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ABSTRACT

Surface water nutrient pollution, the primary cause of eutrophication, remains a major environmental concern
in Western Lake Erie despite intergovernmental efforts to regulate nutrient sources. The Maumee River Basin
has been the largest nutrient contributor. The two primary nutrient sources are inorganic fertilizer and
livestock manure applied to croplands, which are later carried to the streams via runoff and soil erosion.
Prior studies of nutrient source attribution have focused on large watersheds or counties at annual time scales.
Source attribution at finer spatiotemporal scales, which enables more effective nutrient management, remains
a substantial challenge. This study aims to address this challenge by developing a generalizable Bayesian
network model for phosphorus source attribution at the subwatershed scale (12-digit Hydrologic Unit Code).
Since phosphorus release is uncertain, we combine excess phosphorus derived from manure and fertilizer
application and crop uptake data, flow information simulated by the SWAT model, and in-stream water quality
measurements using Approximate Bayesian Computation to derive a posterior that attributes phosphorus
contributions to subwatersheds. Our results show significant variability in subwatershed-scale phosphorus
release that is lost in coarse-scale attribution. Phosphorus contributions attributed to the subwatersheds are on
average lower than the excess phosphorus estimated by the nutrient balance approach currently adopted by
environmental agencies. Fertilizer contributes more soluble reactive phosphorus than manure, while manure
contributes most of the unreactive phosphorus. While developed for the specific context of Maumee River
Basin, our lightweight and generalizable model framework could be adapted to other regions and pollutants
and could help inform targeted environmental regulation and enforcement.

1. Introduction

agricultural pollution following advancements in nutrient management
and tillage practices (Stammler et al., 2017), many others have shown

Despite decades of expenditures and efforts devoted to cleanup
and mitigation, surface water pollution remains a major environmental
concern (Howarth et al., 2000; Keiser and Shapiro, 2019; Downing
et al.,, 2021). While pollution in urban areas has decreased alongside
upgrades to wastewater treatment systems (Stets et al., 2020), water
quality has been slow to improve in agricultural areas (Stoddard et al.,
2016; Stets et al., 2020). Although some regions have seen reduced
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no significant improvement (Oliver et al., 2017; Stets et al., 2020; Car-
leton and Washington, 2021) or even continued degradation (Stoddard
et al., 2016).

Unlike the point sources in urban areas such as wastewater treat-
ment plants and factories, pollution in agricultural areas comes pri-
marily from unregulated, nonpoint sources, namely, the runoff from
extensive agricultural lands (Baker, 1992; Parry, 1998; Carpenter et al.,
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1998; Ongley et al., 2010; Shen et al., 2012). The pollutants loaded in
runoff are nutrients that include various forms of phosphorus and nitro-
gen from inorganic fertilizer and manure produced by livestock raised
in concentrated animal feeding operations (CAFOs) (Baker, 1992; Ku-
mar et al., 2013). Excessive application of manure and inorganic fer-
tilizer can result in higher than optimal nutrient levels in shallow soil
layers, which causes nutrient loss in runoff from agricultural land to
surge (Higgs et al., 2000; Weil and Brady, 2017) and results in eutroph-
ication (EWG, 2022). The nutrient loss is worsened by modifications
to the landscape brought by large-scale agriculture, such as the loss
of buffer zones like riparian vegetation and wetlands that mitigate
agricultural runoff (e.g., Gilliam, 1994; Jordan et al., 2003; Zedler,
2003; Chase et al., 2016).

These challenges highlight that agricultural areas require different
interventions than urban areas. For example, targeted management
could optimize agricultural nutrient input to ensure stable crop yield
while reducing pollution but necessitates attributing pollution to spe-
cific sources. Detailed attribution of agricultural pollution to specific
locations, time, and source types remains a highly underdetermined
problem because of the diverse and copious pollution sources over
extensive landscapes and the lack of water-quality data with high
spatiotemporal resolution (OC Interagency WQI Workgroup, 2017).
Information about CAFO manure production and inorganic fertilizer
application can help constrain the possible pollutant inputs (Falcone,
2021) at different locations (ELPC, 2014) but it does not specify the
loss of pollutants into waterways. The USGS water-quality stations
provide direct measurements of nutrient loads at daily time scales but
are spatially sparse (USGS, 2016; NCWQR, 2022). Neither of these
data sets is sufficient in isolation to attribute pollution to specific
sources, but integrated into a joint data-model framework they inform
a probabilistic connection between sources and pollutant.

The goal of this paper is to advance our ability to attribute phospho-
rus release to different sources at the subwatershed scale by integrating
water-quality observations, phosphorus input information, and hydro-
logic modeling into a Bayesian network model framework, using the
Maumee River Basin as a proof of concept. Our subwatersheds are
comparable to the USGS HUC-12 (12-digit Hydrologic Unit Code) wa-
tersheds, the national hydrologic unit of the United States ranging in
size from approximately 10,000 to 40,000 acres (Jones et al., 2022).
Our model framework estimates how much phosphorus is released from
different subwatersheds by integrating available waterway phosphorus
measurements with simulated flow information from the commonly
used Soil and Water Assessment Tool (SWAT) hydrologic model (Arnold
et al., 2012). Since the phosphorus release is uncertain, we combine
the data and model outputs into a probabilistic framework and apply
statistically robust Approximate Bayesian Computation (ABC) (Beau-
mont et al., 2002; Sunnaker et al., 2013) to estimate the distributions
of phosphorus release from subwatersheds.

We use Maumee River Basin in Western Lake Erie as a proof of
concept because it is the largest contributor of nutrients to western Lake
Erie (Scavia et al., 2014; Bingham et al., 2015). Agricultural nutrient
runoff has induced recurring eutrophication and harmful algal blooms
in Lake Erie throughout recent decades, threatening the water supply
for more than 12 million people in the U.S. and Canada (Michalak et al.,
2013). The Maumee River Basin (referred to as Maumee hereafter) is
the largest basin (16 460 km?) draining to Lake Erie, covering parts of
Ohio, Michigan, and Indiana. It has seen a proliferation of permitted
and unpermitted CAFOs over the last 30 years: only 5% of the current
(2019) CAFOs were constructed prior to 1990, with 43%, 35% and
17% built during each of the subsequent three decades (EWG, 2019).
Growth in the number of CAFOs can lead to either the increase of
livestock population, which generates increasing quantities of liquid
and solid manure, or the local increase of livestock density, which
can lead to locally increasing manure-to-cropland ratio and risk of
overapplication (Key et al., 2011).

Journal of Environmental Management 360 (2024) 121120
2. Prior work motivating our probabilistic framework

Most prior attempts to attribute phosphorus to nonpoint sources
adopt deterministic hydrologic models, where the phosphorus release
from a watershed is a function of flow dynamics, soil properties, land
use, and phosphorus availability (Kast et al., 2019; Easton et al., 2007).
Commonly used hydrologic models include SWAT (Arnold et al., 2012;
Kast et al., 2019), USGS SPARROW (Schwarz et al., 2006), EPA Storm
Water Management Model (SWMM) (Gironaés et al., 2010), EPA Hydro-
logic Simulation Program-Fortran (HSPF) (Bicknell et al., 1993), and
Dynamic Watershed Simulation Model (DWSM) (Borah et al., 2002).
These models use climatic, physiographic (e.g., elevation, land use,
soil), and manure or inorganic fertilizer application data to model the
phosphorus transport in surface water using a series of physics-based
governing equations (Yang et al., 2016; Liu et al., 2020).

Deterministic hydrologic models calibrate numerous model param-
eters to fit existing flow and water-quality measurements. Calibrated
models can quantify the contribution of a certain source type, such as
manure, by setting its input to zero and calculating the changes in the
simulated phosphorus load (Kast et al., 2021). While these models are
powerful for simulating hydrologic processes at the watershed-scale,
their modules for simulating multiple nutrient sources and transport
processes are significantly more computationally expensive, involve
a large number of parameters, and require input data that is not
universally available. As a consequence, they can be cumbersome to
deploy at the basin scale, inflexible in integrating new water-quality
measurements, and unsuitable for areas with limited data availability.

Instead, existing government assessments often utilize simpler, data-
driven approaches. It is valuable to distinguish between output- and
input-based approaches, which differ primarily in the data they rely
on for source attribution and can lead to substantially different results.
Output-based approaches rely on existing water-quality measurements
from waterways (e.g., Ohio EPA, 2016). The phosphorus contributions
of a region bounded by water-quality-monitor locations can be derived
using the corresponding measurements. However, within a given wa-
tershed, water-quality monitors with continuous observations tend to
be sparse and non-uniformly distributed, leading to large and inconsis-
tently sized attribution regions. Consequently, output-based approaches
are inevitably limited in their ability to identify spatial variability in
pollution.

