land_Heath_&_Bog 
Land_Urban 

Sewage Treatment 
Works (STWs) 

count km-2 N/A  STWs 

Combined Sewer 
Overflows (CSOs) 

count km-2 N/A  CSOs 

D
yn

am
ic

 

River discharge m3 day-1 Daily 
Hydrology Data 
Explorer 
(Defra, 2025) 

Discharge 

Rainfall mm 

Daily, 
5x5km 

HadUKGrid 2023 
(Met Office et al., 
2021) 

Rainfall 

Antecedent 
Precipitation Index 
(API) 

 API 

Air Temperature °C 

Monthly, 
5x5km 

Air_Temp 

Relative Humidity % Humidity 

Sunlight 
(monthly mean) 

hours Sunlight_Hours 

Wind speed m s-1 Wind_Speed 

 

ratio), slope angle, soil type and soil potential runoff (SPR) – and characteristics which are 

pseudo-static for the purpose of this study (because they are based on a single snapshot 

dataset), but which in reality will be subject to variation over the 24-year study window – 

i.e. livestock density, human population density, land use and (potentially) CSO and STW 

density (although the latter two are only likely to change minimally).  Dynamic datasets 

include meteorological and hydrological (river discharge) data, all at either mean daily or 

mean monthly resolution. 
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The environmental data was chosen to represent different known factors affecting 

Cryptosporidium concentrations in rivers. Rainfall has been shown in numerous studies to 

be the main driver of oocyst mobilisation, either as rainfall-runoff (Atherholt et al., 1998), 

CSO spills (Gibson III et al., 1998), or urban stormwater discharges (Müller et al., 2020).  Soil 

potential runoff (SPR) and mean slope angle are also included to capture possible rainfall-

runoff effects, which would be expected to be more dominant in areas of higher gradient 

and with less permeable (i.e. higher SPR) soils.   Slope aspect and sunlight hours are 

included because oocyst longevity has been shown to be reduced by exposure to UV light 

(Jagai et al., 2009).  Air temperature, relative humidity, slope aspect and antecedent 

precipitation index (or API, which serves here as a proxy for soil moisture (Schoener and 

Stone, 2020)) are included because reduced oocyst survival rates are most associated with 

desiccation (Robertson et al., 1992), and with high (>37°C) or low (<-10°C) temperatures 

(King et al., 2005).   

Human population density, urban area, and STW and CSO densities are included to 

represent potential human sources/source areas of Cryptosporidium, whereas grassland 

area and livestock density represent potential animal sources/source areas.  Other land use 

data is included to account for livestock on heaths and bogs, or wild animals in forests and 

on arable land.   

OS Terrain 50 (Ordnance Survey, 2025) elevation data was used to generate full catchment 

areas for each site.  Truncated catchments, representing drainage areas 5 km and 25 km 

linear distance upstream of each intake, were also generated.  Catchment-averaged values 

for all environmental datasets described above were obtained for the full and the truncated 

catchments, with the latter included to capture effects that might otherwise be missed 

when data is averaged over the entire catchment area (Wu et al., 2021b) – e.g. a high 

density of grazing animals adjacent to the site. 

River discharge data was included because previous studies show correlations between flow 

rates and increased contaminant loads (Ezzati et al., 2023).  Data from the nearest gauging 

station (GS) was retrieved and scaled using the ratio between the GS and intake catchment 

areas.  When GS data was not available for the specific river required, the nearest GS in the 

wider river system was used.  Three further datasets – Eastings, Northings and elevation – 



 

89 
 

were included to add extra detail to our understanding of the geographical and 

topographical spread of river-borne Cryptosporidium. 

4.3.4 Multi-catchment Cryptosporidium ML model (XGBoost) 

An XGBoost model was developed to predict mean monthly Cryptosporidium concentrations 

at each site, using the catchment-specific environmental variables as input features. 

XGBoost – a gradient-boosted, tree-based ensemble model (Chen and Guestrin, 2016) – was 

selected for its strong predictive performance, its robustness to high-dimensional feature 

sets, and its ability to handle substantial multicollinearity (Pham and Ho, 2021). It has been 

applied in many fields of research, including spatio-temporal water-quality modelling 

(Niazkar et al., 2024), to predict Cryptosporidium concentrations from meteorological, 

hydrological and water-quality variables (Ligda et al., 2024; Smalley et al., 2025), and to link 

catchment land use with river-water quality (Zhang et al., 2022). 

Initial tests used a fully static dataset in which all dynamic variables were reduced to single 

summary statistics; this approach performed poorly, indicating that both static land-

use/geographical characteristics and time-varying meteorological/hydrological variables 

were required to train an effective model. Given substantial variation in sampling frequency 

across sites, some temporal aggregation was necessary to ensure target data quality. 

Because several meteorological datasets were only available at monthly resolution, the 

model was trained using mean monthly data, which was adequate for identifying temporal 

patterns. 

Prior to modelling, the data was filtered according to two criteria: (i) minimum monthly 

Cryptosporidium sample count (with thresholds of 4, 6, 8, and 10 samples), and (ii) minimum 

temporal coverage within each month (50% or 75% of days sampled). Months within each 

site dataset which did not meet these criteria were removed. The model was re-run using 

four threshold combinations (Models 1-4) and the outputs were compared for both 

predictive performance and XAI stability (see below). 

The modelling pipeline first filtered the date-specific Cryptosporidium data, then merged it 

with daily discharge, rainfall and antecedent precipitation index (API). For rainfall, the 

lagged rolling mean over days D1–D7 (where D1 is the day prior to sampling) was used, 

reflecting earlier findings that rainfall is most predictive of Cryptosporidium concentrations 
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when lagged or averaged over the preceding week (Ligda et al., 2020; Smalley et al., 2025). 

For API, the 7-day lag (D7) was used as a proxy for pre-rainfall event soil moisture. The 

resulting daily dataset was averaged by calendar month and merged with other monthly 

dynamic variables and static catchment attributes into a single modelling data frame. 

Left-censored Cryptosporidium values were included as zeros in the monthly averages.  

These accounted for 20–95% of observations depending on the site, but this reduced to a 

maximum of 50% in the final monthly averages.  Target values (mean monthly 

Cryptosporidium) were log-transformed, a standard approach when concentrations span 

multiple orders of magnitude (Sokolova et al., 2022). Monthly means equal to zero were 

removed prior to log transformation.  XGBoost hyperparameters were tuned manually, with 

the following final settings: n_estimators = 100, num_parallel_tree = 10, subsample = 0.5, 

and colsample_bytree = 0.5, with the latter two parameters included to reduce overfitting.  

Manual k-fold cross-validation used 5 splits and 20 repeated iterations. Mean out-of-fold 

(OoF) predictions were inverse-log transformed to obtain linear-scale predictions. Model 

performance was assessed using Root Mean Square Error (RMSE), Normalised Root Mean 

Square Error (NRMSE) and Explained Variance Score (EVS).  Metrics were provided for both 

linear and log-scale predictions (Hastie et al., 2009). 

4.3.5 Explainable AI (SHAP analysis) 

XAI analysis of monthly time series Cryptosporidium data and catchment data was 

performed to detect the drivers of more short-term surges in Cryptosporidium which may 

not be apparent in the long-term averaged or monthly-aggregated data.  Unlike the 

statistical tests/correlations carried out for the spatial and temporal analysis, the XAI 

approach can detect non-linear or complex feature effects, and interactions between 

features.   

SHAP is a model-agnostic XAI package for interpreting ML models (Lundberg and Lee, 2017).  

It improves on standard feature analysis tools by quantifying both the magnitude and the 

direction (i.e. positive or negative) of feature effects.  Tree SHAP – a version of SHAP 

designed to analyse ensemble tree-based models (Lundberg et al., 2018) – was applied to 

the multi-catchment Cryptosporidium XGBoost model to quantify the impact, linear 



 

91 
 

dependency and non-linear dependency of features, each of which is described in detail 

below. 

SHAP values are the amounts by which a feature increases or decreases an individual 

prediction – e.g. in our model, a SHAP value of -1 for air temperature would mean that this 

feature decreased the log-transformed Cryptosporidium concentration prediction by 1 unit 

from the SHAP baseline prediction.  To evaluate overall feature impact, the “Global” (i.e. 

across all OoF predictions) Mean Absolute SHAP values (MASf) for each feature (f) were 

calculated according to Equation 15: 

𝑀𝐴𝑆𝑓 =
1

𝑁
∑|𝑆𝑓

𝑘|

𝑁

𝑘=1

 (15) 

where N is the number of predictions, k is the index of a specific prediction, and 𝑆𝑓
𝑘 is the 

SHAP value for feature f and prediction k.  Interactions between model predictors were 

assessed using Tree SHAP interaction values and summarised as the mean absolute 

interaction contribution across all OoF predictions. 

SHAP linear dependency (SLD) and non-linear dependency (SNLD) were calculated to 

determine the strength and direction (positive or negative) of the relationship between the 

features and predictions.  SLD is given by the Pearson correlation coefficient for SHAP impact 

scores with raw feature values.  SNLD is then calculated as in Equation 16: 

𝑆𝑁𝐿𝐷 = 1 − |𝑆𝐿𝐷| (16) 

For the final SHAP results, outputs for features applied at three spatial scales (i.e. full 

catchment, and 5km and 25km catchments) were aggregated to obtain base feature values.  

Features were then ranked by the magnitude of their effect (i.e. by MAS values). 

To determine the relative contributions of animal and human sources of Cryptosporidium at 

each site, SHAP Positive Contribution Scores (PCSs) – i.e. the means of all positive site-

specific SHAP values for each feature – were computed.  Total PCSs for human-associated 

and animal-associated features were then summed and converted into % Animal and % 

Human values.  Note that human source features were human population, urban area, 

STWs and CSOs; animal source features were grassland area and livestock densities.   
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4.4 Results 

4.4.1 Spatial and temporal analysis 

The spatial distribution of the sites is displayed in Fig. 4.1a, with summary statistics for each 

provided in Table 4.2. Sites are spread widely across the British mainland and therefore 

cover a range of catchment types, including upland and lowland areas, rural and highly 

urbanised catchments.   

Long-term mean Cryptosporidium concentrations (Fig. 4.1b) are generally higher in the 

South East and South West of England and in Wales – these are the warmer and (to a lesser 

extent) wetter parts of the British mainland.  The cooler regions of the north and the drier 

regions to the east do not have any sites with CL̄T > 0.4 oocysts L-1.   The collection of higher-

Cryptosporidium sites around the London area suggest that rivers in heavily urbanised/high 

population areas may be more susceptible to contamination, but this is offset slightly by the 

high values at Sites 21, 51 and 52, which are not in heavily urbanised areas (although the 

latter two are in locations which have high summer influxes of tourists).  There are also 

several sites in highly urbanised areas which have low CL̄T values (e.g. Sites 7 and 36). 

Temporal analysis at monthly resolution revealed the timing of peaks (here categorised by 

season) and the seasonal amplitude (Fig. 4.1c-d).  Winter peaks are the most common (22 

sites), followed by autumn (19), summer (9) and then spring (2).  Both spring sites are found 

in Yorkshire and The Humberside (although on different rivers).  Autumn- and winter-

peaking sites are widely spread, whereas summer-peaking sites are found near the south 

coast, the northern parts of England and Wales, and in Scotland.  Sites with high CL̄T tend to 

peak in autumn or winter (e.g. Sites 21, 34, 37, 46 and 51), although Site 52 (in the SW) is an 

exception, peaking in summer.  Sites with high seasonal amplitude usually also have high 

mean Cryptosporidium concentration.  Sites 30 and 38 (in the East and SE) are unusual in 

having relatively low mean Cryptosporidium values (CL̄T ≈ 0.4 oocysts L-1) but high seasonal 

amplitudes; hence these sites have very low Cm̄onthly concentrations for most of the year 

which are interrupted by high autumn spikes. 
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Fig. 4.1  Locations on the British mainland of (a) sampling sites (with Site Numbers), (b) long-

term mean Cryptosporidium concentrations (CL̄T), (c) peak Cryptosporidium season and 

seasonal amplitude, and (d) bar chart of peak seasons. 
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Table 4.2  Cryptosporidium measurement counts, frequency, periods, summary 

concentration statistics and seasonality for all sites included in the study.  Sites with ≥ 1000 

data points or ≤10-day mean interval are highlighted green; sites with 

concentrations/seasonal amplitude ≥ 1 oocysts L-1 are highlighted pink. 
  Measurements Cryptosporidium 

Concentration 
Seasonal 

Site 
No. 

