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Abstract 

An increasing population and the intensification of agriculture has driven rapid changes in 

land use and increases in excess nutrients in the environment. Globally, excess nutrients in inland and 

coastal waters have led to persistent issues of eutrophication, ecosystem degradation, hypoxia, and 

drinking water toxicity. Over the past few decades, we have seen policies set to mitigate the 

degradation in water quality. The existing paradigm of water quality management is based on 

decades of research finding a linear relationship between the net nitrogen inputs to the landscape and 

stream nitrogen exports. For instance, in the U.S., in response to these nutrient problems, working 

groups have spent approximately a trillion dollars to improve water quality by upgrading wastewater 

treatment plants and implementing nutrient management plans to decrease watershed nitrogen and 

phosphorus inputs. Despite concerted efforts, in many cases we have not seen marked improvements 

in water quality. In cases where water quality has improved, it is frequently after decades of nutrient 

management. The lack of or delayed water quality improvement suggests the importance of other 

drivers in modulating the relationship between nutrient inputs and watershed exports. Indeed, 

watershed nutrient loads are not just a function of current-year nitrogen inputs but can also depend on 

the history of inputs to the watershed. However, we still have little understanding of the relationship 

between nutrient inputs related to exports and the extent that accumulated stores of nitrogen and 

phosphorus influence this relationship. 

The central theme of my research has been an exploration of the history of 

anthropogenic nutrient use and the relationship between nutrient inputs and the response in 

water quality. Specifically, I have focused on the role of current nutrient inputs versus historical 

nutrient use in impacting water quality at the watershed scale, as well as the various landscape and 

climate controls that can mediate responses to changes in management. My research objectives will 

be to (1) develop a multi-decadal mass balance of nitrogen and phosphorus at the sub-watershed 

scale across the contiguous U.S. in order to investigate (2) the relationship between watershed 

nitrogen inputs and export and the drivers of changes in watershed nitrogen export, (3) the 

magnitude, spatial distribution, and drivers of nitrogen retention and legacy stores, and (4) the use 

and management of phosphorus in agricultural landscapes in the context of both food security and 

environmental health. 

I began by developing county-scale nitrogen and phosphorus surplus datasets, TREND-N and 

TREND-P, for the contiguous U.S.—with surplus defined as the difference between anthropogenic 

inputs (fertilizer, manure, domestic inputs, biological nitrogen fixation, and atmospheric deposition) 

and non-hydrological export (crop and pasture uptake). In Chapter 2, I present the updates to a 

previously published TREND-N county-scale nitrogen mass balance dataset, improving crop and 

pasture uptake and livestock excretion methods. In Chapter 3, I develope new county-scale 

phosphorus surplus dataset, using similar methods.  These datasets were then downscaled to a 250 m 

gridded-scale dataset, known as gTREND-Nitrogen and gTREND-Phosphorus, a step led by my 



 

 vi 

collaborator Shuyu Chang. These novel datasets serve as the foundational data for the subsequent 

chapters. 

Next, in Chapter 4, I explored the relationship between net nitrogen inputs and nitrogen 

export for over 400 watersheds across the U.S. I used the newly developed nitrogen surplus dataset to 

understand how watershed-scale nitrogen surplus magnitudes and exports change over time and 

examine how the relationships are influenced by both natural and anthropogenic controls within 

watersheds. To achieve this, I used a set of 492 watersheds with nitrogen input and export data 

spanning from 1990 to 2017. We found that 284 watersheds had a significant (p<0.1) increasing or 

decreasing trend in both nitrogen surplus and nitrogen load. Of these watersheds, we identified 62 

where both nitrogen surplus and export have been significantly increasing over the last two decades. 

These input-driven watersheds are characterized by high livestock density, agricultural area, and tile 

drainage. In contrast, nitrogen surplus and export have been decreasing in 127 "bright spot" 

watersheds, characterized by high population density and urban land use. Nitrogen surplus is also 

decreasing in 60 "transitioning" watersheds, but export is increasing as nitrogen surplus decreases. 

We argue that these watersheds are transitioning from agriculture to more urban areas, such that 

fertilizer inputs have decreased, but the higher nitrogen export is driven by legacy nitrogen stores. 

Finally, we found 35 watersheds demonstrating a delayed response, with nitrogen export decreasing 

despite an increase in nitrogen surplus. Climate appears to be the driver of response in these 

watersheds, with aridity likely driving lower nitrogen export, despite increasing inputs. The four 

typologies of nitrogen inputs and export relationships suggest that watersheds can act as filters and 

modulate the movement of nitrogen. Our results provide insights into the complex dynamics of 

nitrogen surplus and export relationships, as well as how the landscape, climate, and legacy nitrogen 

can influence these relationships. 

In Chapter 4, I analyzed relationships between changes in nitrogen inputs and export, to 

understand what drives changes in watershed export, finding that legacy stores may be modulating 

the watershed response to changing net nitrogen inputs. However, we have limited knowledge of the 

magnitude and spatial distribution of legacy stores across North America. Therefore, in Chapter 5, 

we quantified how much nitrogen retention, which is the mass of nitrogen stored in legacy pools and 

nitrogen lost to denitrification, has accumulated in watersheds, and where it can be accumulating. To 

achieve this, we used existing datasets and machine learning algorithms to calculate the mass of 

‘retained’ nitrogen in the landscape—defined as the nitrogen stored in the soil organic nitrogen pool, 

the groundwater pool, or lost through denitrification. Specifically, we built a random forest modeling 

framework trained on the watersheds’ nitrogen surplus and components, loads, and characteristics to 

predict nitrogen loads at the HUC8 scale across the U.S. We calculated retention for HUC8, which is 

the difference between nitrogen surplus and predicted loads, and found that nitrogen retention is 

highest in the Midwestern and Eastern U.S. because of low exports in regions with high agricultural 

inputs or high population density. Next, we used a data-driven approach to estimate legacy stores by 
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allocating retained nitrogen mass into their legacy pools. We partition nitrogen retention in the Upper 

Mississippi region HUC8 watersheds into the mass stored in the groundwater pool, soil organic 

nitrogen pools, and mass lost to denitrification. We found that, on average, 42% of the mass is stored 

in the soil organic nitrogen pool, 16.5% is stored in the groundwater pool, and 40% is lost to 

denitrification. 

While these two chapters focused on nitrogen, in my final chapter we shifted to explore 

phosphorus use in agricultural systems. In my final chapter, we used the new gridded phosphorus 

surplus and components dataset to explore current and historical agricultural phosphorus use and 

management in landscapes within the context of both food security and environmental health. To 

characterize the extent of phosphorus depletion and excess, we employed indicators such as annual 

and cumulative phosphorus surplus and phosphorus use efficiency (PUE). We found that the 

evolution of agricultural phosphorus management is shaped by changing fertilizer management, the 

proliferation of concentrated animal operations, climate, and the landscape's memory of past 

phosphorus use. We further integrated both cumulative phosphorus surplus and PUE into a 

framework to quantify phosphorus sustainability in intensively managed landscapes. We found that 

in the 1980s, much of the agricultural land was undergoing ‘intensification,’ with positive and 

increasing cumulative stores because phosphorus inputs exceeded crop uptake (PUE < 1). By 2017, 

29.5% of the agricultural land was undergoing ‘recovery’ and had positive cumulative phosphorus 

stores that were being depleted through improved phosphorus management (PUE > 1). However, 

70% of the agricultural area in the U.S. is still undergoing ‘intensification,’ particularly in areas with 

more of their inputs from livestock manure, pointing to the need to treat manure as a resource instead 

of the current approach of treating it as a waste product. 

By using novel datasets, we have been able to explore nutrient use across space and time and 

its impact on food security and environmental outcomes. I have made significant contributions 

towards expanding the discussion of nutrient us and fate, understanding the magnitude and 

distribution of cumulative net nutrient inputs stores in the landscape, as well as the ways in which 

intrinsic watershed properties, climate, land management, and historical nutrient use can modulate 

the relationship between inputs and export. Overall, my findings underscore the importance of 

nuanced, place-based, and context-dependent nutrient management strategies, with a focus on 

manure management, to address the diverse challenges of different agricultural systems and prevent 

unintended environmental consequences. 
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Chapter 1 Introduction 

1.1 Nitrogen in the anthropocene 

The increasing human population over the past 100 years has perturbed the phosphorus and 

nitrogen cycle in large part to meet the needs of a growing population. Globally, the fixation of 

anthropogenic nitrogen—through inorganic fertilizers, fossil fuel combustion, and nitrogen-

fixing crops—has risen dramatically from 15 Tg N y-1  in 1890 to 210 Tg N y-1 in 2010 

(Galloway & Cowling, 2002, 2021). Phosphorus fertilizer from phosphate rock has increased 

from 0.4 Tg P y-1 to 19 Tg P y-1 (Ashley et al., 2011). We see these global patterns reflected in 

the US, where both anthropogenic nitrogen and phosphorus inputs began to increase dramatically 

after the 1940s and have steadily increased since (Byrnes et al., 2020). Crop production has 

increased in tandem with inputs, but in many cases inputs still exceed crop needs. Across all 

regions in the U.S, nitrogen use efficiency (the ratio of crop uptake to total inputs) has decreased 

from 48% to 45% from the mid-1990s to mid-2000s, and phosphorus use efficiency has only 

slightly increased from 60 to 63% (Swaney et al., 2018b; Swaney & Howarth, 2019b). This 

leaves a large proportion of nitrogen and phosphorus to cycle through the environment. 

Excess nitrogen and phosphorus in the environment contribute to widespread environmental 

degradation through the pollution of surface and groundwater resources. Nutrient runoff from the 

landscape can be transported to inland and coastal water bodies, where it promotes algal growth 

and can lead to cultural eutrophication and hypoxia (dissolved oxygen levels < 2 mg L-1) 

(Malone & Newton, 2020). Over the past few decades, the incidence of nutrient-induced 

eutrophication and persistent hypoxic zones has increased largely due to rising nutrient loads. 

This has become a global issue, plaguing many coastal and lacustrine ecosystems (Beaulieu et 

al., 2019; Breitburg et al., 2018; Stoddard et al., 2016). We find eutrophication and hypoxia in 

each continent excluding Antarctica (Rabalais et al., 2009). This includes the Baltic Sea in 

Europe, Chesapeake Bay and the Gulf of Mexico in the U.S, Lake Erie in North America, and 

Lake Taihu in China (Conley et al., 2011; Hagy et al., 2004; Harding et al., 2019; Rabalais & 

Turner, 2019; Xu et al., 2015). This degradation poses a significant threat to a wide range of 

ecosystem services including tourism, recreation, and fisheries, as well as negatively impacting 

economic opportunities, human well-being, and ecosystem health (Conley et al., 2011; R. W. 

Howarth et al., 2011; Postel & Carpenter, 2012; Rabalais, Turner, & Scavia, 2002).  

Nitrate is also a ubiquitous groundwater contaminant highlighted by the many cases globally of 

concentrations exceeding the World Health Organization’s (WHO) maximum contaminant level 

(MCL) of 10 mg NO3
--N L-1. Nitrate concentrations above this limit have been documented in 

https://paperpile.com/c/DQCtMY/yiHRT+p70ts
https://paperpile.com/c/DQCtMY/ZG3X
https://paperpile.com/c/DQCtMY/5Iowy
https://paperpile.com/c/DQCtMY/XRyO+zAga8
https://paperpile.com/c/DQCtMY/C7tr
https://paperpile.com/c/DQCtMY/X1Lw+kXxA+ftqa
https://paperpile.com/c/DQCtMY/X1Lw+kXxA+ftqa
https://paperpile.com/c/DQCtMY/ETQQ
https://paperpile.com/c/DQCtMY/Scsh6+QRQdO+0uxSY+HFQmr+xMss
https://paperpile.com/c/DQCtMY/Scsh6+QRQdO+0uxSY+HFQmr+xMss
https://paperpile.com/c/DQCtMY/Scsh6+4Fz7j+Mh3Ev+nNLa
https://paperpile.com/c/DQCtMY/Scsh6+4Fz7j+Mh3Ev+nNLa
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40% of wells in Denmark, 28% in China, 25% in Zona Citricola, MX, and 90% in the Gaza Strip 

(Gu et al., 2013; Hansen et al., 2017; Pastén-Zapata et al., 2014; Shomar et al., 2008). In the 

U.S., nitrate is an ongoing and worsening issue, as demonstrated by a longitudinal study by 

Puckett et al. (2011), which found a significant increase in the percentage of sampled 

groundwater wells exceeding the MCL, rising from 2.2% in 1960 to 39% by 1980, with this 

trend anticipated to continue. Subsequent studies of drinking water wells capture the dire 

conditions of groundwater across the U.S. In 2007, approximately 45% of drinking water wells 

had concentrations exceeding the MCL (Toccalino & Hopple, 2010). Alarmingly, the population 

served by groundwater wells in violation of the MCL limits has remained relatively constant 

over the past two decades (Pennino et al., 2017) despite knowing that chronic exposure to 

elevated nitrate concentrations, even well below regulatory limits, has been linked to increased 

risk of cancer and is the known cause of methemoglobinemia in infants (Ward et al., 2018). This 

issue is particularly pressing given that approximately 43 million people rely on groundwater for 

drinking water, and an estimated 15 million people live in areas with groundwater nitrate 

concentrations exceeding natural levels (1 mg-N L-1) (Dubrovsky et al., 2010). For people 

relying on private wells, a common situation for rural farmers, the options are limited and often 

costly: they must choose between investing in expensive filtration systems, purchasing bottled 

water, or consuming water with nitrate concentrations that can cause adverse health outcomes 

(Healy, 2018). 

1.2 Policy response to address water quality degradation  

Awareness surrounding the impacts of excess nutrients in the environment has spurred concerted 

efforts to reduce nutrient loads and address water quality (Backer et al., 2010; Diaz et al., 2017; 

Gren & Destouni, 2012; Mississippi River/Gulf of Mexico Watershed Nutrient Task Force, 

2001; Van Meter et al., 2018). The 2001 Mississippi River/Gulf of Mexico Watershed Nutrient 

Task Force developed an action plan to manage point source and nonpoint source loading to 

reduce the 5-year average hypoxic zone extent to less than 5,000 km2 by 2015 (USEPA, 2023). 

Earlier plans to address hypoxia and eutrophication were launched in other regions, including in 

the Chesapeake Bay, U.S., and the Baltic Sea, Europe (Destouni et al., 2017; Hagy et al., 2004; 

Lefcheck et al., 2018; Van Meter et al., 2018). In the 1980s, the Chesapeake Bay Program 

developed an action plan to implement a basin-wide strategy to reach 40% nitrogen and 

phosphorus load reduction by 2000 (Chesapeake Bay Program, 1988). The 1988 Helsinki 

Commission (HELCOM) mitigation plan, now included in the Baltic Sea Action Plan, outlined 

https://paperpile.com/c/DQCtMY/uL9Yx+bQpr3+6sq1+QvEAR
https://paperpile.com/c/DQCtMY/xmvd4/?noauthor=1
https://paperpile.com/c/DQCtMY/QXn7
https://paperpile.com/c/DQCtMY/enWgS
https://paperpile.com/c/DQCtMY/h91D0
https://paperpile.com/c/DQCtMY/WoZoK
https://paperpile.com/c/DQCtMY/qr21
https://paperpile.com/c/DQCtMY/J0IUs+rsu20+9sB9c+lFiP9+d3dFp
https://paperpile.com/c/DQCtMY/J0IUs+rsu20+9sB9c+lFiP9+d3dFp
https://paperpile.com/c/DQCtMY/J0IUs+rsu20+9sB9c+lFiP9+d3dFp
https://paperpile.com/c/DQCtMY/WcUe
https://paperpile.com/c/DQCtMY/XLUFr+HFQmr+yJT8k+d3dFp
https://paperpile.com/c/DQCtMY/XLUFr+HFQmr+yJT8k+d3dFp
https://paperpile.com/c/DQCtMY/bYtpX
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nutrient loading targets for each country in the Baltic Sea drainage basin (Destouni et al., 2017; 

Vero et al., 2017).  

Stakeholders across Europe and the U.S. have spent billions of dollars annually implementing 

point source controls and agricultural best management practices (BMP) (Hyytiäinen et al., 2014; 

Keiser & Shapiro, 2017). Despite such efforts, nutrient loads and hypoxic zone extents have been 

either increasing or have not recorded any significant decline in the last three decades, forcing 

target years to be reset for the future (Figure 1.1) (Destouni et al., 2017; L. Feng et al., 2024; 

Stackpoole et al., 2021; Van Meter et al., 2018; Water Quality Standards Attainment and 

Monitoring - Chesapeake Progress, 2021). One key reason for the apparent lack of success in 

meeting water quality goals is the time lags associated with legacy stores of nitrogen and 

phosphorus in highly managed watersheds, which act as a long-term source of nutrients to 

surface waters (Meals et al., 2010; Sharpley et al., 2013; Van Meter et al., 2018). 

https://paperpile.com/c/DQCtMY/qJjTc+yJT8k
https://paperpile.com/c/DQCtMY/qJjTc+yJT8k
https://paperpile.com/c/DQCtMY/Jvuq+UtPK
https://paperpile.com/c/DQCtMY/Jvuq+UtPK
https://paperpile.com/c/DQCtMY/u9UYy+d3dFp+yJT8k+8KBj+lCsQ
https://paperpile.com/c/DQCtMY/u9UYy+d3dFp+yJT8k+8KBj+lCsQ
https://paperpile.com/c/DQCtMY/u9UYy+d3dFp+yJT8k+8KBj+lCsQ
https://paperpile.com/c/DQCtMY/u9UYy+d3dFp+yJT8k+8KBj+lCsQ
https://paperpile.com/c/DQCtMY/u9UYy+d3dFp+yJT8k+8KBj+lCsQ
https://paperpile.com/c/DQCtMY/d3dFp+5QVEj+HEVb
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Figure 1.1 Timelines of policy measures and hypoxic zone size reveal a lack of response to 

policy interventions across Europe and North America. 

Panels show time series for the hypoxic area or volume, the riverine nitrogen load, and selected 

policy landmarks and goals for the Chesapeake Bay, Baltic Sea, and Gulf of Mexico. External 

loads in (a) represent dissolved inorganic nitrogen (NO3-+NO2-) for the Susquehanna River, 

which accounts for more than half of the annual nitrogen load to Chesapeake Bay. Hypoxic 

volume data represents the early June volume in the Maryland mainstem of the Chesapeake Bay 

with dissolved oxygen (DO) concentrations < 2 mg/L. External loads in (b) represent an estimate 

of all total nitrogen inputs to the Baltic Sea, including riverine inputs, atmospheric deposition, 

direct point sources, and other diffuse inputs. Hypoxic area data represents the areal extent of the 

hypoxic area (DO < 2 mg/L) for the Baltic Sea’s Bornholm basin. External loads in (c) represent 

dissolved inorganic nitrogen (NO3-+NO2-) for the Mississippi River, and the hypoxic area 

represents the mid-summer, bottom water hypoxic area (DO < 2 mg/L). Figure reproduced from 

Basu et al. (2022). 

Although an understanding of nitrogen legacies and time lags has existed within the scientific 

community for decades, this mainly theoretical understanding has historically yet to be 

adequately considered when developing policy and targeted approaches. Stakeholders still expect 

short-term water quality improvement, and the lack of success in meeting goals also generates 

skepticism and disillusionment in policymakers and farmers on the efficacy of conservation 

measures adopted, jeopardizing future buy-in (Meals et al., 2010; Sharpley et al., 2013; Van 

Meter & Basu, 2015; Vero et al., 2017). 

