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The flow arriving at a wastewater treatment plant mixes municipal sewage, rainfall, soil moisture and
groundwater, yet is routinely interpreted as if its composition were fixed. Despite the uncertainty this
introduces to any case where the signal is used, from combined sewer overflow management to
wastewater-based epidemiology, source-resolved composition is relatively underexplored. Here we
introduce WWCompose, an empirical-conceptual model that recovers the dynamic contributions of
rainfall, soil moisture and groundwater to daily influent, and apply it to approximately 2900 treatment
plants across England using open national data. Predicted flows match observations out of sample
(median held-out Kling–Gupta efficiency 0.64; 60% of plants above 0.6), with fitted parameters
organising around hydrogeology, permeability and urbanisation. Non-municipal water is widespread:
municipal flowaverages 61%nationally, and at individual worksmay vary from100% in dryweather to
<5% during the wet conditions that often dominate periods of interest.

Influent arriving to a Wastewater Treatment Plant (WWTP) constitutes
water frommultiple sources andpathways. It is composed of household and
trade wastewater, direct storm water runoff and drainage, rainfall-derived
inflow and infiltration1, and groundwater2. The composition of influent
matters because the same observed flow can create different interpretations
for flooding3, combined sewer overflow spills4, diffuse urban pollution5,
receiving-water exposure6, wastewater-based epidemiology7, and the design
or operation of treatment technology8. For example, the consequences of a
sewer spill depend strongly on whether the discharged flow is primarily
rainwater or municipal effluent6, while interpretation of SARS-CoV-2
wastewater samples depends on the number of people contributing to the
influent9. Both cited examples implicitly assumed a static influent compo-
sition, introducing significant uncertainty given its known dynamic
variability10. Rainfall-derived inflow and infiltration, and groundwater
sources are established as major influent contributors11,12, observed to
compose up to 70% of influent at some WWTPs11,13. However, they are
difficult to estimate owing to multiple data, scale, and conceptual
limitations14. Themechanism for groundwater ingress is that thewater table
rises above some pipes in a sewer network and enters through cracks or
gaps15; this is categorised as phreatic zone sewer infiltration14. Although this
process is conceptually straightforward, variability in pipe depths and
groundwater depth make quantifying phreatic zone sewer infiltration
incredibly challenging fromadataperspective16. Rainfall-derived inflowand
infiltration is referred to as vadose zone sewer infiltration14, which captures a
diverse set of potential processes in thenear-surface such as preferentialflow
paths17 and connectivity with hydrological features such as rivers18,19.
Although characterising each mode completely requires comprehensive

data andmodelling efforts16, dynamic variability inphreatic zone infiltration
can generally be attributed to variability in groundwater level20 and varia-
bility in the vadose zone to soil moisture21.

A combination of physical modelling22, statistical data analysis and
machine learning23,24, and conceptually based empirical methods25 has been
demonstrated to achieve goodpredictive performanceofWWTP influent in
literature. These studies are typically focused on few WWTPs further
highlighting the data limitations in sewer infiltration. The only studies that
investigate infiltration on more than 10 WWTPs26–28, do not make predic-
tions aboutWWTP influent and so cannot be validated. Furthermore, none
of these larger scale studies examine the implications of influent composi-
tion as part of their modelling approaches, focussing instead solely on flow
prediction.

Quantifying influent composition currently requires intensive field
surveys involving tracers29, which do not scale to the hundreds or thousands
of WWTPs at national scale. The clearest demands for composition esti-
mates are inherently large-scale, for example, in the UK, successive gov-
ernments have committed £60 billion to the alleviation of sewer spills30.
However, appropriate interventions differ fundamentally depending on
composition; pipe-lining might reduce groundwater-driven spills but it
would not reduce precipitation-driven spills. Similar arguments apply to
wastewater-based epidemiology, where the human-derived fraction of a
sample governs its interpretation, and to the representation ofwastewater in
hydrological models. These applications motivate (i) a simulation tool that
does not depend on explicit sewer-network topology or site-specific cam-
paigns, (ii) its application at national scale, and (iii) a characterisation of the
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catchment factors that control where each infiltration mechanism dom-
inates, so that behaviour can be anticipated at unmodelled locations.

In this study, we identify that the open data environment in England
currently supports a nationwide assessment and validation of WWTP
influent composition in 2,900 locations. We build on existing conceptually
based empirical methods25 to test the hypothesis that daily influent flow
contains recoverable signatures from dynamic data on rainwater, soil
moisture, and groundwater level. The outputs of such an approach facilitate
quantifying dynamic wastewater composition with applications ranging
from sewer spills to wastewater epidemiology.