Region Site 
Count 

Earliest 
Year 

Latest  
Year 

Time 
Span 

Yearly 
Count 

Mean 
Interval 

Mean 
(CL̄T) 

Std 
Dev 

Q95 Peak Amplitude 

As 

     (years)   (days) (oocysts L-1) 

1 Scotland 688 2012 2025 13 51 7 0.15 0.46 0.63 AUT 0.49 
2 685 2012 2025 13 51 7 0.13 0.48 0.48 AUT 0.30 
3 502 2012 2024 13 39 9 0.08 0.33 0.52 WIN 0.28 
4 1305 2013 2025 12 106 3 0.09 0.58 0.34 SUM 0.24 
5 1609 2012 2025 13 119 3 0.04 0.11 0.18 AUT 0.08 
6 687 2012 2025 13 51 7 0.04 0.17 0.23 SUM 0.10 
7 North East 475 2013 2024 12 40 9 0.06 0.15 0.30 AUT 0.13 
8 North West 518 2009 2025 16 32 12 0.01 0.03 0.10 AUT 0.02 
9 598 2000 2025 25 23 16 0.11 0.24 0.52 SUM 0.13 
10 544 2009 2024 16 35 11 0.04 0.14 0.20 AUT 0.10 
11 889 2000 2025 25 35 10 0.38 0.74 1.40 WIN 0.40 
12 550 2009 2024 16 34 11 0.26 0.44 1.20 AUT 0.38 
13 Yorkshire 

and The 

Humber 

1118 2001 2024 24 47 8 0.13 0.52 0.50 SUM 0.38 
14 231 2003 2024 21 11 34 0.05 0.13 0.27 SUM 0.10 
15 916 2001 2024 24 39 9 0.15 0.32 0.68 SPR 0.16 
16 1077 2001 2024 24 45 8 0.12 0.56 0.50 SUM 0.22 
17 3582 2001 2024 24 152 2 0.12 0.57 0.50 SPR 0.24 
18 1386 2001 2024 24 58 6 0.11 0.26 0.59 WIN 0.14 
19 Wales 1083 2008 2024 16 67 5 0.05 0.18 0.18 SUM 0.19 
20 552 2009 2024 16 35 11 0.07 0.18 0.40 WIN 0.21 
21 428 2009 2024 16 27 13 0.68 1.85 2.97 WIN 1.07 
22 West 

Midlands 

253 2020 2024 5 52 7 0.29 0.41 1.14 AUT 0.47 
23 118 2020 2024 5 26 14 0.16 0.22 0.60 WIN 0.58 
24 East of 

England 

 

336 2018 2024 7 51 7 0.03 0.09 0.20 WIN 0.08 
25 512 2000 2024 25 21 18 0.08 0.54 0.30 WIN 0.26 
26 1207 2000 2024 25 49 8 0.02 0.10 0.20 WIN 0.05 
27 598 2000 2024 24 25 15 0.03 0.15 0.10 WIN 0.11 
28 1280 2000 2024 25 52 7 0.03 0.20 0.20 AUT 0.13 
29 407 2015 2024 10 42 9 0.03 0.09 0.20 WIN 0.09 
30 253 2000 2009 9 28 13 0.33 0.85 1.54 AUT 1.36 
31 1123 2000 2024 25 45 8 0.06 0.32 0.39 WIN 0.21 
32 344 2018 2024 7 52 7 0.06 0.13 0.30 AUT 0.19 
33 1074 2018 2024 7 158 2 0.17 0.28 0.70 WIN 0.33 
34 1248 2000 2024 24 51 7 0.53 1.09 2.00 AUT 0.93 
35 1073 2018 2024 7 158 2 0.12 0.22 0.60 WIN 0.31 
36 London 1773 2000 2024 24 73 5 0.21 0.50 1.00 WIN 0.58 
37 South East 

 

1568 2000 2019 19 81 4 0.79 2.56 3.60 AUT 1.88 
38 101 2013 2014 2 51 7 0.41 1.42 1.90 AUT 2.62 
39 3157 2000 2024 24 130 3 0.39 1.28 1.60 AUT 0.69 
40 1739 2000 2024 24 71 5 0.39 0.81 1.76 WIN 1.22 
41 209 2009 2024 15 14 27 0.37 0.60 1.50 WIN 1.18 
42 3411 2000 2024 24 140 3 0.55 0.99 2.41 WIN 1.47 
43 425 2009 2024 15 28 13 0.31 0.59 1.48 WIN 1.02 
44 2418 2000 2024 24 99 4 0.42 0.90 1.60 AUT 0.87 
45 2256 2000 2024 24 93 4 0.47 1.39 1.82 AUT 1.13 
46 2169 2000 2024 24 89 4 1.57 2.88 6.92 AUT 2.95 
47 565 2020 2024 5 117 3 0.08 0.23 0.39 SUM 0.22 
48 991 2020 2024 5 204 2 0.01 0.03 0.00 WIN 0.01 
49 621 2021 2024 4 162 2 0.02 0.07 0.12 WIN 0.04 
50 1032 2020 2024 5 213 2 0.02 0.07 0.13 WIN 0.04 
51 South West 251 2000 2015 14 18 21 0.44 1.18 2.35 AUT 1.13 
52 246 2000 2011 10 24 15 0.69 0.99 2.68 SUM 1.16 
             

 Total Count 52,181           
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When testing if site-specific environmental variables differed between sites grouped by 

their peak season, significant differences (p < α, where α = 0.05) were identified between 

summer-peaking and winter-peaking sites only (Table 4.3).  Spring-peaking sites were 

excluded from the analysis because of the low sample number (n=2).  Box-plots for 

significant pairs (Fig. 4.2) reveal that winter-peaking sites are in areas with significantly 

higher mean air temperature, sunlight hours, human population, STW density, and arable 

and urban land areas, whereas summer-peaking sites are generally in more upland areas 

with significantly higher mean slope, humidity, rainfall, wind speed and heath/bog areas.  

 

Table 4.3  Significant pairwise environmental differences between summer-peaking and 

winter-peaking catchments, using the Tukey HSD post-hoc test (p < α, where α = 0.05).  Note 

that no significant differences were found for other season pairs. 

 

Variable Season 1 Season 2 Adjusted p-
value 

Slope Summer Winter 0.0041 
Land_Urban Summer Winter 0.0044 
Air_Temp Summer Winter 0.0058 
Land_Arable Summer Winter 0.0096 
Rainfall Summer Winter 0.0118 
Land_Heath_&_Bog Summer Winter 0.0204 
Human_Pop Summer Winter 0.0315 
Eastings Summer Winter 0.0373 
STWs Summer Winter 0.0389 
Humidity Summer Winter 0.0416 
Sunlight_Hours Summer Winter 0.0444 
Wind_Speed Summer Winter 0.0449 

 

Cryptosporidium concentration and seasonal amplitude are highly correlated (Fig. 4.3) – this 

is to be expected, since higher concentration sites are more likely to have high measured 

range (given that the detection limit for analysis is usually fixed at 0.1 oocysts L-1).  When 

sites are analysed as a whole, moderate positive correlations show that sites with higher 

Cryptosporidium and seasonal amplitude tend to be larger catchments with higher average 

elevation, higher human population density, higher density of STWs and CSOs, higher 

proportions of urban areas and grassland and (to a lesser extent, based on weaker 

correlations) higher cattle density, sheep density and discharge.   Summer-peaking sites 

show higher positive correlation between Cryptosporidium/seasonal amplitude and 
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elevation, air temperature, humidity and sunlight hours, whereas autumn-peaking sites 

showed much higher correlation with urban area, human population, air temperature and 

sunlight hours. In winter-peaking sites, positive correlations were with STW and CSO 

density, sheep density, grassland area and overall catchment area. 

 

 

Fig. 4.2  Boxplots of catchment-averaged environmental variables grouped by peak season. 

Significant Tukey HSD differences (α = 0.05) were identified between Summer- and Winter-

peak sites only. Cryptosporidium concentration is shown for reference, although no seasonal 

differences were significant. 
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Fig. 4.3  Correlations between Cryptosporidium concentration and seasonal amplitude with 

environmental data, based on long-term (≤24 years) and full catchment averages.  Results 

are provided for all 52 sites and for sites defined by peak season.  Spring-peaking sites were 

omitted due to low (n=2) numbers. 

 

4.4.2 XGBoost model performance 

The four XGBoost models differed only in the amount of Cryptosporidium data filtering and 

the effect this had on the size and quality of the final datasets (see Table 4.4).  Model 1 

contained the largest (N=4409) and most diverse dataset, whereas the dataset used in 

Model 4 was the smallest (N=1110) and least diverse, but also the most statistically-robust 

(with each monthly mean based on ≥ 10 values). 
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Table 4.4  Data filtering settings and performance metrics from the four models.   

 

 Model Filtering   Linear Scale Predictions Log-Scale 
Predictions 

 Min  
Monthly 
Values 
 

Min 
Monthly 
Spread 

Total 
No. of 
Sites 

Total 
No. Data 
Points 
(N) 

RMSE NRMSE EVS RMSE EVS 

Model 1 4 50 51 4409 0.69 0.04 0.27 0.41 0.55 

Model 2 6 50 43 2065 0.90 0.05 0.23 0.42 0.61 

Model 3 8 75 34 1548 0.80 0.05 0.26 0.42 0.64 

Model 4 10 75 32 1110 0.65 0.07 0.35 0.42 0.64 

 

OoF plots (Fig. 4.4) show predicted data from the four separate k-fold splits for Models 1 

and 4.  The only notable difference between the two plots is the number of data points, 

which is much lower in Model 4.  (Plots for Models 2 and 3 aren’t presented because of their 

high similarity with the ones shown here – see Appendix C.)  The four models were 

compared in terms of both predictive performance (Table 4.4) and XAI outputs (Fig. 4.5). 

Despite differing substantially in sample size and data-quality filtering, the models showed 

very similar behaviour. On the linear scale, Models 2 and 3 exhibited slightly higher error 

 

(a) (b) 

  

Fig. 4.4  Out-of-fold (OoF) predictions from (a) Model 1 and (b) Model 4. 
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(RMSE and NRMSE) than Models 1 and 4. On the log-transformed scale, RMSE values were 

nearly identical across all four models, and explained variance (EVS) exceeded 0.55 (i.e. 

more than half) in every case. For environmental models with highly skewed targets, EVS 

values of 0.5-0.6 are generally considered strong indicators that the model is capturing 

meaningful structure in the data (Hastie et al., 2009).  Because no single model clearly 

outperformed the others, their XAI outputs were examined in parallel. 

4.4.3 Feature interpretation using SHAP outputs 

Consistent with other applied studies using SHAP (e.g. Ligda et al., 2024), SHAP outputs 

were not validated against a formal standard. However, the XAI literature emphasises 

consistency across data subsets as a key indicator of reliability (Yuan et al., 2023; Gan et al., 

2025), therefore SHAP stability was assessed by comparing outputs across the four different 

models, each of which is based on different data subsets.  Global SHAP values were highly 

consistent across all models, with SHAP feature rankings converging early within each 

model’s iterative process, and each generating identical final rankings (Fig. 4.5).  Such 

agreement indicates that the models learned the same underlying predictor-response 

relationships, despite differences in training sample size and quality. When viewed 

alongside the consistent predictive performance of the XGBoost models, this provides good 

evidence for the robustness and reliability of the SHAP outputs. 

 

Fig. 4.5  Ranked Mean Absolute SHAP (MAS) values for each feature in the four models. (fc= 

full catchment). 
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Feature values ranked by MAS are presented in Table 4.5.  For simplicity, spatially-defined 

features (i.e. those based on full catchment, 25km and 5km upstream areas) have been 

summed to give a single base feature value.  With the exception of those labelled 

“complex”, all of the features were consistent across the models in the (global) direction of 

their effect – i.e. either having a positive (increasing) or negative (decreasing) effect on 

predictions.   

