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• Bayesian Network (BN) model devel
oped to assess faecal pollution from 
septic tanks.

• BN model performance evaluated using 
FIO load and microbial source tracking 
data.

• Landscape features impacting FIO 
pollution of water from septic tanks 
identified.

• National scale FIO pollution from septic 
tanks explored via upscaled predictions.
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A B S T R A C T

Validating model predictions with observed data is crucial for fostering confidence in model results, yet it is often 
overlooked in Bayesian Network (BN) studies. This research validated a BN model designed to predict faecal 
indicator organism (FIO) loss from septic tank systems (STS) in rural catchments. Both a hybrid model 
(combining continuous and discrete variables) and a fully discretised model were assessed in two test catch
ments. Our approach to model validation employed four methods: (1) comparing probability distributions of 
simulated and observed FIO loads in the hybrid model, (2) sensitivity analysis in the discrete model to identify 
key variables influencing results, (3) estimating percentage bias (PBIAS) to evaluate the average difference be
tween predicted and observed FIO loads in the hybrid model, and (4) applying Shannon entropy to measure 
uncertainty in the spatial application of the discrete model. Predicted FIO loads per STS were consistent across 
models, with the hybrid network estimating 4.63 × 10¹⁰ cfu/yr in the Cessnock catchment and 4.36 × 10¹⁰ cfu/yr 
in the Mein catchment, while the discrete network predicted 3.85 × 10¹⁰ cfu/yr and 3.65 × 10¹⁰ cfu/yr, 
respectively, closely aligning with observed values of 6.17 × 10¹⁰ cfu/yr and 5.10 × 10¹⁰ cfu/yr. Sensitivity 
analysis identified STS condition and treatment level as critical factors influencing FIO loss. Shannon entropy 
values (1.60–1.85) revealed significant uncertainty in model predictions in the catchment where STS were 
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associated with a variability of Hydrology of Soil Types (HOST)-derived risk factors. When applied at national 
scale, greater confidence in model results was associated with Central, East and West Scotland where most STS 
were associated with a moderate to high HOST-derived risk classification. Our research is the first to show how 
BN models can predict FIO pollution from STS to watercourses and the findings suggest that refining model 
predictions requires more accurate data on STS treatment levels and maintenance, as well as access to good 
quality high-resolution water quality monitoring data.

1. Introduction

Septic tank systems (STS) are used worldwide for treating domestic 
wastewater in areas where conventional sewer networks are inacces
sible, impractical, or costly, such as rural regions. For example, in the 
USA, approximately 18 % of households (equivalent to 21.7 million 
homes) utilise STS or cesspools (USEPA, 2021). Across Africa, there has 
been a notable increase in STS usage classed as improved sanitation 
which accounts for close to 40 % of sanitation development, particularly 
in peri‑urban areas, to accommodate the expanding urban regions 
(African Development Bank, 2020). In Australia, 7 % of the population 
rely on onsite sewage treatment with ~93 % of the population being 
consistently linked to a public sewer network since 2010 (OECD, 2023). 
The prevalence of STS across Europe varies depending on factors such as 
urban population density and stringent local regulations regarding 
installation and maintenance. Conservative estimates suggest that ~4 % 
of the population in the UK rely on STS and small private sewage 
treatment systems for sewage disposal (Defra, 2002; O’keeffe et al., 
2015; Richards et al., 2016).

Treating wastewater in STS primarily involves the settling of solids 
through primary sedimentation, which may be followed by additional 
treatment in soakaway fields. The effectiveness of this treatment relies 
on good STS maintenance, its age, and the filtration capacity of the 
surrounding soil (Beal et al., 2005). Poor maintenance, outdated infra
structure, and inadequate filtration of effluent can result in contami
nated wastewater high in nutrient and faecal indicator organism (FIO) 
concentrations, which poses a contamination risk to both ground and 
surface water (Richards et al., 2016). While STS are recognised as po
tential sources of FIOs in rural catchments, there remain substantial 
knowledge gaps with respect to their overall contribution to water 
pollution (Mzyece et al., 2024). Although FIO removal rates of 50–95 % 
in conventional septic tanks have been documented (Kay et al., 2008), 
under certain environmental conditions, there is a possibility of bacte
rial proliferation, leading to higher FIO export from STS compared to the 
influent wastewater load (Appling et al., 2013). Microbial retention 
within soil pore architecture reduces FIOs available for transfer from 
land to water; however, further investigation is needed to fully under
stand the transfer dynamics of FIOs between soil compartments and 
groundwater (Bradford and Harvey, 2017), along with considering other 
environmental factors such as topography and proximity of STS to water 
bodies.

Mitigating FIO contamination is essential for preserving water 
quality and protecting public health, particularly in catchments that 
drain to recreational waters designated for bathing or to shellfish har
vesting waters, both of which provide human exposure pathways to 
faecal pollution (Oliver et al., 2024). Water quality models play a vital 
role in helping to manage FIO pollution of water catchments; they can be 
used to predict pollution throughout the microbial 
source-mobilisation-delivery-impact continuum within landscapes 
(Glendell et al., 2022). For example, models can be applied at the 
catchment scale to predict E. coli burden on agricultural land from 
livestock sources, considering FIO accumulation and depletion over time 
(Oliver et al., 2018). Various hydrological models have been used to 
underpin predictions of nutrient and FIO pollutant transport, e.g., by 
estimating overland flow and utilizing pollutant export coefficient 
methods (Yuan et al. 2020). Additionally, multiple linear 
regression-based models use environmental factors to predict FIO loads 

at downstream receptors such as bathing beaches (Madani and Seth, 
2020; Rossi et al., 2020).

Bayesian Networks represent another modelling approach for un
derstanding FIO risks in the environment. Bayesian Networks (BNs) are 
probabilistic graphical models that represent a collection of random 
variables and their conditional dependencies through a Directed Acyclic 
Graph (DAG) (Pollino and Henderson, 2010). The structure of a BN il
lustrates causal relationships among components of a system. These 
models are composed of three fundamental elements: (1) nodes, which 
denote random variables within the system; (2) arcs, which indicate 
causal relationships between these variables; and (3) Conditional 
Probability Tables (CPTs), which quantify the strength of the relation
ships and are used to compute the probability distributions of the nodes. 
BNs utilise Bayes’ theorem within a DAG framework—free from feed
back loops—to model uncertainties and support decision-making pro
cesses, thus functioning as a form of Decision Support System (DSS) 
grounded in probability theory (Jensen, 1996; Pearl, 2014).