Only in the last half-decade have policymakers in heavily studied basins begun recognizing the 

role legacy plays in the efficacy of nutrient management and are now beginning to consider them 

in policy timelines (Ascott et al., 2021; Basu et al., 2022). For instance, in the Tulare Lake Basin 

in California, decades of nitrogen use in agriculture have contributed to high levels of nitrogen in 

groundwater, with some wells exceeding 20 mg-N L-1 (Harter et al., 2012). In 2008 the State 

Water Board prepared a report to the Legislature to delineate the cause and potential solution to 

California’s poor groundwater quality. With the recognition of legacy nitrogen in the 

groundwater, remediation approaches aim to use legacy nitrogen for fertilization through 

irrigation water, offering a hopeful solution to the issue (California State Water Resources 

Control Board, 2017; Harter et al., 2012). Similarly, the Chesapeake Bay Program and the 

Mississippi River/Gulf of Mexico Hypoxia Task Force have worked to improve the 

understanding of the drivers of delays in nutrient load reductions and have acknowledged the 

importance of communicating lag times in water quality responses to stakeholders (Chesapeake 

Bay Program, 2020; Reckhow et al., 2011; USEPA, 2023).  

https://paperpile.com/c/DQCtMY/KIazR+qJjTc+HEVb+5QVEj
https://paperpile.com/c/DQCtMY/KIazR+qJjTc+HEVb+5QVEj
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https://paperpile.com/c/DQCtMY/9ZAf+GvKX+WcUe
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Current knowledge regarding the magnitude and distribution of legacy nutrients across the U.S. 

and the timescales over which they may contribute to elevated nutrient concentrations remain 

inadequate, limiting the successful design of water quality solutions. To begin creating tangible 

and effective management decisions and water quality assessments for all nutrient-impacted 

watersheds across the U.S., we need a better understanding of the role of legacy nutrients in 

delays in water quality improvements. Specifically, we need to quantify nutrient stores in the 

landscape –in the soil organic pool, vadose zone, sediment, and groundwater – across the U.S. to 

begin understanding the role of legacy nutrients versus climate and land management on water 

quality across space and time.  

1.3 Fate of nutrients in the landscape 

1.3.1  Nitrogen fluxes and legacies 

To effectively manage legacies and their impact on water quality, we need to quantify the stores 

and fluxes of nitrogen and phosphorus across regional and continental scales (Dupas et al., 2020; 

Goyette et al., 2016a; Hong et al., 2013; Van Breemen et al., 2002). The primary anthropogenic 

sources of nitrogen in the landscape are inorganic fertilizer, manure, human waste, biological 

nitrogen fixation, and atmospheric deposition. Byrnes et al. (2020) analyzed an 88-year 

trajectory of nitrogen inputs across the continental U.S. at the county level, finding that most 

counties receive inputs from all these sources in varying magnitudes. Human waste inputs 

predominantly influence urban counties, while atmospheric deposition is the dominant input in 

counties with less developed land use (Figure 1.2). Crop uptake is a nitrogen sink, removing 

nitrogen through plant biomass harvesting. According to Swaney et al. (2018b), approximately 

45% of nitrogen inputs are removed through crop uptake across the U.S., though this percentage 

varies depending on whether the agricultural system is dominated by livestock or fertilizers. We 

can calculate nitrogen surplus, which is the excess mass of nitrogen remaining after crop 

removal, by taking the difference between nitrogen inputs and crop uptake (Figure 1.3). Across 

the U.S., Byrnes et al. (2020) found nitrogen surplus to vary from -8.6 to 1040 kg-N ha-1 y-1 with 

localized hotspots in urban counties. Additionally, large areas of high nitrogen inputs are evident 

in agricultural regions, where inorganic fertilizers contribute the largest portion of nitrogen mass, 

and hotspots are often found in areas with high-density livestock operations. 

https://paperpile.com/c/DQCtMY/y88D0+5JQ6B+c9FCB+WyvL4
https://paperpile.com/c/DQCtMY/y88D0+5JQ6B+c9FCB+WyvL4
https://paperpile.com/c/DQCtMY/5Iowy/?noauthor=1
https://paperpile.com/c/DQCtMY/zAga8/?noauthor=1
https://paperpile.com/c/DQCtMY/5Iowy/?noauthor=1
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Figure 1.2 Transport and retention of anthropogenic nutrients across human-impacted 

landscapes.  

Agricultural areas frequently act as sources of nutrients due to decades of over-application of 

commercial fertilizers and livestock manure. Nitrogen and phosphorus can be retained as 

biogeochemical legacies in agricultural soils in organic forms or, for phosphorus, sorbed to soil 

particles. Nitrogen and phosphorus can also be retained in a dissolved form in groundwater as 

hydrologic legacies, although this makes up a much smaller fraction of the phosphorus legacies. 

Nutrients’ current and legacy sources are transported from the landscape to lakes and coastal 

zones via erosion and overland flow or through baseflow fluxes. Red arrows are for inputs and 

outputs from the watershed mass balance, purple arrows are internal fluxes that move nitrogen 

between pools that do not remove nitrogen from the watershed, and yellow boxes are the 

biological and hydrological legacy pools. 
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Figure 1.3 A conceptual diagram demonstrates the terminology used to describe the 

different how to group nitrogen pools in the subsurface. Nested boxes represent how the 

terms relate to one another. Nitrogen surplus is the difference between nitrogen inputs and non-

hydrological export. Nested in the nitrogen surplus term is nitrogen that is retained and nitrogen 

exported through riverine pathways. Within nitrogen retention, nitrogen could be stored in the 

SON pool, vadose zone, groundwater pool, or denitrified. Legacy nitrogen includes nitrogen in 

the SON pool, groundwater, and vadose zone storage. Boxes are not to scale.  

The surplus nitrogen is temporarily stored within the landscape until it is exported from the 

watershed through riverine export or denitrification (Figure 1.3). This stored nitrogen, or legacy 

nitrogen, is found as biogeochemical legacies stored as soil organic nitrogen (SON) within the 

vegetation root zone and as hydrological legacies stored as dissolved inorganic nitrogen in the 

vadose zone or groundwater pool (Van Meter et al. 2017). Thus, quantification of legacy 

nitrogen requires estimation of riverine export and denitrification. 

Legacy nitrogen stored in the subsurface will eventually reach the surface water systems through 

erosion, runoff, or baseflow fluxes decades after initial application to the watershed. The time 

elapsed between when the nitrogen molecule enters the watersheds and when it leaves is 

commonly referred to as the time lag (D. Chen et al., 2018; Meals et al., 2010). Time lags at the 

watershed scale, conceptualized by the sum of (1) biogeochemical time lag and (2) hydrologic 

time lag (Figure 1.3), have been found to range from a single year to multiple decades (D. Chen 

et al., 2018; Dupas et al., 2018; Van Meter et al., 2018; Van Meter & Basu, 2017). 

Biogeochemical time lags arise from the delay in nitrogen transport from microbial cycling 

between inorganic and organic nitrogen forms. Indeed, isotope studies from the past two decades 

were among the first to find evidence of these biogeochemical time lags, finding that 12-15% of 
15N fertilizer remained in the root zone decades after application (Jenkinson et al., 2004; Sebilo 

https://paperpile.com/c/DQCtMY/r7Rcb+5QVEj
https://paperpile.com/c/DQCtMY/NK69R+CPjDj+d3dFp+r7Rcb
https://paperpile.com/c/DQCtMY/NK69R+CPjDj+d3dFp+r7Rcb
https://paperpile.com/c/DQCtMY/5bSdF+kP4GK
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et al., 2013). The biogeochemical legacy stores in the crop root zones can have time lags ranging 

from under ten years to over 70 years (Hamilton, 2012). Van Meter et al. (2016) were among the 

first to estimate the regional rate of 25-70 kg-N ha y-1 of nitrogen accumulation in agricultural 

soil across the Mississippi River Basin.  

Organic nitrogen can be mineralized from the SON pool and transformed into inorganic nitrogen 

(NH4
+, NO3

-, NO2
-), a form of nitrogen that is more bioavailable for crops but also more 

susceptible to leaching and volatilization. Nitrate, and nitrite to a much lesser degree, is highly 

mobile and leaches from the root zone to the vadose zone and groundwater pool. Nitrate can then 

accumulate as hydrological legacies in the vadose zone dissolved in pore water. Hydrological 

time lags, which can range from days to decades and are generally longer than biogeochemical 

time lags (McDowell et al., 2021), are influenced by precipitation-driven flushing, as well as the 

hydraulic conductivity and connectivity of the soils (Meals et al., 2010; Tesoriero et al., 2013).  

1.3.2  Phosphorus fluxes and legacies 

The primary anthropogenic sources of phosphorus entering watersheds are agricultural inputs of 

fertilizer, manure, and atmospheric deposition, along with domestic sources such as human and 

food waste and detergents (Van Meter et al., 2021) (Figure 1.2). The most significant input into 

U.S. watersheds comes from agricultural sources (Sabo et al., 2021). Historically, phosphorus 

from human waste and detergents has contributed a large phosphorus load to rivers. However, 

policies aimed at reducing point source pollution, including upgrades to wastewater treatment 

and limits on phosphorus content in detergents, have led to a substantial reduction in domestic 

phosphorus loads (Litke, 1999; Sabo et al., 2021; Scavia et al., 2014). As a result, much of the 

point source phosphorus is now removed and stored in landfills (network legacies) (Van Meter et 

al., 2021). Atmospheric deposition, while historically a minor contributor, remains below 0.5 kg-

P ha-1 y-1 across the U.S. (Sabo et al., 2021). 

Once phosphorus enters the watersheds, it can accumulate at various points along the land–

freshwater continuum. Phosphorus can be stored in the soil profile in organic and inorganic 

forms, cycling through these phases via microbial processes. Phosphorus can also accumulate in 

the soil profile as biogeochemical legacies through precipitation with other metals and adsorbing 

to clay particles, metal oxides, and carbonates (Schlesinger & Bernhardt, 2020). A smaller 

proportion of excess phosphorus, compared to nitrogen, is stored as hydrologic legacies in 

groundwater (Holman et al., 2008; Van Meter et al., 2021). Crops remove soluble phosphorus 

from the soil profile to integrate into their biomass. The use efficiency of phosphorus has 

https://paperpile.com/c/DQCtMY/5bSdF+kP4GK
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https://paperpile.com/c/DQCtMY/vJwRQ/?noauthor=1
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https://paperpile.com/c/DQCtMY/5QVEj+U1mk
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https://paperpile.com/c/DQCtMY/HCgQ
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https://paperpile.com/c/DQCtMY/HArEg
https://paperpile.com/c/DQCtMY/j5Vd+Vk2G
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improved significantly from the mid-1980s because of improved nutrient management (Q. Zhang 

et al., 2023). In some cases crop uptake will exceed the annual inputs, leading to negative 

phosphorus surpluses and soil phosphorus mining in highly cultivated areas (Sabo et al., 2021; 

Swaney & Howarth, 2019b). The critical pathway for phosphorus export from the soil is through 

erosion from upland areas and subsurface runoff through agricultural field tile drains (Sharpley 

et al., 2013; Smith et al., 2015). In the U.S., it is estimated that up to 5.4 kg ha-1 yr-1 of 

phosphorus is lost from agricultural soils annually, a flux magnitude that exceeds current annual 

surplus estimates in many areas (Sabo et al., 2021). However, typically we find that between 3-

30% of annual phosphorus surplus is exported to rivers (H. Han et al., 2011; Hong et al., 2012; 

Van Meter et al., 2021). Once phosphorus reaches the river network, it can accumulate in 

riparian areas and reservoirs (network legacies) (Van Meter et al., 2021).  

1.3.3 Quantifying and modeling nitrogen legacy and time lags 

Only in the past two decades has the accumulation of legacy nitrogen stores in the subsurface 

been considered in models and mass balance studies. Progress has been made in developing both 

data-driven statistical and process-based modeling approaches to better characterize these legacy 

stores. For example, the parsimonious process-based ELeMENT model was developed to 

quantify the legacy stores in the Mississippi and Susquehanna River Basin. From the 1960s, soil 

organic nitrogen in agricultural soils accumulated 6.9 and 0.35 kg-N ha-1 y-1, respectively, while 

groundwater accumulated nitrogen at a rate of 3.1 and 9.3 kg-N ha-1 y-1 (Van Meter et al., 2017). 

Ascott et al. (2017) estimated the mass of nitrogen accumulated in the vadose zone globally and 

found that arid regions with deep groundwater can have stores of dissolved nitrogen exceeding 

4,000 kg-N ha-1 More recently, Van Meter et al. (2023) used a machine learning model and 

groundwater well concentration data and estimated that approximately 15 Tg of N (328 ± 167 

kg-N ha−1) of nitrogen has accumulated in the groundwater over the last 50 years. 

There has also been development in modeling approaches to capture the effects of legacy 

nutrients on water quality. For example, McIsaac et al. (2001) developed a regression equation 

using NANI from two past time periods (previous 2-5 years and 6-9 years) to predict the nitrogen 

exported to the Gulf of Mexico from the Mississippi River Basin. Chen et al. (2014) developed a 

similar model using NANI but included a term to account for the previous year’s storage of 

legacy nitrogen mass. Chen et al. (2014) and Van Meter et al. (2017) used a cross-correlation 

analysis to estimate the lag time between changes in nitrogen input trajectory and subsequent 

changes in stream nitrogen concentration trajectory in the Grand River watershed in Canada and 

Yongan Watershed in China. They found the lag time to range between 1 to 34 years. McDowell 
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https://paperpile.com/c/DQCtMY/HCgQ
https://paperpile.com/c/DQCtMY/pjr7+Vk2G+F5qjl
https://paperpile.com/c/DQCtMY/pjr7+Vk2G+F5qjl
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et al. (2021) also used cross-correlation and a generalized additive model (GAM) to model lag 

times in watersheds across New Zealand, finding time lags ranging from 1 year to 9.5 years. 

Dupas et al. (2020) followed a travel time convolution approach to estimate lag times in 16 

watersheds in western France, finding lag times to range between 2 and 14 years. Studies have 

linked shorter lag times with proximal flow paths, such as riparian soil and tile drainage 

(Ehrhardt et al., 2019; Van Meter & Basu, 2017), while longer lag times have been associated 

with higher evapotranspiration (McDowell et al., 2021), geologies characterized by low 

hydraulic conductivity and low-porosity geologic classes (Dupas et al., 2020; McDowell et al., 

2021), as well as larger and steeper catchments due to a diversity of flow paths and increased 

flow path lengths (McDowell et al., 2021; Van Meter & Basu, 2017). Although we have an 

improved understanding of the importance of nitrogen and phosphorus legacies in delaying water 

quality improvement, we still need a comprehensive characterization of legacy stores' magnitude 

and spatial distribution.  

1.5  Knowledge gaps and research objectives 

The key to adequately characterizing the extent and impacts of legacy nitrogen and phosphorus 

requires understanding the linkages between landscape, groundwater, and surface water and their 

associated nutrient pools and transport pathways. While recent research has begun highlighting 

the role of legacies in water quality delays, the work has been limited in spatial and temporal 

scale. Large-spatial scale studies rarely have data from before the mid-1980s and rarely consider 

temporal trends (Hong et al., 2012, 2017; Swaney et al., 2012). Many existing studies have 

focused on single watersheds or drainage regions (Boyer et al., 2002; Dupas et al., 2018; Goyette 

et al., 2016a; H. Han et al., 2011; Metson et al., 2020; Van Breemen et al., 2002; Van Meter et 

al., 2018; Van Meter & Basu, 2017) or exclusively on surface water or groundwater (Hansen et 

al., 2019; Kim et al., 2020).  

In my thesis, I aim to address these gaps by investigating: (RO1) the multi-decadal inputs and 

crop export of nitrogen and phosphorus at the sub-watershed scale across the contiguous U.S., 

(RO2) the relationship between watershed nitrogen inputs and export, (RO3) the drivers of 

changes in watershed nitrogen export, (RO4) the magnitude, spatial distribution, and drivers of 

nitrogen retention and legacy stores, and (RO5) the use and management of phosphorus in 

agricultural landscapes in the context of both food security and environmental health.  

https://paperpile.com/c/DQCtMY/HgGfO/?noauthor=1
https://paperpile.com/c/DQCtMY/WyvL4/?noauthor=1
https://paperpile.com/c/DQCtMY/d5SNB+CPjDj
https://paperpile.com/c/DQCtMY/HgGfO
https://paperpile.com/c/DQCtMY/WyvL4+HgGfO
https://paperpile.com/c/DQCtMY/WyvL4+HgGfO
https://paperpile.com/c/DQCtMY/HgGfO+CPjDj
https://paperpile.com/c/DQCtMY/OrmSF+F5qjl+9UH3
https://paperpile.com/c/DQCtMY/THMz4+y88D0+d3dFp+CPjDj+NK69R+5JQ6B+qZFcA+pjr7
https://paperpile.com/c/DQCtMY/THMz4+y88D0+d3dFp+CPjDj+NK69R+5JQ6B+qZFcA+pjr7
https://paperpile.com/c/DQCtMY/THMz4+y88D0+d3dFp+CPjDj+NK69R+5JQ6B+qZFcA+pjr7
https://paperpile.com/c/DQCtMY/wXu58+MhH7X
https://paperpile.com/c/DQCtMY/wXu58+MhH7X


 

 12 

Chapter 2 Long-term nitrogen mass balance data for the contiguous United 

States (1930-2017) 

Outline 

Excess nitrogen (N) within the landscape can lead to environmental issues such as water 

pollution and downstream eutrophication. The quantification of landscape N fluxes can help 

identify areas of excess N and can improve our understanding of the sources, sinks, and transport 

of N within ecosystems. The TREND-N and gTREND-Nitrogen dataset provides a 

comprehensive, long-term (1930-2017) nitrogen (N) mass balance for the contiguous United 

States at a spatial resolution of county and 250 meters. The downscaled dataset integrates 

county-scale estimates of N fluxes with gridded land use and population data to estimate grid-

scale surface fluxes of N, including fertilizer, atmospheric deposition, manure inputs, biological 

N fixation, crop N uptake, and population-based human waste. The downscaled gTREND-N data 

will allow for fine-scale insights into both historical and current N dynamics, addressing the 

limitations of previous datasets developed at coarser spatial scales. The data is openly available 

and will help to inform the development of effective policy and management strategies to 

mitigate the negative impacts of excess N and to promote sustainable nutrient management 

practices. This work has been submitted for publication in Scientific Data, a Nature journal. The 

first authorship of this work is shared between Danyka Byrnes and Shuyu Chang. Please see 

Statement of Contributions for more details. 

2.1 Introduction 

Fluxes of reactive N in the environment have increased over the past century due to population 

growth, shifts in diet, agricultural intensification, and increasing reliance on biofuels (Galloway 

& Cowling, 2021; Glibert, 2020; Van Meter et al., 2018). Anthropogenic N enters the 

environment through inorganic fertilizer, livestock manure, biological N fixation from 

leguminous crops, atmospheric deposition, and human waste. While N is frequently applied to 

agricultural land for crop production, it is estimated globally that only 40-50% of agricultural N 

is used by crops, leaving a significant portion of excess N to flow to the environment (Conant et 

al., 2013; Swaney et al., 2018b). 

Increasing flows of N to the environment threaten groundwater and surface waters as well as the 

coastal ocean. Excess N has contributed to eutrophication of fresh and coastal waters, triggering 

the appearance of hypoxic zones and having devastating effects on aquatic ecosystems, including 
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fish kills and loss of biodiversity (Rabalais, Turner, & Wiseman, 2002). An estimated two-thirds 

of coastal systems in the U.S. alone are moderately to severely impacted by excess nutrient 

loading (Davidson et al., 2011). Excess N also negatively affects drinking water quality. 

Drinking water wells in rural areas are unregulated and are at high risk of elevated nitrate 

concentrations that can lead to a variety of health effects, including an increased risk of 

colorectal cancer (Knobeloch et al., 2000; Picetti et al., 2022; Van Meter, Schultz, et al., 2023). 

Surface waters have also threatened drinking water sources through the persistence of toxins 

from algal bloom after drinking water treatment (Davidson et al., 2011; Glibert, 2020; M. M. 

Steffen et al., 2017). 

Fossil fuel combustion as well as the production and overuse of N fertilizer and manure have 

also contributed to increased fluxes of atmospheric reactive N (Chang et al., 2021; Y. Chen et al., 

2020; Gao & Cabrera Serrenho, 2023). While stringent air pollution policies in the U.S. have 

decreased deposition of oxidized forms of N (Lloret & Valiela, 2016), the emissions from 

manure and fertilizer have yet to be mitigated on a large scale. These emissions contribute to 

acidification of terrestrial and aquatic ecosystems and the generation of greenhouse gasses (Y. 