Results
National model performance
We validate our approach by comparing predicted and observed daily flow
at WWTPs across England (Fig. 1), reporting for eachWWTP the median
KGE over the ten held-out cross-validation blocks (Methods, Calibration
and validation). Thenationalmedian is 0.64 (inter-station IQR0.53− 0.72),
60% of works exceed 0.6 and 87% exceed 0.4. For comparison with studies
reporting traditionalmetrics, thenationalmedianR2 between simulated and
observed flows is 0.55; station rankings under R2 and KGE agree almost
exactly (Spearman ρ = 0.99), so the choice of metric does not affect our
conclusions. The spread over cross-validation repetitions is narrow relative
to the national performance gradient, indicating that the fitted decom-
positions are not dominated by arbitrary split-to-split variability. The
lowest-performing works are interpretable failures rather than random
outliers: visual inspection commonly shows operational signatures in the
effluent record; primarily abrupt changes in mean flow or variance. The
main medium-performance band KGE ≈ 0.4−0.6 constitutes 28% of
WWTPs and is concentrated in the east of England, consisting of smaller
plants with more variable operational regimes and drier catchments. Held-
out performance increases with record length (Spearman ρ = 0.33), works
size (ρ = 0.34, taking the fitted municipal constant as a size proxy) and
catchment wetness (ρ = 0.25); these three factors are only weakly related to
one another (∣ρ∣ ≤ 0.17). Drier climates and more permeable geology are
typically harder to fit, with the driest 5% of catchments (those with average
catchment daily rainfall below the 5th percentile across all stations, com-
pared against all remaining stations) having a median held-out KGE = 0.57
and higher permeability catchments (compared against low and medium
permeability combined) KGE = 0.58, see Fig. 1 and the Parameter and
composition variability section for further details.

Spatial structure in fitted parameters
The fitted parameters exhibit distinct spatial organisation (Fig. 2) varying
from parameter to parameter. For example, the constant scaling parameter
for groundwater contributions CGW broadly traces major aquifers (Spear-
man ρ=0.16 against the presence of a highly productive aquifer31, p< 10−17),
the constant scaling parameter for municipal contributions CMun increases
around urban areas (ρ = 0.89 against catchment impervious area), and the
exponent applied to precipitation contributions EP increases in the wettest
regions (ρ = 0.20 against mean catchment rainfall, p < 10−25). If wastewater
catchments fell into a small number of archetypes – recurring joint con-
figurations ofmunicipal, groundwater, soil-moisture and rainfall behaviour
– the fitted parameters would exhibit strong low-dimensional structure,
with a fewprincipal components explainingmost inter-station variance and
stations separating intodistinct clusters.Neither is observed.Although some
common structure exists across fitted parameters, it is weak: the top four
components of a principal component analysis explain 47% of the variance
across the 17 fitted parameters, and the top eight explain 73%. K-means
clustering of the same standardised parameters identifies only two separable
groups, corresponding to works without a usable borehole and to works
whose soil parameters sit at extreme SoilGrids-derived bounds; both
groupings are imposed by data availability rather than fitted behaviour.We
therefore find no support for distinct wastewater catchment archetypes:
catchments occupy a continuum organised by individual controls (aquifer
presence, urbanisation, wetness). Weak structure may also partly reflect
fitting noise across stations (see Discussion). The upper precipitation gate
threshold Thi

P;gate, the cap on rainfall excess Tub
P , field capacity θi, saturated

water content θs, and wetting-front suction head ψ are omitted from Fig. 2
because they show limited variability or no distinctive national spatial
pattern.

National composition
The fitted models derive the composition fractions for a givenWWTP on a
givenday.Thesedaily compositions are averagedover the entiredataperiod,
2011−2023, and shown inFig. 3.At a national scale,municipal is the largest
average contribution (61%; inter-station IQR 54–71%), followed by soil
moisture (20%; 13–26%), groundwater (12%; 0.1–18%), and precipitation
(7%; 4–9%). Despite its prevalence, only 0.1% of catchments are >95%
municipal, highlighting the rarity of a textbook fully separate sewer system.
Sensible spatial groupings are evident – we see higher precipitation com-
position in the wetter west, lower soil moisture composition upon chalk

Fig. 1 | National model performance across
England WWTPs. Left: median held-out Kling--
Gupta efficiency (KGE) for each plant, over the ten
cross-validation blocks. Right: exceedance prob-
ability (x-axis) for a given KGE value (y-axis), dif-
ferent coloured lines show different groups, while
the grey band shows the 25th–75th percentile across
cross-validation repetitions.
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Fig. 2 | Spatial structure in fitted model parameters. Per-WWTP average para-
meter values. GW stands for groundwater, θ for soil moisture, P for precipitation,
Mun for municipal. C refers to a linear factor applied to that model component, T a

threshold above which a contribution must rise to contribute to influent, and E an
exponent applied to contributions above T. Ks refers to saturated conductivity.
Further details are provided in Methods.
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(Spearman ρ = −0.23 against chalk rock units31, p < 10−36), and higher
groundwater composition above major aquifers (quantified in the Para-
meter and composition variability section)—but compositions within these
categories are still highly variable. The groundwater range additionally
reflects the 10% of works without a usable borehole (Methods, Data sources
and alignment).Municipal-dominatedworks in the drier east coincide with
the medium-performance band of Fig. 1, consistent with the weaker
climate-driven signal available for fitting there.

The decompositions are robust to the period used for fitting: across the
ten cross-validation fits, the national-median spread (interquartile range) of
a work’s average composition is 2.5 percentage points for the municipal
fraction, 1.7 for groundwater, 1.6 for soil moisture and 0.8 for precipitation.
The minority of works with spreads above 10 percentage points coincide
with the lower-performance sites of Fig. 1 (medianheld-outKGE0.57versus
0.65 elsewhere). Supplemental Fig. 1 shows these bounds at the three case-
studyworks: the decomposition iswell constrained atWestwoodBrook and
Oakley, whereas at Chesham we see how the groundwater component can,
in some repetitions, consume the entire municipal component.