The application of BNs in environmental risk assessment of complex 
systems such as water catchments has been increasing (Phan et al., 
2016). This is attributed to several of their characteristics, including 
good predictive power even when variables have missing data, which 
would result in imputation or omission in other models such as Markov 
chain, classification trees, and random forests (Moe et al., 2021). In our 
study, BNs were chosen for their flexibility in incorporating multiple 
data types, including expert judgements and for their ability to explicitly 
account for uncertainty. These attributes render them particularly suit
able for modelling FIO pollution risk from STS, where monitoring data 
are sparse and the fate and transport of microbial contaminants are 
influenced by complex, interacting environmental processes. BNs 
inherently accommodate uncertainty analysis. This is achieved using 
CPTs to encode dependencies between variables, probability distribu
tions to represent uncertainty in continuous parameters, and causal 
structures to describe environmental processes governing pollutant dy
namics. Collectively, these features, underpinned by the stochastic na
ture of BNs, enable the quantification of both epistemic and aleatory 
uncertainties (Glendell et al., 2022; Sahlin et al., 2020) and facilitate the 
systematic identification of uncertainty sources within the model 
(Sperotto et al., 2019).

Despite their advantages, BN modelling applications face challenges, 
such as loss of accuracy from the discretisation of continuous variables 
(Kaikkonen et al., 2020; Rohmer, 2020; Fenton and Neil, 2018); diffi
culties in validating BNs developed solely from expert-elicited knowl
edge due to lack of observed data and limited quantification of model 
confidence demonstrated by credible intervals around posterior proba
bility distributions (Marcot and Penman, 2019).

To overcome the challenges associated with BN modelling, our study 
employed a hybrid network that incorporates both discrete and 
continuous variables, following the methodologies of Glendell et al. 
(2022) and Aguilera et al. (2010) and a discrete network to assess the 
extent of information loss after discretisation. Additionally, we utilized 
monitoring data alongside expert-elicited data (Mzyece et al., 2024) to 
validate model outcomes against observed data. Model performance was 
assessed by comparing predictions with relatively high temporal reso
lution data from two rural catchments with similar grassland-dominated 
land use, no sewage treatment works (STWs) inputs and with available 
microbial source tracking (MST) data. This experimental design allowed 
us to semi-quantitatively evaluate the FIO model and distinguish 
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between FIO load from STS, STWs and livestock/wildlife. Model un
certainty was quantified by estimating the Shannon entropy index which 
sums the product of the probability of each model’s outcome and the 
natural logarithm of that probability across all possible outcomes 
(Ellerman, 2021). This measure is appropriate for estimating uncer
tainty in random variables with discrete values (Feutrill and Roughan, 
2021), making it suitable for the discrete version of our BN.

The overarching aim of our study was to develop and test a proba
bilistic BN model to better understand the contribution of STS to faecal 
pollution in rural catchments. Specifically, our study objectives were to: 
I) predict FIO load from STS in two rural test catchments in Scotland; II) 
evaluate BN model performance relative to observed FIO load, using 
MST to apportion human and ruminant contributions; and III) upscale 
the model to predict FIO pollution risk from STS at the national scale.

2. Methodology

2.1. Study catchments

Two study catchments in Scotland were used to predict annual FIO 
load. The Cessnock catchment (Latitude 55.54568, Longitude 
− 4.39248; area 22 km2) and Mein catchment (Latitude 55.06482, 
Longitude − 3.22122, area 12 km2) (Fig. 1), which are typical rural 
catchments that primarily rely on STS for domestic wastewater treat
ment, with no STWs or sewer overflows present (Scottish Water, 2025). 
For our study this helps to constrain uncertainty concerning the source 
of any human-derived FIOs within our observed data used to evaluate 
the model predictions, suggesting that all human-derived FIOs originate 
from STS. Importantly, historical FIO water quality monitoring data 

covering September 2018 to September 2019 is available for both 
catchments, which includes MST information that provides an indica
tion of the relative contribution of livestock versus human FIO contri
butions necessary for validating our predictive model. Detailed 
descriptions of the catchment characteristics can be found in Glendell 
et al. (2022), while additional visual representations of primary land 
use, STS locations relative to the drainage network, and Scottish Envi
ronmental Protection Agency (SEPA) water monitoring sites are pro
vided in Fig. 1.

The Cessnock and Mein catchments are situated in southwest Scot
land, predominantly characterised by improved grassland (64 % and 65 
% of land cover, respectively). The primary soil types are stagnosols (61 
%) in Cessnock and cambisols (59 %) in Mein, both of which are clas
sified as slowly permeable with a moderate to high risk of septic tank 
effluent movement (Gagkas et al., 2021; Hudson et al., 2012). In total 
there are 65 and 36 STS in the Cessnock and Mein catchments, respec
tively, inferred from modelled STS locations provided by the SEPA. Most 
STS (87 % in Mein and 90 % in Cessnock) are situated >50 m away from 
watercourses, with 13 % and 10 % respectively falling within the range 
of 10–50 m, and none closer than 10 m. Approximately 78 % of STS in 
Cessnock and 44 % in Mein are located on gentle slope gradients (0–5 
%), while the remainder are situated on moderate slopes (>5–25 %). 
SEPA has established water quality monitoring points in Cessnock Water 
and Mein Water positioned at the outlet of each catchment. Parameters 
monitored at these outlets include water chemistry, discharge, FIOs 
(E. coli and intestinal enterococci), and MST targets.

Fig. 1. Land use in the Cessnock and Mein catchments (Morton et al., 2024).
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2.2. Model development and parametrisation

The model structure was modified from a phosphorus pollution risk 
model developed in Glendell et al. (2022). The detailed description of 
the nodes in the model along with their respective parametrisation 
methods is provided in the Supplementary Information, SI 1. Key data
sets utilised for model parameterisation were STS locations from SEPA, 
FIO concentrations for different STS treatment levels obtained from 
literature (Gill et al., 2007; Kay et al., 2008), STS to watercourse FIO 
delivery proportions elicited from experts as detailed in Mzyece et al. 
(2024) and probabilities of effluent movement risk inferred from 
HOST-derived risk classifications (Gagkas et al., 2021). The model was 
developed in the proprietary Bayesian network software GeNIe vs. 4.1 
(BayesFusion, 2024).

2.3. Model discretisation

To enable sensitivity analysis and spatial implementation, the model 
was discretised by converting continuous equation nodes into discrete 
chance nodes, as outlined in the GeNIe manual, Version 4.1 
(BayesFusion, 2024). Two methods were employed to set discretisation 
boundaries: (i) equal intervals (dividing the continuous data into a 
predefined number of intervals with equal widths as seen in e.g., 
Aguilera et al. (2011) and Chen & Pollino (2012), and (ii) interpolation 
(a form of supervised discretisation (Beuzen et al., 2018) where 
boundaries were manually adjusted to obtain plausible probabilities). 
Initially, FIO load values in the target node (Realised FIO load) were 
logged to address skewness of the sample probability distribution 
(Nojavan et al., 2017). However, values in other equation nodes 
remained unlogged to allow FIO concentration calculations using orig
inal values. For equal intervals discretisation, the sample probability 
distribution specified by the lower and upper bound was divided into 
equal intervals representing the states in each of the equation nodes. 
Conditional Probability Tables (CPTs) were reviewed, and discretisation 
boundaries were adjusted through interpolation to obtain plausible 
probabilities for matching states (Low/Low, Medium/Medium, High/
High). This resulted in different marginal probabilities for the states in 
the Realised FIO load node between the two discretisation methods. To 
assess which method generated predicted FIO loads closer to the 
observed loads in the discrete network, we estimated the sum of squared 
errors (SSE). Based on the SSE and additional factors such as calculation 
of plausible probabilities in the CPTs and final marginal distributions in 
the target node, an appropriate discretisation method was selected.