 

Table 4.5  Base features for all four models ranked by Mean Absolute SHAP (MAS), 

alongside direction of effect and most predictive spatial scale.  (Colour ramp indicates high, 

intermediate and low MAS values; SD=Standard Deviation; POS = Positive; NEG = Negative.) 

 

 

 

Base Feature

Model

1

Model

2

Model

3

Model

4

Overall

Mean SD

Direction

of Effect

Most Predictive 

Spatial Scale

Humidity 0.105 0.155 0.139 0.130 0.132 0.018 POS Full catchment

Human_Pop 0.113 0.115 0.120 0.127 0.119 0.006 POS 25km

Rainfall 0.078 0.076 0.080 0.083 0.079 0.002 POS 25km

Land_Grassland 0.042 0.096 0.077 0.047 0.066 0.022 POS 25km

Sunlight_Hours 0.048 0.048 0.058 0.076 0.058 0.012 NEG 05km

Air_Temp 0.056 0.059 0.057 0.057 0.057 0.001 NEG 05km

Wind_Speed 0.055 0.055 0.046 0.046 0.050 0.005 NEG 05km

Land_Heath_&_Bog 0.033 0.048 0.063 0.041 0.046 0.011 NEG 05km

Northings 0.065 0.035 0.037 0.036 0.043 0.013 NEG -

Land_Urban 0.054 0.039 0.044 0.031 0.042 0.008 POS 25km

Discharge 0.038 0.040 0.046 0.042 0.042 0.003 POS -

API 0.044 0.041 0.042 0.038 0.041 0.002 Complex 05km

Elevation 0.030 0.029 0.030 0.044 0.033 0.006 POS Full catchment

Area 0.025 0.034 0.032 0.027 0.030 0.004 Complex 05km

CSOs 0.016 0.038 0.030 0.025 0.027 0.008 POS 05km

SPR 0.020 0.018 0.031 0.031 0.025 0.006 Complex Full catchment

Land_Forested 0.015 0.014 0.018 0.031 0.019 0.007 Complex Full catchment

Poultry_Pop 0.015 0.016 0.013 0.016 0.015 0.001 Complex 05km

Land_Arable 0.021 0.016 0.010 0.010 0.014 0.005 NEG 25km

Slope 0.010 0.011 0.010 0.019 0.013 0.004 NEG 05km

Eastings 0.002 0.008 0.004 0.033 0.012 0.012 Complex -

Sheep_Pop 0.021 0.007 0.007 0.007 0.011 0.006 NEG 25km

Cattle_Pop 0.019 0.008 0.007 0.008 0.011 0.005 POS Full catchment

STWs 0.011 0.009 0.010 0.012 0.010 0.001 POS 25km

N:S_Aspect 0.004 0.008 0.013 0.011 0.009 0.004 POS -

Mean Absolute SHAP (MAS)
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Humidity had the greatest positive effect in all of models, followed by human population 

and rainfall.  Air temperature and sunlight hours had relatively strong negative effects.  

Grassland area had the most positive effect of the land use features.  Heath and bog areas 

and arable areas had negative effects, while the effect of forested areas was complex.  

Of the features directly quantifying the density of potential Cryptosporidium hosts, only 

human population ranked high, with all of the livestock features having a low (and in the 

case of sheep and poultry, a negative) effect. Two of the three human source-related 

features – urban area and CSOs – had modest positive effects, while the effect of STWs, 

although also positive, was much lower. 

N:S aspect had a very weak positive effect (indicating that north-facing slopes are associated 

with higher Cryptosporidium concentrations).  Slope has a negative effect, suggesting that 

more rapid rainfall-runoff and storm responses do not necessarily lead to higher 

concentrations of the pathogen, although mean higher elevations overall do appear to 

favour higher concentrations.  Two runoff-related features – API and SPR – both showed 

complex patterns of association. 

The most predictive spatial scale also varied between features.  A majority of the 

meteorological features were most predictive at the 5 km scale, the exceptions being 

humidity (full catchment scale) and rainfall (25 km scale).  Land use impacts for grassland, 

urban and arable areas were greatest at 25 km scale, in contrast to heath/bog (5 km) and 

forested areas (full catchment).   CSOs and STWs had the most effect at the 5 and 25 km 

scale respectively.   Topographical features were variable, with slope having the most effect 

at the 5 km scale, and elevation at the full catchment scale.  

4.4.4 Dominant source types for each site 

Fig. 4.6a shows that sites dominated by human sources are located predominantly in the 

South East, Greater London and the East of England.  Animal source-dominated sites are 

more prevalent in the western and northern regions, and are totally dominant in Scotland.  

When sites are counted using a 75% dominance threshold (Fig 4.6b), human-dominated 

sites are slightly more common than animal dominated sites, but mixed sites (in which 

neither site is more than 75% dominant) are the most abundant.  
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Fig. 4.6  Sites characterised by the relative contribution of source types to the modelled 

Cryptosporidium concentrations, shown by (a) their location and (b) the proportion of total 

sites.   

4.5 Discussion 

A spatio-temporal analysis has been performed 52 sites widely distributed across the British 

mainland.  This dataset – which is unprecedented in the literature – has been integrated 

with spatial environmental data, daily discharge data and meteorological data.  A key 

novelty of the study is the parallel analysis of static, pseudo-static and dynamic catchment 

datasets at three distinct temporal resolutions: (i) a long-term scale, represented by site-

averaged values across the 24-year record, used to identify spatial patterns; (ii) a seasonal 

scale, based on monthly values aggregated across all years, used to characterise recurrent 

seasonal behaviour; and (iii) a short-term scale, using monthly time-series data within an 

XAI modelling framework, to identify spatial and temporal drivers of Cryptosporidium 

variability that may not be discernible at coarser resolutions. 
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4.5.1 Cryptosporidium spatial patterns and hotspots 

Cryptosporidium river concentrations vary widely across the British mainland (Fig. 4.1), with 

all of the highest concentration sites in the southern half of England and in Wales, lower 

values in the English midlands and northern areas, and very low values in Scotland.  The 

spatial patterns are broadly consistent with much earlier Water Industry-based monitoring 

(DWI, 1998), which found fewer detections in rural upland catchment waters compared 

with lowland mixed urban-rural catchments.  The picture is also consistent with output 

maps from the GloWPa-Crypto C1 model (Vermeulen et al., 2019), in which Cryptosporidium 

concentrations were predicted to be highest in the southern parts of the British mainland.   

Correlation analysis (Fig. 4.3) across all sites shows that mean Cryptosporidium levels tend to 

be higher in sites with higher human population, higher proportions of grassland and/or 

urban land, higher density of STWs or CSOs, and (to a lesser extend) higher cattle and sheep 

densities – a finding which ties in well with existing understanding of Cryptosporidium 

sources and high-risk water bodies (Medema et al., 2009).  Larger catchment areas are also 

associated higher Cryptosporidium concentrations, possibly because large catchments are 

more likely to include one or more major sources.  Areas with high humidity or rainfall are 

not associated with higher mean Cryptosporidium, reflecting previous observations that 

climatic variables averaged over the long term are often poor predictors of Cryptosporidium 

in water bodies; this is particularly true for rainfall, which – due to the episodic nature of 

precipitation events and their direct effect on driving oocyst transport – is usually most 

predictive at approximately daily resolution (Wilkes et al., 2009; Wilkes et al., 2013).  

Although higher temperatures usually lead to higher rates of oocyst deactivation (King and 

Monis, 2007), the positive correlation between Cryptosporidium concentration with air 

temperature found here is most likely due to generally higher mean temperatures in 

lowland southern sites, which have high human and livestock populations. 

4.5.2 Cryptosporidium seasonality  

Previous studies have observed seasonality in Cryptosporidium river concentrations, 

although these have been limited to consideration of single or adjoining catchments.  Both 

autumn and winter-spring peaks have been recorded in catchments in the North West of 

England (Sturdee et al., 2007; Robinson et al., 2011), with oocysts shed by both livestock 
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and wild animals.  Concentrations were found to peak in late spring in a catchment in the 

Scottish Cairngorms (Wells et al., 2015), most likely as a consequence of the calving/lambing 

season.   This study further illustrates the seasonality of Cryptosporidium, but it does so over 

a much larger spatial scale, while performing a broader analysis of the key drivers of 

seasonal variations. 

Summer-peaking seasons were found to be in upland catchments containing heath/bog 

areas, with higher mean slope, humidity and rainfall (Fig. 4.2).  They were also sites with low 

overall Cryptosporidium concentrations (with one exception – site 52, in the South West).  

Summer peaks are therefore likely due to high-intensity summer storms, with grazing sheep 

a contender as the major source host (although no significant difference in sheep numbers 

was found between summer-peaking sites and sites peaking in other seasons).  It is notable 

that some of sites (including Site 52) are major tourist centres, therefore summer peaks may 

also be due to human-shed oocysts entering water courses, either from CSOs during rainfall 

events and/or when sewer systems are overburdened at peak tourist months (Pasciucco et 

al., 2023).  

Autumn/winter-peaking sites are the most common, accounting for 79% of all sites.  All but 

one of the highest Cryptosporidium sites (CL̄T > 0.6 oocysts L-1) peaked in the cold-seasons, 

but a majority of autumn/winter-peaking sites did not have significantly higher mean 

Cryptosporidium concentrations than spring/summer-peaking sites.  Correlation analysis 

suggests that autumn peak concentrations tend to be higher in more urban catchments, 

perhaps reflecting the September peak in human cryptosporidiosis cases (Public Health 

England, 2024), whereas higher winter peaks occur in the larger mixed urban-pastureland 

catchments, with higher proportions of grassland, and higher densities of STWs and CSOs 

(Fig. 4.3). 

A contributing factor in the autumn-peaking sites could be river discharge, which is usually 

lower in autumn than in winter, and therefore has less capacity to dilute the influx of 

oocysts from STWs and CSOs.  This interpretation is supported by previous studies (Knapp et 

al., 2022) and by the negative correlation between discharge and Cryptosporidium 

concentrations in autumn-peaking sites (Fig. 4.3).  First-flush effects (particularly from urban 

areas) may also be relevant, mobilising human-shed oocysts from CSOs which have lain 
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dormant for many weeks/months, and oocysts shed by wild/domesticated urban animals 

(Müller et al., 2020). 

4.5.3 Key environmental variables affecting Cryptosporidium river concentration 

In the XAI analysis, humidity was shown to have the greatest positive effect on mean 

monthly Cryptosporidium predictions (Table 4.5).  This is a striking result given that out of 

approximately 13 published Cryptosporidium river modelling studies, only one (Liu et al., 

2019) included humidity as a model input.  A major component of humidity’s impact is likely 

as a seasonal trainer for the model – an important consideration given that the highest 

peaks are in the cooler and more humid autumn/winter seasons.  Air temperature and 

sunlight hours also serve as seasonal trainers, but the direct association between humidity 

and rainfall may account for why humidity is the most predictive feature, given that rainfall 

is known to be a short-term driver of increased Cryptosporidium concentrations (Atherholt 

et al., 1998).  This result also supports previous work proposing that desiccation is often the 

main cause of oocyst degradation in the environment (Robertson et al., 1992); in which 

case, longer oocyst survival times would be expected in months with higher humidity. 

Reduced desiccation could be important in both rural areas – which, though not dominant 

at all sites, are still a major source of Cryptosporidium (see Section 4.5.5) – and in urban 

areas.  In the latter, the longevity of oocysts in animal waste (e.g. from birds) deposited on 

relatively impermeable urban roof and ground surfaces may be particularly sensitive to 

humidity.  This interpretation is supported in part by the mean absolute SHAP interaction 

contributions between humidity features and land use or source-related features (Appendix 

C, Table C.1), which show that humidity-human population and humidity-urban area 

interactions rank among the strongest feature pairs, followed by humidity-grassland area.  

In this context, human population may be acting partly as a proxy for urbanisation. 

The model outputs provide clear evidence of the importance of rainfall as a mobilisation and 

transport mechanism for Cryptosporidium.  The way that rainfall data is used is key to its 

predictive utility, however.  The authors’ previous work (Smalley et al., 2025) identified 2 

days as the most predictive lag time, and early trials for this model (not presented) found a 

similar result, with rainfall lagged by 1-7 days all serving as useful training data. This is 

supported by the earlier correlation analysis findings and previous studies (Wilkes et al., 
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2009; Wilkes et al., 2011) which have shown that rainfall has a greater short-term influence 

on Cryptosporidium river concentrations (i.e. through mobilisation and transport), but that 

average rainfall often shows no association. 