Input-based approaches (e.g., ELPC, 2014; EWG, 2021; Stackpoole
etal., 2019; Sabo et al., 2021) estimate excess phosphorus using a nutri-
ent mass balance formula that subtracts crop uptake from phosphorus
inputs. The phosphorus inputs and uptake by crops are constrained by
data on manure production, fertilizer application, land use, and crop
yield. Excess phosphorus estimates are generally available at annual in-
tervals and are used as a proxy for a region’s phosphorus contribution to
the waterways (ELPC, 2014; EWG, 2021; Stackpoole et al., 2019; Sabo
et al., 2021). However, input-based estimates of excess phosphorus may
significantly differ from the actual phosphorus loss to the waterways
because of adsorption and transport. As both the application of inor-
ganic fertilizer or manure and the transport of excess nutrients during
phases of high precipitation are seasonal, there can also be significant
deviations between the annual mean contributions and peaks within
shorter time periods. In addition, input-based approaches implicitly
assume that manure is applied to provide nutrients for cropland. As a
result, input-based approaches may overlook occurrences like excessive
manure application as a way of manure disposal (Long et al., 2018),
illegal manure discharge to the waterway, or manure pond spills.

To avoid specific assumptions about the level of fertilizer and
manure application, we adopt a probabilistic model framework us-
ing ABC to integrate the output- and input-based approaches. Fig. 1
contrasts existing deterministic hydrologic models (A) with our model
framework (B). Deterministic hydrologic models represent each process
related to the input, output, and transport of phosphorus separately,
as highlighted by the gray boxes in Fig. 1A. The description of each
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Fig. 1. Comparison between deterministic hydrologic models and our model framework. (A): Illustration of typical processes related to the input, output, and transport of phosphorus.
Deterministic hydrologic models simulate the processes to calculate the phosphorus contribution of a subwatershed (red arrow). (B): Illustration of our model framework: namely,
quantifying the total phosphorus contributions of subwatersheds using water-quality measurements, the total phosphorus input and output, and the flow information. This framework
requires no information on the phosphorus transport processes shown in (A). (For interpretation of the references to color in this figure legend, the reader is referred to the web

version of this article.)

process entails multiple parameters that need to be tuned against scarce
data, adding significant uncertainty to model projections. Instead of
attempting to capture all individual processes despite missing data,
our approach attempts to leverage all existing data in a synergistic
way by using ABC to combine data on the total phosphorus input and
uptake of subwatersheds with water quality measurements and thereby
compute subwatershed-scale phosphorus contributions (Fig. 1B). Like
other Bayesian approaches, ABC requires the inputs to have probability
distributions (priors) from which inputs are sampled to identify distri-
butions of outputs (posteriors) consistent with observations (Beaumont
et al.,, 2002). The priors are constructed following the input-based
approaches of excess phosphorus using manure production data, fer-
tilizer application data, crop phosphorus uptake information, and flow
information in each subwatershed. We then update the priors with
water-quality measurements via ABC to compute the posteriors. We
show that the synergy of these data sources enables us to achieve
improved spatiotemporal resolutions, accuracy, and efficiency over
existing approaches.

3. Methodology

Our model accounts for two forms of phosphorus that can cause
eutrophication: the organic or particulate form, called unreactive phos-
phorus (UP), and the soluble inorganic form, called soluble reactive
phosphorus (SRP) (e.g., Se¢ndergaard et al., 2005; Shinohara et al.,
2016). Attributing both UP and SRP helps us to estimate the relative
contributions of manure and inorganic fertilizer based on their compo-
sitional difference. About half of phosphorus in both liquid and solid
manure is UP in organic or particulate forms (Fordham and Schwert-
mann, 1977; Barnett, 1994; Kleinman et al., 2002; Hansen et al., 2004).
In contrast, the dominant form of phosphorus in inorganic fertilizer,
such as monoammonium and diammonium phosphate (Culman et al.,
2020), is phosphate (e.g., Kleinman et al., 2002)—i.e., SRP.

Fig. 2 provides a schematic of our model framework. The main idea
behind our model approach, represented by the top box in Fig. 2, is
using Approximate Bayesian Computation (ABC) to efficiently evaluate
numerous prior samples derived from data-based phosphorus release
estimates against existing water quality measurement and thereby ob-
tain an improved, data-compatible posterior of phosphorus release.
First, we construct the prior distribution of phosphorus release from
each subwatershed (green box in Fig. 2). Second, we compute the
flow information, which includes the water yield and channel speed
of subwatersheds, using the SWAT model (yellow box). Water quality

monitors alone are insufficient to constrain flow, because they provide
river discharge data (USGS, 2016) at a spatial scale coarser than our
subwatersheds and do not entail channel speed data. We then input the
prior distributions and the flow information into the network model,
which simulates the phosphorus transport in stream network. We route
samples from the prior distributions of sources through the stream
network and compare the modeled phosphorus load at water quality
monitors with data. With the posteriors of source contributions that are
consistent with water quality measurements, we estimate the relative
contributions of manure and inorganic fertilizer (orange box in Fig. 2).
Table 1 defines key variables and parameters.

3.1. Network model

In discrete mathematics, a network or graph is a structure consisting
of a set of points called nodes, where each pair of nodes that share a
given relationship is connected by a line, called an edge. These edges
can be directed (e.g., river flowing from an upstream to a downstream
node) or undirected (e.g., road connecting two cities). These simple
building blocks can be used to construct network models represent-
ing interconnected systems in the social, natural, and engineering
sciences (Khuller and Raghavachari, 1996; Chinowsky et al., 2008;
Pokoradi, 2018). We choose to abstractly represent the river network of
Maumee as a directed acyclic network model, where water flows along
directed edges and connects at junction nodes, but cannot flow back to
a point upstream.

Fig. 3 shows Maumee with its five major tributaries identified: the
St. Joseph, St. Marys, Auglaize, Blanchard, and Tiffin Rivers. The lower
Maumee River near the city of Toledo is its outlet to Lake Erie. More
than two-thirds of Maumee are cropland dominated by corn and soy-
beans with sparsely distributed urban areas, pasture land, and forests.
The soil in the region, composed primarily of silt, clay, and fine sand,
has poor drainage capacity with high runoff potential (Myers et al.,
2000) but widespread tile drainage increases the drainage capacity of
much of the cropland. Table 2 summarizes the data used in our model
framework for the case of Maumee.

We design the network model such that it represents each subwa-
tershed, which is a nonpoint source, as a single node. To construct
the network model, we divide the stream network (USEPA and USGS,
2012) into segments by the locations of confluences or water quality
monitors (USGS, 2016; NCWQR, 2022), such that the area of land
draining to the outlet of each segment is approximately at the HUC-12
scale (Jones et al., 2022). Text S1 of the supplementary informa-
tion provides the details of subwatershed division. The corresponding
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Fig. 2. Model framework. The top box is the model framework comprising the network model, which takes prior distributions (green) and flow information (yellow) as inputs
for the forward modeling of nutrient transport, and ABC, which generates posterior distributions (orange). Prior distributions are constructed using data on CAFOs, fertilizer
application, and crop type, area, and yield. Based on the posteriors of UP and SRP, we estimate the relative contributions of manure and inorganic fertilizer. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 1
Definitions and units of key variables and parameters.

Name Definition Unit

Network model

D,0 Forward modeling function mapping sources .S to monitor node ¢

D; Observed nutrient mass at monitor node ¢

W, Water yield from source node s at time ¢ m

st

3

Approximate Bayesian Computation (ABC)
Prior distribution of nutrient concentration

s

0 An individual sample: a | S| x T matrix where each entry §,, contains the mass at source node s at time t g

t Time index days
T Total simulation time period days
N Number of samples drawn in ABC

n Number of samples accepted in ABC

d, Relative ¢, distance between modeled and observed mass at monitor ¢

w Length of simulation window days

Prior distribution

a Parameter of beta prime distribution
p Parameter of beta prime distribution
m Excess nutrient mass g
C Set of all CAFOs
z Set of all Counties
Relative contributions of manure, fertilizer, and legacy phosphorus
U Mass of UP contribution of a subwatershed g
R Mass of SRP contribution of a subwatershed g
Table 2
Types and sources of data used in this study for Maumee.
Type Source Spatial Temporal Reference
Network model setup
Water quality NCWQR, USGS 26 stations Daily USGS (2016), NCWQR (2022)
River discharge USGS 58 stations Daily USGS (2016)
Stream network NHDPlusV2 HUC-12 Present USEPA and USGS (2012)
Inputs to prior formulation
CAFO EWG Point 1988-Present EWG (2019)
County-level manure rate USGS County level 2002-2017 Falcone (2021)
Fertilizer rate USGS County level 2002-2017 Falcone (2021)
Land use and crop USDA-NASS 30-m 2002-2021 Boryan et al. (2011)
Crop yield USDA-NASS State level 2006-2021 USDA-NASS (2021)
Climate data
DAYMET climate ORNL 1 km 1980-Present Thornton et al. (2020)
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Fig. 3. The Maumee River Basin. Seven HUC-8 watersheds are shown with white boundary lines. The watershed outlet is at Lake Erie on the eastern side. The basin is part of
three states: Ohio, Michigan and Indiana. The USGS water-quality measurement locations are shown with black triangles. The inset shows the location of the Maumee River Basin

in North America.

drainage area of each segment outlet forms a subwatershed in our
model. We place a source node at the outlet of each subwatershed,
wherein the nutrient contribution of each source node is attributable
to the corresponding subwatershed. Each source node receives an
incoming nutrient load and adds its nutrient contribution.