2.4. Model evaluation

Model evaluation followed the approach of Glendell et al. (2022) and 
Troldborg et al. (2021), being implemented through four approaches: 
(1) sensitivity analysis to identify highly sensitive parameters that 
significantly affected reasoning in the model results; (2) comparing the 
distributions of predicted FIO load against observed FIO load in the two 
catchments; (3) calculating PBIAS to determine the difference between 
predicted and observed FIO load in the hybrid model; and (4) using 
Shannon entropy to assess uncertainty in the discrete version of the 
model applied spatially.

2.4.1. Sensitivity analysis
Sensitivity analysis was undertaken on the discretised version of the 

model to identify highly sensitive parameters that significantly affected 
reasoning in the model results. This was done within GeNIe 4.1, 
implementing the algorithm proposed by Kjaerulff & van der Gaag 
(2000). This algorithm calculated a set of derivatives of the posterior 
probability distributions over the target node (Realised FIO load) uti
lising each of the numerical parameters in the BN. Sensitive parameters 
were identified by observing the colour intensity of nodes in our BN and 
inspecting maximum node sensitivity values in the node properties 

table. Sensitivity analysis enabled targeted inspection of significant 
nodes to ensure correct parametrisation and therefore model outcomes.

2.4.2. Comparison of predicted against observed data
Two types of comparisons were made, namely the predicted versus 

observed catchment FIO load and the predicted versus observed FIO 
load per STS. Sections 2.4.2.1 and 2.4.2.2 describe the dataset including 
calculations made to enable comparison of observed values with model 
predictions.

2.4.2.1. Daily E. coli concentration. This dataset included 56 time-series 
data points for daily composite samples of E. coli concentration (cfu/100 
ml) and daily mean discharge data (m3/s) at the Cessnock outlet and 78 
data points at the Mein outlet, between September 2018 and September 
2019. Samples were collected twice weekly (Tuesdays and Thursdays) 
using 24-hour composite sampling with a refrigerated autosampler 
(Avalanche Teledyne ISCO). Each composite sample represents an in
tegrated signal from 24 hourly subsamples, reducing the influence of 
short-term flow variability (Cassidy et al., 2018). Refrigeration has been 
shown to minimise FIO die-off during storage (Oliver et al., 2015).

Sampling was relatively consistent (~8 samples/month) between 
September–November 2018 and March–August 2019. However, 
coverage varied across sites and years: Cessnock had only 11 data points 
in 2019 compared to 51 at Mein, and both catchments had limited data 
(1–3 records) in December–January. No Cessnock samples were 
collected in June–July 2019. The full dataset is available on request and 
discharge–E. coli concentration plots are provided in the SI 2 and SI 3. 
These plots demonstrate that FIOs were sampled across a broad range of 
discharge quantiles and indicate the minimum and maximum quantiles 
recorded in each catchment.

E. coli was selected as the most specific indicator of human-sourced 
faecal pollution (Price and Wildeboer, 2017) and therefore used in the 
validation. As our model aimed to estimate annual FIO load, we stand
ardised the monitoring data to match the units in our model. First, the 
daily FIO load was calculated (Eq. (1)). 

Daily FIO load = EC1L × Q (1) 

where:
EC1L is the E. coli in 1 L, and
Q is the Daily mean discharge (Q in L/second * 86,400 s/day)
Next, gaps in the data were filled by interpolation using two methods 

to ensure robustness. Last observation carried forward (LOCF) was un
dertaken in Excel by replacing missing data points with the last observed 
FIO load (Lachin, 2016). Additionally, linear interpolation was done in 
Python version 3.8 (Van Rossum and Drake, 2009) estimating missing 
values for FIO loads using linear regression. Daily mean FIO loads were 
then calculated separately for both methods, exported to GeNIe 4.1, and 
multiplied by 365 to obtain annual FIO loads. For each method, a dis
tribution of 10,000 Monte Carlo simulations was generated and 
compared with the BN-predicted FIO load distribution. Potential un
certainties associated with interpolation are discussed in Section 4.

2.4.2.2. Using MST data. Microbial source tracking (MST) was per
formed using a multiplex qPCR assay targeting human- and ruminant- 
specific Bacteroides. Human-specific primers (HF183F/HF183R) and 
probe (BacHum193p) were applied as described by Seurinck et al. 
(2005) and Kildare et al. (2007), while ruminant-specific primers 
(BacR-F/BacR-R) and probe (BacR-P) followed Reischer et al. (2006). An 
internal amplification control (IAC) was included to detect inhibition. 
DNA was extracted from water samples using the DNeasy PowerWater 
Kit (Qiagen). qPCR reactions were prepared with BioRad iQ Multiplex 
Powermix, primers and probes for each target and the IAC, and up to 10 
ng of template DNA, and run on a Bio-Rad CFX96. Standard curves were 
generated from plasmids containing target gene inserts, and only assays 
with efficiencies between 90 and 110 % were accepted. Absolute 
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abundances of human- and ruminant-specific Bacteroides were used for 
further analysis. MST sampling was conducted twice weekly for two 
years.

Since the observed annual total FIO load (FIOload(OAT)) calculated 
from the E. coli concentration in Section 2.4.2.1 was indicative of E. coli 
from both human and animal sources, we used MST data available in 
both catchments to estimate the proportion of human-derived E. coli 
(pHDE) (Eq. (2)). Overall, average human Bacteroides concentrations 
were higher than ruminant Bacteroides over one-year sampling period 
in both catchments: 8.21 × 10⁷ HuBac/L versus 6.89 × 10⁵ RuBac/L in 
Cessnock, and 1.35 × 10⁷ HuBac/L versus 7.18 × 10⁵ RuBac/L in Mein. 
(See plots in SI 4 and SI 5). The annual average proportion was then 
applied as a fixed factor to the FIOload(OAT) to derive the observed FIO 
load from human sources (FIOload(HS)) (Eq. (3)). Next, the distribution 
of the FIOload(HS) per catchment was compared to that of the predicted 
FIO load per catchment in GeNIe and visualised using the ggdist R 
package (Kay, 2024). 

pHDE =
Hubac

Hubac + Rubac
(2) 

where:
pHDE is the proportion of human-derived E. coli
Hubac represents human Bacteroides in 1 L, and
Rubac is ruminant Bacteroides in 1L 

FIOload(HS) = FIOload(OAT) ∗ pHDE (3) 

where:
FIOload(HS) represents the FIO load from human sources per catchment
FIOload(OAT) is the observed annual total E. coli from both human and 

animal sources
pHDE is the proportion of human-derived E. coli calculated in Eq. (2)

2.4.3. Estimation of model bias
Finally, we adopted the approach of Glendell et al. (2022) in using 

PBIAS to assess the model performance by comparing the 
model-predicted FIO load to the observed FIO load: 

PBIAS =

(∑
(Xsim − Xobs)
∑

Xobs

)

× 100 (4) 

where:
Xsim are FIO loads from 10,000 Monte Carlo model simulations at the 

catchment outlet and
Xobs are 10, 000 samples resampled from a truncated normal distri

bution fitted to observed E. coli data at the catchment outlet.
The distribution of the calculated bias was then observed, with 

closeness to zero indicating that the model predictions closely matched 
the observed data. Additionally, the bias distribution was discretised to 
establish an optimal interval ranging from − 50 % to +50 %. Instances 
where probabilities fell below 50 % indicated that the model under
estimated, whereas those exceeding 50 % indicated that the model 
overestimated.