Parameter and composition variability
Figures 1 and 3 indicate the importance of aridity and permeability towards
model behaviour. We investigate these categories in greater detail with
Fig. 4, which shows, for eachfitted parameter, average composition fraction,
and held-out performance value, the signed two-sample

Kolmogorov–Smirnov statistic between each stratum (high permeability;
driest 5%; wettest 5%) and all remaining stations (Methods, Analysis of
fitted models); values beyond the dashed lines differ significantly at the 5%
level. No normalisation is applied before the tests; the
Kolmogorov–Smirnov statistic depends only on the ordering of values
within each sample. For absolute-magnitude parameters, principally CMun,
group differences therefore partly reflect systematic differences in works
scale between strata, and we interpret these rows accordingly. The results
support the interpretation of model behaviour, below.

Greater permeability is associated with reduced soil-moisture and
rainfall composition, θ(%) andP(%), consistentwith greateropportunity for
surface-water dissipation before reaching the sewer network. Reduced
contributions from these sources correspond to increased composition
proportions of groundwater and municipal, GW(%) and Mun(%). Muni-
cipal composition increases by more than groundwater composition. We
interpret this as reflecting sewer depth: sewers are typically laid at depths of
0.5−5m32 that are above the water table across much of England’s
permeable geology, whereas nearly all works have a significant municipal
component. Consistent with this, at the high-permeability exemplar Che-
sham the assigned borehole records water tables at 38−42m depth,
implying that evenwhere chalk infiltration is confirmedbyfield samples it is
localised rather thannetwork-wide.Practically, this suggests that infiltration
reduction in permeable catchments should target specific below-water-table
assets rather than network-wide rehabilitation. We see that some

Fig. 3 | National wastewater composition. Per-plant average composition.Mun. stands for municipal, GW for groundwater, θ for soil moisture, and P for precipitation.

https://doi.org/10.1038/s41545-026-00630-2 Article

npj Clean Water Article in Press

www.nature.com/npjcleanwater


Fig. 4 | Signed Kolmogorov–Smirnov statistics comparing fitted parameters,
average compositions, and held-out performance between strata and all
remaining stations. Top row: high vs low/medium permeability; middle row: driest

5%; bottom row: wettest 5%. Boxes show the distribution over the ten cross-
validation replicates; dashed lines mark the 5% significance threshold.
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parameters contributing to soilmoisture (the constant scaling parameter for
soil moisture contributions Cθ, the exponent applied to soil moisture con-
tributions Eθ, saturated hydraulic conductivityKs) do increase, but also that
the soil moisture contribution threshold Tθ increases, consistent with
weaker overall soil-moisture contributions (decrease in θ(%)) that occur in a
more peaked manner.

WWTPs in drier areas show higher municipal composition and
reduced composition from all other sources. Reductions inTθ and the lower
precipitation gate threshold T lo

P;gate, and increases in Thi
P;gate and Eθ, are

consistent with more variable but weaker (decreased Cθ and the constant
scaling parameter for precipitation contributions CP) contributions from
direct and indirect soil moisture. In contrast, reductions in the exponent
applied to groundwater contributions EGW and EP and increases in the
groundwater contribution threshold TGW and the precipitation contribu-
tion threshold TP are consistent with decreased variability in contributions
from groundwater and precipitation. Wetter WWTPs generally show the
reverse associations, with higher precipitation and direct soil-moisture
contributions and reduced municipal, groundwater and indirect soil-
moisture contributions.

Case studies
Three exemplar sites are demonstrated with timeseries to illustrate visually
how the observation data is incorporated into WWCompose and the
importance of dynamic variabilitywhen interpretingdecomposition results,
shown in Fig. 5. The sites exhibit a variety of behaviours and cover different
climate and hydro-geological conditions. Westwood Brook, a high-
performing low-permeability site, demonstrates a balanced composition
varying strongly in time – the situation in which decomposition is most
consequential. Chesham, a high-permeability chalk site with field-
confirmed infiltration, isolates groundwater-level-driven behaviour and
the limits of single-borehole forcing. Oakley combines ephemeral ground-
water overtopping with the difficulty of fully capturing precipitation-driven

response. Together they span the permeability–precipitation combinations
that occur in England; the remaining combination, high permeability with
high precipitation, is essentially absent (0.3% of classified works) because
permeable superficial andbedrock geology is concentrated in the drier south
and east.

The fitted soil moisture, borehole groundwater level, dynamic com-
position and predicted versus simulated flow at the WWTP are shown
in Fig. 6.

Westwood Brook WWTP is a high precipitation site upon mudstone,
sandstone and siltstone bedrock with no superficial deposits, classified as a
low permeability site. It has a balanced composition across sources, its
model performance is in the top 1.5%of stations. Itsmunicipal contribution
varies between 20 and 100%, with some periods exhibiting an equal split
between municipal, rainfall, phreatic, and vadose zone infiltration; the
interpretation of any individual spill or sample at this site therefore depends
stronglyon its timing. It exemplifies aWWTPwhere compositionanalysis is
of critical importance. Despite sewer overflows in this catchment spilling 88
times in 2025 for a total of 650 h33, infiltration is not reported as a driver of
overflow causes, illustrating the gap that composition analysis can fill.