It should be recognised that the routine Cryptosporidium monitoring data used here 

represents discrete samples collected at frequencies ranging from approximately daily to 

sub-monthly, depending on site and monitoring period.  Furthermore, the temporal 

aggregation of rainfall, discharge and API data prior to modelling may smooth or obscure 

short-duration contamination events and transient mobilisation processes, potentially 

limiting the ability of the models to fully resolve short-timescale relationships between 

environmental drivers and Cryptosporidium concentrations. 

Models which include both rainfall and soil moisture are more likely to capture the impact 

of heightened rainfall-runoff when soils are saturated (Singh et al., 2021).  API – which has 

been included as a proxy for soil moisture – has a moderate MAS, although its association 

with predictions is complex.  API can be a poor surrogate at times of high evapotranspiration 

or extreme (e.g. poorly drained or very sandy) soil types, therefore actual soil moisture 

values could improve the model further.   

4.5.4 Spatial averaging: considerations and limitations 

All but three of the features included in the model were represented using spatially 

averaged values (the exceptions being discharge, northings and eastings).  The implications 

of spatial averaging are unlikely to be equal across all variables, however.  Some may be 

subject to greater spatial heterogeneity (e.g. CSOs, which tend to cluster in urban areas), 

while others may not be well-represented by "lumped" catchment-averaged values because 

their influence depends strongly on location and hydrological connectivity (Lei et al., 2021).  

In particular, the impact of source-related variables (human population, urban and grassland 

land cover, STWs, CSOs and livestock populations) may be poorly captured by the model if 

used in catchment-averaged form only, since this would not account for the potential 

influence of sources concentrated close to river channels or the monitoring points.  This 

effect is likely to be particularly important in smaller rivers, where there is reduced 

opportunity for mixing and dilution of contamination inputs over short downstream 

distances. 
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The use of truncated upstream catchments (25 km and 5 km) was intended partly to 

mitigate this issue by increasing model sensitivity to contamination sources located closer to 

the monitoring points.  Nested spatial discretisation approaches of this kind have been used 

in previous models to represent landscape heterogeneity and scale-dependent hydrological 

processes (Dehotin and Braud, 2008), and the stronger predictive performance of several 

source-related variables at the truncated catchment-scale supports the interpretation that 

proximity to upstream sources is an important control on observed concentrations. 

However, defining an appropriate degree of truncation is challenging, not least because the 

study rivers differ substantially in discharge, catchment size and topography, and this is 

likely to affect the spatial scale across which local effects manifest. 

Lateral proximity of sources to the river network may in some cases be more important than 

upstream distance (Sliva and Williams, 2001), in part because of the increased likelihood 

that oocysts adjacent to river channels will enter the river system.  Future refinement of the 

truncated catchment approach could therefore include spatial averaging over a riparian 

buffer zone, with buffer width potentially adjusted according to local slope, hydrological 

connectivity or distance from the monitoring point, so as to better represent areas most 

likely to contribute to rapid mobilisation and transport of Cryptosporidium to river systems 

(Lei et al., 2021). 

4.5.5 Major sources of Cryptosporidium in rivers 

The high MAS for human population (Table 4.5) relative to the other source-related features 

(urban area, STWs and CSOs for human sources; grassland area and livestock densities for 

animal sources) supports the argument that high Cryptosporidium concentrations in rivers 

are more commonly caused by oocysts from human – as opposed to animal – waste.  This is 

partially supported by the earlier correlation analysis for all sites (Fig. 4.3) in which features 

representing human sources (population, urban area, STWs and CSOs) showed moderate-

to-high correlations with Cryptosporidium, whereas of those features representing animal 

sources, only grassland area showed a similar level of correlation. 

However, the low MAS values for STWs and CSOs demonstrate the difficulty of interpreting 

relative importance of sources from ML models – if human waste is the major source of 

Cryptosporidium in many cases, almost all of that waste would be entering river systems via 
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either STWs or CSOs, therefore a stronger signal for either feature might be expected.  The 

issue here may be that simple asset density values (i.e. STWs or CSOs per km2) are a crude 

way to try to capture the effects of these assets, since STWs can vary in their daily discharge 

volumes by orders of magnitude, and CSOs can exhibit very different patterns of spilling.  It 

is also noteworthy that CSOs, STWs and urban area were most predictive at the smaller 

spatial scales (5 km and/or 25 km) – in part, this may reflect the reduced mixing and dilution 

of contamination that is observed when samples are taken a short distance downstream of 

point sources (Sterk et al., 2016). 

For animal sources of Cryptosporidium, grassland area was a more predictive feature than 

any of the livestock density features.  Gaps/anomalies in the livestock data may be 

responsible for this, with the sheep and poultry data open to the most doubt because the 

surveys used to gather the data are voluntary.  The submission of survey forms is a 

compulsory requirement for beef and dairy farmers, therefore the cattle data, though 

imperfect, is generally regarded as more reflective of true numbers.  This may be the reason 

why cattle population is the only livestock feature with a consistent positive effect. 

The pattern of more human-dominated sites in the South East and East (Fig. 4.6a) partially 

reflects the general spread of population across the British mainland, but it also captures 

other effects – e.g. the relative position of urban areas, CSOs and STWs in relation to the 

sites.  Some river intakes are in areas of high human population density, but they are 

upstream of STWs, CSOs and may therefore be less impacted by human faecal pollution 

than other sites in urban areas.  Likewise, a number of human-dominated sites are in areas 

with relatively low human population.  This seems counter-intuitive, but previous studies 

have shown that in some cases CSO spills can have a significant effect on pathogen river 

concentrations in largely rural catchments (Suslovaite et al., 2024).  

Overall, the findings of the study add further support to the growing body of evidence that 

human-shed oocysts are often dominant in rivers found in highly urbanised and mixed 

urban-rural catchments (Vermeulen et al., 2019).  Although catchment partnership 

programmes – in which water companies work with farmers to reduce agricultural loadings 

– should continue to be supported and expanded, addressing human sources must become 

the central priority in most mixed and urbanised catchments.  Nationwide investment has 

already been proposed (Ofwat, 2025a) to upgrade STWs and sewage networks so as to 
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improve the quality of treated discharge waters and reduce CSOs spill volumes.  The 

evidence of this study is that such upgrades have the potential to significantly reduce the 

risk posed by Cryptosporidium to drinking water quality and public health. 

4.6 Conclusions 

This study presents a spatial and temporal overview of Cryptosporidium river concentrations 

across the British mainland, based on long-term (20+ years) monitoring data from 52 sites.  

It provides the first multi-catchment analysis of spatial and seasonal variations in 

Cryptosporidium river concentrations and their environmental drivers, and the compiled 

dataset constitutes the largest and highest quality set of raw water concentration 

measurements yet assembled for this pathogen.  Novel integration of static, pseudo-static 

and dynamic data enabled the identification and interpretation of relationships between 

temporally dynamic drivers (e.g. rainfall and humidity) and more spatially fixed catchment 

characteristics (e.g. urbanisation and population density), allowing patterns and trends to be 

identified that were either previously unknown, only supported by isolated studies, or 

difficult to resolve using conventional statistical or single-catchment approaches. 

Distinct spatial differences were found in nationwide Cryptosporidium levels, with the 

highest Cryptosporidium sites in the south of England and Wales, and the lowest 

Cryptosporidium sites in Scotland.  Seasonal amplitude varied greatly between sites and 

showed high correlation with long-term mean Cryptosporidium concentrations.  A majority 

(79%) of sites peaked in autumn/winter, with only 17% peaking in summer and 4% in spring. 

Humidity, human population and rainfall are all positive drivers of Cryptosporidium 

concentrations; rainfall events in high population areas during humid periods are likely to 

generate higher Cryptosporidium river concentrations than the opposite conditions.   Both 

human and animal Cryptosporidium sources are important, but the model outputs indicate 

that human sources have the greatest influence over spatial and temporal variations in 

Cryptosporidium, and are the dominant source in at least 33% of sites.   These findings 

contribute to a broader conceptual understanding of how anthropogenic and environmental 

drivers interact to influence pathogen transport and persistence across heterogeneous 

catchments. 
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To mitigate future Cryptosporidium risks to river water quality (and hence human health), 

the results presented here provide a strong case for addressing urban sources of 

contamination in mixed and urbanised catchments.  This could include improving STW 

treatment efficiencies (to reduce oocyst counts in STW discharges) and improving network 

infrastructure (to reduce CSO spills). 

This study demonstrates the strong research potential of long-term water quality 

monitoring datasets and the value of integrating static and dynamic environmental 

information within an XAI framework to investigate complex spatial and temporal patterns 

in river pathogen concentrations across multiple catchments.  The approach described could 

be readily applied to other long-term water quality monitoring datasets to advance 

understanding of contamination sources, pathways and environmental drivers. 
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Chapter 5: Discussion 

This chapter draws together the main scientific and practical contributions of the thesis.  It 

first synthesises the findings of the three research chapters, focusing on the use of routine 

monitoring data to predict Cryptosporidium concentrations, quantify drinking water risk, 

and identify environmental and source-related drivers of river-borne Cryptosporidium across 

multiple catchments.  It then describes the operational trial and implementation of the river 

prediction tool developed in Chapter 2, before discussing specific findings in greater detail 

and outlining recommendations for future work. 

5.1 Overall synthesis and contribution of the thesis 

This thesis has examined how routine water industry monitoring data, when combined with 

environmental datasets and modelling approaches, can be used to improve understanding 

and management of Cryptosporidium risk in catchments and drinking water systems.  Across 

the three research chapters, the work addresses three connected challenges: predicting 

short-term elevations in Cryptosporidium river concentrations, quantifying the implications 

of those concentrations for drinking water risk, and identifying the environmental and 

source-related factors that explain spatial and temporal variation in Cryptosporidium 

occurrence. 

The central contribution is therefore not only the development of individual models, but the 

demonstration that long-term operational datasets can be repurposed to generate both 

predictive tools and new scientific understanding.  Chapter 2 developed a data-driven 

machine learning model to support selective abstraction decisions at Thames Water, 

providing the first model of its kind capable of predicting daily Cryptosporidium river 

concentrations.  The chapter showed how antecedent Cryptosporidium measurements can 

be combined with either catchment-averaged or spatially distributed hydro-meteorological 

and source data, and processed through an interpretable machine learning framework, to 

predict daily river concentrations and identify influential source areas and lag times. 

Chapter 3 applied Cryptosporidium monitoring data for raw, reservoir and treated waters to 

develop and apply a dual QMRA framework for a complex multi-source drinking water 
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system.  This was motivated by the potential for UK water company monitoring data to 

support risk modelling, and by the limited adoption of QMRA-based approaches within the 

UK water sector.  The London-wide QMRA therefore provides a case study showing how 

operational monitoring datasets can be used to quantify pathogen risk, evaluate selective 

abstraction, and explore wider questions relating to drinking water risk management.  

Omission of the drinking water distribution system from the framework, however, means 

that it represents a source-to-WTW outlet – not a full source-to-tap – risk assessment. 

Chapter 4 then broadened the analysis across multiple catchments by bringing together raw 

water Cryptosporidium data collected by water companies across the British mainland.  The 

chapter showed how static catchment characteristics and dynamic hydro-meteorological 

conditions interact to influence Cryptosporidium concentrations at national scale, and 

demonstrated how XAI methods can be used to identify environmental drivers, source 

indicators and seasonal patterns across heterogeneous catchments. 

Taken together, these studies show that routine monitoring data can support a catchment-

to-WTW outlet understanding of Cryptosporidium risk, while also highlighting the limitations 

of empirical models and the uncertainties associated with discrete sampling, a lack of clear 

analytical recovery data and potential variation in pathogen infectivity.  This work sits within 

the wider framework set out by the Drinking Water Directive (European Union, 2020), which 

emphasises catchment-level risk assessment and source-informed approaches to 

maintaining safe drinking water. 