2.4.4. Shannon entropy
The Shannon entropy index was used to evaluate uncertainty in the 

model outcomes in the spatial application of the discrete BN. Entropy 
was calculated over the target node in R by first defining the Shannon 
entropy function and then applying this function to each row repre
senting a STS in our dataframe. Before performing the calculation, we 
verified that each row was numeric and removed any rows with a value 
of 0 to avoid log (0) errors. Shannon entropy was then calculated as 
follows: 

H(X) = −
∑n

i=1
pi ln(pi) (5) 

where: 

• piis the probability associated with the state i of the target node
• ln (pi) is the natural logarithm of the probability pi
• negative sign in front indicates that the sum is negated, ensuring that 

the entropy is a positive value.

The entropy quantifies the information content within a node; it 
equals zero if pi is known with certainty and is maximised when pi is 
unknown (Troldborg et al., 2021).

2.5. Spatial implementation of the discrete model

To predict annual FIO load per STS, we applied the discrete version 
of our BN spatially, firstly to the STS locations in our study catchments, 
and secondly to a national scale STS dataset in Scotland. The spatial 
application was done in R using the gRain (Hojsgaard, 2012) and 
bnlearn (Scutari, 2010) packages and basically involved using the BN 
model to simulate FIO load from each STS one at a time.

Spatial data, including X and Y coordinates of STS locations, distance 
to the nearest watercourse, slope inclination, and associated HOST_
derived risk factors, was loaded into R and discretised to match the BN 
states. The BN was then run with the spatial data for each STS, setting 
distance, HOST-derived risk, and slope as evidence, and the Reali
sedSTload as the target node. The resulting simulated probabilities were 
combined with spatial coordinates in a data frame and used to calculate 
the FIO load per STS.

2.5.1. Calculation and visualisation of FIO load per STS
The annual FIO load per STS was calculated as a sum of the mid 

values of the target node states weighted by their probabilities (p): 

FIO load = p1 ∗ mid1 + p2 ∗ mid2 + … + pn ∗ midn (6) 

where midn is the mid value of the nth state of the target node.
Maps were created in QGIS software version 3.82.2 (QGIS Devel

opment Team, 2021), to visualise FIO load for each STS in the study 
catchments and then upscaled to model FIO pollution risk from STS for 
the whole of Scotland. Further, STS points were weighted based on FIO 
load levels to differentiate risk categories: 1) STS with FIO load less than 
Quartile 1 assigned weight 1 and all other STS assigned 0; 2) STS with 
FIO load less than the median assigned weight 1, others 0; 3) STS with 
FIO load > Median assigned weight 1, others 0; and 4) STS with FIO load 
> Quartile 3 assigned weight 1, others 0. Maps were made for each 
category to help visualise pollution risk. A 5 mm heatmap radius was 
chosen to clearly show variations in pollution density.

3. Results

3.1. Model parameterisation

Fig. 2 presents the parameterised hybrid BN model, illustrating the 
posterior probability distributions for each variable. For continuous 
equation nodes and discrete nodes, distributions are visualized as his
togram plots of samples and marginal likelihood proportions for 
different states, respectively. The nodes in the top left corner of the 
model visualisation pertain to variables related to STS site conditions 
within the catchments (in this case for Cessnock). The nodes in the top 
right corner of the model represent variables (‘Distance’, ‘Slope’ and 
‘Hydrology of Soil Types’) associated with the connectivity between STS 
and watercourses, which influence the risk of STS effluent movement. 
The nodes in the middle section of the model calculate variables rep
resenting the FIO concentration (cfu/100 mL) based on STS conditions, 
followed by the resulting annual FIO load per STS. The target node, 
‘Realised FIO load’, highlighted in red is our variable of interest calcu
lating the FIO load per STS reaching a watercourse. In Fig. 2, this has 
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been multiplied by the number of STS in Cessnock to give the annual 
total catchment FIO load from STS. The ‘Predicted load’ node is a 
dummy node, equivalent to the ‘Realised FIO load’ node, added for 
convenient calculation of bias relative to the observed load. Bias is 
visualized as a continuous distribution of values around zero in an 
equation node and as a discrete node showing the overall model per
formance compared to observed data where ± 50 % bias is considered 
acceptable.

3.2. Model discretisation

Equal intervals were chosen as a more accurate discretisation 
method for the BN model’s sensitivity analysis and spatial application. 
This choice was based on the following factors: no instances of over/ 
under estimating probabilities in the CPTs, lower SSE and standard de
viation (SD) (see Table 1), and lower Shannon entropy values compared 
to interpolation.

Unlike interpolation, which occasionally overestimated probabilities 
in the CPTs, for scenarios where lower probabilities were expected and 
vice versa, (e.g., 91 % for Realised FIO load without direct discharge vs. 

62 % with direct discharge), there were no instances of such calculation 
errors observed after equal intervals discretisation. Although there were 
some differences in state boundaries (as shown in Table 1) and marginal 
probabilities, both methods produced similar results. Calculated mar
ginal probabilities from equal intervals for the five states in the target 
node (Realised FIO load) are shown in Fig. 3. Recalculated marginal 
probabilities after interpolation were 5 % Very low, 6 % Low, 51 % 
Medium, 36 % High and 2 % Very high.

3.3. Model evaluation

3.3.1. Sensitivity analysis
Sensitivity analysis revealed that the primary factors affecting FIO 

pollution risk from STS were the treatment level and condition of the 
tank. These influenced the FIO concentration and subsequently the FIO 
load from the STS. Effluent directly discharged from STS to watercourses 
greatly affected the realised FIO load to a watercourse. The proportion of 
FIO delivery was primarily influenced by the HOST-derived risk, and to 
a lesser extent, by distance and slope. Fig. 3 illustrates the importance of 
these factors, with red shading indicating their significance and 

Fig. 2. Parameterised hybrid model showing 25 % optimal predictions, 45 % under optimum and 30 % over for the Cessnock catchment. Discrete nodes visualise 
probability distributions in form of bars of percentage likelihood of the states of the variable and equation nodes show this in form of a continuous histogram plot.
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summary information relating to the sensitivity of each node is provided 
in Table 3.