Chen et al., 2020; Gao & Cabrera Serrenho, 2023). Excess N in soils and surface water from 

agriculture accounts for approximately 63% of all anthropogenic emissions of N2O – among the 

most potent of the greenhouse gasses – and are continuing to increase (Glibert, 2020; Syakila & 

Kroeze, 2011). 

In response to these increases in N fluxes and increased threats to water quality, policymakers 

have set policy goals to manage excess N. However, despite efforts to manage nutrients within 

watersheds, decreases in N loading to rivers, lakes, and coastal zones have been slow to occur, 

and many have yet to see marked improvements in water quality (Basu et al., 2022; Chang et al., 

2021; Van Meter, Byrnes, et al., 2023). It is increasingly understood that N emissions from 

watersheds are a function of not only the current-year N inputs, but also of legacy stores of N in 

the soil profile and in the groundwater pool (Ascott et al., 2021; Van Meter, Basu, Veenstra, et 

al., 2016). Thus, managing impaired water quality requires an understanding of both past and 

present fluxes of N across all land uses. Accordingly, to better understand long-term N dynamics 

and the distribution of legacy N stores, we need long-term spatially explicit N mass balances 

datasets (Batool et al., 2022). 

Datasets estimating the various components of the N mass balance have been compiled at 

multiple spatial and temporal scales across the U.S. Early regional mass balance studies were 

conducted by Howarth et al. (1996), who developed static nitrogen budgets for major Atlantic 

https://paperpile.com/c/DQCtMY/7m5Dl
https://paperpile.com/c/DQCtMY/icFW
https://paperpile.com/c/DQCtMY/wt4dA+NlycR+G8eL7
https://paperpile.com/c/DQCtMY/icFW+eDnp+quB4
https://paperpile.com/c/DQCtMY/icFW+eDnp+quB4
https://paperpile.com/c/DQCtMY/OSWr+zqbC+YsdBr
https://paperpile.com/c/DQCtMY/OSWr+zqbC+YsdBr
https://paperpile.com/c/DQCtMY/D4j7a
https://paperpile.com/c/DQCtMY/OSWr+zqbC
https://paperpile.com/c/DQCtMY/OSWr+zqbC
https://paperpile.com/c/DQCtMY/nigl+eDnp
https://paperpile.com/c/DQCtMY/nigl+eDnp
https://paperpile.com/c/DQCtMY/YsdBr+3P1r+OJxXl
https://paperpile.com/c/DQCtMY/YsdBr+3P1r+OJxXl
https://paperpile.com/c/DQCtMY/M9Ba6+DaID2
https://paperpile.com/c/DQCtMY/M9Ba6+DaID2
https://paperpile.com/c/DQCtMY/LYT31
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Ocean drainage basins. Boyer et al. (2002) followed a similar approach to estimate the net 

nitrogen inputs in the Northeastern U.S. These publications, in many ways, paved the way of 

using livestock inventories and crops harvested from agricultural census data to estimate the 

nitrogen from manure production, from biological fixation, and nitrogen removed through 

biomass removal. Over time, these methods were further refined by updating empirical 

parameter values, extending temporal coverage beyond single-year snapshots to span multiple 

decades, and expanding the range of inputs and outputs considered. 

The first large-scale estimate was produced by Hong, Swaney and Howarth (2011; 2019a) who 

compiled a county-scale data set of anthropogenic N inputs and outputs covering the contiguous 

U.S. at 5-year intervals for the period 1987 to 2017. Building on this, Sabo et al. (2019) 

expanded the scope of previous studies by using watershed boundaries instead of county-scale 

ones, making it more applicable for hydrology studies. They included a more comprehensive 

inventory of N inputs for the years 2002, 2007, and 2012, however, excluded estimates of 

nutrient uptake from pasture, a key component in nutrient cycling, especially in the western U.S. 

Hamlin et al. (2020) have developed estimates of landscape N inputs across the Great Lakes 

region at a 30-m spatial resolution for years 2008–2015. Yang et al. (2016) have developed a 

county-scale data set covering the period 1930–2012, but their data are limited to manure 

nutrient production. Goyette et al. (2016b) extended previous methods to create a transboundary 

nitrogen budget for the Saint Lawrence drainage area from 1901 to 2011, to our knowledge, is 

the longest budget timespan. Finally, Byrnes et al.(2020, 2020d) developed a more complete, 

long-term, county-scale nitrogen mass balance dataset for the years 1930-2017 that also 

increased the number of crops considered from the 16 crops in Swaney et al.(2018a) and the 21 

crop types in Sabo et al.(2019) to 63 different crops, which includes fruit and nut trees, fruits, 

and vegetables as well as field crops. 

While several datasets have been developed, most either lack the temporal depth, spatial 

resolution, or comprehensive inclusion of diverse crops, making it difficult to fully understand 

long-term nutrient dynamics. In the present work, we address the above limitations through the 

updating of TREND-N and the construction of a gridded Trajectories Nutrient Dataset for 

nitrogen (gTREND‐N). gTREND-N is a long-term (1930-2017), 250-m grid scale N mass 

budget, with estimates of all individual components of the budget for the contiguous U.S. 

(Figure 2.1). In developing this dataset, we have updated the county-scale TREND-N dataset, 

refining the crop and pasture uptake estimates as well as livestock manure excretion estimates. 

We then combined county-scale data from the TREND-Nitrogen dataset with gridded land use 

and population data to provide fine-scale estimates of both surface fluxes of N (fertilizer, 

https://paperpile.com/c/DQCtMY/sg1Hl+AyJHr/?noauthor=1,1
https://paperpile.com/c/DQCtMY/FSjkL/?noauthor=1
https://paperpile.com/c/DQCtMY/byctq/?noauthor=1
https://paperpile.com/c/DQCtMY/F7vCt/?noauthor=1
https://paperpile.com/c/DQCtMY/ET6KD/?noauthor=1
https://paperpile.com/c/DQCtMY/A8lsW+s2MDI/?noauthor=1,1
https://paperpile.com/c/DQCtMY/M3E4i/?noauthor=1
https://paperpile.com/c/DQCtMY/FSjkL/?noauthor=1
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atmospheric deposition, manure inputs, biological N fixation, crop N uptake) as well as 

population-based fluxes of human waste. We demonstrate herein the consistency of the new 

gridded dataset with the county-scale data that serves as its foundation and also quantify 

improvements in estimates of watershed-scale N fluxes that can be obtained with the 

downscaled, gridded data in comparison with the coarser county-scale estimates.  

 

Figure 2.1 N surplus magnitudes, as calculated from gTREND-Nitrogen data for the years 

(a) 1930, (b) 1960, (c) 1980, and (d) 2017 at a 250-m grid scale. 

2.2 Methods 

The gTREND-N dataset provides 250-m grid scale estimates of N in components of the N mass 

balance (fertilizer, livestock manure, biological N fixation, crop N uptake, N in human waste) for 

the period 1930-2017. As shown in Figure 2.2, grid-scale estimates of these N fluxes were 

downscaled from a new update (version 3) of the county-scale TREND-Nitrogen dataset (Byrnes 

et al., 2020, 2020d), together with publicly available gridded land use/land cover data (Multi-

Resolution Land Characteristics Consortium, 2016; T. L. Sohl et al., 2014), gridded population 

https://paperpile.com/c/DQCtMY/s2MDI+A8lsW
https://paperpile.com/c/DQCtMY/s2MDI+A8lsW
https://paperpile.com/c/DQCtMY/AKWnp+nLSyO
https://paperpile.com/c/DQCtMY/AKWnp+nLSyO
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data (Fang & Jawitz, 2018), and gridded atmospheric N deposition data (National Atmospheric 

Deposition Program, 2018). Details regarding the county-scale TREND-Nitrogen dataset, the 

steps required to facilitate the downscaling process, and additional preparation steps for gridded 

datasets for human population and atmospheric deposition are described in more detail below. 

The first authorship of this work is shared between Danyka Byrnes and Shuyu Chang. Please see 

Statement of Contributions for further details. 

 
Figure 2.2 Data sources and workflow for creating the gTREND dataset. 

(1) Agricultural components of the N mass balance such as crop uptake, fixation, manure, and 

agricultural fertilizer were downscaled to areas with agricultural land use; (2) Non-agricultural 

fertilizer was downscaled to areas with developed land use; (3) Atmospheric N deposition was 

distributed evenly across all land uses; (4) Human waste was downscaled based on gridded 

population data.  

2.2.1 County-Scale Nitrogen Mass Balance Data 

The components of the nitrogen mass balance were calculated every year  from 1930–2017 at the 

county scale, as quantified in the newly updated TREND-Nitrogen v3 dataset, available through 

the Figshare data repository, doi.org/10.6084/m9.figshare.20915989.v1 (Byrnes et al., 2020b, 

2022).  Here, we describe our methods for estimating the different components at county scale, 

with specific focus on updates in methodology used to create version 3 of the TREND-N dataset. 

For additional details, see the original Byrnes et al. publication and the methods for the TREND-

N v2 dataset available in the readme file on Figshare (Byrnes et al., 2022). 

https://paperpile.com/c/DQCtMY/y4C5s
https://paperpile.com/c/DQCtMY/9McX
https://paperpile.com/c/DQCtMY/9McX
https://paperpile.com/c/DQCtMY/dSLs3+AemnT
https://paperpile.com/c/DQCtMY/dSLs3+AemnT
https://paperpile.com/c/DQCtMY/dSLs3+AemnT
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2.2.1.1 Atmospheric deposition 

The county-scale dataset includes estimates of wet and dry deposition for both oxidized (NOx) 

and reduced (NHx) forms of N, DEPwet,ox, DEPdry,ox, DEPwet,red, and DEPdry,red, all in kg-N y-1. 

Recent estimates of wet and dry oxidized N deposition (1986-2017) were obtained from modeled 

deposition data from the National Atmospheric Deposition Program (NADP) at a 4 x 4 km grid 

cell size (NADP, n.d.). Prior to 1986 (1930 -1985), current estimates were scaled backwards 

based on historical estimates of CO2 emissions from fossil fuel combustion (Oak Ridge National 

Laboratory, 2017). Scaling was achieved by taking the ratio of N deposition to CO2 emissions 

for years with available data to create a scaling factor for each individual county, i, and then 

multiplying the scaling factor, Sdep(i,t), by the annual CO2 emission data. 

𝐷𝐸𝑃(𝑖, 𝑡) =  𝐶𝑂2(𝑡) ∗ 𝑆𝑑𝑒𝑝(𝑖, 𝑡)    (Eq. 2.1) 

CO2 emission magnitudes are assumed to be a reasonable proxy for N deposition based on the 

strong correlation (R2 = 0.98) between 1940-1986 N emission rates (Houlton et al., 2013) and 

reported CO2 emissions.  

For the period 1930-2014, county-scale deposition of reduced wet and dry N (DEPwet,red, and 

DEPdry,red) was calculated by aggregating the modeled grid-scale estimates of reduced wet and 

dry N deposition (Durack & Taylor, 2019) to the county scale, and then summing the monthly 

values to obtain annual estimates. For the period 2015-2017, deposition magnitudes were 

assumed to remain constant. 

2.2.1.2 Fertilizer 

County‐scale estimates of both farm and non-farm N fertilizer use, FERTf  and FERTnf  (kg-N y-

1), were obtained from several different sources. From 1945–1985, data was obtained from 

Alexander and Smith (1990). From 1987-2012, data was obtained from Brakebill and Gronberg 

(2017). We interpolated the county fertilizer to gap filling missing fertilizer in 1986. For the 

period 1930–1944, gridded (5 km × 5 km resolution), estimates of N fertilizer application were 

obtained from Cao et al. (2018) and aggregated to the county scale. In the Cao et al. dataset, U.S. 

fertilizer use is provided for the period 1850 to 2015. Due to differences in methodology, the 

magnitudes of fertilizer use in the Cao et al. were generally lower than those available in the 

USGS dataset in overlapping years. Thus, to fuse the pre-1945 Cao et al. data with the USGS 

data post-1945, USGS county fertilizer use data was scaled backwards based on trends in the 

Cao et al. gridded dataset. 

https://paperpile.com/c/DQCtMY/Sk7A
https://paperpile.com/c/DQCtMY/Shqgb
https://paperpile.com/c/DQCtMY/Shqgb
https://paperpile.com/c/DQCtMY/t4960
https://paperpile.com/c/DQCtMY/gIDOT
https://paperpile.com/c/DQCtMY/gsHtn/?noauthor=1
https://paperpile.com/c/DQCtMY/IwTGI/?noauthor=1
https://paperpile.com/c/DQCtMY/AK5s/?noauthor=1
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To obtain estimates of non-farm fertilizer for the period 1930-1986, we first calculated the mean 

ratio of non-farm to total N fertilizer use, as reported by Brakebill & Gronberg for individual 

counties (Brakebill & Gronberg, 2017). Then, for the years prior to 1987, we used those county-

scale ratios to partition total N fertilizer use into estimates of farm and non-farm fertilizer use.  

For the period 2013–2017, national-scale estimates of N fertilizer use (Food and Agriculture 

Organization of the United Nations (FAO), 2022) were used to scale the county-scale estimates 

of both farm and non-farm N fertilizer use forward in time. Scaling was achieved by taking the 

ratio of mean county-scale fertilizer use (farm and non-farm) to mean national fertilizer use for 

the years 1987-2012 to create scaling factors for each individual county and then multiplying the 

scaling factors, Sf and Snf, by the annual estimates of N fertilizer use (2013-2017):  

𝐹𝐸𝑅𝑇𝑓(𝑖, 𝑡) =  𝐹𝐸𝑅𝑇𝑛𝑎𝑡𝑙(𝑡) ∗ 𝑆𝑓(𝑖, 𝑡)    (Eq. 2.2) 

𝐹𝐸𝑅𝑇𝑛𝑓(𝑖, 𝑡) =  𝐹𝐸𝑅𝑇𝑛𝑎𝑡𝑙(𝑡) ∗ 𝑆𝑛𝑓(𝑖, 𝑡)    (Eq. 2.3) 

where FERTf(i,t) and FERTnf (i,t) are the total farm and non-farm N fertilizer use, respectively, 

for individual counties and FERTnatl is the FAO estimate of national N fertilizer use.  

2.2.1.3 Livestock manure 

Manure N inputs, MAN (kg-N y-1), are defined herein as the N from livestock excretion (urine 

and manure). For the current dataset, county-scale manure N, by livestock type, was calculated 

as described in Byrnes et al.,(2020, 2022), with the following changes in methodology: (1) use of 

a USGS dataset(Falcone, 2021) as a source for U.S. Census of Agriculture livestock inventory 

numbers for the period (1950-2017); (2) improved methods for handling undisclosed livestock 

inventory numbers from the Census of Agriculture, resulting in fewer data gaps; (3) use of a 

data-fusion approach to supplement the 5-year U.S. Census of Agriculture data with annual 

Agricultural Survey data; and (4) use of time-varying livestock weights in calculating manure N 

values. Details regarding these changes in methodology are provided below. 

(1) All livestock inventory data originates from the U.S. Census of Agriculture. Livestock 

inventory numbers for cattle, hogs, poultry, sheep, and horses for the period 1950-2017 

(reported at 5-year intervals) were obtained from a USGS dataset by Falcone (2021) that 

includes not only Census of Agriculture numbers but also estimates of livestock 

inventory numbers for counties with censored data in some census years. For the period 

1930-1945, and for livestock categories not explicitly included in the USGS dataset 

(pullets, mules, donkeys, goats), data was obtained from the ICPSR data archive (1930–

https://paperpile.com/c/DQCtMY/IwTGI
https://paperpile.com/c/DQCtMY/Pim5y
https://paperpile.com/c/DQCtMY/Pim5y
https://paperpile.com/c/DQCtMY/AemnT+dSLs3/?noauthor=1,1
https://paperpile.com/c/DQCtMY/6h5kH
https://paperpile.com/c/DQCtMY/6h5kH/?noauthor=1
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2012) (Haines et al., 2018) and NASS Quick Stats (USDA National Agricultural 

Statistics Service, 2019). 

(2) For years and for counties for which livestock inventory data from the Census of 

Agriculture is “undisclosed” due to privacy concerns, data gaps are filled by using the 

data from the most recent year for which there is existing data for that county and 

livestock type (Falcone, 2021). If there is undisclosed data for more than six census time 

periods (~30 years), the inventory is assumed to be zero.   

(3) A data-fusion approach was used to integrate the 5-year U.S. Census of Agriculture data 

with annual Agricultural Survey data. Using this approach, the Census of Agriculture 

livestock inventory data was used as reported and the annual Agricultural Survey data 

was scaled to the Census of Agriculture data. Scaling was achieved by taking a ±10-year 

window around each year in which Agricultural Survey data was to be used. For these 20 

years, we created a scaling factor, Slvstk(i,j,t), for county i, livestock type j, in year t, 

calculated by taking the ratios of census data to survey data for years where both were 

available, and then taking the mean of those ratio values. Then, for each year with 

available survey data, but no census data, crop production or crop area values were 

calculated by multiplying the scaling factor by the reported survey data: 

𝐼𝑁𝑉(𝑖, 𝑗, 𝑡) = 𝐼𝑁𝑉𝑠𝑢𝑟𝑣(𝑖, 𝑗, 𝑡) ∗ 𝑆𝑙𝑣𝑠𝑡𝑘(𝑖, 𝑗, 𝑡)    (Eq. 2.4) 

where 𝐼𝑁𝑉(𝑖, 𝑗, 𝑡) is the estimate of the number of heads of a specific livestock type j in 

county i in year t, and INVsurv(i,j,t) is the number of heads of that livestock reported in the 

Agricultural Survey. 

The magnitude of N excretion per animal varies with animal weight, and livestock 

weights have increased over time due to both genetic evolution and improvements in 

feeding (Falcone, 2021). Due to the importance of these changes, we have adopted, for 

the current dataset, a new methodology for scaling livestock weights over time based on 

USGS methods (Falcone, 2021). In the current methodology, we use time-varying 

livestock weights based on use of annual slaughtered livestock weight data (U.S. 

Department of Agriculture, n.d.) Reported weights were available for the time period 

1958-2017 (U.S. Department of Agriculture, n.d.). Any data gaps across this period were 

filled via linear interpolation. For the period 1930-1957, we used the reported 1958 

weights, assuming no change in livestock weights for that period. No time-varying 

weights were available for horses, so we assumed weight to remain constant across the 

https://paperpile.com/c/DQCtMY/zMefn
https://paperpile.com/c/DQCtMY/Nlpbn
https://paperpile.com/c/DQCtMY/Nlpbn
https://paperpile.com/c/DQCtMY/6h5kH
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study period. In this new approach, 2008 was chosen as a base year due to the availability 

of N excretion parameters for 2008 livestock weights (USDA NRCS, 2008). Temporally 

varying, livestock type-specific scaling factors, Swt(i,t), were then developed based on the 

ratio of the 2008 weight to the reported weight for any given year (Supplemental Table 

2.1).  

With the resulting county-scale livestock inventory trajectories, N in livestock manure 

was calculated as a function of these inventory numbers and the estimated N content of 

the manure produced per animal per year (Byrnes et al., 2020, 2022): 

𝑀𝐴𝑁(𝑖, 𝑗, 𝑡) = 𝐼𝑁𝑉(𝑖, 𝑗, 𝑡) ∗ 𝑝(𝑗)𝑙𝑣𝑠𝑡𝑘,𝑒𝑥𝑐𝑟 ∗ 𝑆𝑤𝑡(𝑖, 𝑗, 𝑡)  (Eq. 2.5) 

where MAN(i,j,t) is the county-scale, time-varying estimated N in manure from livestock 

type j, p(j)lvstk,excr is the estimated N content in manure from that livestock type, and 

Swt(i,j,t) is the time-varying scaling factor for livestock weights for county i and livestock 

type j. N excretion magnitudes for all of the livestock types were then aggregated to 

provide one annual, county-scale value: 

𝑀𝐴𝑁(𝑖, 𝑡) = ∑ 𝑀𝐴𝑁(𝑖, 𝑗, 𝑡)𝑛
𝑗=1    (Eq. 2.6) 

where n is the number of different livestock types. The parameter values used for 2008 

livestock N consumption and excretion are provided in Table 2.1. Excretion values were 

obtained from the USDA Agricultural Waste Management Field Handbook (USDA 

NRCS, 2008). Consumption values for cattle were obtained based on a calculated ratio of 

consumption to excretion (Byrnes et al., 2022; Hong et al., 2011). 
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Table 2.1 Livestock nitrogen consumption and excretion parameters. Consumption values 

are included for all grazing livestock. 