5.2 Immediate impact: trial and implementation of river prediction 
tool 

5.2.1 Context 

Between Oct 2024 and Feb 2025, the Cryptosporidium river prediction tool (described in 

Chapter 2) was tested at Walton abstraction point, a major source of raw water for 

London’s drinking water supply.  The aim was to trial the recently developed model in an 

operational setting.  Specific objectives were: (i) identify and address issues encountered 

when using the model operationally; and (ii) obtain feedback from users on how the model 

outputs might be presented and used in a future roll-out.  
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5.2.2 Operational trial: method 

A working model was made available to Thames Water managers and research staff.  Staff 

accessed the model on an approximately daily basis to view predictions and provide the 

research team with informal feedback concerning the model’s utility, user-friendliness and 

reliability, and any suggestions for areas of improvement. 

The model was initially developed and tested in Python (v. 3.8.8), but prior to the trial the 

code was re-platformed to run on Google Colab, with input and output files accessed in 

Google Drive.  This option was taken to make the code accessible to multiple users without 

the need for a desktop Python installation, and to facilitate real-time editing of the code 

should issues arise. 

A data update module was inserted into the beginning of the code so that with each (daily) 

run, data would be automatically retrieved from several online platforms, and input files 

would be repopulated accordingly, prior to running the Bagging-XGBoost model.  Only the 

catchment-averaged model (Model A – see Chapter 2) was tested operationally. 

Model outputs were presented to users in two different ways: (i) as absolute 

concentrations, alongside 68% confidence intervals (±1 standard deviation); and (ii) 

exceedance/non-exceedance classes of threshold levels (i.e. ≤1, >1, >2, >3 oocysts L-1).   

These thresholds were based partially on those currently in operational use at the site 

(Thames Water, 2021).  Examples of the two user outputs are provided in Fig. 5.1. 

The two types of user data gathered during the operational trials were: (i) feedback 

collected from external end-users of the code (i.e. members of staff at Thames Water); and 

(ii) learning notes compiled by the researchers during daily running and maintenance of the 

code. 

5.2.3 Operational trial: results 

End-user feedback from the trials is presented in Table 5.1.  General comments pointed to 

the potential utility of the trialled model, but also emphasised the need for automation of 

tasks at all levels, including automatic retrieval and updating of input data, automated 

running of the model on a daily basis and, finally, the automated emailing of model outputs 

(alongside other relevant decision-making parameters) to end-users.  Concentration-based 
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prediction outputs (as opposed to interval-based outputs) were preferred, and the flagging 

of data input gaps alongside predictions was recommended. 

 

 

Fig. 5.1  Example outputs from Model A as viewed by end-users during operational trials, 

showing (a) predicted Cryptosporidium concentrations alongside a prediction range (based 

on the mean ±1SD); and (b) predicted threshold intervals/less-than values.  Actual 

(measured) Cryptosporidium concentrations are displayed in the right-hand columns in both 

tables. 

 

The need to adapt the model to other abstraction sites was also pointed out as an important 

consideration, and the potential advantages of being able to make predictions beyond the 

current day (up to 3 days in advance, particularly over weekends) were also identified. 

Predictions beyond today (i.e. as far as 1-3 days in the future) were identified as a desirable 

feature.  Although not included in the original design of the model, it would be feasible to 

adapt the model to include both nowcast and forecast outputs.  To achieve this, the model 

would need to incorporate weather forecast data in addition to the existing weather 

monitoring data.  Forecast outputs from such models would be particularly sensitive to the 

reliability of the rainfall predictions, but the extra information provided by the adapted 

models would likely enhance their overall functionality and hence their potential 

contribution to the risk evaluation and risk management process. 
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Table 5.1  End-user feedback following operational trials 

 

Category 

 

End-user comments 

Modelling 
Approach 

Adaptation of the model for deployment at other major abstraction points 
would be desirable. 

 Nowcasting (i.e. predicting today’s Cryptosporidium concentration) is the 
priority for informing abstraction decision-making, but the ability to 
predict 1-3 days in the future would also be helpful, particularly before 
weekends and bank holidays. 

 The coding language (Python) is suitable for integration with existing 
company systems. 

Output 
Formats 

Predictions showing absolute concentrations are more useful because 
they allow the end-user to see how close to the next threshold the 
prediction is.  This information is lost when predictions are presented in 
interval form. 

 It would be useful to flag those days on which the full input data was 
unavailable for a given prediction, since model performance has been 
shown to be affected negatively if the full set of model inputs are not 
available. 

 Model outputs could be combined with other parameters currently 
employed in abstraction-based risk management of Cryptosporidium (e.g. 
upstream sampling site data).   A suitable risk matrix could then be used 
to aid decision-making. 

 Automated daily emails of the combined outputs would be ideal. 

 

Learning notes compiled by the researchers during the model trials recorded a number of 

challenges, the majority of which related to data download/availability issues, which only 

became apparent when the model was used in real-time.  In particular, data platform 

downtimes (which affected the soil moisture and temperature datasets most dramatically) 

drew attention to the need to build a degree of redundancy into the model. 

These adjustments fell into two types: (i) the addition of backup data sources for 

parameters wherever possible and (ii) the exclusion of features from the model entirely if 

data remained unavailable for a sustained period (3+ days).  

Back-up data sources were added for rainfall and temperature (from multiple weather 

stations within the catchment), and discharge (based on the same gauging station data, but 
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accessed via a different online platform), and these platforms were accessed to populate 

the data frames where data gaps occurred.  Finally, an alternative model was used which 

excluded soil moisture entirely (to be used during those periods when the latest soil 

moisture was unavailable for 3+ days).  These adjustments were shown to improve daily 

predictions when data gaps occurred. 

5.2.4 Operational implementation 

Shortly after the trial, the DWI served Thames Water with a notice requesting that they 

complete the following measures by 31 Mar 2026 (DWI, 2025b): 

Design, develop and implement a system to predict Cryptosporidium oocyst 
concentrations to minimise the risk of Cryptosporidium oocysts being abstracted into the 
raw water storage reservoirs. 
 

The newly tested Cryptosporidium river forecasting tool provided a timely option for 

fulfilling this requirement, hence the task of implementing the tool began in August 2025, 

when an annotated version of the working code (for Model A) was shared with a computer 

science team contracted by Thames Water.  This team have now adapted the model for use 

at two further sites, including one site ≈ 20 km upstream of the Walton intake, and another 

site in north London (on the River Lee). 

In its final form, the model outputs will be combined with upstream sampling data and 

emailed to water quality and abstraction managers on a daily basis.  Decision-making is to 

be risk matrix-based – i.e. where a certain number of indicators suggest the risk of elevated 

Cryptosporidium is high, the decision to suspend/reduce abstraction is given.  The predicted 

data is presented as a results table similar to that shown in Fig. 5.1a, with absolute 

concentration values.  Predictions from the previous ten days are provided alongside 

measured values, so that a judgement can be made regarding the recent performance of 

the model; this will then be factored into the risk matrix-based decision-making process. 

The intention is to roll-out the tool for use at further sites in future.  The three sites where it 

is currently being implemented account for ≈ 72% of the total surface water abstracted to 

supply London’s drinking water (equating to ≈ 55% of London’s overall supply). 
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5.3 Scientific implications, limitations and future directions 

5.3.1 Cryptosporidium sources and environmental drivers 

Of the three projects presented here, the nationwide Cryptosporidium study (Chapter 4) 

provides the best introduction to the Cryptosporidium challenge facing water companies in 

the UK and, potentially, other countries around the world.  The data shows clearly that 

although Cryptosporidium is ubiquitous, its abundance in the environment can vary 

dramatically over space and time.  The very low river concentrations found in low-

population, highly rural areas of Scotland and some parts of the north of England, 

contrasted with the high concentrations found in the densely populated areas of the south, 

indicate that human sources must be given more attention in future.  A number of previous 

studies have been unambiguous in pointing to humans as a major source of Cryptosporidium 

in raw waters (Medema and Schijven, 2001; Montemayor et al., 2005; Phillip et al., 2007; 

Nasser, 2016) – and in some cases, as the primary source (Vermeulen et al., 2019).  Water 

companies which are responsible for wastewater and drinking water treatment are in a 

powerful position to effect change, since by upgrading their own STWs and drainage 

systems (reducing CSO spills), they can improve raw water quality and thereby reduce the 

need to also upgrade drinking WTWs in the same catchments.    There are already wide-

ranging and long-term plans to implement major upgrades in the UK and many of these 

could help reduce pathogen loadings and hence protect drinking water supplies (Defra, 

2022). 

The findings from Chapter 4 show that higher human population density is more associated 

with human-shed oocysts in rivers, whereas high percentage grassland area is more 

associated animal-shed oocysts.  Catchment managers could use this information to assess 

whether oocysts found in rivers are likely to have a human or animal source, and apply that 

inference when allocating resources to improve river conditions.  Given the strength of 

human population as a model predictor, the conservative option may be to assume that 

human sources are dominant in even moderately populated catchments.  Seasonal patterns, 

such as the apparent overlap between autumn-peaking seasons and human-shed oocysts, 

could also be useful in enabling catchment managers to make judgements about the most 

dominant sources.  Source proximity also appears to be important, as represented by the 

spatial analyses in both Chapters 2 and 4, with sources only a few km upstream likely to be 
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more impactful because the oocysts they release are less affected by dispersion and die-off 

than oocysts from sources further upstream (Medema and Schijven, 2001); this trend will 

not be universally true, however, and more distant sources have also been shown to be 

potentially important. 

The ML models presented here represented the potential influence of CSOs on 

Cryptosporidium river concentrations in two ways: in Chapter 2, CSO EDM records were 

converted into daily binary spill inputs, while in Chapter 4, CSO density within each full or 

truncated catchment was included as a spatial input.  Future models could incorporate CSO 

information in formats more likely to reflect the magnitude of the spill events.  Possible 

options include using daily spill duration (e.g. spill minutes per day), or using local rainfall 

radar data in a secondary model to weight or scale spill days and spill durations according to 

rainfall depth or intensity (Bizer and Kirchhoff, 2022). The preferred solution would be to 

estimate spill volumes directly, but this usually requires knowledge of CSO asset dimensions 

and access to the level or pressure measurements upon which EDM records are based 

(Suslovaite et al., 2024).  Although this is feasible in principle, such data is unavailable for 

most sites, making this approach unsuitable at present for catchment-scale or nationwide 

modelling. 

The positive association of humidity with Cryptosporidium may reflect the role of moist 

conditions in extending oocyst persistence, but it will also be a consequence of broader 

seasonal effects, and could represent soil moisture or urban runoff-related impacts.  This is 

the first time humidity has been identified as a powerful predictor for Cryptosporidium, and 

this knowledge could inform other models (including the daily prediction model, described 

in Chapter 2).  Rainfall was confirmed to be an important driver of modelled 

Cryptosporidium, although this is only true if rainfall in the seven days prior to 

Cryptosporidium measurements is used to train models (monthly rainfall, for example, was a 

far weaker predictor).  This result was observed in both Chapters 2 and 4.  Unlike humidity, 

rainfall is a variable which acts most powerfully over the short-term, mobilising and 

transporting oocysts from source areas to water bodies. 

Overall, the findings of the models presented in both Chapter 2 and Chapter 4 could be used 

to develop models in other locations around the world.  They show the predictive utility of 

meteorological and land use data for estimating current Cryptosporidium concentrations 
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(i.e. “nowcasting”) – provided that the data is of sufficient resolution and quality.  Moving 

beyond nowcasting, to predict Cryptosporidium one or more days in the future, may be 

feasible in some areas, but it is likely to depend on the complexity of catchment.  The daily 

model presented here predicts Cryptosporidium in one of the most complex catchments in 

the UK; there would be much value and scope in repeating a similar approach in smaller 

settings, with less diversity of potential sources. 

5.3.2 Cryptosporidium risk assessment 

The QMRA study featured here presents just one type of scenario testing – namely, 

quantifying the effects of different abstraction suspension regimes on infection risk.  The 

findings showed that, judged on mean annual risk, the median and Q95 Cryptosporidium risk 

to London’s drinking water was below the USEPA guideline (i.e. in the “tolerable risk” band).  