We then insert monitor nodes and junction nodes into the simplified
stream network at the locations of water quality monitor stations and
river confluences, respectively. The monitor nodes provide locations for
comparing simulated nutrient load with water quality measurements
without modification. The junction nodes combine incoming nutrient
load from upstream branches. Fig. 4A provides an overview of the
resultant network. Fig. 4B illustrates the node relationships. The length
of the edge connecting each node is defined to be the length of the
adjoining channel. Some edges connecting source nodes to monitor or
junction nodes have zero length (dashed arrows in Fig. 4B), because we
place source nodes at the outlet of subwatersheds, of which the division
is based on the locations of confluences or water quality monitors.

We assume that the nutrient contributions of source nodes are
non-negative. The water quality measurements support this assump-
tion by showing higher nutrient loads at all monitor stations than
their upstream monitor stations, except at the Lower Maumee River,
where most algal blooms form at Maumee (EWG, 2022). In 2019,
the measured phosphorus load at the outlet of the Lower Maumee
River watershed was lower than its incoming phosphorus load, likely
because of significant consumption and sedimentation caused by algal
blooms. Therefore, to ensure the assumption is valid, our network
model excludes the Lower Maumee River watershed represented as the
empty shape in Fig. 4A, and the network outlet is the monitor node just
upstream of the Lower Maumee River.

The monitor nodes divide the complete network model into com-
ponents (Fig. 4B). We conduct ABC at the scale of these components.
Each component contains all the source nodes in the catchment area
bounded by a downstream monitor node and its one or multiple neigh-
boring upstream monitor nodes. The downstream monitor node and the
upstream monitor node(s) represent the component outlet and inlet(s),
respectively. Upstream-most components, such as the top left one in
Fig. 4B, have no inlet monitor node.

To compare the nutrient contributions of source nodes against
daily observations of nutrient mass (USGS, 2016; NCWQR, 2022), we
route nutrients through the sub-network to the downstream monitor
node within each component ¢ via advection. To achieve this daily
comparison, we model nutrient routing at an hourly time scale, because
the nutrient contributions of a source node on a given day may affect
the simulated nutrient load at a downstream monitor node for multiple
days. Fig. 5 illustrates the nutrient transport in the network model and
simulated nutrient load at the monitor nodes with a synthetic example,
where a component contains two source nodes and one monitor node
at the component outlet.

Figs. 5A and B show the nutrient contributions of sources 1 and 2
from day 1. Fig. 5C shows the node relationships. Nutrients take less
than a day to travel from source 1 to the monitor node and more than a
day from source 2. Fig. 5D compares the simulated nutrient load at the
monitor load with the daily measurements. The nutrient contributions
of both sources from day 1 affect the simulated nutrient load for two
days. With temporally varied channel speed, the source contributions
arriving at monitor nodes may also be unevenly spaced (Fig. 5D).
For example, because of the decrease in channel speed followed by
increase, the nutrients departing hourly from source nodes are first
spread out and then lumped together, creating the low-load hours and
peaks, respectively (Fig. 5D).

Using the edge lengths / (m) and hourly channel speed time series
v(t) (m/s) along each edge, we compute the time //v for nutrients
departing each upstream node at a given hour to arrive at the down-
stream node. We assume that nutrients move at the same speed as the
water in the channel. With these travel times, we construct the forward-
modeling function D,(), which maps the input nutrient mass departing
each source node s € S, and each upstream monitor node to compute
the total mass arriving at the downstream monitor node g over each
time step 7 € T. We then compute the observed mass at ¢ by multiplying
the observed daily concentration (g/m?) and daily discharge (m?/s) and
scaling by 24 x 3600 to obtain the total daily observed nutrient mass.

3.2. Approximate Bayesian computation

Approximate Bayesian Computation (ABC) is a rejection-based com-
putational method for calculating posterior distributions of unknown
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Fig. 4. Network model representation of the stream network at Maumee, with monitor, source, and junction nodes shown with green, yellow and purple points respectively,
and edges shown with black arrows. (A): Overview of the entire network model, subwatersheds, and major channels (blue lines). For readability, the source nodes overlapping
with junction and monitor nodes are not shown. The empty portion on the right depicts the lower Maumee river watershed. (B): Illustration of node relationships present in the
network model. Arrows represent edges, with solid lines representing channels, and dashed lines representing a node connection with zero physical length. The number on each
node represents the number of its incoming edges. All nodes have 1 outgoing edge, except the basin-outlet monitor node, which has none. Upstream-most source nodes have 0
incoming edges, while all others have 1. All monitor and junction nodes have 1 and >2 incoming zero-length edges from upstream source nodes, respectively (hidden in Fig. 4A).
Upstream-most monitor nodes only receive nutrient contributions from associated source nodes and have 1 incoming edge, while the others also receive upstream nutrient load
and have 2 incoming edges. The regions bounded by the dashed blue lines illustrate the component division based on the location of monitor nodes. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 5. Illustration of the transport of source contributions and their arrival at a downstream monitor node using a synthetic example. (A-B): Nutrient contributions of sources 1
and 2 in day 1. The blue curves represent the travel time of a phosphorus particle traveling between an upstream source node and a downstream monitor node departing at a
certain time. The blue curve represent the travel time under a varied channel speed. (C): Network of the shown example. (D): Nutrient load at the downstream monitor node.
The filled curves show the total hourly phosphorus load simulated with the contributions of sources 1 and 2. The green points represent the observed daily phosphorus load. The
yellow points represent the daily mean of the simulated phosphorus load. Because the transport time varies over time, the source contributions in adjacent hours may be spread
out or lumped together. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

model parameters (Beaumont et al., 2002; Csilléry et al., 2010; Sun-
naker et al., 2013). In our implementation of ABC, samples of source
nutrient contributions are accepted or rejected based on the difference
between simulated and observed nutrient loads. Unlike fully Bayesian

We perform ABC independently for each nutrient, so we describe
the process for a single nutrient. For each source node s € S, we
define a distinct prior distribution p; over the nutrient concentration.
The derivation for p, is described in detail in Section 3.4. We generate

methods which rely upon complex likelihood functions, ABC is math-
ematically simple because it bypasses the evaluation of likelihood
functions (Sunnaker et al., 2013). While ABC requires evaluating a large
number of samples given the large number of sources, this does not
pose a problem for our study because the forward modeling of samples
through the network is computationally efficient.

an input mass sample at source s and daily time step ¢ by sampling
a concentration from p;, and multiplying by the daily water yield W,,.
The water yield is an output from the SWAT model and is representative
of the total outflow from a subwatershed.

In a given component (Fig. 4B), an independent ABC sample 6 €
RISeT js a matrix where a given entry 6, is the mass sampled for a
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particular source s and day ¢, and T is the number of daily time steps
in the simulation. We generate N samples from the prior distribution
of each source and apply the forward modeling process D,, generating
N sets of outputs for the downstream monitor ¢. Each output of size
RT represents the time series of the simulated nutrient load at a given
monitor. For each component at the downstream monitor node g, we
compare the sample output, D,(0) € R” (yellow points in Fig. 5D),
and observations, D; e RT (green points in Fig. 5D), by computing the
relative ¢, distance d:

L, 1D,,(0) = Dy | o
P99(D") ’

where P99(DZ) denotes the 99th percentile of the observed daily time
series. We normalize the distances by the 99th percentile to both weight
each monitor node equally and to trim outliers. We note that when
an observed value D7 is missing, the given term is ignored in the
summation. For each monitor node g, we accept the n samples resulting
in the smallest distance d,. The accepted samples generate the posterior
distribution of the nutrient input of each source node in the component
at each daily time step.

To increase computational efficiency and decrease the size of each
ABC sample 0, we divide the full simulation period of 365 days in
2019 into smaller windows. We fix a target simulation window of
w time steps over the observed monitors and determine the source
days such that nutrients departing these sources would arrive at a
downstream monitor within the observed simulation window. Thus, we
run 7' /w independent simulations and retain accepted samples only for
the corresponding source days of each simulation. Note that this means
that each source day posterior is comprised of accepted samples from
multiple simulation windows. In this study, we choose N = 5 x 107,
n =50, and w = 1. Higher values of N increase the computation time
without significantly increasing the accuracy of the posteriors.