Oakley WWTP is a high precipitation site upon clay, silt, sand and
gravel superficial deposits above a chalk bedrock, classified as a low per-
meability site. Oakley demonstrates ephemeral phreatic zone infiltration
particularly well, with groundwater overtopping into the sewer network in
2014. Any other variability is generally precipitation dominated and high-
lights the difficulty in achieving the highest, >0.75KGE, performance values
in the wetter catchments, Fig. 1, which we attribute to the dominant
influence of heterogeneous sewer infrastructure during rainfall events, and
to storage within the works shifting event volumes between days.

CheshamWWTP is a low precipitation site upon chalk bedrock with
no superficial deposits, classified as a high permeability site. It is also a site of
special attention to the privatewater company that operates the plant owing
to its widespread phreatic zone infiltration confirmed by field samples. The

Fig. 5 |Map of exemplar case study locations. SelectedWWTPs span contrasting regions. Elevation data is fromTerrain Tiles, accessed on 2026-06-01 fromhttps://registry.
opendata.aws/terrain-tiles. The inset basemap is © OpenStreetMap contributors, available under the Open Database Licence (https://www.openstreetmap.org/copyright).

https://doi.org/10.1038/s41545-026-00630-2 Article

npj Clean Water Article in Press

https://registry.opendata.aws/terrain-tiles
https://registry.opendata.aws/terrain-tiles
https://www.openstreetmap.org/copyright
www.nature.com/npjcleanwater


WWTP flow variability tracks groundwater level in contrast to soil moist-
ure, which instead has peaks occurring 3–6 months earlier than ground-
water level peaks. The significant depths recorded at the assigned borehole
(38–42m) are deeper than any pipe would be set, indicating that the infil-
tration is likely occurring in a localised area, presumably adjacent to the
rivers in the catchment; a single assigned borehole cannot be assumed
representative of groundwater conditions across the catchment (see
‘Discussion’).

Discussion
Our central result is that source-resolved wastewater composition is reco-
verable at national scale from open data alone: WWCompose reproduces
observedflows out of sample across a never before demonstrated number of
WWTPs (Fig. 1), without explicit sewer-network topology. The composi-
tion maps, Fig. 3, reveal widespread non-municipal flow arriving at
WWTPs. When disaggregated over time, for example, as shown in West-
wood Brook, Fig. 6, the importance of wastewater decomposition becomes
evenmore apparent, with non-municipal sources dominating duringwetter
periods. The spatial parameter patterns in Fig. 2 and detailed parameteric
assessment in Fig. 4 further indicate that the fitted quantities organise
around hydrogeology, permeability, urbanisation, and soil in broadly
intuitive relationships. AlthoughWWTP archetypes were not apparent, the
clearest catchment characteristics to delineate behavioural differences were
aridity and permeability, supporting results from34. Because no national
open data on sewer asset age or condition exist, the fitted quantities are
effective parameters that absorb local asset condition: at a given geology and

climate, higher groundwater or soilmoisture composition is interpretable as
a leakiernetwork, soFig. 2 canalsobe readas a screening indicatorof relative
network condition—an interpretation directly testable where utilities hold
asset registers. The catchment controls (aquifer presence, permeability,
aridity and urbanisation) covary with one another and with the geography
of data availability such as usable boreholes—so disentangling their inde-
pendent effects, together with spatial statistics for individual parameter
fields (e.g.Moran’s I) andadditional explanatorydata suchas sewer asset age
and condition where these become available, is left to future work.

We identify a variety of use cases for WWCompose, discussed below.
Understanding the impact of combined sewer overflow spills is a key

focus area of successive UK governments at present, who have committed
£60 billion to their remediation30. Existing literature has already indicated
that 80% of total monitored spill duration is likely to be driven by soil
moisture or groundwater sources4. Wastewater decomposition facilitates
prioritising spills based on their proportion that is municipal, and targeting
investment to the siteswithmost concentrated sewage spills. Furthermore, if
a site has been selected for remediation, decomposition can direct appro-
priate solutions. For example, Nature Based Solutions (NBS) are a com-
monly proposed sewer spill intervention35, and they may reduce spills that
occur during high precipitation composition periods, however, they may
worsen spills that occur during high soil moisture composition periods and
will either not impact or potentially worsen, depending on their spatial
extent, spills that occur during high groundwater composition periods.

A variety of research fields benefit from more granular detail in the
influent to aWWTP. Provision of municipal composition is directly usable

Fig. 6 | Selected site time series and inferred wastewater composition. Top row shows fitted soil moisture (θ), second row shows borehole observations formulated as
groundwater depth below surface datum (GWD), third row shows dynamic composition of influent, bottom row shows predicted and observed WWTP flows.
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for wastewater epidemiologists9, and, if paired with sample timings, may
reduce the large uncertainty in interpretation attributable to the unknown
human-waste fraction36. In contrast, pairing composition with influent
chemical samples may facilitate better quantifying diffuse urban pollution,
which also has a significant uncertainty owing to the variability in com-
position of a given sample37, and has already been demonstrated for extreme
precipitation events in urban drainage systems38. More widely, dynamic
simulation of wastewater influent is required for analysis and design of
WWTP technology39. Phenomenological models, such as ref. 40 have
demonstrated the value of splitting influent into different processes to
generate such simulations. WWCompose profiles could be further devel-
oped to link topollutant sources topredictwaterquality profiles that achieve
similar dynamicwater qualitywhich could be used forWWTPperformance
analysis. For site-specific applications, the robustness of a decomposition
could be further examined by sampling parameter sets whose objective lies
within a practically indistinguishable band of the optimum and inspecting
the spread of the resulting compositions. Water quality observations could
also constrain the decomposition itself: conservative tracers such as elec-
trical conductivity or chloride, interpreted through end-member mixing,
distinguish municipal from groundwater and rainfall sources and could be
added to the calibration objective to reduce equifinality where flow alone
cannot. In England, routine regulatory samples are too sparse – typically
monthly – to constrain a daily model, but targeted sampling at works
experiencing equifinality (e.g., Chesham in Supplementary Fig. 1) may be
effective.