3.3.2. Validation against observed data
Overall, model predicted loads were comparable to the observed FIO 

loads, as illustrated in Fig. 4 and statistical summary given in Table 2. 
Both predicted and observed loads were of the same order of magnitude, 
although the predicted loads were lower than the observed loads. This 
underprediction is confirmed by negative PBIAS values in the hybrid 
model and observed in the discrete model. In Cessnock, the discrete 
model under predicted 52 % of FIO load values which fell below the 
acceptable bias threshold of 50 %, while 22 % were within the accept
able range of ±50 %, and 26 % were overpredicted, when compared to 
observed values from LOCF interpolation. When compared against lin
early interpolated observations, simulation bias showed slight 
improvement, with 45 % underprediction, 25 % within the acceptable 
range, and 30 % overprediction. In the Mein catchment, the model 
showed significant underprediction at 83 %, with only 5 % falling within 
the acceptable range and 33 % being overpredicted when compared to 
observed values from linear interpolation. However, against observa
tions from LOCF interpolation, model performance improved, with 
underprediction at 42 %, 25 % within the acceptable range, and 33 % 

overprediction.

3.4. Spatial implementation of the model

The predicted FIO load per STS was generally higher and showed less 
variation in the Cessnock catchment (ranging from 3.51 × 10¹⁰ to 4.81 ×
10¹⁰ cfu/year) compared to Mein (1.22 × 10¹⁰ to 4.51 × 10¹⁰ cfu/year) 
(Fig. 5).

In Cessnock, STS with the lowest FIO load (3.51 × 10¹⁰ cfu/year) 
were linked to a high HOST-derived risk factor, positioned at least 50 m 
from a watercourse on a gentle slope (0–5 %). When the slope increased 
to 5–25 %, FIO load increased to 4.04 × 10¹⁰ cfu/year, indicating a 13 % 
increase due to slope variation. In contrast, STS located closer (10–50 m 
from a watercourse) produced an FIO load of 4.57 × 10¹⁰ cfu/year, 
reflecting a 23 % increase due to reduced distance. The highest FIO load 
in Cessnock (4.81 × 10¹⁰ cfu/year) was observed in STS with a very high 
HOST-derived risk factor, situated at least 50 m from a watercourse on a 
moderate slope (5–25 %).

In Mein, only 8 % of STS (three units) showed the lowest FIO load 
(1.22 × 10¹⁰ cfu/year). These were characterized by a low HOST-derived 
risk factor, a distance of at least 50 m from a watercourse, and a slope of 
5–25 %. The highest FIO load in Mein (4.51 × 10¹⁰ cfu/year) was linked 

Table 1 
Comparison of predicted log10 annual FIO load per STS from equal intervals discretisation and interpolation.

State/Statistic Unit Method

Equal intervals Interpolation Observed

States boundaries Very low ​ 4 - 6.2 4 - 8.9 ​
​ Low ​ 6.2 - 8.4 8.9 - 9.5 ​
​ Medium ​ 8.4 - 10.6 9.5 - 10.8 ​
​ High ​ 10.6 - 12.8 10.8 - 12.8 ​
​ Very high ​ 12.8 - 15 12.8 - 15 ​
Cessnock Mean (log10cfu/yr) 10.54 10.55 10.79
​ SD ​ 1.44 1.48 –
​ SSE ​ 59,936 60,401 –
Mein Mean (log10cfu/yr) 10.49 10.51 10.71
​ SD ​ 1.43 1.74 –
​ SSE ​ 57,988 67,519 –

Fig. 3. Results of model discretisation showing marginal probability distributions for states in all the model variables and sensitivity analysis showing most 
influential factors in deep red shading in the Cessnock catchment.
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to STS with a high HOST-risk classification, at least 50 m from a 
watercourse, and a moderate slope (5–25 %). However, when the slope 
was gentler (0–5 %) under the same HOST and distance conditions, the 
FIO load dropped to 3.57 × 10¹⁰ cfu/year, showing a 15 % reduction due 
to slope effects.

Model uncertainty estimated through Shannon entropy was moder
ate to high (1.60–1.85) (Glendell et al., 2022), and was particularly high 
for STS where the predicted FIO load was low in Mein. These entropy 
values are between 71 % and 80 % of the maximum possible entropy 
(2.321) for our target node which has 5 states (Vajapeyam, 2014). 
Although the BN predicted distribution of the realised FIO load is spread 
out as observed in Fig. 4, it is not completely uniform showing that the 
model still prefers certain states (medium to high FIO loads) in the target 
node. Further, the BN predicted distributions are comparable to the 
probability distributions of observed data.

Table 3
Fig. 6 illustrates heat maps displaying STS density and corresponding 

FIO load levels across Scotland. The eastern and central parts of Scotland 
have a high concentration of STS accounting for 32.9 % and 22.7 % 
respectively, of the 174,567 STS captured on the SEPA database 
(Fig. 6a). West Scotland has the lowest concentration accounting for 
12.4 % while the South has 14.9 % and the North 17.2 %. Most STS with 
low (1,529) and moderate (22,515) HOST-derived risk factor are in East 
Scotland. Most STS with high HOST-derived risk factor are located in 
Central (29,893) and East Scotland (26,955). Most STS with very high 
HOST-derived risk factor are located in the East (6,365) and West re
gions (5,643). A table of STS counts and HOST-derived risk factors by 
regions is available in the Supplementary materials. While Aberdeen
shire has a high STS density, a significant proportion generate an FIO 
load below the median as observed from the clustering of weighted 
points visualised by deep blue shading in Fig. 6b & c. In total, six local 
authority areas (LAs) in East and South Scotland out of 32 have been 
identified as high-risk zones for FIO pollution from STS (Fig. 6d). These 
areas combine a high STS density with FIO loads exceeding the median. 
Ayrshire and East Renfrewshire show the highest risk, as highlighted in 

Fig. 6e, where deep red shading represents STS with FIO loads above the 
third quartile.

4. Discussion

Validating model predictions with observed data is essential to 
demonstrate a model’s appropriateness for its intended use and to foster 
trust in its outcomes. Our study successfully validated, for the first time, 
a BN model designed to characterise FIO losses from STS in rural 
catchments. Here, we discuss our findings in four key areas: (1) novel 
contributions of the research; (2) landscape features impacting FIO 
pollution from STS; (3) uncertainty and variability in model predictions, 
alongside implications from sensitivity analysis; (4) model trans
ferability to other regions and from catchment to national scale, and 
potential policy interventions.