3.3. Hydrologic model

The network model requires subwatershed-scale flow information,
including water yield and channel speed, as inputs to calculate nutrient
load. Here we use the Soil and Water Assessment Tool (SWAT), a phys-
ically based, semi-distributed hydrologic modeling software (Arnold
et al., 1998) to simulate the flow information. The SWAT model uses
climate forcing data and physiographic data (e.g., soil and land use)
to solve for the mass and depth-averaged momentum conservation of
water and estimate surface and subsurface flow. Note that our model
framework only requires running SWAT once, where we calibrate and
validate the model for the years 2015-2020 at Maumee and simulate
the flow information. We then use the pre-computed, subwatershed-
level water yield and channel speed as inputs to the network model.
Details about the SWAT model are included in the supplementary
information.

3.4. Prior construction

We assign to each source node s a data-driven prior distribution of
nutrient concentration. We use the beta prime distribution as the prior
distribution p, of the nutrient concentrations. The probability density
function is defined as

a—1 —a—
py(x) = M %)
B(a, B,)

where x > 0 is the nutrient concentration, B(a, §;) = fol =1 =)~ dt
is the beta function, and « and g, are the two parameters of the
distribution, where a is a chosen hyperparameter and g, varies by
subwatershed.

We center the prior distribution p, for each nutrient at the estimated
excess phosphorus concentration for subwatershed s discussed in detail
below. We then solve for the parameter g, using the expectation of
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nutrient concentration over the subwatershed prior E(x) =
B > 1), yielding

ax W
T

for g, for UP. This calculation is defined identically for SRP. We fix
a = 0.5, which we choose to encourage a large mass near 0, while still
allowing for a reasonable probability of sampling larger values.

We estimate excess phosphorus for each subwatershed based on
phosphorus mass balance over land. The source term in the phos-
phorus mass balance formula is the phosphorus input from manure
and fertilizer application (EWG, 2019; Falcone, 2021), whereas the
sink term is the uptake of phosphorus by crops (Boryan et al., 2011;
USDA-NASS, 2021). Manure phosphorus is poorly constrained because
of factors like uncertain manure production of CAFOs (EWG, 2019),
data withholding (Falcone, 2021), and unknown manure application
ranges (Long et al., 2018; Kast et al., 2019). Therefore, we examine
three different ways of estimating the excess phosphorus using different
data sources and estimation method for manure phosphorus to reduce
the bias of the priors, resulting in three different prior distributions.
By applying different priors, we can also test the stability of our model
framework. We note that the goal of estimating the excess phosphorus
is to construct informative prior distributions using the major sources
phosphorus with a simple method, rather than achieving highly ac-
curate estimation by considering numerous processes related to the
sources and transportation of phosphorus within subwatersheds. The
resultant prior distributions are likely inaccurate, but will be correctly
by the model framework to create posterior distributions.

We first estimate the annual excess phosphorus mass in subwater-
sheds and then divide it by the annual water yield from the SWAT
model to calculate the concentration. We construct priors separately for
UP and SRP. We assume that manure contributes to both UP and SRP,
inorganic fertilizer contributes to only SRP, and plants consume only
SRP. Therefore, we estimate the excess UP of subwatershed s, U, based
on the manure production (EWG, 2019; Falcone, 2021) and agricultural
land use (Boryan et al., 2011), to be

Bs = +1 3

U, =ur, (4)

where U}" is the total mass of UP from applied manure in subwatershed
s. On the other hand, we estimate the excess SRP of subwatershed s,
R, based on inorganic fertilizer application (Falcone, 2021), manure
application (EWG, 2019; Falcone, 2021), and plant uptake (Boryan
et al., 2011; USDA-NASS, 2021), as

— k
R,=R"+R/ — R, 5)

where total mass of SRP in subwatershed s is input as applied manure,
R, and applied fertilizer, R{ , and output as crop uptake, R¥.

3.4.1. Manure phosphorus estimation

We estimate the manure UP and SRP using three different ap-
proaches. Figures S3A-F show the results of these approaches. The first
approach is based on the CAFO data from EWG (2019). We estimate
the manure UP and SRP from each CAFO by the product of animal
population, manure produced per animal, and manure phosphorus con-
tent. We follow EWG (2019, 2021) and set different manure production
rates and phosphorus contents for each major CAFO animal type at
Maumee: dairy, cattle, swine, and poultry. Then, assuming the manure
is evenly applied to cultivated cropland and pasture within a 10-
mile buffer around each CAFO, we calculate the manure phosphorus
of a subwatershed by aggregating the intersecting proportions of all
CAFO buffers with this subwatershed. We calculate the cultivated
cropland and pasture area using the 30-m Cropland Data Layer from
the United States Department of Agriculture (Boryan et al., 2011). The
assumed 10-mile application buffer is within the range reported by
previous studies showing that most manure is applied within short
distance around CAFOs (Long et al., 2018; Kast et al., 2019). Without
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existing analysis to justify different application ranges for different
manure types, we utilize a constant radius for all CAFOs for simplicity.
Mathematically,

Pl = dl (6)
ceC

where P denotes either UP or SRP, C is the set of all CAFOs, aj, is
the area of subwatershed s where the cultivated cropland and pasture
intersect the manure application buffer of a CAFO ¢, and rp is the
spatial density of UP or SRP for ¢ € C, defined as:
b
yP ZSES ag’:c + aZZc '
where m® is the manure mass from c, ¢}, is the weight percentage
of UP or SRP in the manure type of CAFO c, and gy, is the area of
cultivated cropland and pasture outside Maumee that intersects the
manure application buffer of CAFO c. We calculate ¢, following EWG
(2021), based on the manure composition data by Barnett (1994)
and EWG (2019).

The second approach is based on the USGS county-level data of
manure production (Falcone, 2021). We estimate the manure SRP and
UP of each subwatershed s by

)

=Y anr ®)
zeZ
where af' is the cultivated area of subwatershed s intersecting the
area of a county z, and v}, is the spatial density of manure UP or SRP
application in county z defined as
%=——£¥E—ﬂ
ZSGS as,z + ag,’z
where m” is the manure mass from z, ¢7, is the weight percentage of UP
or SRP in the manure type of county z, and a;'_ is the area of cultivated
cropland and pasture outside Maumee that intersects the area of z.
The third approach assumes a uniform manure application across
the Maumee. Although this approach smooths out the spatial intricacies
of the manure data, it may be the only choice when detailed manure
production data are unavailable at the scale of individual CAFOs or
counties. We calculate the mean manure UP and SRP of Maumee based
on the USGS county-level data of manure production (Falcone, 2021).
We then estimate the manure SRP and UP of each subwatershed s by

9

P" =d"yp, (10)

N

where 4 is the cultivated area of subwatershed s, and yp is the uniform
spatial density of manure UP or SRP application. We calculate y, by
dividing the total mass of manure UP or SRP application derived in the
second approach by the total area of cultivated cropland and pasture.

3.4.2. Fertilizer phosphorus estimation

We estimate SRP from inorganic fertilizer for subwatershed s by
multiplying the application rate by cultivated cropland area (Boryan
et al., 2011), assuming inorganic fertilizer provides only SRP (Kleinman
et al, 2002; Culman et al,, 2020). We use county-level inorganic
fertilizer application rates over the conterminous U.S. provided by
USGS (Falcone, 2021). Mathematically similar to the second approach
of computing manure phosphorus (Egs. (8) and (9)), the SRP from
inorganic fertilizer in subwatershed s is

R{ = a{: Ve 1D
z€Z

where a;vf’ . is the cultivated area of subwatershed s intersecting the area

of a county z, and y} is the spatial density of fertilizer SRP application

in county z defined as:

Th= x a2
R - = 7 >
az.z + Z.veS a{,z

where R, is the SRP mass from z, and a£ . is the area of cultivated
cropland outside Maumee that intersects the area of z. Figure S3G
shows the spatial density of fertilizer SRP.
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3.4.3. Crop uptake estimation

We estimate subwatershed-scale crop SRP uptake based on the
yields (USDA-NASS, 2021), areas (Boryan et al., 2011), and phosphorus
uptake rates (Watters, 2021) of different crop types. Mathematically,
the SRP uptake in subwatershed s is
Rk = Z ay K, 13)

iel

where I is the set of crop types, ai and yi are the area and yield in
s of crop type i, respectively, and k' is the uptake rate of crop type
i. The crop types we consider in I are corn, soybeans, wheat, alfalfa,
and other hay. Figure S3H shows the spatial density of SRP uptake via
crops.