Wastewater networks are the key driver of urban hydrology and are
integral even at catchment scale hydrology41, interacting with fluvial and
pluvial flooding. Identifying composition enables better quantification of
wastewater processes in both hydrological and hydrodynamic pipe models.
The aggregated conceptual representation may be broadly compatible with
lumped hydrology models and could potentially be integrated into large
scale hydrology initiatives such as CAMELS-GB42. For more detailed urban
drainage models, results are partially transferable. Soil moisture repre-
sentation in the StormwaterManagementModel (SWMM)43, a popular and
open-source model for urban drainage modelling, includes a Green-Ampt
infiltration model and power-law relationship for soil-to-pipe inflows as in
WWCompose. Although this behaviour is defined in SWMM as a
groundwater representation, based on the analysis presented in this work, it
would more accurately be described to capture soil moisture-driven infil-
tration. The prevalence of groundwater contributions in some locations
highlights the importance of enabling large scale aquifer groundwater table
overtopping in SWMM-like models, which currently requires external
packages to implement44. As with sewer spills, the integrated picture pro-
vided byWWComposemay be used to guideflood interventions, helping to
understand the interplay between precipitation-driven, soil moisture-dri-
ven, or groundwater-driven flooding.

WWCompose recovers composition from flow alone, and its main
limitations follow from that design. Calibration validates the reproduction
of total flow rather than of the individual components, so different para-
meter arrangements could in principle produce similar flows (equifinality).
A small regularisation term resolves otherwise indistinguishable decom-
positions towards the more direct entry pathway (municipal over ground-
water, rainfall over soil moisture; see Methods). Parameter equifinality
arising due to differences inmeteorological calibration period, measured by
composition spread across repetitions, is generally small (see Results),
however, in some cases, for example, where groundwater is dominant, it is
difficult to distinguish from municipal, as illustrated in Chesham,
Supplemental 1.

The municipal term is deliberately constant and combines both resi-
dential and non-residential wastewater.We avoided variation in residential
water use to avoid conflationwith the seasonal infiltration signals. Although
population at wastewater catchment scale can be calculated45, no national
scale open data on non-residential wastewater could be sourced and so its
inclusion would simply introduce an additional constant term into
WWCompose and reduce parameter identifiability. Where composition

estimates are required for a specific catchment, local data onnon-residential
discharges should be sought; beyond this, population-presence modelling
offers a demonstrated route to dynamic municipal estimates46.

Performance reflects both data availability and applicability: held-out
KGE increases with record length (Spearman ρ= 0.33), works size (ρ= 0.34)
and catchment wetness (ρ = 0.25), factors that are only weakly inter-related
(see Results). At small works in dry catchments the climate-driven signal
thatWWCompose recovers isweak relative to operational variability, which
the model does not represent; longer records, spanning more hydrological
variety, improve identifiability.

Effluent is used as a proxy for influent, requiring the assumption that
the two are comparable at the daily timescale. Hydraulic residence time
within larger works can exceed a day, and storm tanks and diurnal storage
carry over volumes between days; these processes bias time-sensitive
parameters—particularly the precipitation response—and contribute to the
difficulty of fully capturing rainfall-driven dynamics even at otherwise well-
performing wet sites such as Oakley. Influent gauging, where available,
would remove this assumption.

Groundwater forcing relies on a single assigned borehole, which may
not be representative of groundwater conditions across the catchment: at
Chesham, borehole water-table depths of 38−42m indicate that even field-
confirmed chalk infiltration can be localised rather than network-wide.
Further, 10% of works have no usable borehole, in which case the
groundwater term is removed and any true phreatic contribution will be
partly absorbed by the soil-moisture term, whose forcing co-varies with
shallow groundwater.

Finally, parameters are fully site-specific. The framework transfers
wherever comparable open data exist, but fitted values do not, and pre-
dicting composition at unmonitored works remains beyond the scope of
this study.

In summary, national-scale wastewater composition can be inferred
from open data, with 60% of EnglishWWTPs exceeding amedian held-out
KGE of 0.6, in the largest such assessment demonstrated to date. The results
show that non-municipal water is widespread even where municipal flow
dominates long-term averages, and that permeability, groundwater, soil
wetness, precipitation, and operational controls each leave identifiable sig-
natures in effluent records. Aridity and permeability emerge as the clearest
controls on composition, whereas distinct catchment archetypes do not. By
turning a routinely monitored but rarely decomposed signal into a source-
resolved, time-varying quantity,WWCompose provides a transferable basis
for prioritising sewer overflow interventions, sharpening wastewater-based
epidemiology, and representing wastewater within hydrological and urban
drainage models. More broadly, it demonstrates that the dynamic prove-
nance of wastewater is recoverable wherever comparable open data exist.