Our research is the first to show how BN models can predict FIO 
pollution from STS to watercourses. Other research utilising BNs to 
investigate FIO pollution of water has focused on sources such as recy
cled water (Donald et al., 2009), sewer outflows (Goulding et al., 2012) 
and other matrices such as submerged aquatic vegetation (SAV), sedi
ments, and stormwater (Staley et al., 2012). We have thus contributed 
unique insight into understanding FIO pollution from STS by using a BN 
model to integrate diverse data types, such as expert opinion (Mzyece 
et al., 2024), modelled locations of STS from SEPA, and STS FIO con
centration data (Kay et al., 2008). This approach not only enabled 
effective model predictions when challenged with gaps in data but also 
facilitated model validation—an area where BNs based entirely on 
expert knowledge face challenges (Constantinou et al., 2016; Kleemann 
et al., 2017). By deploying a hybrid and discrete BN to quantify infor
mation loss due to discretization we have addressed concerns raised in 
prior research (Aguilera et al., 2010; Glendell et al., 2022). In addition, 
our use of two interpolation methods ensured a robust methodology 
(Lepot et al., 2017), with better validation outcomes observed when 
using LOCF over linear interpolation, avoiding significant under
prediction. Furthermore, our study explored FIO pollution in relation to 
a combination of landscape factors at a catchment scale, contributing 
new knowledge beyond previous studies that focused on individual 
factors considered in isolation, such as soil properties at laboratory scale 
(Billian et al., 2018) or STS proximity to watercourses at a watershed 

Fig. 4. Overall distribution of BN model predicted log10 FIO annual load (CFU) versus observed loads interpolated using the Last Observation Carried Forward and 
Linear interpolation methods in Cessnock (left) and Mein (right). BN predicted FIO loads are comparable to observed loads across both interpolation methods in 
Cessnock but under predict compared to Linear interpolated observed data in Mein. Outliers were excluded from the plots and the values above the boxplots show the 
number of samples plotted in each distribution. The distributions were plotted using the ggdist R package version 3.3.2.9000 (Kay 2024) with modified R code from 
Negri et al. (2024).

1 Maximum entropy calculated as Hmax = log2 (5) where 5 is the number of 
states in the target node.
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scale (Sowah et al., 2014). Limited research, whether empirical or 
modelled, exists on the combined effect of landscape factors on FIO 
transfer from STS to watercourses.

Our BN model combined three critical landscape factors: HOST- 
derived effluent movement risk, slope, and proximity to watercourses. 
The effluent movement risk provides an integrated assessment for sur
face runoff, groundwater leaching and the presence/absence of 
groundwater within 2 m depth as key FIO transfer pathways (Glendell 
et al., 2021). According to our BN model, the risk of FIO transfer is 
exacerbated by steep slopes and shorter distances to watercourses, 
which complements understanding of FIO transfer dynamics informed 
by both reductionist approaches using replicated soil boxes (Hodgson 
et al., 2016) and empirical field observations (Oliver et al., 2015; Sri
nivasan et al., 2021).

The riskiest combination of landscape features resulting in the 
highest STS FIO load (4.8 × 10¹⁰ cfu/yr) to a watercourse was very high 
HOST-derived risk classification, medium slope (5–25 %) and STS dis
tance to a watercourse of ≥50 m. Here, both surface runoff (where soils 
are peaty or a shallow gleyed layer is present that inhibits drainage) and 

leaching to groundwater (where soils are free draining and an aquifer is 
also normally present within 2 m), are possible pollution pathways 
(Gagkas and Lilly, 2019). In contrast, the lowest FIO load of 1.22 × 10¹⁰ 
cfu/yr was generated from STS in soils with a low HOST-based risk 
classification, moderate slope and STS distance to a watercourse of >50 
m. These areas featured relatively free-draining soils, no gleyed layer 
within 1 m, and no significant aquifer or groundwater. Here, the absence 
of an aquifer or groundwater contributed to low risk by preventing FIOs 
from reaching groundwater and later surface water via subsurface 
pathways (Buckerfield et al., 2019). Although some surface runoff is 
likely in soils with this HOST-derived classification, gentle slopes can 
reduce surface runoff resulting in water ponding and subsequently there 
might be increased FIO losses through leachate (Appels et al., 2016). For 
STS in soils with medium HOST-based risk —characterised by slow 
permeability within 1 m or gleying at 0.4 to 1 m and groundwater 
normally present at >2 m depth, the FIO load reaching a watercourse 
was slightly higher (3.7 × 10¹⁰ cfu/yr) compared to the previous sce
nario. This increase is likely due to greater FIO losses through surface 
runoff over the gleyed layer, as well as the influence of moderate slopes 

Table 2 
Predicted and observed FIO load per STS and load per catchment from the hybrid and discrete models.

Predicted Observed
Total FIO 
load per 
catchment 
from hybrid 
BN

Total FIO 
load per 
catchment 
from equal 
intervals 
discretised 
BN

Total FIO load 
per catchment 
from 
interpolated 
discretised BN

FIO 
load per 
STS 
from 
hybrid 
BN

FIO load per 
STS from 
equal 
intervals 
discretised 
BN

FIO load per 
STS from 
interpolated 
discretised BN

Total FIO load 
per catchment 
from Linear 
interpolation 
method

Total FIO load 
per catchment 
from LOCF 
interpolation 
method

FIO 
load 
per 
STS

Cessnock Mean cfu/ 
yr

2.76 × 1012 – – 4.63 ×
1010

3.59 × 1010 3.85 × 1010 4.05 × 1012 5.55 × 1012 6.17 
×

1010

​ Median ​ 2.04 × 1012 – – 3.22 ×
1010

3.25 × 1010 3.6 × 1010 3.47 × 1012 4.58 × 1012 5.25 
×

1010

​ Sum ​ – 2.34 × 1012 2.50 × 1012 – – – – – –
​ Minimum ​ 2.09 × 109 – – – – – 6.18 × 10–15 8.32 × 10–19 –
​ 5th 

quantile
​ 8.61 × 1011 – – – – – 1.25 × 1012 1.51 × 1012 –

​ 75th 
quantile

​ 3.88 × 1012 – – – – – 6.15 × 1012 8.52 × 1012 –

​ Maximum ​ 1.84 × 1013 – – – – – 2.22 × 1013 2.90 × 1013 ​
​ SD ​ 2.48 × 1012 ​ ​ 4.85 ×

1010
5.42 × 109 3.87 × 109 3.37 × 1012 4.8 × 1012 5.14 

×

1010

​ PBIAS % – – – – – – − 41.21 − 55.46 –
​ Under ​ – – – – – – 45 52 –
​ Optimal ​ – – – – – – 25 22 –
​ Over ​ – – – – – – 30 26 –
​ Shannon 

entropy
​ – – – – 1.26 1.62 – – –

Mein Mean cfu/ 
yr

2.31 × 1012 – – 4.36 ×
1010

3.32 × 1010 3.65 × 1010 1.74 × 1013 1.85 × 1012 5.10 
×

1010

​ Median ​ 1.04 × 1012 – – 2.86 ×
1010

3.57 × 1010 3.10 × 1010 1.49 × 1013 1.58 × 1012 4.34 
×

1010

​ Sum ​ – 1.31 × 1012 1.16 × 1012 – – – – – –
​ Minimum ​ 2.23 × 108 – – – – – 1.76 × 10–10 1.64 × 10–23 –
​ 5th 

quantile
​ 3.85 × 1011 – – – – – 5.26 × 1012 5.64 × 1011 –

​ 75th 
quantile

​ 2.09 × 1012 – – – – – 2.63 × 1013 2.81 × 1012 –

​ Maximum ​ 7.25 × 1013 – – ​ ​ – 8.72 × 1013 8.24 × 1012 –
​ SD ​ 1.38 × 1012 ​ ​ 4.82 ×