3.5. Relative contributions of manure, fertilizer, and legacy phosphorus

According to the runoff experiments by Kleinman et al. (2002)
and Bertol et al. (2010), applying either inorganic fertilizer or manure
increases SRP concentrations in runoff. However, UP concentrations in
runoff with and without application of inorganic fertilizer are similar.
In contrast, UP concentrations in runoff with manure application is
higher than the control and fertilizer groups by a factor of 2. Cap-
turing both UP and SRP can thus help in identifying the relative
contribution of manure: Here, we assume that no phosphorus from
inorganic fertilizer becomes UP and thus only manure application in-
creases UP concentration in runoff (i.e. U/ = 0), yielding the following
relationship:

U=U"+U, 14

where U™ and U’ denote the contributions of UP mass by manure and
legacy phosphorus respectively. The contribution of legacy phosphorus
is a function of the baseline phosphorus level, which depends on soil
type, the long-term application intensity of manure and fertilizer, and
the rate of phosphorus removal via crop uptake or runoff (e.g., Pavinato
et al., 2020).

To calculate U™ from the UP obtained from the network model,
we first estimate UP from soil, U'. Kleinman et al. (2002) conducted
controlled experiments with high-P and low-P soils and found that UP
concentration in runoff is sensitive to soil phosphorus level. Previous
studies developed export coefficient models for estimating the phospho-
rus concentration of runoff (e.g., Winter and Duthie, 2000; Torrent and
Delgado, 2001; Sharpley et al., 2002; Easton et al., 2007). However,
these models focus on the estimation of dissolved phosphorus, when
we also need UP that may largely exist as undissolved particles. We
currently lack direct measurements for edge-of-field runoff phosphorus
to constrain model parameters.

Instead, we use the measured concentrations of UP and SRP in
runoff from the experiments of Sharpley (1997) as an estimate of the
soil contribution, because the measured Mehlich-3 P of the soil samples
used in Sharpley (1997) is similar to the county-level median Mehlich-3
P at Maumee in 2015 (Dayton et al., 2020). For example, the median
Mehlich-3 P levels of Auglaize County in Ohio in 2015 and the soils
used in Sharpley (1997) are 33 mg/kg and 25 mg/kg, respectively. We
acknowledge that our estimation is uncertain because the Mehlich-3
P of samples within counties are highly variable according to Dayton
et al. (2020). For each subwatershed s at time step ¢,

U!l, = min(W,,[UT,U,)), @as)

where [U]' is the mean UP concentration reported in the control
experiments of Sharpley (1997), and U, is the UP mass estimated
by the network model. We then calculate U™ using Eq. (14) and U’

acquired in the first step.
After calculating the UP contribution of manure for each source and
time step, Uy, we calculate the SRP contributions by soil and manure.
in the same way

We first calculate the SRP contribution of soil, Ri "
as UP using Eq. (15) and the mean SRP concentration reported in the
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Fig. 6. Spatial distribution of UP. Each row of the second through fourth columns shows one of the three types of prior distributions and the corresponding result. (A): Coarse-scale,
output-based attribution using only water quality observations with watersheds delimited by monitors (black circles). (B, E, H): Fine-scale, input-based attribution using the annual
excess phosphorus calculated based on manure, fertilizer, and crop data. (C, F, I): Fine-scale attribution using the network model and ABC, which integrates the output-based
and input-based approaches. (D, G, J): Difference between posterior and prior mean normalized by excess UP, representing updates to priors through the model framework. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

control experiments of Sharpley (1997). Then, we calculate the SRP
contribution of manure, R;’ft, based on manure compositions. The forms
of phosphorus in manure vary with manure forms and animal types. We
use the mass ratio SRP/U P = 4 = 0.98 based on the mean value of the
data reported in Barnett (1994) to calculate the SRP contribution by

manure

R?, = min(4U!", R, , - R’ ). 16)
Therefore, the SRP contribution by inorganic fertilizer is
S !
Rs,t - Rs,t - R;r,lr - R:,t' a7)
4. Results

4.1. Improving spatial inferences in phosphorus release

Recognizing the complementary nature of the input-based and
output-based approaches, our model combines both data sources to
improve our ability to draw spatial and temporal inferences. We first
compare the spatial variability in estimated phosphorus density of our
method against the input-based and output-based results with unreac-
tive phosphorus (UP) shown in Fig. 6 and soluble reactive phosphorus
(SRP) shown in Fig. 7. The estimates are shown for the year 2019 which
we chose to focus on as a proof of concept, because it has more data
available than earlier years and is not confounded by the onset of the
COVID-19 pandemic.

In the output-based approach (described in Text S4), most of the
watersheds are large due to the long distance between monitor nodes
(Figs. 6A and 7A). The resulting output-based estimates show nearly
homogeneous spatial densities of UP and SRP across the Maumee, with
slightly higher UP release density in the watersheds of Upper Maumee,
St. Marys and Auglaize, and slightly higher SRP release density in

Upper Maumee (for the exact boundaries of these watersheds, see
Fig. 3). In contrast, the input-based approach are facilitated by the high
spatial resolution of the input land use data (Table 2), resulting in fine-
scale subwatersheds comparable in size to USGS HUC-12 scale (Jones
et al., 2022) (the second column of Figs. 6 and 7). Our model (the third
columns of Figs. 6 and 7) maintains this subwatershed-scale resolution
by using highly variable excess phosphorus to construct the prior, but
it additionally leverages existing measurements of water quality over
time to update the prior. The updates are largest in regions where
estimated excess phosphorus does not match the observed nutrient
load. The fourth columns (D, G, and J) of Figs. 6 and 7 show the
subwatershed-scale updates of the spatial densities of UP and SRP
normalized by excess UP and SRP, respectively.

Using different manure data in the input-based approach results in
significantly different spatial distribution of excess phosphorus, which
is used to construct the priors of our model framework. With the
EWG manure prior (EWG, 2019), Fig. 6B shows high excess UP (>
350 kg/year/km?) availability in St. Marys, Upper Maumee, upper St.
Joseph, and pockets of Tiffin and Auglaize—all areas with particularly
high CAFO density (see Figure S3 A), which leads to the high UP
input from manure in the calculation of excess UP. Fig. 7B suggests
that several large regions including southern St. Joseph’s and western
Blanchard release very little SRP, while very high excess SRP is found
throughout Tiffin, along the southwestern border of St. Marys, in upper
St. Joseph, and in northern Auglaize. Some of the spatial contrasts
coincide with vertical county boundaries at some regions, such as upper
St. Joseph and Auglaize, as a result of using the county-level fertilizer
application rates (Falcone, 2021).

With the USGS manure prior (Falcone, 2021), where manure data
is at the level of counties rather than individual CAFOs, the excess
UP (Fig. 6E) and SRP (Fig. 7E) are much higher in St. Marys than in
other regions due to the high manure production reported in counties
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Fig. 7. Spatial distribution of SRP. The captions for sub-figures are the same as Fig. 6.

of St. Marys. The hotspots in Upper Maumee, upper St. Joseph, and
Tiffin indicated by the EWG manure prior are not present in the USGS
manure prior, likely due to the differences in the spatial resolution
and the data collection approaches of the two manure datasets (EWG,
2019; Falcone, 2021). With the uniform manure prior calculated using
the USGS county-level manure data averaged across the Maumee, the
excess UP (Fig. 6H), which primarily depends on manure data, has
lower spatial variability than the other two priors. In contrast, the
excess SRP (Fig. 7H), which depends on manure, fertilizer, and crop
uptake data, shows hotspots in Tiffin and middle St. Joseph.

The third columns of Figs. 6 and 7 show the fine, subwatershed-scale
attribution using our model framework. The results are broadly consis-
tent with the output-based approach (Figs. 6A and 7A) in the sense
that subwatersheds of the Upper Maumee, St. Marys, and Auglaize
contribute the highest UP levels (Fig. 6C, F, and I), and subwatersheds
of the Upper Maumee, St. Marys, and Tiffin contribute the highest SRP
levels (Fig. 7C, F, and I). However, our model framework pinpoints the
possible regions of peak contribution more specifically than the output-
based approach. The model estimates are significantly different from
and more consistent with each other than the excess phosphorus in the
three priors. For example, the UP hotspot in Upper Maumee indicated
in the output-based result and the EWG manure prior but missing in the
USGS and uniform manure priors is present in all the posteriors. The
model updates significantly reduce the density of UP and SRP release
in upper St. Joseph for the EWG manure prior and in St. Marys for the
USGS manure prior (the fourth columns of Figs. 6 and 7).

Our model attempts to strike a balance between the output-based
and input-based approaches. The spatial heterogeneity suggested by
the prior allows the model to disaggregate the often large drainage
area between two monitors into subwatersheds with different levels of
expected phosphorus release. For example, the two monitor-delimited
watersheds constituting St. Marys have estimated UP densities of 209
and 224 kg/year/km? in Fig. 6A. Our model considering 72 different
subwatersheds within St. Marys estimates UP ranges 62 to 614, 98
to 824, and 83 to 454 kg/yr/km? with the three priors, respectively.