Seasonal risk was shown to be slightly above the guideline (at Q95) for some biannual 

periods, showing the value of assessing temporal variation in risk in situations where 

pathogen loadings are highly variable.  A single hypothetical scenario (SAR-H) was presented 

here, but QMRA analysis could be applied more flexibly to address changing priorities.  For 

instance, in preparation for times of drought, less stringent SARs could be modelled using 

hypothetical river concentration data (reflecting seasons of different severity) to determine 

how high thresholds can be raised before the change in relative risk becomes unacceptable. 

Note that the risk estimates presented in Chapter 3 should be interpreted in the light of two 

important limitations.  Firstly, the absolute magnitude of the QMRA outputs is sensitive to 

the dose-response data and model applied.  Although the Iowa DR QMRA was retained as 

the primary analysis, the pooled DR QMRA analysis showed that the inclusion of dose-

response data obtained using different isolates can increase upper-percentile risk estimates 

substantially.  Consequently, the comparison with the USEPA guideline should be 

interpreted as conditional on dose-response assumptions, rather than as a fixed boundary 

between acceptable and unacceptable risk. 

Secondly, the QMRA framework estimates risk associated with source water quality, 

storage, treatment and final treated water production (considered as a blended risk from 

multiple WTW outlets); it does not quantify contamination risks arising within the drinking 

water distribution system.  The outputs should therefore be understood as estimates of risk 
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at the WTW outlets, rather than total end-consumer risk across the full source-to-tap 

system. 

Thames Water is currently embarking on a major programme to add UV contactors to four 

of the five major WTWs discussed in this thesis.  The project, which is funding-dependent, is 

intended to be completed over 10 years, beginning with installation of UV treatment at two 

WTWs in 2025-2030, followed by installation at the remaining two in 2030-2035 (Thames 

Water, 2023).  The UV technology will play a role in mitigating risk in the years ahead, and 

could also increase water supply by justifying a relaxation in selective abstraction during 

periods of drought.  The QMRA model could therefore inform the timing and location of the 

rollout by determining where the maximum risk reduction will occur in response to 

installation of UV technology.  It could also be used to test other scenarios regarding the 

technology’s design/operational use, such as the minimum UV inactivation rate required 

(e.g. 2-log or 4-log), or when in the year it should be applied (e.g. just when loadings begin 

to increase in the river, or when temperatures drop below a threshold believed to impact 

SSF performance). 

5.3.3 ML modelling: strengths and limitations 

A broader consideration arising from this work concerns the role of human judgement in 

ML-based modelling.  The feature selection in the models presented in Chapters 2 and 4 was 

guided primarily by prior understanding of catchment processes and by data availability.  

This theory-informed approach has the benefit of constraining models to plausible inputs, 

but it can also lead to the inclusion of less predictive features and the potential exclusion of 

relevant features.  While manual feature selection methods were applied in Chapter 2 to 

determine the most predictive lag times for catchment inputs (e.g. rainfall and discharge), 

an automated feature selection approach could have been taken in both the catchment-

specific and nationwide Cryptosporidium models.  Typically, such methods begin with a 

larger and more diverse set of initial inputs and then use recursive feature elimination (RFE) 

to obtain a more predictive subset of features (Bulut et al., 2025).  A number of such tools 

exist which have been specifically applied to XGBoost, and which would therefore be 

suitable for use with the models described here – e.g. Recursive Feature Elimination with CV 

(Scikit-learn, 2026) and Boruta (Kursa and Rudnicki, 2011). 
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Because of the sensitivity of SHAP to multicollinearity in inputs, the use of automated RFE 

has the potential to improve model interpretation by removing redundant correlating 

features, and can support the identification of important effects which may not have been 

considered theoretically important (Aas et al., 2021). However, aggregation of SHAP outputs 

across related variables, as undertaken in both Chapters 2 and 4, partially addressed this 

issue by enabling broader environmental processes to be interpreted collectively. 

The work also highlights both the strengths and limitations of ML relative to mechanistic 

and stochastic modelling approaches.  The ML methods used here were well suited to 

integrating large heterogeneous datasets and identifying non-linear relationships without 

requiring mechanistic representation of pathogen transport processes (Razavi et al., 2022).  

However, the models depended on extensive historical training datasets collected over 

many years and were therefore fundamentally empirical.  Such models perform more 

reliably when predicting within previously observed conditions than when extrapolating to 

novel scenarios, such as extreme climatic events, major infrastructure changes or future 

increases in urbanisation (Cuddington et al., 2013). 

Mechanistic and stochastic approaches can be more effective when extrapolating beyond 

the range of the training data, since they are based, respectively, on process representation 

and uncertainty propagation, rather than on empirical pattern recognition (An et al., 2015).  

However, mechanistic/stochastic Cryptosporidium models capable of supporting the type of 

near real-time operational decision-making attempted in Chapter 2, or interpretation of 

environmental effects provided in Chapter 4, are currently unavailable (Smalley et al., 2025).  

ML models therefore provide a powerful method of generating operationally useful outputs 

directly from routinely collected monitoring and environmental data.  Furthermore, for the 

intended applications, accurate prediction and system understanding of relatively common 

elevated river concentrations were more important than precise estimation of rare extreme 

events. This differs somewhat from applications such as hydrological flood forecasting, 

where prediction of extreme values may itself be the primary objective (Anik et al., 2025). 

In this sense, the ML approaches presented here should not necessarily be viewed as 

replacements for mechanistic or stochastic models, but rather as complementary tools for 

exploiting high volumes of data in operational environments.  Although the models are 

data-driven, domain knowledge has strongly influenced variable selection, interpretation of 
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environmental relationships and operational implementation.  Future hybrid approaches, 

such as physics-informed neural networks (PINNs), which combine physical constraints with 

data-driven learning, may therefore offer a useful compromise between mechanistic 

realism, interpretability and predictive performance (Raissi et al., 2019; Karpatne et al., 

2017). 

5.3.4 Uncertainties in routine Cryptosporidium monitoring data 

A central strength of this thesis is the use of routine water industry monitoring data at a 

scale rarely available for environmental Cryptosporidium research.  The datasets provide 

long temporal and wide spatial coverage, and are of direct relevance to operational drinking 

water risk management.  However, the same data carries uncertainties which affect the 

interpretation of model outputs.  Firstly, concentration measurements are subject to 

variable analytical recovery, which can differ between laboratories, sites and samples over 

time.  This uncertainty may not be random: samples influenced by sewage, runoff or high-

particulate events could plausibly have different recovery efficiencies from cleaner samples, 

meaning that recovery bias may vary in response to the contamination processes being 

modelled (Feng et al., 2003).  Similarly, individual laboratories or sites may exhibit 

consistent patterns of recovery, which could support exploratory correction or uncertainty 

modelling in future work, even where true sample-specific recovery data is unavailable. 

However, such corrections would need to be applied cautiously, since poorly constrained 

adjustments could introduce additional bias.  In addition to recovery issues, different sites 

and samples will contain different proportions of viable oocysts and human-infectious 

Cryptosporidium species or genotypes (Swaffer et al., 2018). 

Addressing these uncertainties at the modelling stage is challenging, although there is scope 

to modify future monitoring procedures to reduce uncertainty. For example, sample-specific 

recovery can be estimated by spiking each sample with labelled oocysts that can be 

differentiated from environmental oocysts.  Products such as ColorSeed have been 

developed for this purpose (Warnecke et al., 2003; Francy et al., 2004), but have yet to be 

widely adopted by the UK water sector.  Likewise, regular molecular characterisation of a 

subset of positive samples can provide useful information on species/genotype composition 

at key abstraction points.  Polymerase chain reaction (PCR)-based methods are already used 
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for Cryptosporidium genotyping in the water industry, and these can help assess the likely 

human-health relevance of detected oocysts by determining whether they belong to 

species/genotypes associated with human infection (Di Giovanni et al., 2010; UKWIR, 2020).  

PCR can also be combined with propidium monoazide staining to perform PMA-PCR-based 

viability assays (Brescia et al., 2009).  Such methods do not definitively establish oocyst 

infectivity, and in most cases it may only be feasible to gather such data intermittently from 

positive samples or slides containing multiple oocysts, but catchment-specific information of 

this type would nevertheless reduce current levels of uncertainty associated with standard 

enumeration-based monitoring datasets (UKWIR, 2020). 

A further limitation is that the monitoring data represents discrete samples rather than 

continuous observations, meaning that short-duration contamination events associated 

with CSO spills, elevated STW discharges or localised rainfall-runoff events may have been 

missed, particularly where such events occurred close to monitoring points.  To some extent 

this issue is inherent to any grab sampling-based monitoring regime, particularly in the 

context of the long analysis times required for Cryptosporidium, which are a barrier to sub-

daily sampling.  A number of DNA-based methods, including quantitative PCR (qPCR), have 

been developed to detect and quantify Cryptosporidium more rapidly than the standard 

IMS-IFM procedure currently deployed by UK water companies (Hassan et al., 2021), but 

these methods are also subject to recovery uncertainties, and the conversion of a qPCR 

signal into a reliable oocyst count is non-trivial (Chalmers et al., 2021).  Research is also 

underway to combine continuous flow set-ups with a fluorescent micro-bead technology 

which can bind selectively to oocysts (Ofwat, 2025b), but such methods are primarily 

intended to make current monitoring regimes more rapid and practicable, not to facilitate 

sub-daily monitoring. 

The modelling techniques presented in Chapters 2 and 4 are not limited to Cryptosporidium, 

however – they could be applied to other contaminants, including chemical contaminants 

for which sub-daily monitoring may be available either by direct or proxy measurement.  In 

the years ahead, the substantial expansion in the use of continuous monitoring (sonde) 

stations in UK river systems (Environment Act 2021, Section 82, 2021; see also Section 5.3.5) 

will equip modellers with multiple time-resolved datasets for each major catchment, 

increasing the potential to reliably capture, model and understand contamination events. 
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5.3.5 Future work 

Several suggestions for specific future work concerning Cryptosporidium modelling and risk 

mitigation have already been made in the preceding discussion, but many of the methods 

described in this thesis could be readily applied to other locations and/or repeated for other 

contaminants of concern (including, but not limited to, other pathogens).  Given the easy 

accessibility of remote sensing data and modelling software, the main limiting factor for 

future studies of this type would be the availability of the water quality monitoring datasets 

required to train models.  However, as this work demonstrates, water companies possess 

considerable archives of potentially valuable data, the vast majority of which has not been 

applied to any purpose beyond its original monitoring remit.  In the UK there has been an 

increasing move towards data-sharing as the default state – a change which is being pushed 

for by the regulator (Ofwat, 2021) – combined with the formation of the Open Data 

Framework, adopted by a group of water companies and other stakeholders (Stream, 2024), 

which is already making large operational/monitoring datasets available online.  In many 

cases, the full value of this data will only be realised when water quality data from multiple 

water companies is made public by default, so that researchers have access to all that is 

available. 

In addition to historical water quality data, access to continuous monitoring data is 

constantly expanding.  At the catchment level, this includes the spill monitoring of ≈ 16,800 

CSOs in the UK (The Rivers Trust, 2025).  New legislation (Environment Act 2021, Section 82, 

2021) mandates the installation of water quality monitoring stations upstream and 

downstream of every CSO and STW discharge point in England, recording multiple 

parameters (e.g. dissolved oxygen and ammonium) at least every 15 mins.  Full rollout is 

intended to be completed by 2035, with high priority sites addressed first.  The overall 

effect could be transformative for the environmental and drinking water sectors, reducing 

the reliance on spot-sampling and transitioning to a continuous environmental intelligence 

model, which would allow for real-time responses to events.  Such opportunities will only be 

realised, however, if automated data processing, analysis and modelling methods keep pace 

with the data deluge.  Data-driven, AI-based approaches to catchment modelling of the kind 

presented here are therefore likely to play an increasingly important role in both research 

and management decision-making.
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Chapter 6: Conclusions 

 

The work contained within this thesis has applied long-term water quality monitoring data, 

environmental data and a variety of modelling methods to increase current understanding 

of Cryptosporidium in rivers and provide useful tools for (i) predicting Cryptosporidium river 

concentrations, (ii) identifying high-risk areas, (iii) understanding environmental sources and 

drivers of the pathogen, and (iv) quantifying the risk the pathogen poses to populations via 

drinking water. 