Methods
Our approach, called Wastewater Compose (WWCompose), extends
existing empirical-conceptual studies such as the ’Triangle Method’ and
’Moving Minimum’methods proposed by ref. 27 and ’Quasi-linear Model’
approach proposed by ref. 25, which further provided dynamic estimates of
dry-weather flow components. These studies recognise the difficulty in
acquiring sufficient information to fully characterise a sewer network and
instead create a conceptual model, splitting wastewater into constituent
components, with few parameters that can be fitted to existing data.
WWCompose, described in full in theModel structure section, assumes that
the dynamic components of influent (rainfall, soil moisture, and ground-
water) must exceed a specified threshold after which they contribute to
influent with a linear and exponential component. We use climate data to
force the model and, where possible, constrain these parameters with
geospatial data, as described in the Data sources and alignment section.
WWCompose is fit using best practice split-sample cross-validation and a
sequential fitting process with final re-optimisation, described in the Cali-
bration and validation section. Analyses of thefittedmodels are described in
the Analysis of fitted models section.
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Model structure
Simulated effluent flow at daily timestep t (days) is decomposed into
municipal, groundwater, soil-wetness, and effective-precipitation terms, all
in m3 d−1:

QsimðtÞ ¼ CMun þ QGWðtÞ þ QθðtÞ þ QPðtÞ: ð1Þ

Besides CMun, which is assumed constant over the study period, each
term is calculated by the distance a variable is above a threshold, however,
the precise formulation differs for each term, as follows. Each dynamic
component contributes through a shared threshold–scaling–exponent form
(Eqs. (2), (6), (8)): this is the minimal form able to express threshold
behaviour, magnitude, and non-linearity of response for each pathway,
while remaining fittable from flow data alone. When bounds are specified
below, such as CMun ∈ [0, 1e6], these are the bounds within which the
optimiser fits parameters, described in further detail in the Calibration and
validation section; the fitted parameters, their units, bounds and bound
provenanceare summarised inTable 1.Althoughpopulation andmunicipal
water use vary over time, CMun is held constant for the reasons discussed in
the Discussion.

Model structure: groundwater
Groundwater depth, d(t) units (m), at the assigned borehole reduces
groundwater contributions, and increases when the water table is shallow:

QGWðtÞ ¼ CGW max TGW � dðtÞ; 0� �EGW ; ð2Þ

with fitted coefficient CGW ∈ [0, 1e4], threshold TGW ∈ [0, 100], and
exponent EGW ∈ [0, 2].

Model structure: soil moisture
A scalar soil-store depth θ(t) (mm) is forced by rainfall P(t) and reduced by
ET0(t), using a daily Green–Ampt-style recurrence47, an established infil-
trationmodelwith fewparameters, all ofwhich can be bounded by open soil
data (Methods, Data sources and alignment). We use an explicit form to

improve computational efficiency during fitting:

θ�ðtÞ ¼ max θðt � 1Þ � ET0ðtÞ; 0
� �

; ð3Þ

f ðtÞ ¼ Ksðψ Δθ þ εÞ=ε; θ�ðtÞ < ε;
Ks 1þ ψ Δθ=θ�ðtÞ� �

; θ�ðtÞ≥ ε;

(
ð4Þ

θðtÞ ¼ θ�ðtÞ þmin PðtÞ; f ðtÞ� �
: ð5Þ

Here Δθ = θs− θiwith θs and θi dimensionless saturated water content and
field capacity respectively; P, ET0, θ, and θ* use depth units (mm). Ks is
saturated hydraulic conductivity, ψ is wetting-front suction head, f(t) is
infiltration capacity, and ε is set to 1e− 6 to avoid division by 0. In the lower
branch, ψmultiplies only themoisture deficitΔθ, not cumulative storage θ*.
When θ*(t) < ε, the upper branch is a numerical guard; infiltration is then
unconstrained by capacity (f ≫ P(t)), so all rainfall infiltrates and
θ(t) = θ*(t)+ P(t). We fit Ks, ψ, θs, and θiwithin the soil probability bounds
within WWTP catchment, calculated using SoilGrids (Methods, Data
sources and alignment).

The soil-wetness contribution to flow is thus,

QθðtÞ ¼ Cθ max θðtÞ � Tθ; 0
� �Eθ ; ð6Þ

with fitted Cθ ∈ [0, 1e4], Tθ ∈ [0, 500], and Eθ ∈ [0, 2].

Model structure: precipitation
In addition to the generic value over threshold term, for example, Eq. (6),
effective precipitation also uses capped rainfall excess intended to represent
the capacity of the urban drainage system,

ePðtÞ ¼ min maxðPðtÞ � TP; 0Þ; ubTP
� �

ð7Þ

Table 1 | Fitted parameters of WWCompose: physical meaning, units, optimisation bounds, and bound provenance

Symbol Component Physical meaning Units Bounds Source of bounds

CMun Municipal Constant municipal (population and trade) flow m3 d−1 [0, 106] Exceeds largest observed flows

CGW Groundwater Scaling of groundwater response m3 d−1 permEGW [10−6, 104] Estimate

TGW Groundwater Groundwater depth below which contributions begin m [10−6, 100] Spans observed borehole depth range

EGW Groundwater Exponent of groundwater response – [10−6, 2] Sub- to super-linear response