10

Meanwhile, our model reduces inconsistencies between estimated nu-
trient release and measured nutrient concentrations in the streams,
leading to a more accurate and spatially smoother attribution than the
prior. For example, large excess SRP estimates in the subwatersheds of
St. Marys from the USGS manure prior decrease on average by over
50% (Fig. 7G).

The differential updating of expected nutrient contributions flowing
to different monitors suggests that our model is able to learn from
the available water-quality data. In addition to providing a spatially
more nuanced assessment of likely nutrient release, our model resolves
one fundamental disconnect between the input-based and output-based
models: namely, the input-based model entails significantly higher
levels of total nutrient release than the output-based model. Fig. 8
compares the simulated annual UP and SRP mass at monitor stations
using excess phosphorus and model posteriors against data. At most
monitor stations, using excess phosphorus overestimates the nutrient
load, especially for SRP (denoted by triangles). A partial disconnect
between excess phosphorus and nutrient transport in streams is not
necessarily unexpected, because processes such as manure storage,
application approaches, phosphorus storage in the soil, soil erosion,
and land-use management alter how much phosphorus is applied and
how it is redistributed after application. By integrating the water-
quality observations into our model, under all the three largely different
priors, the posterior distributions of subwatershed nutrient release are
consistent with data (Fig. 8). While the ABC decreases the prior UP
and SRP estimates on average, the updates differ at different locations
at Maumee (the fourth columns of Figs. 6 and 7), reflecting specific
signals from the water-quality measurements.

4.2. Resolving subwatershed-scale daily phosphorus release

Excess phosphorus estimates are generally limited to the annual
scale by data availability (e.g., ELPC, 2014). Assuming that the UP
or SRP mass from a subwatershed is proportional to its water yield,
we can estimate the phosphorus contribution at finer than annual
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the date corresponding to the distributions of A-C. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

on the different priors and posteriors against the water-quality data.
We obtain the prior-based and posterior-based estimates of SRP load
in Figs. 9D-F by routing the excess SRP (dashed blue curves) and the
10%, 50%, and 90% quantiles of the posterior (solid blue curves with

blue shade) through out network model.
In Figs. 9A and C the posteriors only accept small prior samples
temporal attribution. and generate distributions mostly constrained below 1 g/L. This update
Fig. 9 compares the prior and posterior distributions of a subwa- is a consequence of our model rewarding consistency with data as
tershed in upper St. Joseph on February 5th, 2019 as an example of highlighted by Figs. 9D and F where the posterior-based SRP load (solid
the updating process in our model framework. Figs. 9A-C show the blue curves) match data (black curves) much more closely than the
posterior SRP distributions (orange) under the three examined priors prior-based SRP load (dashed light blue curves). This analysis suggests
that both the EWG manure and USGS uniform manure priors overes-

(blue). Figs. 9D-F compare the partial time series of simulated SRP
mass around February 5th, 2019 at a downstream monitor node based timate the SRP release significantly in this subwatershed. In contrast,

scales. However, from a practical point of view, it is unrealistic to
assume the nutrient concentration remains constant throughout the
year, particularly in agricultural areas where seasonal farming patterns
influence nutrient release. Incorporating the water-quality measure-
ment time series not only ensures that our model estimates are more
consistent with the measurements, but also allows for fine-grained
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Fig. 9B shows that the USGS manure prior is largely constrained to
small values, resulting in the underestimation of the SRP by the prior in
Fig. 9E. To match the data, the posterior distribution in Fig. 9B suggests
higher probabilities for large samples (Fig. 9A). Despite the drastically
different priors, the posterior distributions are similar in all three cases.

Fig. 9 highlights the disconnect between annual-scale estimates of
excess phosphorus and daily-scale observations that leads to either a
significant over- or underestimation as shown in panels A, C, D and
F and panels B and E, respectively. One possibility for resolving this
disconnect would be to introduce a correction factor. However, Fig. 10
shows that the disconnect runs deeper than a single correction factor
could capture by highlighting the variability of nutrient loads at smaller
time scales. In Fig. 10, we compare the daily time series of prior-based
(dashed blue curves) and posterior-based (solid blue curves with blue
shade) nutrient load against the water-quality data (solid black curve).
Figs. 10A and B show the SRP load at upper St. Joseph and the UP load
at a higher-flow, downstream monitor near the outlet of the study area,
respectively.

For both Figs. 10A and B, the nutrient load predicted by the pos-
teriors captures the pollution peaks in the water-quality data much
better than the priors. In Fig. 10A, the priors underestimate the spikes
in March and overestimate the spikes in June and September to Oc-
tober. In Fig. 10B, the priors underestimate the spikes from March
to May and overestimate the spikes in June and from September to
December. Similarly, the recessions after the peak events are slow and
insufficient in the prior-based nutrient load (e.g., dashed curve from
March to June in Fig. 10B). Such slow recessions are not present in the
observations or nutrient load predicted by the posterior. Finally, the
prior-based nutrient load at both monitoring nodes tend to overestimate
the nutrient load on low-pollution days, during which the river dis-
charge is also low (USGS, 2016). This overestimation is consistent with
water-quality data generally showing lower nutrient concentrations at
lower-discharge days (USGS, 2016; NCWQR, 2022), because the priors
are computed using annual-scale excess phosphorus.

We note that the nutrient load predicted by the posterior for October
to December are missing in Figs. 10B because of the missing water-
quality data at monitor station USGS-04183038 in Upper Maumee
during this time period. This issue is not uncommon with water-quality
measurements and we have partly selected this node partly to provide
transparency around this issue. In our analysis, we skip this period
when estimating the nutrient release of subwatersheds within the com-
ponents bounded by this monitor station. Another way of addressing
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this missing-data issue is ignoring the monitor node in the missing-data
period and attributing nutrient release in a larger component. However,
a larger component contains more subwatersheds, requires more prior
samples, and results in more uncertain posterior distributions.

4.3. Fertilizer contributes more SRP than manure, while manure contributes
most of UP

In addition to achieving fine spatial and temporal resolutions, iden-
tifying specific source types is a necessary component of phosphorus
attribution intended for an actionable nutrient management plan. Most
phosphorus entering the streams via rainfall or snow melt runoff is
from manure and fertilizer widely applied throughout the basin. Part
of this phosphorus comes from newly applied manure and inorganic
fertilizer on land surface that have not yet been absorbed by soil.
The remainder is from the legacy phosphorus, the combination of the
native phosphorus in the soil and the accumulated phosphorus from
historical applications (e.g., Pavinato et al., 2020). The legacy phos-
phorus is present in runoff regardless recent applications (Sharpley,
1997; Kleinman et al., 2002) and is continuously replenished (Nair
et al., 1995). Here we ignore the contribution from point sources,
such as wastewater treatment plants, because their contributions are
much less than nonpoint sources and are outside the scope of this
study. According to the estimate of Ohio EPA (2020), nonpoint sources
contributes 89% of the phosphorus load at Maumee in 2019.

Figs. 11 and 12 show the spatial distribution of relative contribu-
tions of manure, fertilizer and legacy phosphorus as fractions of total
annual SRP and UP release at Maumee, respectively. Note that the
source type attribution is based on the modeled phosphorus entering
the streams for 2019, and the estimates for manure and fertilizer shown
in Figs. 11A-F and 12A-C represent the contributions from application
over 2019. The contribution of legacy phosphorus shown in Figs. 11G
and 12C, however, can include phosphorus accumulated from manure,
fertilizer and plant residues from past years.

Figs. 11A-C and 12A-C show substantial spatial heterogeneity in the
contributions of manure. For both SRP and UP, high contributions of
manure are mainly present in Upper Maumee, St. Marys, and Auglaize.
Comparison between the contributions of manure under the three priors
with Figures S3A-F shows that the spatial pattern of phosphorus con-
tributions attributed to manure is similar to that of manure phosphorus
production, indicating a high impact of manure to the total phosphorus
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surface water in the study area, where the size is proportional to the contribution. The area of all circles sums up to 1.

release. However, the relative phosphorus contributions of subwater-
sheds, which is the attribution result of our model, significantly differ
from the relative magnitude of manure phosphorus production, suggest-
ing that the phosphorus contributed by manure depends on not only
manure production, but also other factors that may differ in different
regions, such as the treatment before application, application method,
and runoff intensity. The attribution results based on the three different
priors (Figs. 11A-C for SRP and Figs. 12A—C for UP) also differ less than
the data of manure phosphorus production (Figures S3A-C for UP and
Figures S3D-F for SRP) used to calculate priors.