The main research questions have been addressed as described below. 

6.1 Research Question 1 

What is the potential to develop data-led predictive models to provide warning of periods of 

high Cryptosporidium at daily resolution in a large and complex catchment (such as the 

Thames)? Further, how can such a model be interpreted to understand key sources and 

transport mechanisms? 

A first-of-its-kind ML-based model has been developed, providing operational predictions of 

Cryptosporidium at daily resolution in the large and complex Thames Catchment, and 

thereby demonstrating the potential of ML approaches to predict and explain previously 

intractable processes, such as Cryptosporidium mobilisation and transport.   The model is 

now in the process of being implemented for operational use at three sites serving London, 

with the possibility of expanding its application to other sites in the Thames valley, where it 

would contribute to protecting public water supplies serving Oxford, Reading and other 

urban centres to the west of London. 

The study advances current understanding by showing the dominance of rainfall-driven 

sources within ≈ 30 km upstream distance of monitoring points, as evidenced by both the 

primacy of 2-day lagged rainfall as a predictor of peaks and by the SHAP analysis of the most 

impactful rainfall locations.  Sources from more distant areas of the catchment (> 100 km 

river distance) were also shown to be important, however, albeit to a lesser extent.   
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Provided monitoring data is available to train the models, the approaches used here could 

be adapted for other pathogens and/or chemical contaminants wherever there is a need to 

anticipate peaks in river concentrations and/or identify source areas or environmental 

factors.  In this study, homogeneity of rainfall events was a significant challenge when trying 

to connect source areas to Cryptosporidium peaks in the river, but in catchments containing 

more distinct microclimate effects, the spatial analysis method applied would be a powerful 

tool for source attribution. 

6.2 Research Question 2 

How can monitoring datasets and asset information be applied to better understand and 

quantify Cryptosporidium risk to drinking water supplies serving large population centres, 

and how can such understanding be used to inform effective management strategies? 

A dual QMRA approach was developed to analyse risk in the final treated supply of a 

complex multi-source system in a major city, and to consider the impact of management 

strategies.  Novel data treatment processes have been applied to generate concentration 

distributions from values below LODs, using a hybrid multiple-imputation method bounded 

by a parametric lower limit – an approach which allowed for periods containing only left-

censored data to be modelled.  When analysed across the full study period, and applying 

current management practices, both treated and raw water model outputs showed that the 

Q95 risk levels remained below the USEPA guideline of 1 infection per 10,000 people per 

year under the primary Iowa DR QMRA.  However, assessment across biannual periods 

revealed that the Q95 Cryptosporidium risk to London’s drinking water was marginally 

above the USEPA guideline during some winters, and the pooled DR QMRA outputs showed 

that Q95 risk could rise to 1 infection per 1,000 people per year if a broader range of 

infectivity rates was considered. 

This analysis demonstrates the impact of catchment processes on risk and underlines the 

importance of including raw water quality data in risk assessments.  It also demonstrates 

that selective abstraction can provide a measurable but modest reduction in modelled risk, 

while the method provides a readily adaptable tool for comparing future abstraction 

management and treatment scenarios, including higher-impact interventions, such as UV 

disinfection.  
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6.3 Research Question 3 

How can wider environmental datasets be used to understand the key drivers, sources and 

environmental factors that influence the spatial and temporal variability in observed source 

water Cryptosporidium?    

A multi-catchment analysis has been conducted for the British mainland, applying 

monitoring data collected over 20+ years, using standardised sampling and analysis 

methods, to study geographical spread, seasonality and the major environmental factors 

affecting Cryptosporidium river concentrations.  A key novelty of this work was the use of 

both static (land use/land characteristics) and dynamic (meteorological/hydrological) 

datasets in an ML model trained with mean monthly Cryptosporidium data, allowing for the 

recognition of patterns which – because of the highly sporadic nature of both 

Cryptosporidium and rainfall, and the potential for complex interactions of environmental 

factors – would be hidden or obscured when only assessing data averaged over the long-

term. 

The study identified clear findings about the geographical spread of Cryptosporidium, the 

relative importance of human vs animal sources and the key environmental drivers (with 

humidity and rainfall found to be the most important).  A significant finding of the XAI 

model was that 33% of sites are human source-dominated (based on specific thresholds 

applied in the study) and that high human population is a stronger predictor of high 

Cryptosporidium concentrations than any of the livestock density/rural land use features.  

Findings such as these underline the need for investments in sewage treatment and 

storm/sewer network capacity to reduce overall pathogen loadings to rivers. 

The approach taken could be readily applied to other contaminants for which similar 

monitoring datasets are available, with the potential for significant gains in our 

understanding of contaminant sources and environmental influences.   

6.4 General advances in understanding 

Further to the above, in carrying out this work, our general understanding of 

Cryptosporidium risk and behaviour in catchment systems has been advanced over the 

current state of the art.  Key contributions are: 
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• The most important input for predicting Cryptosporidium peak timing at daily 

resolution is rainfall, but models need to be tested to find the most predictive lag 

time, which (based on observations in models presented here, and in other trial 

models, not presented) will be within a window of 0-7 days (with 1-4 days the most 

likely).  Many studies (e.g. Ligda et al., 2020), have tested mean weekly/monthly 

rainfall as a predictor, often because temporal resolution in the data is low (e.g. 

monthly sampling).  This is the first study to apply large daily and sub-weekly 

Cryptosporidium datasets to this issue, and hence the first study able to bring this 

level of rigour to analysing Cryptosporidium-rainfall associations 

• Source inputs at shorter upstream distances were generally more predictive of 

elevated Cryptosporidium than more distant source inputs or whole-catchment 

averages, suggesting that source proximity and hydrological connectivity are 

important controls (supported by both the daily Cryptosporidium model in Chapter 2 

and the nationwide model in Chapter 4). 

• Many studies incorporate livestock density data into their estimates/models for 

Cryptosporidium – this remains a valid approach, but where the source data is 

questionable, more easily quantifiable alternatives (such as grassland area) may 

generate more accurate outputs.  

• While the seasonality of Cryptosporidium in rivers has been widely reported, we now 

have evidence that this seasonality may be driven by a complex array of factors, 

including land use, land characteristics and the prevailing weather.  Winter-peaking 

sites are more often in urban or arable areas, with lower humidity, lower rainfall and 

higher air temperature, whereas summer-peaking sites are in more upland and 

heathland areas.  Autumn-peaking sites tend to occupy a midpoint between these 

two extremes. 

 

Overall, these findings and the methods used in this thesis demonstrate the latent value 

within historical monitoring datasets – value which can be exploited by researchers to 

advance knowledge of water quality issues and challenges, particularly when combined with 

remote sensing data and the ever-expanding array of AI-based analysis and modelling tools.  

These conclusions should be tempered by an awareness of the potential limitations of 
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routine monitoring data, including variable analytical recovery, uncertainty in viability and 

human infectivity (when dealing with pathogen data), and the fact that discrete sampling 

can miss short-duration contamination events. 

A key priority of the water sector must be to consider how data can better be used and 

exploited, not just for regulatory purposes, but also to develop greater understanding of 

processes, leading to improved decision-making and risk management strategies.  The 

availability of catchment data is expected to explode in the coming years as the industry 

continues to expand its monitoring networks, and as other remote sensing technologies 

advance and become more accessible.  Continuing research is therefore required to 

determine how AI-based tools can be applied to analyse this data.  Although 

Cryptosporidium has been the focus of the research described in this thesis, the potential to 

exploit large datasets to enhance our understanding of a whole range of water quality 

issues, including contamination causes and sources, has never been greater, and will only 

increase in the years to come.  
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Appendix A: Supplementary Material for Chapter 2 

A.1 Soil Moisture and Soil Temperature Data 

 

 

Fig. A.1  Locations of the 4 COSMOS monitoring stations in the Walton Catchment. 

 

 

 

Fig. A.2  Mean daily soil moisture (as % volumetric water content at 5cm depth) for the 4 

COSMOS monitoring sites in the Walton catchment. 
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Fig. A.3  Mean daily soil temperature (in ⁰C at 5cm depth) for the 4 COSMOS monitoring 

sites in the Walton catchment. 

 

Table A.1  Matrix showing Pearson correlation coefficients for the soil moisture data at the 

4 COSMOS monitoring sites in the Walton catchment, and the mean of the 4 sites (for 

01.01.2016 – 01.04.2023 data). 

 

 

Table A.2  Matrix showing Pearson correlation coefficients for the soil temperature data at 

the 4 COSMOS monitoring sites in the Walton catchment, and the mean of the 4 sites (for 

01.01.2016 – 01.04.2023 data). 
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Sheepdrove 0.85 0.85 1.00 0.86 0.93

Waddesdon 0.93 0.87 0.86 1.00 0.96

Mean 0.95 0.95 0.93 0.96 1.00
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Chimney Meadows 1.00 0.98 0.99 0.98 0.99

Chobham Common 0.98 1.00 0.99 0.98 0.99

Sheepdrove 0.99 0.99 1.00 0.99 1.00

Waddesdon 0.98 0.98 0.99 1.00 0.99

Mean 0.99 0.99 1.00 0.99 1.00
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A.2 Estimation of travel times (spatially distributed model only) 

A.2.1 Jobson travel time calculation 

Jobson (1997) provides the following empirical equation for estimating the velocity, Vp 

(m s-1) of an inert contaminant/tracer peak in a river system, calibrated based on data from 

939 tracer test measurements taken from approximately 90 rivers in the USA.  

 

𝑉𝑝 = 𝑎 + (𝑏 ×  (𝐷𝑎
′ )𝑐 × (𝑄𝑎

′ )−𝑑 × 𝑆𝑒 ×
𝑄

𝐷𝑎
 (A.1) 

 

where Q is discharge (m3 s-1), S is the mean slope (m m-1) and Da is the average drainage 

area (m2) (based on the mean of upstream and downstream areas) and 

 

𝐷𝑎
′ =

𝐷𝑎
1.25  ×  √𝑔

𝑄𝑎
= Dimensionless drainage area (A.2) 

 

𝑄𝑎
′ =

𝑄

𝑄𝑎
= Dimensionless discharge (A.3) 

 

a, b, c, d and e are empirical coefficients (given as 0.094, 0.0143, 0.919, -0.469 and 0.1590, 

respectively), g is acceleration due to gravity (9.81 m s-2) and Qa is the average annual 

discharge (m3 s-1). 

To estimate Vp (and hence travel time) under different flow regimes for each cell within the 

catchment, this method was recalibrated based on equivalent travel time data for the river 

Thames and its tributaries (see below).  Travel time was then calculated for each cell, based 

on distance to the abstraction point. QGIS (v. 3.32.3) combined with OS Open Rivers Data 

and OS 1:50,000 terrain data (Ordnance Survey, 2024) was used to obtain the catchment 

area and river distances for the most downstream point in each 5x5 km catchment cell.  

Times were calculated separately for the tributaries and the River Thames and subsequently 

combined.  Estimated travel time ranges were calculated under different flow regimes, from 
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a high discharge of Q10 through to a low discharge at Q90 (at intervals of Q10), with all 

times rounded to the nearest day.  The quantile of each day’s discharge at Kingston gauging 

station was calculated and rounded to the nearest Q10 value to give a quantile interval that 

could then be used to look up appropriate travel times for each cell. 

A.2.2 Model Calibration  

The constants in the original Jobson (1997) equation were found by curve-fitting. The 

present study applied this method using 110 Thames catchment travel time data points 

obtained through a combination of tracer tests carried out by Environmental Tracing 

Systems Ltd (1998) and a spill time-of-transport model developed by Wallingford 

HydroSolutions (2016) (only available for a limited area of the catchment). Combined, both 

data sources covered transport in the River Thames and a number of its tributaries.  Curve-

fitting was applied separately to the tributaries, to the upper Thames (with catchment areas 

of ≤ 1600 km2), and to the lower Thames (with catchment areas of > 1600 km2). Table A.3 

provides the revised coefficients, and Fig. A.4 presents the fit of the model against the 

calibration data.  

 

Table A.3  Curve-fitted constants for Equation A.1 applied to three sections of the study 

catchment. 