Livestock Type 

Livestock N 

Consumption, 

2008 

(kg-N head-1 yr-1) 

Livestock N 

Excretion, 

2008 

(kg-N head-1 yr-1) 

Cattle, Beef Cows 79.33 69.54 

Cattle, Milk Cows 195.62 151.73 

Cattle, Other  

(Heifers, bulls, steers, calves) 

70.32 61.64 

Goats 8.90 7.45 

Sheep and Lambs 8.90 7.45 

Horses 50.06 44.70 

Hogs and Pigs - 13.80 

Poultry, Turkey - 1.24 

Poultry, Broilers - 0.41 

Poultry, Other Chickens - 0.58 

 

2.2.1.4 Crop uptake 

County-scale crop N uptake in county i and year t was estimated as the sum of crop-specific 

uptake values CROP(i,j,t) (kg-N y-1) for all crop types j in that county (field crops, fruit and nut 

trees, fruits, and vegetables). The crop-specific, county-scale N uptake values CROP(i,j,t) were 

calculated on the basis of either mass or harvested area by multiplying the harvested crop 

magnitude, HARV(i,j,t) in census-reported units, e.g. bushels, hundredweight, acres, by a crop-

specific conversion factor, c(j),  to convert to kg crop, by the crop-specific percent dry matter, 

d(j), where applicable, and then by the the crop-specific N uptake values, pcrop(j,t) obtained from 

literature (Byrnes et al., 2020, 2022): 

𝐶𝑅𝑂𝑃(𝑖, 𝑗, 𝑡) = 𝐻𝐴𝑅𝑉(𝑖, 𝑗, 𝑡) ∗ 𝑐(𝑗) ∗ 𝑑(𝑗) ∗ 𝑝𝑐𝑟𝑜𝑝(𝑗, 𝑡)   (Eq. 2.7) 

Total county-scale crop N uptake, CROP(i,t) was then calculated by summing the uptake values 

for all of the 63 included crops.  
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𝐶𝑅𝑂𝑃(𝑖, 𝑡) = ∑ 𝐶𝑅𝑂𝑃(𝑖, 𝑗, 𝑡)63
𝑗=1     (Eq. 2.8) 

The 63 different crops included here were confirmed to cover ≥97% of the county‐scale cropped 

area See Supplemental Table 2.2-2.4 for conversion factors, dry matter values, and N uptake 

parameters for field crops, fruits and vegetables, and orchard crops, respectively. 

Annual crop production data, 𝐻𝐴𝑅𝑉(𝑖, 𝑗, 𝑡), was obtained using a data-fusion method that 

integrates data from the Census of Agriculture, which reports data every 5 years, with the U.S. 

Agricultural Survey, which provides projected annual estimates. Census data was obtained from 

the ICPSR data archive (1930–2012) (Haines et al., 2018) and NASS Quick Stats (USDA, 2023) 

and Agricultural Survey data was obtained from NASS Quick Stats (USDA, 2023). Using this 

approach, and to ensure the compatibility of the datasets, the Census of Agriculture crop data 

was used as reported, and the annual Agricultural Survey data, 𝐻𝐴𝑅𝑉𝑠𝑢𝑟𝑣(𝑖, 𝑗, 𝑡) was scaled to 

the Census of Agriculture data for the years when census data was not available (Eq. 9 and 10). 

Scaling was achieved by taking a ±10-year window around each year in which the Agricultural 

Survey was to be used. For these 20 years, we created a county-specific scaling factor, Scrop 

(i,j,t), calculated by taking the ratios of census data to survey data for years where both were 

available, and then taking the mean of those ratio values across all census years within the 

specified time window. Then, for each year with available survey data, but no census data, crop 

production or crop area values were calculated by multiplying the scaling factor by the reported 

survey data: 

𝐻𝐴𝑅𝑉(𝑖, 𝑗, 𝑡) = 𝐻𝐴𝑅𝑉𝑠𝑢𝑟𝑣(𝑖, 𝑗, 𝑡) ∗ 𝑆𝑐𝑟𝑜𝑝(𝑖, 𝑗, 𝑡)  (Eq. 2.9) 

where HARVsurv(i,j,t) represents the estimates of crop production or harvested crop area in 

county i for crop type j in year t from the Agricultural Survey.    

Censored county-scale data from the Census of Agriculture was gap-filled by calculating the 

difference between reported state-level production values and the sum of all reported county-

level values. This difference was then apportioned equally to all of the counties with censored 

data as a function of the ratio between county-scale and state-scale values from the nearest 

census years with reported data. 

One notable change between the county-scale crop N uptake data used here and that included in 

TREND-Nitrogen v2 is the parameter values used for three major U.S. crops: corn, soybeans, 

and wheat. For the period 1930-1989, we assume constant N uptake values (kg-N kg-crop-1) 

based on parameter values from the International Plant Nutrition Institute (IPNI) and other 

https://paperpile.com/c/DQCtMY/zMefn
https://paperpile.com/c/DQCtMY/NA5cG
https://paperpile.com/c/DQCtMY/NA5cG
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literature sources (Supplemental Table 2.2). Then, for the period 2013-2017, we use newly 

estimated parameter values that reflect current uptake magnitudes (Ciampitti & Vyn, 2012; G. 

McIsaac, personal communication, 2023; Scott et al., 2006; Villamil et al., 2019). For the period 

1990-2013, we then linearly interpolate the N uptake parameters between the two time periods. 

Both the pre-1990 and current crop N uptake parameters for corn, soy, and wheat are provided in 

Supplemental Table 2.2.  

2.2.1.5 Pasture uptake 

County-scale pasture N uptake, PAST(i,t) (kg-N y-1), was calculated as the N content of pasture 

grasses consumed by grazing cattle in county i per year t, which requires both county-scale 

livestock data and area estimates of both cropland and non-cropland pasture. Estimates of pasture 

area for the period 1945-2017 were obtained from the Census of Agriculture.(Haines et al., 2018; 

USDA - National Agricultural Statistics Service - State Agricultural Overview, n.d.) For the 

period 1930-1944, gridded estimates of pasture area from (Ramankutty & Foley, 1999) were 

aggregated to the county scale. To ensure continuity between the two periods and data sources, 

we used the coarser 1930-1944 estimates of pasture area to scale the census-based estimates 

backward in time. The backward scaling was achieved as follows: 

𝐴𝑅𝐸𝐴𝑝𝑎𝑠𝑡(𝑖, 𝑡 − 1) =  𝐴𝑅𝐸𝐴𝑝𝑎𝑠𝑡(𝑖, 𝑡) + (𝛥𝑃(𝑖, 𝑡) ∗ 𝐴𝑅𝐸𝐴𝑝𝑎𝑠𝑡(𝑖, 𝑡))  (Eq. 2.10) 

where AREApast is the sum of cropland and non-cropland pasture areas of individual counties, i, t 

is the annual timestep, and 𝛥𝑃  is the fractional annual change in pasture area estimated from 

the gridded dataset, calculated as 𝑃𝐴𝑆𝑇𝑔(𝑡) − 𝑃𝐴𝑆𝑇𝑔(𝑡 − 1). The maximum possible N uptake 

from pasture, PASTmax,i was calculated as follows: 

𝑃𝐴𝑆𝑇𝑚𝑎𝑥(𝑖, 𝑡)  = 𝐴𝑅𝐸𝐴𝑝𝑎𝑠𝑡(𝑖, 𝑡) ∗ 𝑝𝑝𝑎𝑠𝑡   (Eq. 2.11) 

where ppast is the annual-scale area–based N content of pasture grasses (kg ha-1).  

Livestock inventory numbers were obtained from the Census of Agriculture (Falcone, 2021; 

Haines et al., 2018; USDA - National Agricultural Statistics Service - State Agricultural 

Overview, n.d.). For cattle, to account for some animals being raised in confinement while others 

are allowed to graze, we developed estimates of the number of grazing cattle using state-scale 

estimates of the fraction of different types of non-confined cattle, e.g., beef cows, dairy cows, 

other cattle (Table 2.2) (Kellogg et al., 2000a). For horses, goats, and sheep, we assumed that all 

animals were allowed to graze, and for hogs and poultry, we assumed no grazing. 

 

https://paperpile.com/c/DQCtMY/bdfrG+pKZbe+MN894+CT8oW
https://paperpile.com/c/DQCtMY/bdfrG+pKZbe+MN894+CT8oW
https://paperpile.com/c/DQCtMY/zMefn+HwqgS
https://paperpile.com/c/DQCtMY/zMefn+HwqgS
https://paperpile.com/c/DQCtMY/zMefn+HwqgS
https://paperpile.com/c/DQCtMY/zMefn+HwqgS
https://paperpile.com/c/DQCtMY/bRWy5
https://paperpile.com/c/DQCtMY/zMefn+HwqgS+6h5kH
https://paperpile.com/c/DQCtMY/zMefn+HwqgS+6h5kH
https://paperpile.com/c/DQCtMY/zMefn+HwqgS+6h5kH
https://paperpile.com/c/DQCtMY/zMefn+HwqgS+6h5kH
https://paperpile.com/c/DQCtMY/zMefn+HwqgS+6h5kH
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Table 2.2 State-level confinement factors for beef cows, milk cows, and other cattle. 

The confinement factor refers to the fraction of each indicated livestock category that does not 

have access to pasture. 

State 
Beef 

Cattle 

Milk 

Cattle 

Other 

Cattle 
 State 

Beef 

Cattle 

Milk 

Cattle 

Other 

Cattle 

Minnesota 0.15 0.90 0.58  Washington 0.05 0.80 0.44 

Arkansas 0.10 0.50 0.24  New Hampshire 0.10 0.80 0.34 

Connecticut 0.10 0.90 0.42  New York 0.10 0.80 0.39 

Delaware 0.10 0.80 0.39  North Carolina 0.00 0.59 0.00 

Illinois 0.10 0.80 0.38  Oregon 0.05 0.60 0.28 

Indiana 0.10 0.60 0.33  Pennsylvania 0.05 0.80 0.39 

Iowa 0.10 0.87 0.46  Rhode Island 0.10 0.80 0.29 

Maine 0.10 0.80 0.37  Texas 0.05 0.75 0.34 

Maryland 0.10 0.80 0.37  Utah 0.05 0.80 0.31 

Massachusetts 0.10 0.80 0.35  Vermont 0.20 0.90 0.48 

Mississippi 0.10 0.60 0.23  West Virginia 0.00 0.80 0.25 

Missouri 0.10 0.65 0.30  Wisconsin 0.08 0.90 0.45 

Kentucky 0.08 0.70 0.30  South Dakota 0.10 0.80 0.34 

Michigan 0.08 0.90 0.50  Virginia 0.10 0.60 0.34 

Arizona 0.05 0.80 0.52  Nevada 0.05 0.80 0.26 

California 0.05 0.80 0.43  New Jersey 0.10 0.80 0.35 

Colorado 0.05 0.80 0.59  New Mexico 0.00 0.85 0.31 

Kansas 0.05 0.85 0.48  South Carolina 0.00 0.59 0.17 

Montana 0.01 0.75 0.22  Wyoming 0.05 0.80 0.28 

Alabama 0.00 0.40 0.02  Nebraska 0.08 0.80 0.63 

Florida 0.00 0.50 0.05  North Dakota 0.00 0.80 0.22 

Georgia 0.00 0.70 0.10  Ohio 0.10 0.90 0.45 

Idaho 0.00 0.95 0.42  Oklahoma 0.00 0.65 0.32 

Louisiana 0.00 0.50 0.03  Tennessee 0.10 0.60 0.23 
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Potential N uptake from consumption of pasture grasses by livestock, CONSmax(i,j,t), was first 

calculated by multiplying the county inventory numbers for the different livestock types, 

INV(i,j,t), by both the fraction of unconfined animals, (1-fconf(j,t)), and by literature estimate of N 

consumption for the different livestock types (Table 2.1) (Byrnes et al., 2022; Swaney et al., 

2018a; USDA NRCS, 2008). 

𝐶𝑂𝑁𝑆𝑚𝑎𝑥(𝑖, 𝑗, 𝑡) = 𝐼𝑁𝑉(𝑖, 𝑗, 𝑡) ∗ (1 − 𝑓𝑐𝑜𝑛𝑓(𝑖, 𝑗, 𝑡)) ∗ 𝑝𝑐𝑜𝑛𝑠(𝑗) ∗ 𝑆𝑤𝑡(𝑖, 𝑗, 𝑡) (Eq. 2.12) 

where CONSmax(i,j,t) is the potential N consumption for livestock type j in county i, year t, 

pcons(j) is the N intake parameter for that cattle type, and Swt(i,j,t) is the time-varying scaling 

factor for livestock weights. The county-scale estimates of total potential pasture N consumption, 

CONSmax(i,t), were then calculated as the sum of potential intake values for all cattle types: 

𝐶𝑂𝑁𝑆(𝑖, 𝑡) = ∑  𝑛
𝑗=1 𝐶𝑂𝑁𝑆(𝑖, 𝑗, 𝑡)    (Eq. 2.13) 

 If potential consumption values exceeded the calculated maximum N uptake for pasture area, 

pasture N uptake values, PAST(i,t) were capped at the area-based P uptake value: 

𝑃𝐴𝑆𝑇(𝑖, 𝑡) =  {
𝐶𝑂𝑁𝑆𝑚𝑎𝑥(𝑖, 𝑡), 𝐶𝑂𝑁𝑆 𝑚𝑎𝑥(𝑖, 𝑡) < 𝑃𝐴𝑆𝑇max(𝑖, 𝑡) 

𝑃𝐴𝑆𝑇𝑚𝑎𝑥(𝑖, 𝑡), 𝐶𝑂𝑁𝑆 𝑚𝑎𝑥(𝑖, 𝑡) ≥ 𝑃𝐴𝑆𝑇max(𝑖, 𝑡)
  (Eq. 2.14) 

For additional information on calculation of pasture N uptake, see Byrnes et al. (2022). 

2.2.1.6 Biological nitrogen fixation 

County-scale biological N fixation, BNF(i,t) (kg-N y-1), was calculated for N-fixing crops using 

either mass-based (Eq. 14) or area-based (Eq. 15) methods (Bouwman et al., 2005; Byrnes et al., 

2020; H. Han & Allan, 2008; Hong et al., 2013). Accordingly, calculations were based on either 

crop production data (mass in kg) or county-scale estimates of crop area (ha) obtained from the 

U.S. Census of Agriculture (Haines et al., 2018; USDA - National Agricultural Statistics Service 

- State Agricultural Overview, n.d.): 

𝐵𝑁𝐹(𝑖, 𝑗, 𝑡) = 𝑃𝑅𝑂𝐷(𝑖, 𝑗, 𝑡) ∗ 𝑝𝑐𝑟𝑜𝑝,𝑚(𝑗, 𝑡) ∗ 𝑓𝑏𝑛𝑓(𝑗)  (Eq. 2.15) 

𝐵𝑁𝐹(𝑖, 𝑗, 𝑡) = 𝐴𝑅𝐸𝐴𝑐𝑟𝑜𝑝(𝑖, 𝑗, 𝑡) ∗ 𝑝𝑏𝑛𝑓,𝑎(𝑗)   (Eq. 2.16) 

where BNF(i,j,t) is the estimate of county-scale biological N fixation for in county i, for crop j, in 

year t, PROD(i,j,t) is the mass (kg) of harvested crop j, calculated as shown in Eq. 12, pcrop,m (j,t) 

is the mass-based (kg-N kg-crop-1) N content of crop j, fbnf (j) is the fraction of crop N uptake 

https://paperpile.com/c/DQCtMY/pab2o+dSLs3+M3E4i
https://paperpile.com/c/DQCtMY/pab2o+dSLs3+M3E4i
https://paperpile.com/c/DQCtMY/dSLs3/?noauthor=1
https://paperpile.com/c/DQCtMY/AemnT+c9FCB+jyFkV+YP3uv
https://paperpile.com/c/DQCtMY/AemnT+c9FCB+jyFkV+YP3uv
https://paperpile.com/c/DQCtMY/zMefn+HwqgS
https://paperpile.com/c/DQCtMY/zMefn+HwqgS
https://paperpile.com/c/DQCtMY/zMefn+HwqgS
https://paperpile.com/c/DQCtMY/zMefn+HwqgS
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considered to be derived from N fixation in crop j, and pbnf,a(j) is the area-based fixation rate (kg-

N ha-1) (Byrnes et al., 2022; H. Han & Allan, 2008; Hong et al., 2013). 

The mass-based approach was used for soybeans, peanuts, alfalfa and non-alfalfa hay, lentils, 

and beans. The area-based approach was used for snap beans and cropland pasture. Total county-

scale biological N fixation, BNF(i,t) was then calculated by summing the BNF values for all of 

the N-fixing crops:  

𝐵𝑁𝐹(𝑖, 𝑡) = ∑  𝑛
𝑗=1 𝐵𝑁𝐹(𝑖, 𝑗, 𝑡)    (Eq. 2.17) 

where n is the number of N-fixing crops. For a listing of all BNF parameter values, see Table 

2.3. 

Table 2.3 Biological nitrogen fixation (BNF) parameters. Parameter values for nitrogen fixing 

crops, including harvested crop units, crop-unit conversion values, dry matter percentages, 

fraction N in crop dry matter, and the fraction of harvested N derived from nitrogen fixation. 

Crop Type 
Reporting 

Unit 

Conversion 

Value 

(kg-crop/ 

reporting 

unit) 

Fraction 

Dry Matter 

(kg-

cropdry/kg-

crop) 

Fraction N 

in Dry 

Matter 

(kg-N /kg- 

cropdry) 

Fraction of 

Harvested N 

from Fixation  

(kg-Nfix /kg-

Nharv) 

Citation 

Alfalfa hay dry tons 907.18 0.904 0.026 1.23 
(Hong et al., 2013; IPNI Estimates 

of Nutrient Uptake and Removal, 

n.d.)  

Beans bushels 27.22 0.900 0.046 0.395 
(Hossain et al., 2016; Lander et al., 

1998a) 

Beans hundredweight 45.36 0.900 0.046 0.395 
(Hossain et al., 2016; Lander et al., 

1998a) 

Cropland 

pasture 
acres 907.18 1.000 0.025 0.331 

(Hong et al., 2013; Meisinger & 

Randall, 1991) 

Hay, (excl 

alfalfa) 
dry tons 907.18 0.867 0.020 0.308 

(Hong et al., 2013; IPNI Estimates 

of Nutrient Uptake and Removal, 

n.d.; Meisinger & Randall, 1991) 

Lentils pounds 0.45 0.887 0.044 0.803 
(Hossain et al., 2016; Lander et al., 

1998a) 

Lentils hundredweight 45.36 0.887 0.044 0.803 
(Hossain et al., 2016; Lander et al., 

1998a) 

Peanuts bushels 9.98 0.940 0.043 1.110 
(Hong et al., 2013; Standard 

Weights per Bushel for Agricultural 

Commodities, n.d.) 

Peanuts pounds 0.45 0.940 0.043 1.110 (Hong et al., 2013) 

Snap beans acres 3872.6 0.130 0.030 0.675 

(Hong et al., 2013; Meisinger & 

Randall, 1991; USDA - National 

Agricultural Statistics Service - 

Surveys - Crops/stocks 

(agricultural Survey), n.d.; 

Westermann et al., 1981) 

SoybeansA bushels 27.22 0.906 0.065 1.110 (Hong et al., 2013) 

https://paperpile.com/c/DQCtMY/c9FCB+jyFkV+dSLs3
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https://paperpile.com/c/DQCtMY/8euKh+9ywnP
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SoybeansB bushels 27.22 0.870 0.062 1.110 
(Hong et al., 2013; Villamil et al., 

2019) 

A Value before 1980  B Value after 2014 

2.2.1.7 Human waste 

In the county-scale TREND-Nitrogen dataset, human N inputs were estimated using county-scale 

estimates of human population and literature estimates of annual human N excretion (5 kg-N 

capita-1 y-1) (Byrnes et al., 2020; Hong et al., 2011). Population data at the county scale was 

obtained at decadal time increments for the period 1930-1990 and at annual time increments for 

the period 1991-2017 (U.S. Census Bureau, n.d., 2007, 2016). For the period 1930-1990, the 

decadal data was interpolated to obtain annual estimates of population.  