Figs. 11D-F show that the contribution of fertilizer is also spatially
heterogeneous but in a different way from manure. High contributions
of fertilizer are mainly present in upper St. Joseph, Tiffin, Upper
Maumee, and St. Marys. In St. Marys and Upper Maumee, both ma-
nure and fertilizer show high contributions with locally similar spatial
patterns (Figs. 11A-F). This pattern is likely a result of fertilizer appli-
cation along with excessive manure application that results in release of
surplus phosphorus from both sources. In contrast, some other regions,
such as part of Tiffin and St. Joseph, show high fertilizer but low
manure contributions. These regions coincide with the regions with
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high fertilizer application in Figure S3G, relatively low crop uptake
in Figure S3H, and low manure application in Figures S3A-F. This
high-fertilizer and low-manure spatial pattern may indicate excessive
fertilizer application in regions without significant manure application.

Figs. 11G and 11D show a significant but lower legacy phosphorus
contributions compared with manure and fertilizer. It indicates that
the legacy phosphorus, which results from long-term accumulation
of phosphorus from different sources, is an important contributor to
total phosphorus at Maumee. The homogeneity of the inferred legacy
phosphorus contributions throughout the Maumee stems from our as-
sumption of constant baseline UP and SRP concentrations based on
experimental data (Sharpley, 1997). In regions where the contributions
of both manure and fertilizer are low, such as Blanchard, lower St.
Joseph, and upper Auglaize, the legacy phosphorus is likely a major
contributor. According to Figure S3, these regions have relatively low
manure production, and their fertilizer application rate is below the
crop uptake rate.

Table 3 enumerates the SRP and UP release mass by source type in
2019. Figure S4 summarizes the SRP and UP contributions shown in
Figs. 11 and 12 at the scale of HUC-8 watersheds (Figs. 3 and 11B).
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Attribution of phosphorus to manure, fertilizer and base phosphorus for the whole study area with different priors. The

attribution represents the outputs for the year 2019.

Prior UP SRP Manure Fertilizer Legacy Manure Legacy
(tons) (tons) SRP (%) SRP (%) SRP (%) UP (%) UP (%)
EWG 5249 1953 35 47 18 66 33
USGS 5160 1868 38 42 20 65 34
Uniform 5187 2026 38 43 19 64 35

Overall, both the total densities and relative contributions of different
source types are consistent for the three different priors, except for
Upper Maumee (Figure S4), which we discuss in detail in Section 5.2.
Both fertilizer and manure are major contributors to SRP, with fertilizer
contributing more than or similarly to manure (Figure S4 A). Note that
our assumption that fertilizer only contributes to SRP may lead to an
overestimation of manure contributions to both UP and SRP. Therefore,
this finding indicates fertilizer is likely the top contributor to SRP. As
expected under our assumption, manure is the major contributor to UP
release in most watersheds (Figure S4B).

4.4. Phosphorus release peaks during spring planting period

Phosphorus transport from land to streams is driven by runoff,
slope, soil condition, snow accumulation, and crops (Hansen et al.,
2000; Vadas et al., 2011; Zhang et al., 2019). Increased runoff acceler-
ates phosphorus transport, and the transport can potentially increase
many-fold if soil is loose and crop roots are short (Blanco-Canqui
et al., 2004; Aronsson et al., 2016). Soil particles are generally agitated
by precipitation events, with intense precipitation making the land
particularly vulnerable to erosion (Sharpley et al., 2008). However,
soil agitation, and therefore phosphorus transport, is also a function of
crop type and growing stage (Gao et al., 2009; Guo et al., 2019). Crops
with larger canopy and widespread root distribution have the ability to
reduce soil agitation and hold the soil particles, reducing phosphorus
movement compared to non-vegetative areas (Reubens et al., 2007;
Zuazo and Pleguezuelo, 2009).

Fig. 13 shows the manure and fertilizer release time series at
Maumee along with the precipitation, snow melt, and crop planting
and growing periods. For concision, here we only show the results
from using the EWG manure prior. The results of other priors are
similar. We have extracted the precipitation and snow melt data from
DAYMET (Thornton et al., 2020) and display the 3-day rolling mean
of these time-series. We estimate snow melt by computing the first-
order difference in snow water equivalent between consecutive time
steps. We highlight the difference between different crop stages by
shading the planting and growing periods of important crops in Ohio
and Indiana. The spring planting period for corn and soybeans is April
24 to June 10 (USDA Statistical Reporting Service, 1984). The growing
periods of corn and soybeans is July to October (USDA Statistical
Reporting Service, 1984; Kast, 2018). The winter wheat planting period
is October 1 to November 1 (USDA Statistical Reporting Service, 1984).

Figs. 13A and B demonstrate that SRP and UP from manure are
highest during the spring planting season. Fertilizer SRP is also high
during this period. This finding can be attributed to three factors.
First, frequent and high precipitation increases flow and soil agita-
tion that enhances phosphorus mobility. Second, manure and fertilizer
application during the spring planting time means that plenty of phos-
phorus is available for transport. Third, the underdeveloped roots of
newly planted crops have limited ability to retain soil, resulting in
relatively high mobility of soil particles, especially without cover crops.
In contrast, Figs. 13A and B show the contributions are lower during
the growing season (July through October). While precipitation events
during growing time tend to be similar to those during the planting
period, phosphorus availability is lower later in the year because of
increased crop uptake and soil retention by developed root systems.
Additionally, by this time phosphorus availability near the surface has
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decreased due to crop uptake and movement to relatively deeper soil
layers.

Snow accumulation and melt control phosphorus transport during
the winter months (December through March). At Maumee, most pre-
cipitation during this period falls as snow that accumulates over the
soil, with several rainfall events leading to melt (Fig. 13C). During the
winter months, the overall phosphorus release is relatively low, with
manure and fertilizer phosphorus applied during antecedent wheat
planting and earlier times covered by snow. Several high phosphorus
release events coincide with the snow melt events during February to
April (Figs. 13A and B). Snow melt events expose covered phosphorus
from earlier fertilizer and manure application and convey it into the
streams, possibly along with manure that might have been applied ille-
gally over snow during the antecedent winter (Lewis and Makarewicz,
2009).

5. Discussion
5.1. Filling the gap between the output-based and input-based approaches

The differences between our model estimates and the output-based
and input-based approaches beg the question of why these estimates
differ. Comparing our model to the output-based approach first, one
issue is that the monitor-delimited watersheds in Figs. 6A and 7A differ
by more than two orders of magnitude in size, spanning areas from
10 km? to 1560 km?. The higher UP and SRP release densities tend to
associate with smaller watersheds of Upper Maumee, suggesting that
the heterogeneous sizes of the watersheds may bias estimates: there are
potentially other small high-density regions within larger low-density
regions, but when aggregated over a large area, the contributions of
small regions are smoothed out. The highly heterogeneous attribution
suggested by the input-based approach supports the previous argu-
ment that the output-based approach is smoothing out extreme values.
However, as shown in Figs. 8 and 10, many of these excess phospho-
rus estimates are inconsistent with water-quality measurements and
corrected by our model framework.

The excess phosphorus estimated using a nutrient balance approach
with high-resolution land use data (Boryan et al., 2011) and detailed
data on manure production from CAFOs (EWG, 2019) has enabled
public agencies like Environmental Working Group (EWG) and Envi-
ronmental Law and Policy Center (ELPC) to map excess phosphorus
over watersheds and draw public attention to the problem of excessive
agricultural phosphorus input (ELPC, 2014; EWG, 2021). However, the
fundamental limitation of the nutrient balance approach is the miss-
ing processes connecting phosphorus input and loss. Relevant process
include factors like the spatiotemporal variations in runoff intensity,
specific agricultural practices, and the biogeochemical evolution of
phosphorus forms that are beyond the scope of a simple nutrient
balance. In addition, assumptions required to convert input data at
various spatial resolutions to the subwatershed scale. For example, in
the EWG manure prior, the CAFO locations are points, each with an
assumed uniform application range of 10-mile radius. This assumption
may deviate from the reality of manure application and introduce
artificial sharp contrasts of excess phosphorus between neighboring
subwatersheds. Similarly, sharply contrasting estimates sometimes cor-
relate with county boundaries that are unlikely to correspond with
drastically different farming practices, such as the low-density western
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third of the basin and the high-density eastern boundary of Blanchard
in Fig. 7B, E, and H.

Our model framework leverages excess phosphorus estimates as a
prior, integrates flow information and basic hydrologic routing, and
updates the prior by learning from water quality measurements. This
updating process removes some of the bias of excess phosphorus in
representing phosphorus loss, perhaps most importantly the tendency
to overestimate pollution (Fig. 8). Compared with the annual-scale
estimates of excess phosphorus, our results also reveal the temporal
variation in phosphorus concentration, such as the immense contribu-
tion during spring planting and significant loss associated with snow
melt (Fig. 13).