1010
4.48 × 109 5.12 × 109 1.44 × 1013 1.55 × 1012 4.28 

×

1010

​ PBIAS % – – – – – – − 93.02 − 34.18 –
​ Under ​ – – – – – – 83 42 –
​ Optimal ​ – – – – – – 5 25 –
​ Over ​ – – – – – – 12 33 –
​ Shannon 

entropy
​ – – – – 1.26 1.62 – – –
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(5–25 %), which enhance FIO transport via surface runoff.
While a moderate slope can increase the FIO load to a watercourse by 

promoting surface runoff, the proximity of an STS to a watercourse plays 
a more significant role. This is evident in the higher FIO load increase 
(23 %) observed when the distance between the STS and the water
course is reduced from 50 m to 10–50 m, compared to a 13 % increase 
associated with a slope change from 0 to 5 % to 5–25 %. These results are 
reinforced by the findings of Mzyece et al. (2024) where experts judged 
that the proportion of FIOs from a STS reaching a watercourse would 
increase by 20 % if the STS was located 10–50 m to a watercourse 
compared to 9 % if it was located >50 m from the watercourse. The 
greater FIO load due to reduced distance is attributed to fewer envi
ronmental barriers intercepting the STS effluent before it reaches the 
watercourse. For example, Stall et al. (2014), found that for STS effluent 
moving in an unsaturated zone of sandy soil via matrix flow, 30–45 cm 
to the groundwater table was less effective in straining bacterial colloids 
from the effluent and preventing groundwater pollution while 60 cm 
proved to be more effective. A similar principle applies to STS effluent 
transport to surface water and highlights the importance of maintaining 
a minimum 10 m buffer between an STS discharge and the nearest 
watercourse if not used as a drinking water source (SEPA, 2025). Longer 
distances, ranging from 50 m to 1.5 km, may be required depending on: 
the number of properties connected to the STS; whether it includes a 
soakaway; and the presence of a drinking water source in the area.

Although guidelines on appropriate slopes for STS placement are 
limited, UK construction standards implemented by the National 
Housing Building Council recommend slopes no steeper than 2 % for 

inflow connections to STS, to reduce influent velocity and disturbance in 
the tank, and no steeper than 0.5 % for effluent pipes in drain fields, to 
allow for extended retention and effective treatment. Our study further 
advises that STS planned for locations approximately 10 m from a 
watercourse should be constructed on slopes not exceeding 5 %. This 
approach can minimize runoff and reduce FIO loads by up to 13 %, 
compared to systems built on steeper slopes of 5–25 %.

Our study did not investigate the wider impact of land cover, e.g., 
improved grasslands, on water quality because this was beyond our 
scope. However, this topic has been addressed using the SCIMAP model, 
which demonstrated that variations in land management practices and 
coverage can affect FIO transfer within catchments (Porter et al., 2017). 
Typically, rural catchments with extensive grassland cover are more 
likely to experience animal-derived FIO pollution from agricultural ap
plications of manure and slurries, livestock faeces and human FIO 
pollution from STS (Hodgson et al., 2016; Oliver et al., 2018; Richards 
et al., 2016). Therefore, of crucial importance to our model evaluation 
was a need to differentiate between human sources of FIOs and those 
contributed via agricultural practices. We capitalised on the availability 
of accompanying MST data collected within our test catchments, which 
allowed us to distinguish between human and livestock FIO pollution 
signals in surface water and in turn deliver credible predictions of FIO 
loads contributed from STS in rural catchments. The integration of MST 
data with modelling results is increasing and can provide an effective 
approach to help differentiate sources of other pollutants in catchments 
too, for example nitrogen (Zimmer-Faust et al., 2025)

The BN model’s ability to predict mean and median values in the 
same order of magnitude as the observed data demonstrates that our 
model is fit for purpose (Neill et al., 2020). It assigned risk of FIO 
pollution from STS based on STS condition, location and the additional 
effects of landscape features in either reducing or increasing FIO transfer 
to waterbodies. However, the model underpredicted FIO loads, poten
tially due to overestimated treatment levels or the proportion of 
well-maintained STS (Glendell et al., 2021). Observed data limitations, 
such as seasonal sampling biases, may have also contributed to dis
crepancies (Sorensen et al., 2021; Torres et al., 2022) since in-stream 
FIO data are scarce, in part because the UK does not routinely monitor 
all rivers for microbial pollution (Oliver et al., 2016). Accessing good 
quality long-term data for model testing can therefore be challenging.

We were able to access FIO data collected over an annual period by 
SEPA; however, one year of data cannot capture the full range of hy
drological variability likely to influence uncertainty of observations. The 

Fig. 5. Predicted FIO load per septic tank in Cessnock (left) and Mein (right). Circle size indicates the magnitude of the load, with smaller circles denoting lower FIO 
loads and larger circles indicating higher loads. Circle colour reflects entropy levels. The background map shows the HOST-derived risk factors. Note that the scale 
used to depict the predicted FIO load differs between the two catchments.

Table 3 
Summary information relating to the sensitivity of each node.

Node Sensitivity

Minimum Maximum Average

Treatment 0 0.478 0.200
Condition 0 0.450 0.194
Direct discharge 0 0.181 0.084
ST_concentration 0 0.521 0.049
STload 0 0.328 0.028
HOST_risk 0 0.091 0.029
ST_distance 0 0.037 0.014
Slope 0 0.014 0.005
FIO delivery 0 0.032 0.001
Realised STload 0 0.133 0.003
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dataset comprised twice-weekly 24-h composite samples—an unusually 
high sampling frequency. For comparison, McDowell et al. (2024) sug
gest that twice-monthly sampling can be sufficient to detect long-term 
water quality trends and inform policy. Nonetheless, gaps within the 
twice-weekly design may not fully capture seasonal and flow variability 
affecting FIO mobilisation. For example, human FIO loads observed in 
summer to early autumn (September to November) are likely to be high 
due to nearby terrestrial sources benefitting from warmer temperatures 
(Cho et al., 2010) and therefore not representative of year-round con
ditions. Our accompanying MST data also represents a point in time for 
each sample and therefore, may not accurately represent the dynamic 
changes in human/livestock proportions, as influenced by seasonality 
and temporal factors (Ahmed et al., 2013; Duncan et al., 2013). While 
such factors can be critical when estimating absolute diffuse-source FIO 
loads, this study’s aim was to evaluate a model of septic tank inputs. 
Observed load estimates were used primarily as a “sense check” to 
confirm that model predictions did not exceed plausible catchment-scale 
loads.