Note here that a large fraction of human waste is treated in wastewater treatment plants or septic 

systems before being discharged to downstream waters. In addition, the efficiencies of these 

treatment systems vary spatially and have changed over time. Quantifying these treatment 

trajectories is beyond the scope of the current work.  

2.2.2 Creation of the gTREND-Nitrogen gridded dataset 

County-scale N fluxes were downscaled to the 250-m grid scale according to land use/land cover 

and population densities, as described below. For the downscaling, N fluxes were divided into 

three different land-use categories: (1) agricultural, (2) developed/urban, and (3) all land (Figure 

2.3). Agricultural N fluxes were considered to include four major landscape flux categories: (1) 

N fertilizer, (2) N in livestock manure N, (3) biological N fixation in cropland and pastureland, 

and (4) N uptake by crops and pasture. Developed/urban fluxes were considered to include (1) N 

in human waste and (2) non-farm N fertilizer. Finally, atmospheric N deposition was considered 

to be an all-land flux. While natural land use including wetlands and water areas received 

atmospheric deposition, they were not assigned any agricultural or urban N fluxes. 

Land-use trajectories were established based on two different land use and land cover (LULC) 

datasets: (1) a modeled historical LULC dataset created at a resolution of 250 m (hereafter 

referred to as the Sohl LULC dataset) (T. Sohl et al., 2016b; T. L. Sohl et al., 2014), and (2) the 

widely used National Land Cover Database (NLCD), available at a resolution of 30 m (T. L. 

Sohl et al., 2018). These two datasets were integrated and harmonized to reconstruct temporally 

continuous and spatially explicit land-use trajectories from 1930-2017 at the 250-m grid scale for 

the contiguous United States (CONUS). Specifically, we use here the annual 250-m Sohl LULC 

data from 1938 to 2005, and then use 30-m NLCD data for the years 2006, 2008, 2011, 2013, 

https://paperpile.com/c/DQCtMY/CT8oW+c9FCB
https://paperpile.com/c/DQCtMY/CT8oW+c9FCB
https://paperpile.com/c/DQCtMY/sg1Hl+AemnT
https://paperpile.com/c/DQCtMY/HtXyB+so5Wr+OBDjY
https://paperpile.com/c/DQCtMY/pX6XW+AKWnp
https://paperpile.com/c/DQCtMY/pWtD
https://paperpile.com/c/DQCtMY/pWtD
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2016. The NLCD data was resampled from 30 m to 250 m using the QGIS-python Nearest 

Neighbor Function, version 3.28 (QGIS, n.d.). Consistent land use was assumed for the years 

1930-1937 and in the years between the years of NLCD availability after 2005.  

Gridded population-density data was obtained from the 1-km gridded, decadal population maps 

developed for the contiguous U.S. by Fang & Jawitz (2018, 2019). These maps were created 

using a parsimonious modeling approach, in which decennial U.S. census data was brought 

together with a variety of other factors, including socioeconomic desirability, suitability, and 

inhabitability. While five different population models of varying complexity were created in the 

Fang & Jawitz study,(2018) we use here the results of the M3 model, which was of intermediate 

complexity but found to be the most accurate based on validation using county subdivision 

population data. To provide annual estimates of population for the gTREND-Nitrogen 

downscaling work, we used linear interpolation between the modeled years, and then assumed a 

constant population for the years 2011-2017. The annual 1-km maps of human population were 

resampled to a 250-m resolution using the QGIS-python Nearest Neighbor Function, version 

3.28 to align with other gridded components of the gTREND-Nitrogen dataset.  

2.2.2.1 Agricultural nitrogen fluxes 

To prepare for downscaling of the agricultural N fluxes, annual, gridded binary land-use maps 

were created to classify 250-m grid cells as either agricultural or non-agricultural, gLUag(k,t) = 

0/1, where k refers to the individual grid cell and t to year. Agricultural land use is defined here 

as areas used to produce crops, areas being actively tilled, and areas of grasses, legumes, or 

grass-legume mixtures planted for livestock grazing or the production of seed or hay. 

Specifically, note that agricultural land was considered to include both cultivated cropland and 

hay/pasture in both the Sohl LULC dataset and the NLCD. Land not falling into either the 

developed or agricultural land classes was considered to be non-agricultural land, gLUag(k,t) = 0.  

Total agricultural area in each county i in each year t, AREAag(i,t) (ha), was then calculated as the 

sum of the gridded agricultural land. For each agricultural component of the N mass balance, j, 

county-scale N flux values normalized by agricultural area, Nag,cnty(i,j,t) (kg ha-agland-1 y-1) were 

calculated by dividing the total county N flux by the time-varying agricultural area of each 

county, i. County-scale vector maps of Nag,cnty  values were then rasterized to a 250-m grid scale. 

To appropriately assign agricultural N fluxes only to grid cells with agricultural land use, the 

county-scale flux values were multiplied by the 0 or 1 values in the binary land-use grid. 

https://paperpile.com/c/DQCtMY/Pt6qs
https://paperpile.com/c/DQCtMY/Pt6qs
https://paperpile.com/c/DQCtMY/Pt6qs
https://paperpile.com/c/DQCtMY/y4C5s+u0siO/?noauthor=1,1
https://paperpile.com/c/DQCtMY/y4C5s/?noauthor=1
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2.2.2.2 Nitrogen fluxes on developed land 

As noted above, N fluxes on developed land were considered to include non-farm N fertilizer 

and human waste. For the non-farm fertilizer, the county-scale estimates of non-farm fertilizer, 

FERTnf  (kg-N y-1), were downscaled based on developed land use, assuming that homes and 

businesses using fertilizer would not occur on either agricultural or “other” land. Using a method 

similar to that developed for the agricultural N fluxes, we created binary maps to classify 250-m 

grid cells as either developed or non-developed, gLUdev(k,t) = 0/1, where k refers to the 

individual grid cell and t to year. Land not falling into either the developed or agricultural land 

classes was considered to be non-developed, gLUdev(k,t) = 0.  

Total developed area in each county in each year, AREAdev(i,t) (ha), was then calculated as the 

sum of the gridded developed land in that county in year t. County-scale vector maps of 

FERTnf,dev values were then rasterized to a 250-m grid scale. Next, to assign the non-farm N 

fertilizer fluxes only to grid cells with developed land use, the county-scale flux values were 

multiplied by the 0 or 1 values in the binary land-use grid. 

For human waste, annual, grid-scale estimates of N from human waste, gHUM(k,t) (kg-N ha-1 y-

1) were developed using gridded estimates of human population(Fang & Jawitz, 2018) and 

literature-based estimates of per capita annual human N excretion (5 kg-N pp-1 y−1).(Hong et al., 

2011)  

2.2.2.3 Atmospheric deposition 

The county-scale atmospheric N deposition magnitudes, DEPox(i,t) and DEPred(i,t), were 

normalized by county area, AREA(i,t): 

𝐷𝐸𝑃𝑜𝑥,𝑛𝑜𝑟𝑚(𝑖, 𝑡) =
𝐷𝐸𝑃𝑜𝑥(𝑖,𝑡)

𝐴𝑅𝐸𝐴𝑐𝑛𝑡𝑦(𝑖,𝑡)
    (Eq. 2.18)  

𝐷𝐸𝑃𝑟𝑒𝑑,𝑛𝑜𝑟𝑚(𝑖, 𝑡) =
𝐷𝐸𝑃𝑟𝑒𝑑(𝑖,𝑡)

𝐴𝑅𝐸𝐴𝑐𝑛𝑡𝑦(𝑖,𝑡)
    (Eq. 2.19)  

For the all-land fluxes, all grid cells of our 250-m gridded map of the U.S. were assigned 1 

values, gLUall(k,t) = 1, where k refers to the individual grid cell and t to year. The normalized 

deposition flux values were then multiplied by the 1 values in the land-use grid. 

https://paperpile.com/c/DQCtMY/y4C5s
https://paperpile.com/c/DQCtMY/sg1Hl
https://paperpile.com/c/DQCtMY/sg1Hl
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Figure 2.3 Agricultural and developed land use within the contiguous U.S. Maps (a,b,d,e) 

show the agricultural and developed land use in 1930 and 2017. Land-use categories are based 

on a simplification of categories in the NLCD and Sohl LULC datasets. Land-use trajectories for 

each land category are shown in (c) and (f). 

2.2.2.4 Gridded nitrogen surplus 

The annual grid-scale estimates of the N surplus, gNS, were calculated by raster summation of 

the gridded components of the N mass balance. Here, we define the N surplus as a sum of N 

inputs (fertilizer N, biological N fixation, atmospheric N deposition, manure N, and human N) 

and non-hydrologic N outputs (crop N uptake) (Byrnes et al., 2020): 

𝑔𝑁𝑆(𝑘, 𝑡) = 𝑔𝑓𝐸𝑅𝑇(𝑘, 𝑡) + 𝑔𝐵𝑁𝐹(𝑘, 𝑡) + 𝑔𝐷𝐸𝑃𝑜𝑥(𝑘, 𝑡) + 𝑔𝑀𝐴𝑁(𝑘, 𝑡) + 𝑔𝐻𝑈𝑀(𝑘, 𝑡) − 𝑔𝐶𝑅𝑂𝑃(𝑘, 𝑡) − 𝑔𝑃𝐴𝑆𝑇(𝑘, 𝑡)   (Eq. 2.20) 

where gFERT is the sum of farm and non-farm N fertilizer, gBNF is biological N fixation, gDEP 

is oxidized N deposition (both wet and dry forms), gMAN is N in livestock manure, gHUM is 

the N in human waste, gCROP is N uptake in crops, and gPAST is N uptake by pasture grasses 

consumed by livestock, all in units of kg ha-1 y-1. 

2.3 Technical validation 

2.3.1 Comparison of the county-scale TREND-Nitrogen v2 and v3 datasets 

As described in the Methods, we first created a new version (v3.0) of the county-scale TREND-

Nitrogen dataset for the contiguous U.S. (Figure 2.4). One major difference between the v2.0 

and v3.0 datasets is the new uptake parameters for corn, soybeans, and wheat, three of the most 

common field crops grown in the contiguous U.S.  It is increasingly acknowledged that protein 

https://paperpile.com/c/DQCtMY/AemnT
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and N concentrations have decreased in corn and other grains with the development of new 

higher-yielding hybrids (Ciampitti & Vyn, 2012; G. McIsaac, personal communication, 2023; 

Scott et al., 2006; Villamil et al., 2019). To reflect current knowledge regarding changes in grain 

N content over time, we now use time-varying parameter values for these three crops. Based on 

the adopted methodology, uptake magnitudes remain the same for the period 1930-1989 but then 

decrease over the period 1990-2017. In 2017, these updated parameter values led to a 16% 

decrease in estimates of corn N uptake, a 4% decrease for soybeans, and a 19% decrease for 

wheat compared with the previously used parameter values.  

 

 

Figure 2.4 The TREND-Nitrogen county-scale nitrogen mass balance. Shown here are 

county-scale N fertilizer inputs (a,b,c), manure N inputs (d,e,f), and crop N uptake (g,h,i), which 

are three major components of the overall N mass balance. Values are shown as kg ha-1 county 

land.   

https://paperpile.com/c/DQCtMY/bdfrG+pKZbe+MN894+CT8oW
https://paperpile.com/c/DQCtMY/bdfrG+pKZbe+MN894+CT8oW
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Due to these decreases in crop uptake N uptake for the three largest field crops, we also see some 

differences in the overall N surplus, especially in the midwestern states. As shown in Figure 

2.5a, the 2017 median N  surplus magnitude for the U.S. midwest is approximately 4 kg/ha 

greater than that predicted in the previous TREND-N v2 dataset. In contrast, in other areas of the 

country, which are not as dominated by the top three field crops, N surplus magnitudes are 

similar to those previously predicted by the earlier dataset. In Figure 2.5e, the blue areas of the 

map demonstrate that in some areas of the country, N surplus magnitudes are actually somewhat 

lower than predicted by the TREND-N v2 dataset. These small decreases, typically less than 1 kg 

ha-1 at the county scale, are largely due to version 3 differences in methodology for predicting N 

in livestock manure as well as pasture N uptake.       

 

Figure 2.5 Differences between the county-scale TREND-Nitrogen v2 and the new TREND-

Nitrogen v3. Due to changes in estimates of crop N uptake in corn, soybeans, and wheat, we see 

decreases in crop N uptake and thus increases in the overall N surplus compared with the older 

TREND-Nitrogen v2 dataset (a,b,c,d). These changes are especially noticeable in the U.S. 

midwestern states (a,e). 

2.3.2 Validation of gTREND-Nitrogen with county-scale data 

An important validation step for the gridded gTREND-Nitrogen dataset was to ensure 

conservation of mass between the estimates of annual N fluxes in the TREND-Nitrogen v3 

county-scale dataset and those in gTREND-Nitrogen. For this step, the gridded N estimates for 

each component of the N mass balance were re-aggregated to the original county scale, and mass 

values were compared via linear regression analysis (Figure 2.6).  
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Figure 2.6 Relationship between county-scale TREND-Nitrogen v3.0 estimates of N mass 

balance components and the gridded gTREND-Nitrogen estimates, re-aggregated to the 

county scale. Data points represent estimates for each county for each decadal year from 1930 to 

2010. The dashed lines represent a 1:1 relationship. 

As shown in Figure 2.6, we found a strong correlation between the county-scale estimates from 

TREND-Nitrogen v3 and the gTREND-Nitrogen data re-aggregated to the county scale (R2 > 

0.99). In this context, the greatest deviation from a 1:1 relationship between the two datasets was 

found for the human waste component of the mass balance (Figure 2.6n). The difference is due 

to differences between the population datasets used for TREND-Nitrogen (county) and 

gTREND-Nitrogen. Even in this case, however, we see a strong correlation between estimates of 

N inputs for the two datasets (R2 = 0.99). 
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2.3.3 Use of gTREND vs county-scale TREND-Nitrogen for watershed-scale analysis 

When developing this down-scaled data product, we predicted that use of the gridded gTREND 

nitrogen data would be of particular value when estimating N fluxes for smaller watersheds. To 

test this hypothesis, we calculated N surplus magnitudes for more than 1,000 watersheds of 

varying size using both the county-scale TREND-Nitrogen dataset and the gridded gTREND-

Nitrogen dataset. For this analysis, we included 1,285 watersheds from the U.S. Geological 

Survey (USGS) National Water Quality Program (NWQP) Surface Water Trends project.  

The results of our analysis first show a strong correlation between the county-based and the grid-

based watershed-scale estimates of N surplus magnitudes (R2 = 0.71) (Figure 2.7a). This strong 

correlation is expected, as the grid-based data is, of course, derived from the county-scale data. 

There is, however, a notable amount of scatter away from the 1:1 line. To further explore this 

scatter further, we show in Figure 2.7b the ratios of county-based N surplus estimates to grid-

based estimates (R = SURPcounty (i)/SURPgridded (i)) for all 1,285 study watersheds. In the figure, 

R values > 1 indicate a higher N surplus estimate with the county-scale data, and R values < 1 

indicate a higher estimate from the grid-scale data. These results are shown across a range of 

watershed sizes, extending from a minimum of <1 km2 to a maximum of more than 2,000,000 

km2. As we hypothesized, for smaller watersheds (those less than 50,000 km2), it can make a 

large difference whether the county-based or grid-based data is used for the estimation of N 

fluxes (R = 1.04, IQR = 0.48) (Figure 2.7c). For larger watersheds, however, there is less 

variability around the 1:1 line (R = 1.18, IQR = 0.28). This greater variability for the smaller 

watersheds suggests that use of coarser, county-scale estimates for smaller watersheds can 

potentially lead to large over- or under-estimates of N fluxes. These results clearly demonstrate 

the value of using down-scaled N mass balance data when attempting to understand and quantify 

watershed-scale N dynamics.    
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Figure 2.7 Comparison of watershed N surplus magnitudes based on county-scale and 

gridded N surplus data. (a) Overall, we see a 1:1 relationship between estimates of N surplus 

magnitudes from the county-scale and gridded data (R2 = 0.71). (b,c) For large watersheds, 

>50,000 km2, it makes less difference which dataset is used. For smaller watersheds, however, 

use of county-scale data can lead to large overestimates or underestimates of N fluxes.  

2.4 Limitations 

The TREND datasets have limitations regarding the scope of nitrogen sources considered. While 

we account for major anthropogenic inputs (synthetic fertilizer, manure, biological nitrogen 

fixation in croplands, human waste, and atmospheric deposition), several other potential nitrogen 

sources and fates were not included. Background biological nitrogen fixation from non-

agricultural ecosystems, nitrogen released through rock weathering, volatilization and 

denitrification losses, and riverine export were excluded from the calculations. Though these 

sources contribute to the overall nitrogen cycle, at large scales they represent smaller fluxes 

compared to the major agricultural and anthropogenic inputs considered (Compton et al., 2003; 

Galloway et al., 1995; Lin et al., 2020; Sabo et al., 2019). While these sources have been 

quantified in field to regional-scale budgets, data at the national scale remains limited. For 
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instance, Compton et al. (2003) found that biologically fixed nitrogen from Red Alder trees in 

watersheds dominated by this species can contribute up to 35 kg-N ha-1 yr-1. However, there are 

no existing datasets of Red Alder tree species distributions across the US spanning 1930 to 2017. 

Similarly, riverine nitrogen export at the county or gridded scale is highly uncertain because 

export is frequently modeled at the watershed level. These data limitations result in a high degree 

of uncertainty when estimating these processes at relevant spatial and temporal scales (Bouwman 

et al., 2013; Davidson, 2009), leading us to exclude them from the surplus calculations to be later 

estimated through modeling exercises.  

2.5 Potential Use 

The expectation for the gTREND-Nitrogen dataset is that it will be widely used for 

environmental monitoring and assessment and that it will be of particular value for water quality 

model development. Increasingly, data-driven water quality models are being developed in the 

domain of large-sample hydrology, which typically requires data for hundreds or even thousands 

of catchments (Kratzert et al., 2023). To ensure accessibility of the gTREND-Nitrogen data for 

such watershed-scale applications, we provide a script that can be used to aggregate the gridded 

data to desired watershed, administrative, or other type of boundary. The script is available 

through the project homepage at https://github.com/vanmeter-kvm/gTREND-Nitrogen/.  

2.6 Data Records 

The gTREND-Nitrogen dataset covers the contiguous United States and includes 22 N mass 

balance components for the years 1930-2017. The current version of the gTREND-Nitrogen 

dataset is available in figshare (doi forthcoming).  In the figshare repository, the gTREND-

Nitrogen data is zipped into subfolders, organized around different components of the N mass 

balance. Inside the zipped folders, data is available in the Tag Image File Format (TIFF). Each 

TIFF file represents an annual N mass balance component with the unit of kg-N ha-1y-1 at 250-m 

grid scale. We also provide aggregated N surplus estimates at hydrologic unit code 8 (HUC8) 

level from 1930 to 2017 in comma-separated value (.csv) format.  

The dataset is organized into multiple zipped subfolders, with 22 GRID_scale subfolders and one 

HUC8_scale subfolder, as follows: 

● The zipped GRID_scale folders include one subfolder per N mass balance component. 

Each zipped folder then contains 88 TIFF files corresponding to the years 1930-2017. A 

detailed description of the data structure and files provided in the data repository is 

provided in Table 2.4.  

https://paperpile.com/c/DQCtMY/lARW
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● The zipped HUC_scale folder contains one csv file (Nsurplus_HUC8.csv) and one 

shapefile (HUC8.gpkg). The HUC8.shp contains the HUC8 boundaries for the 

continental United States, which is used to extract basin-averaged N surplus values. In 

Nsurplus_HUC8.csv, the first column is named “HUC8,” which contains the unique 

HUC8 basin identifiers. The csv also includes one column for each year of the dataset, 

with the naming convention “YYYY_Nsurplus,” with YYYY values referring to the data 

year. The data in these columns corresponds to aggregated basin-averaged N surplus 

values from 1930 to 2017.  