Cθ Soil moisture Scaling of soil-moisture response m3 d−1 permmEθ [10−6, 104] Estimate

Tθ Soil moisture Soil-store depth threshold for contributions mm [10−6, 500] Spans feasible soil-store range

Eθ Soil moisture Exponent of soil-moisture response – [10−6, 2] Sub- to super-linear response

Ks Soil moisture Saturated hydraulic conductivity (Green–Ampt) mm d−1 site-specific SoilGrids Q0.05–Q0.95

ψ Soil moisture Wetting-front suction head (Green–Ampt) mm site-specific SoilGrids Q0.05–Q0.95

θs Soil moisture Saturated water content (Green–Ampt) – site-specific SoilGrids Q0.05–Q0.95

θi Soil moisture Initial/field-capacity water content (Green–Ampt) – site-specific SoilGrids Q0.05–Q0.95

CP Precipitation Fraction of impervious-area rainfall excess reaching
the works

– [0, 1] Runoff cannot exceed impervious-area rainfall
volume

TP Precipitation Daily rainfall threshold for runoff mm d−1 [10−6, 100] Spans daily rainfall range

Tub
P

Precipitation Cap on rainfall excess (drainage capacity) mm d−1 [10−6, 100] Spans daily rainfall range

EP Precipitation Exponent of precipitation response – [10−6, 2] Sub- to super-linear response

T lo
P;gate

Precipitation Antecedent soil-moisture level at which the wetness
gate opens

mm [0, 400] Spans feasible soil-store range

Thi
P;gate

Precipitation Antecedent soil-moisture level at which the gate
saturates

mm [10−3, 600] Spans feasible soil-store range

Bounds listed as site-specific are the SoilGrids Q0.05–Q0.95 uncertainty quantiles mapped to van Genuchten parameters via Rosetta, as described in Data sources and alignment.
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Furthermore, unlike the other components which cannot be meaningfully
scaled, we multiply precipitation by the impervious area, Aimp (m

2), with
rainfall converted from mm to m, calculated using32,48,

eQPðtÞ ¼ CP Aimp ePðtÞEP ð8Þ

To capture the influence of semi-pervious surfaces reaching saturation and
then contributing to precipitation-driven runoff, we include an interaction
with antecedent soil moisture, θlag(t):

gPðtÞ ¼ min max
θlagðtÞ � loT

P;gate

hiT
P;gate

� loT
P;gate

; 0

0
@

1
A; 1

0
@

1
A ð9Þ

The precipitation term is

QPðtÞ ¼ gPðtÞ eQPðtÞ: ð10Þ

Fitted parameters are CP∈ [0, 1], TP∈ [0, 100], Tub
P 2 ½0; 100�, EP∈ [0, 2],

and the gate limits T lo
P;gate 2 ½0; 400�, Thi

P;gate 2 ½0; 600�.

Data sources and alignment
Weusedaily effluentflow records forEnglishWWTPs from2011 to 2023,34,
to fit WWCompose, requiring the assumption that, at a daily timescale,
influent and effluentwill be comparable. Diurnal variability and stormwater
storage introduce errors here, discussed in the Discussion. A daily timestep
is used because it is the common resolution of the national effluent and
climate records, and because sub-daily influent variation is dominated by
diurnal municipal patterns and the heterogeneity of sewer networks that
WWCompose does not seek to resolve. The analysis only uses effluent
observations certified as good quality in the raw data34, via the per-
observation quality flag assigned by the data provider.

HadUK gives catchment-mean daily rainfall49, computed as the area-
weighted average of the 1 km grid cells intersecting the catchment polygon
(a catchment smaller than a single cell takes the value of the cell it intersects),
which drives both the soil store and the excess-rainfall term (Methods,
Model structure). ET0 comes from HadUK via FAO-56
Penman–Monteith50.

SoilGrids (sand, silt, clay, bulk density) at a fixed depth supplies the
values at uncertainty quantiles (Q0.05, Q0.95)51. Rosetta maps each to van
Genuchten parameters52; these yield Green–Ampt Ks, ψ from Ks, θs, and θi
(here at−33 kPa)47. The quantiles define optimisation bounds for Ks, ψ, θs,
and θi.

Borehole groundwater depths are retrieved from the English Envir-
onment Agency’s hydrology data API, and assigned to each WWTP using
thenearest boreholewithin 15 km. If the assignedseries is absent or constant
—281 works (10% of the cohort)—no groundwater term is present in Eq.
(1); the consequence of this is discussed in the Discussion.

Permeability class K, used to interpret results, is assigned from
superficial deposits where present and bedrock where absent, using expert
knowledge informed by lithological descriptions of the British Geological
Survey’s 1: 50,000 scale superficial and bedrock geology maps.