Interpolation can introduce uncertainty, particularly when data gaps 
are large. LOCF often underestimates variability and can overemphasise 
a sample collected immediately before a pause in sampling, potentially 
skewing the inferred daily load if conditions at that time were atypical 
(Mavridis et al., 2019). To address this, we also applied linear interpo
lation, which assumes a constant rate of change between observations 
and reduces—but does not remove—bias under changing conditions 
(Juhan et al., 2025). The use of both approaches provides a range of 
plausible load estimates, serving as a safeguard against unrealistic 

predictions rather than as a definitive quantification of total load. Future 
work could test the model in even more data-rich catchments if sup
ported by targeted sampling campaigns —ideally with little or no 
wastewater treatment influence—paired with high-resolution FIO sam
pling to better capture the full range of water quality dynamics.

Our BN model generally exhibited high uncertainty, particularly 
when predicting low FIO loads. This indicated lower confidence in 
assessing low-risk scenarios compared to high-risk ones. This discrep
ancy may have been due to a data imbalance (Fanconi et al., 2023), as 
fewer STS exhibited low FIO loads (8 % in Mein) compared to the ma
jority (92 %) showing medium to high loads. As a result, the BN model 
was better trained to recognize high FIO load patterns (Lambert et al., 
2022). Furthermore, the limited data on the condition and maintenance 
of STS with low FIO loads increased prediction uncertainty. To reduce 
this uncertainty, high-quality data on STS condition and main
tenance—identified as critical parameters through sensitivity analysis 
(Kaikkonen et al., 2020)—are needed. Therefore, future research should 
prioritize gathering more reliable data on STS condition and mainte
nance, including targeted surveys of septic tank owners to gain insight 
into their system management practices and perceptions of STS-related 
risks.

Uncertainty analysis also provided valuable insights into the model’s 
transferability with respect to soil and hydrological characteristics. BN 
application to areas with relatively homogeneous soil hydrological 
characteristics resulted in greater confidence in modelled outputs. 
However, BN predictions were susceptible to increased uncertainty 
when applied in a catchment with diverse soil-hydrological 

Fig. 6. Heatmaps visualising: a. STS density calculated using kernel density estimation with high density represented by deep red colour shading and lower density 
represented by light shading. The points representing STS are weighted as follows: b. STS with FIO load less than Q1 (5.60 × 1010 cfu/yr); c. STS with FIO load less 
than the Median (7.88 × 1010 cfu/yr); d. STS with FIO load greater than the Median (7.88 × 1010 cfu/yr) and e. STS with FIO load greater than the Q3 (9.13 × 1010 

cfu/yr). The black lines in the maps represent boundaries of local authority areas in Scotland.
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characteristics. As catchments become larger and more complex, 
whether due to underlying soil, hydrological and geological character
istics or because of greater diversity and nuance in land use or man
agement approaches, we can expect model predictions to be 
accompanied with higher uncertainty, and this is not uncommon 
(Boodoo et al., 2025; Woodward et al., 2017; Yao et al., 2025). There
fore, when the BN was applied to the national scale STS data for Scot
land, greater confidence in model results was associated with Central, 
East and West Scotland where most STS i.e. 29,873, 26,955 and 17,051 
respectively, were associated with a moderate to high HOST-derived risk 
classification. In contrast, predictions were more uncertain for South 
Scotland, which featured STS associated with a variability of 
HOST-derived risk factors. Here, the model predictions can be utilised as 
a first approximation of FIO water pollution risk from STS, helping to 
prioritise spatial investigation on-the-ground, recognising that further 
data input on the condition/maintenance of STS would help to improve 
model outcomes.

The model offers further critical insight into areas in Scotland at high 
risk of FIO pollution from STS, particularly rural and agricultural regions 
where livestock-driven FIO pollution has been widely studied (Neill 
et al., 2018; Oliver et al., 2016; Scottish Government RESAS, 2017). In 
rural agricultural catchments, STS are rarely considered in terms of their 
overall contribution to the FIO load of receiving waters, in part because 
they are challenging to monitor and due to difficulties in differentiating 
the human/livestock FIO signal (Diaz-Elsayed et al., 2017; Harwood 
et al., 2013). To date, greater emphasis has been given to understanding 
the relative importance of different agricultural sources of FIOs, (e.g. 
Hodgson et al., 2016; Murphy et al., 2015; Neill et al., 2020; Oliver et al., 
2018; Zimmer-Faust et al., 2025), and more recently wildlife contribu
tions (Afolabi et al., 2020). Therefore, the development of tools and 
modelling approaches, built on credible evidence as demonstrated in our 
study, helps to identify the contribution of STS is essential to ensure 
these sources are not overlooked.

Using Scotland as a case study, our findings highlight that a high 
density of STS does not necessarily translate to high FIO loading of 
receiving waters, as observed for northeast Scotland, where risks appear 
to be well constrained. In contrast, southwest Scotland contributed 
higher FIO loads from STS and exceeded the 3rd quartile, which is 
significantly higher than the EU bathing water standards for inland 
waters and therefore a cause for concern. Indeed, bathing water quality 
in some areas across SW Scotland has been of lower quality relative to 
other bathing waters in Scotland (Scottish Environment Protection 
Agency, 2016). This is often attributed to intensive dairy farming and 
wetter weather (Edwards et al., 2008; Vinten et al., 2008); however, our 
findings raise the prospect that STS contributions to FIO loading of 
receiving waters may also play an important role in influencing micro
bial pollution in this region of Scotland.

5. Conclusion

To our knowledge, this is the first time a BN model has been shown to 
effectively predict FIO losses from STS to watercourses in rural catch
ments, demonstrating how STS condition and maintenance influence 
FIO loads. Additionally, our approach highlights how soil hydrology, 
slope, and the distance between the STS and watercourses either hinder 
or facilitate FIO transfer from STS to receiving waters. The multi-scale 
application of the BN model from catchment to national scale further 
demonstrates its use and value to policy-makers and land managers with 
a responsibility for water quality assessment. Enhancing model perfor
mance especially in catchments with varied soil-hydrological charac
teristics, will require future research to refine data on STS condition and 
maintenance while validating model predictions with high-resolution 
and longer-term data. Improved data will not only enhance model ac
curacy but also aid regulators and researchers in understanding septic 
tank users’ perceptions of faecal pollution risks to watercourses. Ulti
mately, this BN model demonstrates a crucial step in developing a tool 

that regulators can use to mitigate pollution from often-overlooked 
sources such as STS, thus contributing to further safeguarding of bath
ing water quality and public health. Expanding the BN model framework 
to account for a wider range of FIO sources typical of more complex 
mixed land use catchments represents an important next step. This 
would help to improve holistic assessment of FIO contributions from 
diffuse agricultural sources, municipal wastewater effluent discharges 
and wildlife, in addition to STS.
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