Code for the TREND-Nitrogen county-scale data is available upon request and will be available 

on a later date at github.com/danykakbyrnes/TREND_Nutrients.git.   
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Table 2.4 Structure and File Names of the Gridded gTREND-N Dataset in the Data 

Repository. In the file names, the YYYY values refer to the data year. 

Zipped 

Subfolder Name 
File name 

Zipped Folder Content 

File Naming Convention Number of Files 

Oxidized 

Atmospheric 

N Deposition Atmospheric_Oxidized.zip Atmospheric_Oxidized_YYYY.tif 88 

Reduced 

Atmospheric 

N Deposition Atmospheric_Reduced.zip Atmospheric_Reduced_YYYY.tif 88 

Crop and  

Pasture N Uptake CropUptake_Ag.zip CropUptake_Ag_YYYY.tif 88 

Crop N Uptake CropUptake_Cropland.zip CropUptake_Cropland_YYYY.tif 88 

Pasture  N Uptake CropUptake_Pasture.zip CropUptake_Pasture_YYYY.tif 88 

Farm Fertilizer Fertilizer_Ag.zip Fertilizer_Ag_YYYY.tif 88 

non-Farm Fertilizer  Fertilizer_Dev.zip Fertilizer_Dev_YYYY.tif 88 

Biological N  

Fixation (all-

agriculture) Fix_Ag.zip Fix_Ag_YYYY.tif 88 

Cropland N Fixation Fix_Cropland.zip Fix_Cropland_YYYY.tif 88 

Pasture N Fixation Fix_Pasture.zip Fix_Pasture_YYYY.tif 88 

Human Waste N Human.zip Human_YYYY.tif 88 

Livestock Waste N -  

Milk Cows MilkCow.zip MilkCow_YYYY.tif 88 

Livestock Waste N -  

Beef Cattle BeefCow.zip BeefCow_YYYY.tif 88 

Livestock Waste N - 

Other Cattle OtherCattle.zip OtherCattle_YYYY.tif 88 

Livestock Waste N - 

Horses Equine.zip Equine_YYYY.tif 88 

Livestock Waste N - 

Hogs Hogs.zip Hogs_YYYY.tif 88 

Livestock Waste N -  

Layers & Pullets LayerPullets.zip LayerPullets_YYYY.tif 88 
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Livestock Waste N - 

Broilers Broilers.zip Broilers_YYYY.tif 88 

Livestock Waste N - 

Turkeys Turkeys.zip Turkeys_YYYY.tif 88 

Livestock Waste N - 

Sheep & Goats SheepGoat.zip SheepGoat_YYYY.tif 88 

Livestock Waste N - 

All Livestock.zip Livestock_YYYY.tif 88 

N Surplus Surplus_N.zip Surplus_N_YYYY.tif 88 

HUC8-scale N 

surplus magnitudes HUC8_scale.zip 

Nsurplus_HUC8.csv 

HUC8.gpkg 2 
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Chapter 3 Phosphorus gridded and county-scale TRajEctories Nutrient 

Dataset (TREND) for the contiguous United States (1930-2017) 

Outline 

Phosphorus (P) is essential for the U.S. food system, but its overuse has accelerated the cultural 

eutrophication and hypoxia of surface waters. Despite numerous policies and substantial 

investments aimed at reducing phosphorus loads, nutrient-induced algal blooms continue to 

occur each summer across the U.S., threatening drinking water security and limiting the 

economic and social use of surface waters. It is now understood that persistent eutrophication is 

partly due to the long shadow of decades of phosphorus overuse: accumulated stores of legacy 

phosphorus. Quantifying landscape P fluxes can help better understand key sources, sinks, and 

regions at risk of large P stores. To this end, we created two long-term (1930-2017) P mass 

balance datasets at the county and gridded scale, providing unprecedented temporal resolution 

and spatial coverage. These datasets offer opportunities for fine-scale insights into both historical 

and current P dynamics. Our new, open-source dataset can provide opportunities for fine-scale 

insights into both historical and current P dynamics. The first authorship of this work is shared 

between Danyka Byrnes and Shuyu Chang. Please see Statement of Contributions for more 

details. 

3.1 Introduction 

The discovery of phosphorus by a 17th-century alchemist marked the beginning of its 

recognition as a vital component for improving soil fertility (Ashley et al., 2011). By the early 

1800s, ground bones were used as a source of phosphorus, leading to the mining of phosphate 

rock and the eventual creation of “superphosphate” fertilizers (Cordell et al., 2009). Phosphorus 

has since become a crucial input for modern agriculture, playing a key role in bolstering global 

food systems and enhancing food security. This development was pivotal in addressing food 

insecurity by allowing farmers to supplement natural soil phosphorus levels with external 

sources rather than relying solely on manure and crop residues. 

The increased use of phosphorus in agriculture over the past century has been driven by 

population growth, dietary changes, agricultural intensification, and increasing reliance on 

biofuels (Galloway & Cowling, 2021; Glibert, 2020; Van Meter et al., 2018). After World War 

II, the mechanization of farming practices and the intensification of the agricultural system led to 

a rapid increase in phosphorus use across the U.S. (Glibert, 2020). This intensification also 

contributed to the consolidation of small farms into larger operations, resulting in a system with 

https://paperpile.com/c/DQCtMY/ZG3X
https://paperpile.com/c/DQCtMY/TqA4b
https://paperpile.com/c/DQCtMY/eDnp+yiHRT+d3dFp
https://paperpile.com/c/DQCtMY/eDnp
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significant nutrient surpluses and decoupling of nutrient sources and sinks (Byrnes et al., 2020; 

Glibert, 2020). In U.S. agricultural systems, phosphorus uptake by crops has consistently 

remained below 80%, leaving a substantial portion of excess nutrients available to enter the 

environment (Conant et al., 2013; Swaney et al., 2018b; Swaney & Howarth, 2019b).  

Phosphorus from the landscape contributes to cultural eutrophication and hypoxia in bottom 

waters in both fresh and coastal waters (Carpenter et al., 1998; Rabalais, Turner, & Wiseman, 

2002; Schindler et al., 2016). The consequences of eutrophication and associated hypoxic zones 

are multi-faceted. It can threaten drinking water quality sources with elevated algal bloom 

microcystin toxins, change the species composition, and degrade the habitat of major fisheries, 

with conditions favoring some species at the loss of others (Carpenter et al., 1998; Le Moal et al., 

2019; Rabalais, Turner, & Wiseman, 2002). Furthermore, the excess growth of algae also 

restricts the use of water for recreation and industry (Carpenter et al., 1998; Malone & Newton, 

2020; Sharpley & Wang, 2014).  

Policymakers have set goals to manage excess nutrients in response to freshwater and coastal 

ecosystem degradation. In the Chesapeake Bay and Lake Erie drainage areas, nutrient reduction 

goals were set to reduce phosphorus loads by up to 40% and 50%, respectively (Chesapeake Bay 

Program, 1988; Great Lakes Water Quality Agreement Nutrient Annex Subcommittee, 2015). 

However, despite efforts to manage nutrients within the contributing watersheds, in many cases, 

there has been little improvement in downstream water quality, and we continue to see persistent 

eutrophication and late-summer hypoxia (Jarvie et al., 2013; Van Meter et al., 2021). It is 

increasingly recognized that phosphorus exports from watersheds are influenced not only by 

current-year inputs but also by legacy stores of phosphorus in the landscape (Jarvie et al., 2013; 

Müller-Karulis et al., 2024; Sharpley et al., 2013; Van Meter et al., 2021). The residence time of 

phosphorus means it can threaten water quality decades after application via soil erosion and 

remobilization from sediments along the land-river continuum (Alewell et al., 2020; Sharpley et 

al., 2013). Indeed, recent work in the Baltic Sea found that the residence time of phosphorus 

across the drainage basins ranged from 4.8 to 30 years. Similarly, a modeling study in the Grand 

River watersheds in the Lake Erie drainage basin found that even under aggressive phosphorus 

management scenarios, the 40% phosphorus load reduction target would not be met within 25 

years (Van Meter et al., 2021). There is now unequivocal evidence that legacy phosphorus must 

be considered in management plans to achieve desired water quality outcomes. Managing 

impaired water quality requires understanding past and present fluxes across all land uses 

(Haygarth et al., 2014); however, we cannot manage what we do not measure. Therefore, to 

achieve this goal, long-term and spatially explicit phosphorus mass balance datasets are essential 

https://paperpile.com/c/DQCtMY/AemnT+eDnp
https://paperpile.com/c/DQCtMY/AemnT+eDnp
https://paperpile.com/c/DQCtMY/zAga8+3XEj+XRyO
https://paperpile.com/c/DQCtMY/65mG+Dj5f8+7m5Dl
https://paperpile.com/c/DQCtMY/65mG+Dj5f8+7m5Dl
https://paperpile.com/c/DQCtMY/7m5Dl+65mG+p5HJj
https://paperpile.com/c/DQCtMY/7m5Dl+65mG+p5HJj
https://paperpile.com/c/DQCtMY/1f3nH+65mG+C7tr
https://paperpile.com/c/DQCtMY/1f3nH+65mG+C7tr
https://paperpile.com/c/DQCtMY/f4Kn+bYtpX
https://paperpile.com/c/DQCtMY/f4Kn+bYtpX
https://paperpile.com/c/DQCtMY/Ttqd+Vk2G
https://paperpile.com/c/DQCtMY/Vk2G+weUR+Ttqd+HEVb
https://paperpile.com/c/DQCtMY/Vk2G+weUR+Ttqd+HEVb
https://paperpile.com/c/DQCtMY/HEVb+NJI8
https://paperpile.com/c/DQCtMY/HEVb+NJI8
https://paperpile.com/c/DQCtMY/Vk2G
https://paperpile.com/c/DQCtMY/DtgMb
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for understanding nutrient dynamics and the distribution of legacy stores (Batool et al., 2022; 

Byrnes et al., 2020). 

Mass balance datasets have been developed across the U.S. to capture phosphorus fluxes in the 

landscape and understand the impact of phosphorus on water quality. Howarth et al. (1996) were 

among the first to develop a regional mass balance study to quantify nitrogen and phosphorus 

fluxes to the Atlantic Ocean. Other regional mass balances were developed, including work from 

David and Gentry (2000), who developed a phosphorus mass balance for Illinois from 1945 to 

1998. Goyette et al. (2016b) developed a mass balance of the transnational St. Lawrence River 

Basin from 1901-2012. The first large-scale mass balance, the NAPI (net anthropogenic 

phosphorus input) dataset, was developed by Swaney et al. (2018a), covering the contiguous 

U.S. from 1987 to 2017. Sabo et al. (2021) also developed a U.S-scale mass balance from 2002-

2017 and expanded on the fluxes commonly included in previous datasets. They also used HUC8 

watershed boundaries instead of county-scale ones, making it more applicable for hydrology 

studies. These datasets have their applications but are still limited in spatial and temporal scale to 

understand the long-term effects of phosphorus fluxes on environmental outcomes across the 

U.S. 

Our current work aims to develop a long-term phosphorus mass balance dataset for 

quantifying phosphorus fluxes and surplus across space and time. We developed TREND-

Phosphorus, a county-scale phosphorus mass budget spanning 1930-2017, with estimates of all 

individual components of the budget for the contiguous U.S. We then downscaled our county 

data to a 250 m grid to produce gTREND-Phosphorus, the first 88-year, 250 m gridded 

phosphorus mass budget dataset. 

3.2 Methods 

3.2.1 Dataset preparation: county-scale phosphorus mass balance 

The components of the phosphorus mass balance were calculated annually at the county-scale 

from 1930–2017. We also downscaled the county-scale phosphorus fluxes (fertilizer, livestock 

manure phosphorus, crop uptake, atmospheric deposition, rock weathering, detergent, human 

waste, and food waste), to a 250-m grid scale with publicly available gridded land use/land cover 

data (Multi-Resolution Land Characteristics Consortium, 2016; T. L. Sohl et al., 2014) and 

gridded population data (Fang & Jawitz, 2018). Compiling such a large dataset requires 

harmonizing datasets, often created for different purposes, for different end users, and covering 

different spatial and temporal scales. The steps taken to harmonize disparate datasets and 

https://paperpile.com/c/DQCtMY/LYT31+AemnT
https://paperpile.com/c/DQCtMY/LYT31+AemnT
https://paperpile.com/c/DQCtMY/BkApU/?noauthor=1
https://paperpile.com/c/DQCtMY/ET6KD/?noauthor=1
https://paperpile.com/c/DQCtMY/M3E4i/?noauthor=1
https://paperpile.com/c/DQCtMY/HCgQ/?noauthor=1
https://paperpile.com/c/DQCtMY/AKWnp+nLSyO
https://paperpile.com/c/DQCtMY/y4C5s
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downscale the county dataset are described below. The first authorship of this work is shared 

between Danyka Byrnes and Shuyu Chang. Please see Statement of Contributions for further 

details. 

 

Figure 3.1 Data sources and workflow for creating the gTREND-Phosphorus dataset. (1) 

Agricultural components of the phosphorus mass balance such as crop uptake, manure, and 

agricultural fertilizer are downscaled to areas with agricultural land use; (2) Non-agricultural 

fertilizer was downscaled to areas with developed land use; (3) Atmospheric deposition and 

phosphorus rock weathering are distributed evenly across all land uses; (4) Human waste, food 

waste, and detergent is downscaled based on gridded population data. 

3.2.1.1 Inorganic phosphorus fertilizer 

County‐scale estimates of both farm and non-farm phosphorus (P) fertilizer use, FERTf  and 

FERTnf (kg-P y-1), were obtained from several different sources. From 1945-1985, data was 

obtained from Alexander and Smith (1990). From 1987-2012, data was obtained from Brakebill 

and Gronberg (2017). For the period 1930-2014, we created county-specific scaling factors by 

taking the mean ratio of each county’s fertilizer use to the total of U.S. phosphate rock fertilizer 

used or consumed for the period 1945-1949 (Phosphate Rock - Historical Statistics (Data Series 

140) 2018 Update, 2018). The scaling factors were then multiplied by the mass of the U.S. 

phosphate rock fertilizer used or consumed for each year of the period 1930-1944, as follows: 

𝐹𝐸𝑅𝑇𝑡𝑜𝑡(𝑖, 𝑡) =  𝐹𝐸𝑅𝑇𝑟𝑜𝑐𝑘(𝑡) ∗ 𝑆(𝑖)    (Eq. 3.1) 

https://paperpile.com/c/DQCtMY/gsHtn/?noauthor=1
https://paperpile.com/c/DQCtMY/IwTGI/?noauthor=1
https://paperpile.com/c/DQCtMY/GtJgA/?noauthor=1
https://paperpile.com/c/DQCtMY/GtJgA/?noauthor=1
https://paperpile.com/c/DQCtMY/GtJgA/?noauthor=1
https://paperpile.com/c/DQCtMY/GtJgA/?noauthor=1
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where FERTtot(i,t) (kg-P y-1) is the total phosphorus fertilizer use for county i in year t, 

FERTrock(t) is the U.S. phosphate rock fertilizer used or consumed (kg-P y-1) in year t, and S(i) is 

the county-scaling factor. Some counties are not included in the 1945-1986 dataset; in this case, 

we used the same approach starting in 1987 instead of 1945, using the 1987-1991 period to 

create the scaling factors.  

To obtain estimates of non-farm fertilizer for 1930-1986, we first calculated the mean ratio of 

non-farm to total P fertilizer use, as reported by Brakebill & Gronberg (2017) for individual 

counties. Then, for the years prior to 1987 (1930-1986), we used those county-scale ratios to 

partition total P fertilizer use into estimates of farm and non-farm fertilizer use.  

For 2013–2017, national-scale estimates of P fertilizer use(Food and Agriculture Organization of 

the United Nations (FAO), 2022) were used to scale the county-scale estimates of both farm and 

non-farm P fertilizer use forward in time. Scaling was achieved by taking the ratio of mean 

county-scale fertilizer use (farm and non-farm) to mean national fertilizer use for the years 1987-

2012 to create scaling factors for each county and then multiplying the scaling factors, Sf and Snf, 

by the annual estimates of P fertilizer use (2013-2017):  

𝐹𝐸𝑅𝑇𝑓(𝑖, 𝑡) =  𝐹𝐸𝑅𝑇𝑛𝑎𝑡𝑙(𝑡) ∗ 𝑆𝑓(𝑖)    (Eq. 3.2) 

𝐹𝐸𝑅𝑇𝑛𝑓(𝑖, 𝑡) =  𝐹𝐸𝑅𝑇𝑛𝑎𝑡𝑙(𝑡) ∗ 𝑆𝑛𝑓(𝑖)   (Eq. 3.3) 

where FERTf (i,t) and FERTnf (i,t) are the total farm and non-farm P fertilizer use, respectively, 

for individual counties and FERTnatl is the FAO estimate of national P fertilizer use. 

3.2.1.2 Phosphorus in livestock excretion 

Manure phosphorus inputs, MAN, defined here as waste excretion (urine and manure) from ten 

livestock inventories including dairy cows, beef cows, and other cattle (calves, heifers that have 

not calved, steers, bulls), broilers, other chickens (laying chickens and pullets), turkeys, hogs and 

pigs, goats, sheep and lambs, and equine (horses, mules, donkeys and ponies). All livestock 

inventory data originates from the U.S. Census of Agriculture. Livestock inventory numbers for 

cattle, hogs, poultry, sheep, and horses for the period 1950-2017 (reported at 5-year intervals) 

were obtained from a USGS dataset that includes not only Census of Agriculture numbers but 

also estimates of livestock inventory numbers for counties with censored data in some census 

years (Falcone, 2021). For the period 1930-1945 and livestock categories not explicitly included 

in the USGS dataset (pullets, mules, donkeys, goats), data was obtained from the ICPSR data 

archive (1930–2012) (Haines et al., 2018) and NASS Quick Stats (USDA National Agricultural 

https://paperpile.com/c/DQCtMY/IwTGI/?noauthor=1
https://paperpile.com/c/DQCtMY/Pim5y
https://paperpile.com/c/DQCtMY/Pim5y
https://paperpile.com/c/DQCtMY/6h5kH
https://paperpile.com/c/DQCtMY/zMefn
https://paperpile.com/c/DQCtMY/Nlpbn
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Statistics Service, 2019). Livestock census category changed over time and we consolidated 

reported categories to maintain in livestock groups (Supplemental Table 3.1) 

For years and for counties for which livestock inventory data from the Census of Agriculture is 

“undisclosed” due to privacy concerns, data gaps are filled by using the data from the most 

recent year for which there is existing data for that county and livestock type ((Falcone, 2021) If 

there is undisclosed data for more than six census time periods (~30 years), the inventory is 

assumed to be zero.   

A data-fusion approach was used to integrate the 5-year U.S. Census of Agriculture data with 

annual Agricultural Survey data. Using this approach, the Census of Agriculture livestock 

inventory data was used as reported, and the annual Agricultural Survey data was scaled to the 

Census of Agriculture data. Scaling was achieved by taking a ±10-year window around each year 

in which the Agricultural Survey was to be used. For these 20 years, we created a scaling factor, 

Slvstk(i,j,t), for county i, livestock type j, in year t, calculated by taking the ratios of census data to 

survey data for years where both were available, and then taking the mean of those ratio values. 

Then, for each year with available survey data, but no census data, crop production or crop area 

values were calculated by multiplying the scaling factor by the reported survey data: 

𝐼𝑁𝑉(𝑖, 𝑗, 𝑡) = 𝐼𝑁𝑉𝑠𝑢𝑟𝑣(𝑖, 𝑗, 𝑡) ∗ 𝑆𝑙𝑣𝑠𝑡𝑘(𝑖, 𝑗, 𝑡)    (Eq. 3.4) 

where 𝐼𝑁𝑉(𝑖, 𝑗, 𝑡) is the estimate of the number of heads of a specific livestock type j in county i 

in year t, and INVsurv(i,j,t) is the number of heads of that livestock reported in the Agricultural 

Survey. 

The magnitude of P excretion per animal varies with animal weight, and livestock weights have 

increased over time due to both genetic evolution and improvements in feeding (Falcone, 2021). 