 

 Curve-fitted constants 

Catchment Section a b c d e 

Tributaries 0.000 0.0142 0.919 -0.469 0.201 

Upper Thames 0.000 0.0143 0.881 -0.190 0.100 

Lower Thames 0.000 0.0143 0.919 -0.491 0.272 
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Fig. A.4  Measured and calculated (using Equation A.1) velocities for three sections of the 

study catchment. 

A.2.3 Error Analysis 

Fig. A.5 plots differences in measured velocities and calculated velocities for the calibration 

datasets as a cumulative distribution function (ECDF).  To consider typical uncertainties in 

travel time estimates velocity error values at 1 standard deviation (SD) were then applied to 

the travel time calculations for each cell. 

Example travel time errors for three cells at different distances from the abstraction point 

are presented in Table A.4, showing that error in travel time estimates is likely to exceed ±1 

day (i.e. model resolution) when the distance between cell and abstraction point exceeds 

150 km at high (Q10) flow, 60 km at medium (Q50) flow, and 20 km at low (Q90) flow.  The 

high error at low flow is not regarded as a critical limitation to the model because 70% of 

exceedances occur at flows of Q50 and above. 

 



 

162 
 

 
 
Fig. A.5  Empirical cumulative distribution error plots for velocity calculations. 

 

 

Table A.4  Estimated error in the predicted travel times for cells at three different river 

distances from the abstraction point when ±1 SD in the calculated velocities was applied. 

 

Cell 499 383 345 

River Distance (km) 17.10 60.59 153.00 

Flow Regime Velocity Error Travel Time Error (days) 

High (Q10) 
-1SD + 0.08 + 0.42 + 1.01 

+1SD - 0.05 - 0.24 - 0.59 

Medium 

(Q50) 

-1SD + 0.30 + 1.23 + 4.01 

+1SD - 0.15 - 0.57 - 1.74 

Low (Q90) 
-1SD + 0.93 + 3.36 + 13.16 

+1SD - 0.32 - 1.15 - 3.79 
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A.3 Results from Hyperparameter Tuning 

 

 

Fig. A.6  F-score outputs from hyperparameter tuning using Model 1b (with the second 

fewest features) and model 5b (with the largest number of features).  Vertical yellow lines 

indicate “optimum” value based on an assessment of combined performance at the three 

thresholds.  Because of the greater number of low exceedances, high F1-score and F2-scores 

were regarded as more important than high F3-scores.  (Note that in each trial the optimum 

values for the other three elements were used.) 
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Appendix B: Supplementary Material for Chapter 3 

B.1 Parametric Modelling to Fix Lower Limits 

To determine appropriate lower limits (CLL) for the subsequent concentration modelling of 

censored values by random sampling from log-uniform distributions, the entirety of each 

intake, WTW inlet and WTW outlet data was modelled using the censored Maximum 

Likelihood Estimation (MLE) method.  The best match was found by selecting the fit with the 

lowest Akaike Information Criterion (AIC) score (Helsel, 2012).  Figs. B.1-B.3 show the fitted 

models alongside the censored and uncensored concentration data points, together with 

the Q50 concentration given by the “best” fitted model.  For each dataset, the lower limit (in 

oocysts L-1) was given as CLL =  0.1 x Q50.   

 

Fig. B.1  MLE-fitted models for Cryptosporidium concentration data from all intakes.  The 

“best” model (based on AIC outputs) is given in the shaded box, along with the Q50 value 

for that model. 
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Fig. B.2  MLE-fitted models for Cryptosporidium concentration data from all WTW inlets.  

The “best” model (based on AIC outputs) is given in the shaded box, along with the Q50 

value for that model. 

 

 

Fig. B.3  MLE-fitted models for Cryptosporidium concentration data from all WTW outlets.  

The “best” model (based on AIC outputs) is given in the shaded box, along with the Q50 

value for that model. 
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B.2 Pooled Dose-Response Model 

B.2.1 Overview 

To evaluate the influence of between-strain variability in Cryptosporidium infectivity on 

QMRA outputs, a hierarchical Bayesian extension of the exponential dose-response model 

described by Messner et al. (2001) was implemented.  The model combined human 

challenge data for the Iowa, UCP and TAMU isolates into a single probabilistic infectivity 

distribution (the pooled DR model) for use in the pooled DR QMRA. 

B.2.2 Isolate-Specific Bootstrap Modelling 

The pooled DR model used grouped infection data for three C. parvum isolates (Table B.1).  

For each dose level, the numbers of infected and uninfected volunteers were extracted and 

fitted to the exponential model (Equation 11). 

 

Table B.1 Challenge test data used in pooled DR QMRA model.  (from Messner et al., 2001). 

 
Isolate Dose (oocysts) Volunteers 

infected 

Volunteers 

uninfected 

Total 

volunteers 

Iowa 30 2 3 5 

100 4 4 8 

300 2 1 3 

500 5 1 6 

1000 2 0 2 

10,000 3 0 3 

100,000 1 0 1 

1,000,000 1 0 1 

UCP 500 3 2 5 

1000 2 1 3 

5000 2 3 5 

10,000 4 0 4 

TAMU 10 2 1 3 

30 2 1 3 

100 3 0 3 

500 5 0 5 

 

Non-parametric bootstrap resampling was first applied independently to each isolate 

dataset.  For each bootstrap iteration, volunteer outcomes were resampled with 

replacement.  The exponential dose-response parameter k was refitted by maximum 
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likelihood estimation, and the fitted k-value was retained.  A total of 50,000 bootstrap 

replicates were generated for each isolate, producing three empirical distributions (Fig. B.4). 

 

 

Fig. B.4  Bootstrapped dose-response (k) value distributions for three C. parvum isolates and 

combined distribution generated by hierarchical Bayesian model. 

B.2.3 Hierarchical Bayesian Model 

The isolate-specific infectivity parameters were assumed to arise from a wider population of 

human-infective Cryptosporidium isolates, as shown in Equation B.1: 

 

log(𝑘𝑖) ~ 𝑁𝑜𝑟𝑚𝑎𝑙(μ, σ) (B.1) 

 

where (𝑘𝑖) is the dose-response (infectivity) coefficient for isolate i, μ is the population 

mean log-infectivity, and σ is between-isolate variability.  The posterior distribution of μ and 

σ was estimated using Markov Chain Monte Carlo (MCMC) simulation following the 

hierarchical approach described in Messner et al. (2001), using 100,000 iterations, 20,000 

burn-in iterations and a thinning interval of 10.  Weakly informative priors were used for μ 

and σ. 
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Posterior samples of μ and σ were used to generate a posterior predictive distribution of k-

values representing a broader population of plausible Cryptosporidium dose-response 

coefficients.  The generated distribution consisted of 50,000  k-values, which were sampled 

directly in the pooled DR QMRA simulations (Fig. B.4). 

To avoid biologically implausible values arising from the tails of the hierarchical distribution, 

predictive samples were constrained using the minimum and maximum values derived from 

the combined bootstrap distributions for the three isolates. 

The resulting pooled DR distribution of k-values incorporates both uncertainty in individual 

challenge studies and variability in infectivity between Cryptosporidium isolates.  

Consequently, the pooled DR QMRA represents a broader uncertainty analysis than the 

primary Iowa DR model and should not be interpreted as a precise prediction of annual 

infection risk. 

B.2.4  Pooled DR QMRA Outputs 

TW-QMRA risk outputs based on the pooled DR model (Fig. B.5a) differ from those based on 

the Iowa DR model (Fig. 3.5a) in that the distributions for all seasons overlap the USEPA 

guideline value of 10-4 infections person-1 yr-1.  Median values are all below the guideline, 

but in each case Q95 values are approximately an order of magnitude above it at ≈1 x 10-3 

infections person-1 yr-1.  There is only a very weak pattern of seasonality, with winter risk 

distributions slightly higher than summer distributions.  The range within each distribution 

(based on Q5-Q95 values) is approximately 3 log units, between 1 x 10-6 and 2 x 10-3 

infections person-1 yr-1 (i.e. 0.0001% to 0.2%). 

Pooled DR RW-QMRA outputs without selective abstraction (Fig. B.5b) show the same 

strong seasonality seen in the Iowa DR QMRA outputs (Fig. 3.5b), with higher risk 

distributions for all Winter periods compared with Summer periods.  In three periods, the 

Winter median falls above or almost on the USEPA guideline, and for all Summer and Winter 

periods the Q95 values exceed the guideline.  The spread (Q5-Q95) of risk across all periods 

is greater than for the treated outputs, ranging across almost 4 log units from 4 x 10-7 to 3 x 

10-3 infections person-1 yr-1 (0.00004% to 0.3%).  Grouped separately, the Q5-Q95 range is 

≈3 log units for the Winter periods and ≈3 log units for the Summer.  Summer periods are 

extremely consistent across the 6-year study period. 
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Fig. B.5  Annual 

infection risk 

distribution outputs 

from the pooled DR 

QMRA models for 

biannual periods, 

based on 

Cryptosporidium 

concentrations in (a) 

treated water, and (b-

e) river water with (b) 

no selective 

abstraction, (c) SAR-1, 

(d) SAR-2 and (e) SAR-

H. 



 

171 
 

(a) TW-QMRA 
 

 
 

(b) RW-QMRA 
(No SAR) 

 

 
 

 

Fig. B.6  Sensitivity analysis based on Spearman correlation coefficient (r), for (a) TW-QMRA 

(b) RW-QMRA (without SAR), using the pooled DR model. 

 

Annual risk statistics across the full six-year study period are also provided in Chapter 3 

(Table 3.4), showing that the medians for both TW-QMRA and RW-QMRA fall well below the 

USEPA guideline, whereas Q95 for RW-QMRA (No SAR) falls very slightly above the 

guideline.  This illustrates the innately conservative nature of biannual modelling (i.e. 

inclined to generate higher risk outputs for some periods) when compared to models which 

include data from one or more complete years.  Applying dose-response k-values from the 

pooled DR model resulted in similar median values across all models, but raised Q95 values 

by at least an order of magnitude. 

Sensitivity analysis (Fig. B.6) shows that dose-response (k), has a dominant effect on model 

outputs.  This is particularly true for the TW-QMRA, where it is almost entirely dominant 



 

172 
 

(Spearman’s r ≈ 1).  For RW-QMRA, dose-response is the primary variable (r ≈ 0.9), but 

uncensored concentration is still an important secondary variable (r ≈ 0.37).  The pooled DR 

QMRA therefore captures broader dose-response uncertainty and may be appropriate 

where a conservative upper-percentile (Q95) risk estimate is required. 
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Appendix C: Supplementary Material for Chapter 4 

 

  

Fig. C.1  Out-of-fold (OoF) predictions from (a) Model 2 and (b) Model 3. 

 

Table C.1 Top 20 SHAP interaction contributions for humidity features with land use and 

source-related features. 

 
Rank Humidity Feature Interacting Feature Mean Absolute Interaction 

Contribution (x10-3) 

1 Humidity_(25km) Human_Pop_(25km) 9.44 

2 Humidity_(fc) Human_Pop_(25km) 7.54 

3 Humidity_(05km) Human_Pop_(25km) 7.49 

4 Humidity_(fc) Land_Urban_(25km) 7.33 

5 Humidity_(fc) Land_Grassland_(25km) 5.15 

6 Humidity_(25km) Land_Grassland_(fc) 4.90 

7 Humidity_(fc) Land_Heath_&_Bog_(25km) 4.64 

8 Humidity_(fc) Land_Grassland_(fc) 3.76 

9 Humidity_(25km) Land_Urban_(25km) 3.69 

10 Humidity_(05km) Land_Urban_(25km) 3.69 

11 Humidity_(25km) Land_Grassland_(25km) 3.56 

12 Humidity_(fc) Land_Arable_(25km) 3.41 

13 Humidity_(fc) Land_Urban_(05km) 3.39 

14 Humidity_(05km) Land_Grassland_(25km) 3.36 

15 Humidity_(fc) Poultry_Pop_(05km) 3.36 

16 Humidity_(05km) Land_Grassland_(fc) 3.32 

17 Humidity_(fc) Land_Forested_(fc) 3.29 

18 Humidity_(fc) Human_Pop_(05km) 3.15 

19 Humidity_(fc) Land_Heath_&_Bog_(fc) 3.15 

20 Humidity_(25km) Poultry_Pop_(05km) 3.12 
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