Calibration and validation
Calibration fits daily simulated totals to observed effluent over the aligned
window at each site within the study period 2011–2023 (Methods, Data
sources and alignment). Parameters are estimated by maximising
Kling–Gupta efficiency (KGE) on raw daily flows:

KGE ¼ 1�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðr � 1Þ2 þ ðα� 1Þ2 þ ðβ� 1Þ2

q
; ð11Þ

where r is correlation, α is the variability ratio, and β is the mean ratio
between simulated and observed flows. KGE decomposes model error into
correlation (timing), variability ratio (spread) and bias ratio (volume), and

maximising it constrains all three simultaneously53. This matters for
decomposition of WWTP influent in particular: the municipal component
sets the volume of dry-weather flow, infiltration processes inflate the
variance, and rainfall responses determine event timing – a credible
decomposition must reproduce volume, spread and timing together. By
contrast, R2 measures the strength of linear association alone and is
insensitive to systematic bias in volumes, while theNash–Sutcliffe efficiency
is dominated by high flows53. In a catchment-scale study fitted to effluent
records, such as WWCompose, high flows carry the largest errors: they are
modified by storm storage and spills before reaching theworks, and they are
themost sensitive to sewer-network heterogeneity that themethod does not
represent. KGE = 1 indicates a perfect fit, and KGE values are not directly
comparable to NSE or R2 scales54.

Each aligned record is partitioned into ten equal-length contiguous
blocks; because record start and end dates differ between sites, block
boundaries are site-specific. Contiguous blocks are used rather than random
splits because they preserve the autocorrelation of daily flows, providing a
fairer test of out-of-sample skill. For each repetition, one block is withheld
for validationandparameters are trainedon the remainingblocks.Theheld-
out blockmoves across repetitions so that out-of-sample skill is summarised
over different hydro-meteorological periods. Per-station skill is summarised
by themedian across blocks, andFig. 1 shows the 25th–75th percentile band
across replicates, because anomalous held-out periods can severely degrade
an individual replicate.

WWCompose contains 17 parameters and the objective is non-con-
vex, so we use sequential optimisation with joint refinement. Fitting pro-
ceeds in stages: the municipal constant and groundwater parameters are
fitted first, then precipitation parameters, then soil-moisture parameters
(including the Green–Ampt soil store). At each stage, parameters fitted
earlier are frozen, the municipal constant is re-estimated, and components
not yet introduced contribute zero flow. A final joint refinement then
optimises all 17 parameters simultaneously. The objective at every stage is

L ¼ �KGEþ 10�3 QGW

Qsim

þ 10�3 Qθ

Qsim

; ð12Þ

where the overbar denotes the mean over the training period and the two
penalty terms favour municipal over groundwater and precipitation over
soil moisture respectively; WWCompose prefers these because conven-
tional knowledge suggests that they are themore direct routes for influent to
enter the sewer network. The weights are small enough that the penalty is
negligible relative tomeaningful KGE differences and acts only to break ties
between otherwise indistinguishable decompositions.

Everyfitting stageusesdifferential evolution, a population-based global
search, followed by local polishing of the best candidate (bound-constrained
quasi-Newton refinement of the same objective); the same optimiser con-
figuration is used at every stage, both per-component and joint. We use the
implementation from Python SciPy55. The results shown in this paper use a
population size of 250 with maximum iterations of 3000, which testing
revealed to provide converged objectives. These settings for WWCompose
can be run for an individual WWTP on a MacBook Air M2 2022 in under
30min, while the full set of experiments was performed using High-
Performance Computing, see Acknowledgments.

Analysis of fitted models
A variety of data analyses were carried out to both verify theWWCompose
data and understand the implications of its fitted parameters and results,
which are explained in this section.

Performance is summarised perWWTP by the median KGE over the
ten held-out cross-validation blocks; themedian is used because anomalous
held-out periods can severely degrade an individual replicate (Methods,
Calibration and validation). Associations between performance and
catchment characteristics (record length, works size, mean rainfall) are
assessed by Spearman rank correlation.
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Compositions are computed daily as each component’s fraction of
simulated flow. We present compositions both in their raw forms for
exemplar catchments, and at national scale averagedover the record. For the
national scale averaging, we weight all days equally rather than by total flow
volume, adjudging this to be a more operationally useful value that is not
dominated by high flow days. The sensitivity of the decomposition to the
fitting period is summarised by the inter-quartile range of these average
compositions across the ten cross-validation fits.

Stations are stratified for comparison. The stratum are the driest (and
wettest) 5% stations whose average catchment daily rainfall lies below the
5th (and above the 95th) percentile across all stations; each group is com-
pared against all remaining stations. The ‘high permeability’ classifications
(see Data sources and alignment) are compared against low and medium
combined. Stratum, S, compare the distribution of each variable x (a fitted
parameter, average composition fraction, or held-out KGE) with a two-
sample Kolmogorov–Smirnov statistic D ¼ sup

x
jFSðxÞ � F�SðxÞj between

the stratum and all remaining stations, and are reported signed by the
direction of the mean difference: signedD ¼ signðmeanS �mean�SÞ � D.

Common structure across parameters is assessed by principal com-
ponent analysis of the station-median values of all 17 fitted parameters
(including those omitted from Fig. 2), standardised to zero mean and unit
varianceper parameter; cluster structure is assessedbyk-means clusteringof
the same standardised values. Both use scikit-learn56.

Data availability
The data generated by this study are available at https://doi.org/10.5281/
zenodo.21652986. The study additionally uses openly available third-party
data: daily effluent flow records for English WWTPs34, HadUK-Grid cli-
mate data49, SoilGrids soil properties51, borehole groundwater levels from
the English Environment Agency hydrology data API, and British Geolo-
gical Survey geology mapping31.

Code availability
The code that reproduces the full workflow (data cleaning, processing,
simulation, analysis and visualisation) is available at https://doi.org/10.
5281/zenodo.21677607.
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