We use time-varying livestock weights based on use of annual slaughtered livestock weight data 

(U.S. Department of Agriculture, n.d.). Reported weights were available for the time period 

1958-2017 (U.S. Department of Agriculture, n.d.). Any data gaps across this period were filled 

via linear interpolation. For the period 1930-1957, we used the reported 1958 weights, assuming 

no change in livestock weights for that period. No time-varying weights were available for 

horses, so we assumed weight to remain constant across the study period. In this new approach, 

2008 was chosen as a base year due to the availability of P excretion parameters for 2008 

livestock weights (USDA NRCS, 2008). Temporally varying, livestock type-specific scaling 

factors, Swt(i,t), were then developed based on the ratio of the 2008 weight to the reported weight 

for any given year (Supplemental Table 2.1).  

https://paperpile.com/c/DQCtMY/Nlpbn
https://paperpile.com/c/DQCtMY/6h5kH
https://paperpile.com/c/DQCtMY/6h5kH
https://paperpile.com/c/DQCtMY/O4Dbd
https://paperpile.com/c/DQCtMY/O4Dbd
https://paperpile.com/c/DQCtMY/pab2o
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With the resulting county-scale livestock inventory trajectories, P in livestock manure was 

calculated as a function of these inventory numbers and the estimated P content of the manure 

produced per animal per year (Byrnes et al., 2020, 2020d, 2022): 

𝑀𝐴𝑁(𝑖, 𝑗, 𝑡) = 𝐼𝑁𝑉(𝑖, 𝑗, 𝑡) ∗ 𝑝(𝑗)𝑙𝑣𝑠𝑡𝑘,𝑒𝑥𝑐𝑟 ∗ 𝑆𝑤𝑡(𝑖, 𝑗, 𝑡)   (Eq. 3.5) 

where MAN(i,j,t) is the county-scale, time-varying estimated P in manure from livestock type j, 

p(j)lvstk,excr is the estimated P content in manure from that livestock type, and Swt(i,j,t) is the time-

varying scaling factor for livestock weights for county i and livestock type j. The parameter 

values used for 2008 livestock P consumption and excretion are provided in Table 3.1. Excretion 

values were obtained from the USDA Agricultural Waste Management Field Handbook (USDA 

NRCS, 2008). Consumption values for cattle were obtained based on a calculated ratio of 

consumption to excretion (Byrnes et al., 2022; Hong et al., 2011). 

  

https://paperpile.com/c/DQCtMY/dSLs3+s2MDI+AemnT
https://paperpile.com/c/DQCtMY/pab2o
https://paperpile.com/c/DQCtMY/pab2o
https://paperpile.com/c/DQCtMY/dSLs3+sg1Hl
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Table 3.1 Livestock phosphorus consumption and excretion parameters. Consumption 

values are included for all grazing livestock. 

Livestock Type 

Livestock P 

Consumption, 

2008 

(kg-P head-1 y-1) 

Livestock P 

Excretion, 

2008 

(kg-P head-1 y-1) 

Cattle, Beef 18.32 16.06 

Cattle, Milk 33.02 25.61 

Cattle, Other  

(heifers, bulls, steers, calves) 

10.89 9.55 

Goats 1.39 1.16 

Sheep and Lambs 1.39 1.16 

Horses 9.45 8.44 

Hogs and Pigs - 2.35 

Poultry, Turkey - 0.36 

Poultry, Broilers - 0.12 

Poultry, Other Chickens - 0.18 

3.2.1.3 Crop uptake 

County-scale crop phosphorus uptake in county i and year t was estimated as the sum of crop-

specific uptake values CROP(i,j,t) (kg- P y-1) for all crop types j in that county (field crops, fruits 

and vegetables, and orchard crops). The crop-specific, county-scale P uptake values CROP(i,j,t) 

were calculated on the basis of either mass, harvested area, or number of trees by multiplying, 

where applicable, the harvested crop magnitude, HARV(i,j,t) in census-reported units, e.g. 

bushels, hundredweight, acres, by a crop-specific conversion factor, c(j), to convert to kg crop, 

by the crop-specific percent dry matter, d(j). Then multiply by the crop-specific phosphorus 

uptake values, pcrop(j,t): 

𝐶𝑅𝑂𝑃(𝑖, 𝑗, 𝑡) = 𝐻𝐴𝑅𝑉(𝑖, 𝑗, 𝑡) ∗ 𝑐(𝑗) ∗ 𝑑(𝑗) ∗ 𝑝𝑐𝑟𝑜𝑝(𝑗, 𝑡)  (Eq. 3.6) 
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Total county-scale crop P uptake, CROP(i,t) was then calculated by summing the uptake values 

for all of the included crops. The 63 different crops included here were confirmed to cover ≥97% 

of the county‐scale cropped area. See Supplemental Table 3.2-3.4 for conversion factors, dry 

matter values, and P uptake parameters field crops, fruits and vegetables, and orchard crops, 

respectively. Parameter values are derived from the literature. Field crop parameter values are 

available from the NAPI dataset, IPNI, and NRCS (IPNI Estimates of Nutrient Uptake and 

Removal, n.d.; Lander et al., 1998b; Swaney & Howarth, 2019a). For crops not included in those 

datasets, we converted the TREND-Nitrogen parameters values using a ratio of the nitrogen and 

phosphorus content of the crops from the USDA FoodData Central nutrient database (United 

States Department of Agriculture, n.d.). 

Annual crop production data, HARV(i,j,t), was obtained using a data-fusion method that 

integrates data from the Census of Agriculture, which reports data every 5 years, with the U.S. 

Agricultural Survey, which provides projected annual estimates. Census data was obtained from 

the ICPSR data archive (1930–2012) (Haines et al., 2018) and NASS Quick Stats (USDA, 2023), 

and Agricultural Survey data was obtained from NASS Quick Stats (USDA, 2023). Using this 

approach, and to ensure the compatibility of the datasets, the Census of Agriculture crop data 

was used as reported, and the annual Agricultural Survey data, 𝐻𝐴𝑅𝑉𝑠𝑢𝑟𝑣(𝑖, 𝑗, 𝑡) was scaled to 

the Census of Agriculture data for the years when census data was not available (Eq. 3.7). 

Scaling was achieved by taking a ±10-year window around each year in which the Agricultural 

Survey was to be used. For these 20 years, we created a county-specific scaling factor, Scrop 

(i,j,t), calculated by taking the ratios of census data to survey data for years where both were 

available, and then taking the mean of those ratio values across all census years within the 

specified time window. Then, for each year with available survey data, but no census data, crop 

production or crop area values were calculated by multiplying the scaling factor by the reported 

survey data: 

𝐻𝐴𝑅𝑉(𝑖, 𝑗, 𝑡) = 𝐻𝐴𝑅𝑉𝑠𝑢𝑟𝑣(𝑖, 𝑗, 𝑡) ∗ 𝑆𝑐𝑟𝑜𝑝(𝑖, 𝑗, 𝑡)   (Eq. 3.7) 

where HARVsurv(i,j,t) represents the estimates of crop production or harvested crop area in 

county i for crop type j in year t from the Agricultural Survey. 

In the census, harvest data for fruit and nut trees were reported, depending on the year, as either 

the number of trees or as acres of trees. To estimate phosphorus removal from tree uptake, 

CROPtree (kg-P y-1), we first needed to standardize census inventories between the years. We 

converted acres of trees to the number of trees using county-specific orchard density (denorch; 

trees acre-1) from the nearest available census year with available data. When county data was 

https://paperpile.com/c/DQCtMY/AyJHr+DHWz4+bQAN2
https://paperpile.com/c/DQCtMY/AyJHr+DHWz4+bQAN2
https://paperpile.com/c/DQCtMY/AyJHr+DHWz4+bQAN2
https://paperpile.com/c/DQCtMY/AyJHr+DHWz4+bQAN2
https://paperpile.com/c/DQCtMY/BStE4
https://paperpile.com/c/DQCtMY/BStE4
https://paperpile.com/c/DQCtMY/zMefn
https://paperpile.com/c/DQCtMY/NA5cG
https://paperpile.com/c/DQCtMY/NA5cG
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not available, we used state-level orchard density. We used literature values to estimate average, 

non-time varying annual mass of phosphorus removal through tree uptake (ptree) in county i, tree 

type j, in year t: 

𝐻𝐴𝑅𝑉𝑡𝑟𝑒𝑒(𝑖, 𝑗, 𝑡) = 𝐻𝐴𝑅𝑉𝑎𝑐𝑟𝑒𝑠(𝑖, 𝑗, 𝑡) ∗ 𝑑𝑒𝑛𝑜𝑟𝑐ℎ    (Eq. 3.8) 

where HARVtree(i,j,t) in number of trees after using county or state-level average orchard density 

(denorch) to convert acres of tree (HARVacres) for county i, crop type j, in year t (Supplemental 

Table 3.4). 

The nutrient concentrations of grain corn, wheat, and soybeans have evolved with the 

development of new, higher-yielding hybrids (Ciampitti & Vyn, 2012; G. McIsaac, personal 

communication, 2023; Scott et al., 2006; Villamil et al., 2019). To accurately reflect current 

knowledge regarding changes in grain phosphorus content over time, we now use time-varying 

parameter values for these three common field crops in the contiguous U.S. For the period 1930-

1989, we assume constant P uptake values (kg-N kg-crop-1) based on parameter values from the 

International Plant Nutrition Institute (IPNI) and other literature sources. Then, for the period 

2013-2017, we use newly estimated parameter values that reflect current uptake magnitudes 

(Ciampitti & Vyn, 2012; G. McIsaac, personal communication, 2023; Scott et al., 2006; Villamil 

et al., 2019). For the period 1990-2013, we then linearly interpolate the P uptake parameters 

between the two time periods. Both the pre-1990 and current crop P uptake parameters for corn, 

soy, and wheat are provided in Supplemental Table 3.2.  

Censored county-scale data from the Census of Agriculture was gap-filled by calculating the 

difference between reported state-level production values and the sum of all reported county-

level values. This difference was then apportioned equally to all of the counties with censored 

data as a function of the ratio between county-scale and state-scale values from the nearest 

census years with reported data. 

3.2.1.4 Pasture uptake 

County-scale pasture P uptake, PAST (kg-P y-1), estimates the phosphorus content removed from 

grazing livestock (cattle, horse, goats, and sheep), based on both the total available pasture area 

and the number of grazing livestock in the county. To account for different yields, for our 

calculations, pasture were separated into two categories: “non-cropland pasture” and “cropland 

pasture”, based on Hong et al. (2011) Pasture categories are from the Agricultural Census for the 

period 1945-2017. Prior to 1945, we used aggregated fraction of county area considered cropland 

or pastureland for each county from Ramankutty and Foley (1999) and used it to backward scale 

https://paperpile.com/c/DQCtMY/bdfrG+pKZbe+MN894+CT8oW
https://paperpile.com/c/DQCtMY/bdfrG+pKZbe+MN894+CT8oW
https://paperpile.com/c/DQCtMY/bdfrG+pKZbe+MN894+CT8oW
https://paperpile.com/c/DQCtMY/bdfrG+pKZbe+MN894+CT8oW
https://paperpile.com/c/DQCtMY/sg1Hl/?noauthor=1
https://paperpile.com/c/DQCtMY/bRWy5/?noauthor=1
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the non-cropland (AREAncp) and cropland pasture area (AREAcp) in each county for each census 

year. Non-cropland pasture is scaled as follows: 

𝐴𝑅𝐸𝐴𝑛𝑐𝑝(𝑖, 𝑡 − 1) =  𝐴𝑅𝐸𝐴𝑛𝑐𝑝(𝑖, 𝑡) +  𝛥𝑃𝑛𝑐𝑝(𝑖, 𝑡) ∗ 𝐴𝑅𝐸𝐴𝑛𝑐𝑝(𝑖, 𝑡)  (Eq. 3.9) 

𝛥𝑃𝑛𝑐𝑝(𝑖, 𝑡)  = (𝐹𝑅𝐴𝐶
𝑝𝑎𝑠𝑡

(𝑖, 𝑡 − 1) − 𝐹𝑅𝐴𝐶𝑝𝑎𝑠𝑡(𝑖, 𝑡)) / 𝐹𝑅𝐴𝐶𝑝𝑎𝑠𝑡(𝑖, 𝑡)   (Eq. 3.10) 

where AREAncp (acres) is the area of non-cropland pasture in county i, year t, ΔPncp(i,t) is the 

scaling factor for pasture in county i, year t, and FRACpast is the fraction of the total area that is 

considered pasture in county i in year t. If all non-cropland pasture were maximally grazed, 

PASTnc, the max phosphorus uptake (kg-P y-1), was calculated as follows: 

𝑃𝐴𝑆𝑇𝑛𝑐,𝑚𝑎𝑥(𝑖, 𝑡)  = 𝐴𝑅𝐸𝐴𝑝𝑎𝑠𝑡(𝑖, 𝑡) ∗ 𝑦𝑛𝑐𝑝 ∗ 𝑝𝑛𝑐𝑝   (Eq. 3.11) 

where yncp is the yield for the pasture category (kg acres-1) and pncp is the content in pasture 

grasses (kg-P kg-pasture-1). The same equations (Eq. 5.12 and 5.13) are used for non-cropland 

pasture PASTc, max using the fraction of the total area that is considered cropland (FRACcrop) to 

backward scale cropland pasture. Non-cropland and cropland pasture phosphorus uptake are then 

summed together as total pasture, PASTmax(i,t). 

Livestock inventory numbers were obtained from the Census of Agriculture (Falcone, 2021; 

Haines et al., 2018; USDA - National Agricultural Statistics Service - State Agricultural 

Overview, n.d.). For cattle, to account for some animals being raised in confinement while others 

are allowed to graze, we developed estimates of the number of grazing cattle using state-scale 

estimates of the fraction of different types of non-confined cattle for the year 2002, e.g. beef 

cows, dairy cows, other cattle (Table 2.2) (Kellogg et al., 2000b). For horses, goats, and sheep, 

we assumed that all animals were allowed to graze, and for hogs and poultry, we assumed no 

grazing. Since large-scale confinement is a product of the last 20-years (Glibert, 2020; J. M. 

MacDonald & McBride, 2009), we scale the confinement factors over time using a national 

cattle-to-farm ratio (CFR), normalized to 1 in 2002, the census year closest to the publication of 

the confinement fractions (USDA National Agricultural Statistics Service, 2019). 

Potential P uptake from consumption of pasture grasses by livestock, CONSmax(i,j,t), was first 

calculated by multiplying the county inventory numbers for the different livestock types, 

INV(i,j,t), by both the fraction of unconfined animals, (1-fconf(j,t)), and by literature estimate of P 

consumption for the different livestock types (Table 3.1) (Byrnes et al., 2022; Swaney et al., 

2018a; USDA NRCS, 2008). 

𝐶𝑂𝑁𝑆𝑚𝑎𝑥(𝑖, 𝑗, 𝑡)  =  𝐼𝑁𝑉(𝑖, 𝑗, 𝑡) ∗ (1 − 𝑓𝑐𝑜𝑛𝑓(𝑖, 𝑗) ∗ 𝐶𝐹𝑅(𝑡)) ∗ 𝑝𝑐𝑜𝑛𝑠(𝑗) ∗ 𝑆𝑤𝑡(𝑖, 𝑗, 𝑡) (Eq. 3.12) 

https://paperpile.com/c/DQCtMY/zMefn+HwqgS+6h5kH
https://paperpile.com/c/DQCtMY/zMefn+HwqgS+6h5kH
https://paperpile.com/c/DQCtMY/zMefn+HwqgS+6h5kH
https://paperpile.com/c/DQCtMY/zMefn+HwqgS+6h5kH
https://paperpile.com/c/DQCtMY/zMefn+HwqgS+6h5kH
https://paperpile.com/c/DQCtMY/hkyCE
https://paperpile.com/c/DQCtMY/eDnp+s8xLz
https://paperpile.com/c/DQCtMY/eDnp+s8xLz
https://paperpile.com/c/DQCtMY/Nlpbn
https://paperpile.com/c/DQCtMY/pab2o+dSLs3+M3E4i
https://paperpile.com/c/DQCtMY/pab2o+dSLs3+M3E4i
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where CONSmax(i,j,t) is the potential P consumption for livestock type j in county i, year t, pcons(j) 

is the N intake parameter for that cattle type, and CFR(t) is the cattle-to-farm ratio, normalized to 

be equal to 1 in 2002, and Swt(i,j,t) is the time-varying scaling factor for livestock weights. The 

county-scale estimates of total potential pasture P consumption, CONSmax(i,t), were then 

calculated as the sum of potential intake values for all livestock types: 

𝐶𝑂𝑁𝑆𝑚𝑎𝑥(𝑖, 𝑡) = ∑  𝑛
𝑗=1 𝐶𝑂𝑁𝑆𝑚𝑎𝑥(𝑖, 𝑗, 𝑡)    (Eq. 3.13) 

 If potential consumption values exceeded the calculated maximum N uptake for pasture area, 

pasture N uptake values, PAST(i,t) were capped at the area-based P uptake value: 

𝑃𝐴𝑆𝑇(𝑖, 𝑡) =  {
𝐶𝑂𝑁𝑆𝑚𝑎𝑥(𝑖, 𝑡), 𝐶𝑂𝑁𝑆 𝑚𝑎𝑥(𝑖, 𝑡) < 𝑃𝐴𝑆𝑇max(𝑖, 𝑡) 

𝑃𝐴𝑆𝑇𝑚𝑎𝑥(𝑖, 𝑡), 𝐶𝑂𝑁𝑆 𝑚𝑎𝑥(𝑖, 𝑡) ≥ 𝑃𝐴𝑆𝑇max(𝑖, 𝑡)
   (Eq. 3.14) 

where PAST(i,t) is the pasture uptake (kg-P ha-1 yr-1)  for county i in year t. 

3.2.1.5 Phosphorus in human and food waste 

In the county-scale TREND-Phosphorus dataset, human P inputs were estimated using county-

scale estimates of human population and literature estimates of annual human P excretion (0.6  

kg-P capita-1 y-1) (Hong et al., 2011). Population data at the county scale was obtained at decadal 

time increments for the period 1930-1990 and at annual time increments for the period 1991-

2017 (U.S. Census Bureau, n.d., 2007, 2016). The decadal data was interpolated for the 1930-

1990 period to obtain annual population estimates. Here, it should be noted that a large fraction 

of human waste is treated in wastewater treatment plants or septic systems before being 

discharged to downstream waters. Quantifying these treatment trajectories is beyond the scope of 

the current work. Food waste P, FOOD, represents the portion of wasted food destined for the 

landfill and is quantified as a constant fraction (0.11) of human waste (Parfitt et al., 2010).  

3.2.1.6 Phosphorus in detergents 

We estimated the phosphorus content in laundry, DETlaun (kg-P y-1), and dish detergents, DETdish 

(kg-P y-1), by considering changing patterns of detergent use and phosphorus content in North 

America. For dish detergent, estimates of use and phosphorus content were obtained from Han et 

al. (2012) and Goyette et al. (2016b). Historically, from 1930 to 2010, dish detergents contained 

8.7% phosphates by weight. This percentage dropped to 0.5% in 2011 nationally following 

legislation in 16 U.S. states that mandated a reduction in phosphate content (McCoy, 2011; Utah 

State University Extension, 2011). We estimated a temporally varying the dishwashing detergent 

phosphorus use in each county (DETdish) as follows:  

https://paperpile.com/c/DQCtMY/sg1Hl
https://paperpile.com/c/DQCtMY/HtXyB+so5Wr+OBDjY
https://paperpile.com/c/DQCtMY/VLs4W
https://paperpile.com/c/DQCtMY/0VG17+hgl0F
https://paperpile.com/c/DQCtMY/0VG17+hgl0F
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𝐷𝐸𝑇𝑑𝑖𝑠ℎ(𝑖, 𝑡)  =  𝐷𝐼𝑆𝐻(𝑡)  ∗  𝑈𝑆𝐸𝑑𝑖𝑠ℎ(𝑡)  ∗  𝑃𝑑𝑖𝑠ℎ(𝑡)  ∗  𝑃𝑂𝑃(𝑖, 𝑡)  (Eq. 3.14) 

where USEdish(t) national detergent use per capita in year t (spoons cap-1 y-1), Pdish(t) is the 

phosphorus content in detergents in year t (kg-P spoon-1), DISH(t) is the fraction of households 

with dishwashers in year t, and POP(i,t) is the population for county i in year t.  