As compared to deterministic approaches with computationally ex-
pensive hydrologic models (Bicknell et al., 1993; Borah et al., 2002;
Schwarz et al., 2006; Gironas et al., 2010; Arnold et al., 2012; Kast
et al.,, 2019), using a more lightweight probabilistic approach like
ABC has the advantage of covering numerous possible scenarios and
identify the ones that are consistent with data without being biased
towards a particular scenario. Although we use a beta prime distri-
bution constructed based on excess phosphorus, the prior distribution
for our model framework is flexible based on data availability and
specific purposes, making our model framework suitable for application
in other watersheds. In the ABC step of this study, we use the simple
random sampling scheme, of which the required amount of samples
quickly increases with the number of sources. Future work on imple-
menting more advanced sampling schemes can potentially increase the
efficiency and scalability of the model framework.

5.2. Ambiguous attribution highlights locations for additional water-quality
monitoring

In the three runs for different priors constructed using different
manure data (EWG, 2019; Falcone, 2021) and approaches, our model
framework generates posterior distributions that are more consistent
compared to the largely different priors. For example, the EWG manure
prior and the USGS manure prior indicate much higher UP contri-
butions from upper St. Joseph and SRP contribution from lower St.
Marys than other priors, respectively (Figs. 6B and 7E). In contrast, the
posteriors are similar in these regions (the second columns of Figs. 6
and 7), indicating that the model framework has a stable performance
in updating distributions based on water-quality data in these regions.
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However, the attribution results in some regions remain ambiguous
under different priors. Fig. 14 highlights this issue and exemplifies
why these regions require the installation of additional water-quality
monitors to achieve high-resolution source attribution. Fig. 14A shows
the difference in the UP attribution results between runs with the EWG
manure and USGS manure priors to identify subwatersheds with high
regional ambiguity. High differences in UP are mainly present in part
of Upper Maumee, lower Tiffin, lower St. Joseph, and Auglaize.

The most pronounced region of ambiguity is the component around
Defiance, Ohio (the region bounded by bold black line in Fig. 14A),
where many subwatersheds show high differences in the results of the
two priors. This is a complex component bounded by four upstream
monitor nodes. It includes the junctions of Upper Maumee, Tiffin,
Auglaize Rivers and other smaller creeks (Fig. 3). Water quality data
indicates that this component has overall high spatial densities of UP
and SRP release. Attributing nutrients measured in this component is
challenging, because they may originate from three major directions as
depicted by the yellow arrows in Fig. 14B.

The EWG manure prior suggests high contributions from directions
1 and 2 (Figs. 6B and 7B), while the USGS manure prior implies
that most contributions come from direction 3 (Figs. 6E and 7E).
Without monitor stations constraining the nutrient load from the three
directions, we are unable to achieve confident attributions within
this component. The ambiguous attribution results in this component
also cause the inconsistent results of source-type attribution for Upper
Maumee under the three different priors shown in Figure S4. Depending
on the prior, the high nutrient contributions, especially the UP contri-
butions, of this component may be attributed to Upper Maumee, Tiffin,
or Auglaize (Fig. 3), with Upper Maumee having the smallest area and
thus largest variation in spatial density (Figure S4).

In addition, the phosphorus contribution by the component shown
in Fig. 14B also includes non-agricultural point sources from the urban
region of Defiance, such as the wastewater treatment plant located
near the outlet of the component (empty green circle in Fig. 14B).
Point sources only contributes 11% of the phosphorus load at Maumee
in 2019 Ohio EPA (2020) and is thus unlikely to affect our source
attribution results at a large spatiotemporal scale. However, outside
the rainy and snow-melting seasons where the contribution of non-
point sources dominate, point sources may bias the source attribution
results locally in some subwatersheds. Therefore, it is possible that a
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significant portion of the phosphorus contribution by the component is
from the subwatershed near the outlet with the wastewater treatment
plant. If additional water-quality monitor stations exist upstream of the
wastewater treatment plant, our current model framework can capture
its contribution even given a biased prior not considering point sources.

While the presence of these ambiguities indicate that patching
together the available data with our model framework is still insuf-
ficient in fully achieving high-resolution source attribution in some
regions, the ambiguity in attribution can be helpful by identifying
locations where the installation of additional water-quality monitor
stations would be most impactful. For the marked component in Fig. 14
specifically, it is also valuable to add water-quality monitor stations
to the upstream tributaries before the reach the junctions and the
wastewater treatment plant. It is also worthwhile for local environ-
mental and agricultural agencies to verify the manure production and
application, as the EWG CAFO data (EWG, 2019) and USGS manure
data (Falcone, 2021) differ significantly in a region with such high
phosphorus contributions.

5.3. Limitations of the model framework

While our model framework improves the spatiotemporal resolution
and accuracy of the source attribution of agricultural phosphorus, it
is crucial to acknowledge its inherent limitations. We assume that the
mass of phosphorus contributed by source nodes are non-negative.
Therefore, applying our model framework in streams with significant
phosphorus decay caused by sedimentation and algae consumption,
such as the Lower Maumee, would require the addition of phosphorus
sinks. We also assume that all the phosphorus attributed to subwater-
sheds are manure, fertilizer, and legacy phosphorus in the soil, while
about 11% of the phosphorus load at Maumee are from point sources
at 2019 according to Ohio EPA (2020). Although such a relatively
low contribution is unlikely to affect our source attribution results
at a large spatiotemporal scale, point sources may bias the source
attribution results locally near wastewater treatment plants outside the
rainy and snow-melting seasons where the contribution of nonpoint
sources dominate. Another issue is that our results identify legacy phos-
phorus as a large contributor to phosphorus concentration (Figs. 11, 12,
and S4), but these estimates are highly uncertain, because we assume
the baseline concentrations to be constant values taken from runoff
experiments (Sharpley, 1997). A more accurate estimation requires
incorporating nutrient concentrations of runoff from cropland without
recent fertilizer and manure application.
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5.4. Applications of the model framework

Additional water-quality data would undoubtedly be incredibly
valuable for improving attribution. Because adding new monitors to a
stream network is costly, it is useful to evaluate where additional moni-
tors would benefit attribution the most. Our model can help identifying
regions with high contributions but ambiguous subwatershed-scale
attribution due to the lack of water-quality measurements and dis-
agreements between existing datasets of nutrient input, as illustrated
in 5.2. For Maumee, our results show that adding monitors to the
complex junction area around Defiance, Ohio, to constrain the contri-
butions from Upper Maumee, Tiffin, Auglaize Rivers and other smaller
creeks would be beneficial for reducing ambiguity in source attribution
(Fig. 14). As the ambiguous subwatershed-scale attribution is also result
of the disagreements between different manure data caused by different
data sources and collection method (EWG, 2019; Falcone, 2021), is also
beneficial to address these disagreements, which may reveal potential
flaws in data collection processes and improve the overall data quality.

While we focus on Maumee in this study, our model framework is
generalizable and can be transferred to and customized for the pollution
attribution of other areas. It is also lightweight and enables spatial,
temporal, and source-specific targeting of the likely most significant
contributors without having to purchase and manage large computa-
tional resources or conduct labor-intensive monitoring. In this study,
generating the attribution results at Maumee for one year only requires
hours of computation time on a personal computer or an academic
computation cluster. Given the limited resources of public agencies
responsible for enforcement, like the U.S. Environmental Protection
Agency (EPA), as well as the dearth of high-cadence water-quality mon-
itors, our model framework can augment permitting and enforcement
capacity by enabling agencies to focus scarce resources on facilities pos-
ing the highest risk. The model inferences can enable evidence-based
decisions regarding efficient resource allocation for pollution control.
The model framework is also flexible for post-deployment development,
such as incorporating new data and method for constructing the priors
and adding new water-quality measurements to the network model.

6. Conclusions

This study advances our ability to attribute phosphorus sources by
developing a lightweight and generalizable model framework that inte-
grates a nutrient balance derived from data, flow information derived
from hydrologic model, and water quality measurements data using Ap-
proximate Bayesian Computation. Our model reveals significant spatial,
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temporal, and source-type variabilities in phosphorus release, which
are averaged out in the coarse-scale attribution by calculating the
difference between nutrient load measurements at sparsely deployed
monitors. Some subwatersheds of Upper Maumee and St. Marys con-
tribute high quantities of both UP and SRP, with some subwatersheds
of Auglaize and Tiffin showing high contributions to each, respectively.
The pollution peaks in our results are highly consistent with snow melt
and spring rainfall that facilitate runoff. Both inorganic fertilizer and
manure are major contributors of phosphorus, with inorganic fertilizer
contributing more SRP and manure contributing more UP. Being able to
identify such variability can benefit targeted enforcement via prioritiz-
ing regions and time periods with higher pollutant release. Our results
can also help the prioritization of adding new water quality monitors
by demonstrating that the spatial density of monitors is inadequate for
achieving confident attributions in some regions with complex tributary
junctions, such as the component around Defiance.
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