We estimated time-varying laundry detergent phosphorus use, DETlaun(i,t), using an approach 

developed for the Lake Erie basin (H. Han et al., 2012; Van Meter et al., 2021). Han et al. (2012) 

use historical state-level estimates of laundry detergent phosphorus content and usage patterns. 

Phosphorus content in detergents was 15% for decades, but after 1973, phosphorus content 

gradually decreased on a state-by-state basis following state-level bans on high phosphorus 

content detergents (Litke, 1999). After 2011, with the introduction of a nationwide ban, the 

phosphorus content in laundry detergents was mandated to be below 0.5%.  

𝐷𝐸𝑇𝑙𝑎𝑢𝑛(𝑖, 𝑡)  =  𝑈𝑆𝐸𝑙𝑎𝑢𝑛(𝑡)  ∗  𝑃𝑙𝑎𝑢𝑛(𝑖, 𝑡)  ∗  𝑃𝑂𝑃(𝑖, 𝑡)  (Eq. 3.15) 

where USElaun(t) is detergent use in year t (kg-P cap-1 yr-1) and Plaun(i,t) is the phosphorus content 

in the deterrent for county i in year t.  

3.2.1.7 Atmospheric deposition and weathering 

Atmospheric phosphorus deposition, ATM (kg-P y-1), originates from sea salt, dust, biogenic 

aerosol particles, and fuel combustion emissions (R. Wang et al., 2017). County-scale deposition 

data originated from global deposition estimates (2.5ox1.27o resolution) from an aerosol 

chemistry-climate model (R. Wang et al., 2017). The model estimated deposition in 1850, from 

1960 to 1990 at ten-year intervals, and from 1997 to 2013 annually. Between 1850 and 1996, 

county-scale deposition rates were interpolated, and after 2013, it was assumed that deposition 

rates remained constant. 

Gridded weathering phosphorus rates, WTHR (kg-P ha-1 yr-1), are derived from modeled data 

compiled by Hartmann et al. (2014). The model calculates weathering rates as a function of 

runoff, lithologies, temperature, and soil properties, then scales weathering rates by phosphorus 

contents in different lithological classes. We determined the county-scale phosphorus weathering 

rate by taking the mean weathering rate in each county. 

3.2.2 Creation of the gTREND-Phosphorus gridded dataset 

County-scale P fluxes were downscaled to the 250-m grid scale according to land use/land cover 

and population densities, as described below. For the downscaling, P fluxes were divided into 

https://paperpile.com/c/DQCtMY/HETUc+Vk2G
https://paperpile.com/c/DQCtMY/HETUc/?noauthor=1
https://paperpile.com/c/DQCtMY/fH3H
https://paperpile.com/c/DQCtMY/SIffY
https://paperpile.com/c/DQCtMY/SIffY
https://paperpile.com/c/DQCtMY/yo5jU/?noauthor=1
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three different land-use categories: (1) agricultural, (2) developed/urban, and (3) all land (See 

Figure 2.3). Agricultural P fluxes were considered to include four major landscape flux 

categories: (1) fertilizer, (2) livestock manure P, (3) P uptake by crops and pasture. 

Developed/urban fluxes were considered to include (1) P in human waste, (2) P in food waste, 

and (3) P in detergents and (4) non-farm P fertilizer. Finally, atmospheric P deposition was 

considered to be an all-land flux. While natural land use including wetlands and water areas 

received atmospheric deposition, they were not assigned any agricultural or urban P fluxes. 

Land-use trajectories were established based on two different land use and land cover (LULC) 

datasets: (1) a modeled historical LULC dataset created at a resolution of 250 m (hereafter 

referred to as the Sohl LULC dataset)(T. Sohl et al., 2016b; T. L. Sohl et al., 2014), and (2) the 

widely used National Land Cover Database (NLCD), available at a resolution of 30 m (T. L. 

Sohl et al., 2018). These two datasets were integrated and harmonized to reconstruct temporally 

continuous and spatially explicit land-use trajectories from 1930-2017 at the 250-m grid scale for 

the contiguous United States (CONUS). Specifically, we use here the annual 250-m Sohl LULC 

data from 1938 to 2005, and then use 30-m NLCD data for the years 2006, 2008, 2011, 2013, 

2016. The NLCD data was resampled from 30 m to 250 m using the QGIS-python Nearest 

Neighbor Function, version 3.28 (QGIS, n.d.). Consistent land use was assumed for the years 

1930-1937 and in the years between the years of NLCD availability after 2005.  

Gridded population-density data was obtained from the 1-km gridded, decadal population maps 

developed for the contiguous U.S. by Fang & Jawitz (2018, 2019). These maps were created 

using a parsimonious modeling approach, in which decennial U.S. census data was brought 

together with a variety of other factors, including socioeconomic desirability, suitability, and 

inhabitability. While five different population models of varying complexity were created by  

Fang & Jawitz (2018), we use the results of the M3 model, which was of intermediate 

complexity but found to be the most accurate based on validation using county subdivision 

population data. To provide annual estimates of population for the gTREND-Phosphorus 

downscaling work, we used linear interpolation between the modeled years, and then assumed a 

constant population for the years 2011-2017. The annual 1-km maps of human population were 

resampled to a 250-m resolution using the QGIS-python Nearest Neighbor Function, version 

3.28 to align with other gridded components of the gTREND-Phosphorus dataset.  

3.2.2.1 Agricultural phosphorus fluxes 

To prepare for downscaling of the agricultural P fluxes, annual, gridded binary land-use maps 

were created to classify 250-m grid cells as either agricultural or non-agricultural, gLUag(k,t) = 

https://paperpile.com/c/DQCtMY/pX6XW+AKWnp
https://paperpile.com/c/DQCtMY/pWtD
https://paperpile.com/c/DQCtMY/pWtD
https://paperpile.com/c/DQCtMY/Pt6qs
https://paperpile.com/c/DQCtMY/Pt6qs
https://paperpile.com/c/DQCtMY/Pt6qs
https://paperpile.com/c/DQCtMY/y4C5s+u0siO/?noauthor=1,1
https://paperpile.com/c/DQCtMY/y4C5s/?noauthor=1


 

 54 

0/1, where k refers to the individual grid cell and t to year. Agricultural land use is defined here 

as areas used for the production of crops, areas being actively tilled, and areas of grasses, 

legumes, or grass-legume mixtures planted for livestock grazing or the production of seed or hay. 

Specifically, note that agricultural land was considered to include both cultivated cropland and 

hay/pasture in both the Sohl LULC dataset and the NLCD. Land not falling into either the 

developed or agricultural land classes was considered to be non-agricultural land, gLUag(k,t) = 0.  

Total agricultural area in each county i in each year t, AREAag(i,t) (ha), was then calculated as the 

sum of the gridded agricultural land. For each agricultural component of the P mass balance, j, 

county-scale P flux values normalized by agricultural area, Pag,cnty(i,j,t) (kg ha-agland-1 y-1) were 

calculated by dividing the total county P flux by the time-varying agricultural area of each 

county, i. County-scale vector maps of Pag,cnty values were then rasterized to a 250-m grid scale. 

To appropriately assign agricultural P fluxes only to grid cells with agricultural land use, the 

county-scale flux values were multiplied by the 0 or 1 values in the binary land-use grid. 

3.2.2.2 Phosphorus fluxes on developed land 

As noted above, P fluxes on developed land were considered to include non-farm P fertilizer and 

human waste. For the non-farm fertilizer, the county-scale estimates of non-farm fertilizer, 

FERTnf  (kg-P y-1), were downscaled based on developed land use, assuming that homes and 

businesses using fertilizer would not occur on either agricultural or “other” land. Using a method 

similar to that developed for the agricultural P fluxes, we created binary maps to classify 250-m 

grid cells as either developed or non-developed, gLUdev(k,t) = 0/1, where k refers to the 

individual grid cell and t to year. Land not falling into either the developed or agricultural land 

classes was considered to be non-developed, gLUdev(k,t) = 0.  

Total developed area in each county in each year, AREAdev(i,t) (ha), was then calculated as the 

sum of the gridded developed land in that county in year t. County-scale vector maps of 

FERTnf,dev values were then rasterized to a 250-m grid scale. Next, to assign the non-farm P 

fertilizer fluxes only to grid cells with developed land use, the county-scale flux values were 

multiplied by the 0 or 1 values in the binary land-use grid. 

For annual grid-scale estimates of P human waste, gHUM(k,t) (kg-P ha-1 y-1), food waste 

gFOOD(k,t) (kg-P ha-1 y-1), and detergents, gDET(k,t) (kg-P ha-1 y-1), were developed using 

gridded estimates of human population (Fang & Jawitz, 2018). We converted the gridded 

population to the respective components using the same literature-based estimates and approach 

https://paperpile.com/c/DQCtMY/y4C5s
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outlined in the country-scale analysis above, using gridded population instead of county-scale 

population.  

3.2.2.3 All-land phosphorus fluxes (atmospheric deposition and weathering) 

The county-scale atmospheric P deposition magnitudes, DEP(i,t) were normalized by county 

area, AREA(i,t): 

𝐷𝐸𝑃𝑛𝑜𝑟𝑚(𝑖, 𝑡) =
𝐷𝐸𝑃 (𝑖,𝑡)

𝐴𝑅𝐸𝐴𝑐𝑛𝑡𝑦(𝑖,𝑡)
     (Eq. 3.16)  

For the all-land fluxes, all grid cells of our 250-m gridded map of the U.S. were assigned 1 

values, gLUall(k,t) = 1, where k refers to the individual grid cell and t to year. The normalized 

deposition and weathering flux values were then multiplied by the 1 values in the land-use grid. 

Finally, for the rock P weathering, we simply rescaled the raster to a 250m grid and assume the 

weathering rates are constant from 1930-2017. 

3.2.2.4 Gridded phosphorus surplus 

The annual, grid-scale estimates of the P surplus, gPS, were calculated by raster summation of 

the gridded components of the P mass balance. Here, we define the P surplus as a sum of P 

inputs (fertilizer P, atmospheric P deposition, P rock weathering, manure P, human waste P, food 

waste P, and detergent P) and non-hydrologic P outputs (crop and pasture P uptake) (Byrnes et 

al., 2020): 

𝑔𝐷𝑂𝑀(𝑘, 𝑡)  =  𝑔𝐻𝑈𝑀(𝑘, 𝑡) + 𝑔𝐹𝑂𝑂𝐷 (𝑘, 𝑡) + 𝑔𝐷𝐸𝑇(𝑘, 𝑡)    (Eq. 3.17a) 

𝑔𝑃𝑆(𝑘, 𝑡) = 𝑔𝐹𝐸𝑅𝑇(𝑘, 𝑡) + 𝑔𝐷𝐸𝑃(𝑘, 𝑡) + 𝑔𝑀𝐴𝑁(𝑘, 𝑡) + 𝑔𝐷𝑂𝑀(𝑘, 𝑡) − 𝑔𝐶𝑅𝑂𝑃(𝑘, 𝑡) − 𝑔𝑃𝐴𝑆𝑇(𝑘, 𝑡)    (Eq. 3.17b) 

where gFERT is the sum of farm and non-farm P fertilizer, gDEP is P deposition, gMAN is P in 

livestock manure, gCROP is P uptake in crops, gPAST is P uptake by pasture grasses consumed 

by livestock, and gDOM is the P from P in human waste (gHUM), P in food waste (gFOOD), P 

in laundry and dish detergents (gDET) all in units of kg ha-1 y-1. 

3.3 Data Validation 

3.3.1 Validation of gTREND-Phosphorus with county-scale data 

The gTREND-Phosphorus dataset was created from disaggregating county-scale TREND-

Phosphorus components to land use. To ensure the conservation of mass between estimates of 

https://paperpile.com/c/DQCtMY/AemnT
https://paperpile.com/c/DQCtMY/AemnT
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annual P fluxes, we re-aggregated the gridded data to the origins county-scale to compare 

(Figure 3.2). We find a strong correlation between the gridded and county-scale datasets for 

agricultural components, deposition, and weathering (R2 > 0.99; Figure 3.2 A-F). In population-

based components, we find a difference because of the different underlying population data used 

in the county and gridded datasets. However, the two datasets are still highly correlated (R2 > 

0.97; Figure 3.2 G-J). 
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Figure 3.2 Relationship between county-scale TREND-Phosphorus estimates of P mass 

balance components and the gridded gTREND-Phosphorus estimates, re-aggregated to the 

county scale. Data points represent estimates for each county every 20-years 1930 to 2010. The 

dashed lines represent a 1:1 relationship. 

3.5 Limitations 

The TREND-Phosphorus datasets have limitations regarding the scope of sources considered. 

While we account for major anthropogenic inputs (synthetic fertilizer, manure, human waste, 

detergents, weathering, and atmospheric deposition), several other potential phosphorus sources 

and fates were not included. Specifically, phosphorus from pesticide and herbicide applications, 

removal through wastewater treatment, and riverine export were excluded from the calculations. 

While pesticides and herbicides can be regionally important, at the national scale they represent 

less than 1% of the total inputs considered (Sabo et al., 2019). Furthermore, reporting of 

pesticide and herbicide use at the county scale is limited before 1992 (Baker and Stone, 2015; 

Thelin and Stone, 2013). Similarly, riverine phosphorus export at the county or gridded scale is 

highly uncertain because export is frequently modeled at the watershed level. These data 

limitations have led us to exclude these sources and sinks from the surplus calculations to be 

later estimated through modeling exercises.  

3.5 Data Records 

3.4.1 TREND-Phosphorus dataset 

The TREND-Phosphorus dataset covers the contiguous U.S. at the county scale and includes 20 

P mass balance components for the years 1930-2017. The current version of the TREND-

Phosphorus dataset will be available on Figshare upon publication. Each P mass balance 

component is in a comma-separated text file (.txt) with columns containing the county IDs, area, 

and the component for a given year. The GEOIDs are geographical identifiers corresponding to 

the 2017 county-boundary shapefile, available in the zipped file repository. A detailed 

description of the file structure is provided in Table 3.2. The repository also contains a zipped 

folder containing the county boundaries associated with the final product.  
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Table 0.1 Structure and File Names of the TREND-P Dataset in the Data Repository. 

Component Name Text file name 

Atmospheric P Deposition Atmospheric_Deposition.txt 

Crop Uptake - 

 Cropland 
CropUptake_Cropland.txt 

Crop Uptake -  

Pasture 
CropUptake_Pasture.txt 

Farm Fertilizer Fertilizer_Agriculture.txt 

Non-farm Fertilizer Fertilizer_NonAgriculture.txt 

Livestock Waste P -  

Milk Cows 
Lvst_DairyCow.txt 

Livestock Waste P -  

Beef Cows 
Lvst_BeefCow.txt 

Livestock Waste P -  

Other Cattle 
Lvst_OtherCattle.txt 

Livestock Waste P -  

Broilers 
Lvst_Broilers.txt 

Livestock Waste P -  

Layers and Pullets 
Lvst_LayersPullets.txt 

Livestock Waste P -  

Turkeys 
Lvst_Turkeys.txt 

Livestock Waste P -  

Hogs 
Lvst_Hogs.txt 

Livestock Waste P -  

Equine 
Lvst_Equine.txt 

Livestock Waste P -  

Sheeps and Goats 
Lvst_SheepGoat.txt 

Human Waste P Human_Waste.txt 

Food Waste P Food_Waste.txt 

Dish Detergent P Dish_Detergent.txt 

Laundry Detergent P Laundry_Detergent.txt 

Rock P Weathering Weathering.txt 

County shapefile County_Boundaries_2017.zip 

Each component text file contains 92 columns, with key identifiers and data fields structured as 

follows: 
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● StateFIPS: A 2-digit Federal Information Processing Standard (FIPS) code for unique 

identification of U.S. states. 

● CountyFIPS: A 3-digit county Federal Information Processing Standard (FIPS) code for 

unique identification at the county level. 

● GEOID: A 5-digit concatenation of the StateFIPS and CountyFIPS, forming a geographic 

identifier allowing consistent spatial referencing across datasets. 

● AREA (HA): The county's area reported in hectares. 

● yYYYY: The remaining columns are designated as "y" followed by the four-digit year 

(e.g., y1930, y1940), representing the data year for specific components recorded in the 

file.  

3.4.2 gTREND-Phosphorus dataset 

The gTREND-Phosphorus dataset covers the contiguous U.S. and includes 22 P mass balance 

components for the years 1930-2017. The current version of the gTREND-Phosphorus dataset 

will be available on Figshare upon publication. The gTREND-Phosphorus data is zipped into 

subfolders and organized around different components of the P mass balance. Data is available in 

the Tag Image File Format (TIFF) inside the zipped folders. Each TIFF file represents an annual 

P mass balance component with the unit of kg-P ha-1y-1 at 250-m grid scale. The projection for 

these TIFF files is EPSG:5070 - NAD83 / Conus Albers. 

The dataset is organized into multiple zipped subfolders, with 21 GRID_scale subfolders. The 

zipped GRID_scale folders include one subfolder per P mass balance component. Each zipped 

folder then contains 88 TIFF files corresponding to the years 1930-2017. A detailed description 

of the data structure and files provided in the data repository is provided in Table 3.3.  

Code for the TREND-Phosphorus county-scale data is available upon request and will be 

available on a later date at github.com/danykakbyrnes/TREND_Nutrients.git. 
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Table 0.2 Structure and File Names of the Gridded gTREND-P Dataset in the Data 

Repository. In the file names, the YYYY values refer to the data year. 

Zipped 

Subfolder Name 
File name 

Zipped Folder Content 

File Naming Convention Number of Files 

Atmospheric 

P Deposition 
Atmospheric_Deposition.zip Atmospheric_YYYY.tif 88 

Crop and  

Pasture P Uptake 
CropUptake_Ag.zip CropUptake_Ag_YYYY.tif 88 

Crop P Uptake CropUptake_Cropland.zip CropUptake_Cropland_YYYY.tif 88 

Pasture P Uptake CropUptake_Pasture.zip CropUptake_Pasture_YYYY.tif 88 

Farm P Fertilizer Fertilizer_Ag.zip Fertilizer_Ag_YYYY.tif 88 

Non-Farm P Fertilizer  Fertilizer_Dev.zip Fertilizer_Dev_YYYY.tif 88 

Human Waste P Human.zip Human_YYYY.tif 88 

Food Waste P Food.zip Food_YYYY.tif 88 

Dish Detergent P Dish_Detergent.zip Dish_Detergent_YYYY.tif 88 

Laundry Detergent P Laundry_Detergent.zip Laundry_Detergent_YYYY.tif 88 

Livestock Waste P -  

Milk Cows 
MilkCow.zip MilkCow_YYYY.tif 88 

Livestock Waste P -  

Beef Cattle 
BeefCow.zip BeefCow_YYYY.tif 88 

Livestock Waste P - 

Other Cattle 
OtherCattle.zip OtherCattle_YYYY.tif 88 

Livestock Waste P - 

Horses 
Equine.zip Equine_YYYY.tif 88 

Livestock Waste P - 

Hogs 
Hogs.zip Hogs_YYYY.tif 88 

Livestock Waste P -  

Layers & Pullets 
LayerPullets.zip LayerPullets_YYYY.tif 88 

Livestock Waste P - 

Broilers 
Broilers.zip Broilers_YYYY.tif 88 

Livestock Waste P - 

Turkeys 
Turkeys.zip Turkeys_YYYY.tif 88 

Livestock Waste P - 

Sheep & Goats 
SheepGoat.zip SheepGoat_YYYY.tif 88 

Livestock Waste P - All Livestock.zip Livestock_YYYY.tif 88 

P Surplus Surplus_P.zip Surplus_P_YYYY.tif 88 
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Chapter 4 Nitrogen Memoryscapes: Decoupling of Nitrogen Inputs and 

Riverine Export across the Continental United States 

Outline 

Nitrogen pollution has severely impacted our inland and coastal waters, contributing to algal 

blooms, eutrophication, and contamination of drinking water. Despite concerted efforts to 

address nitrogen pollution, we have not seen widespread improvements in water quality. Most 

research to date aims to understand what drives stream nitrogen export rather than exploring 

what drives changes in export. In this work, we investigate the drivers of changes in nitrogen 

export using a multi-decadal (1990-2017) time series of nitrogen inputs and export for over 400 

watersheds across the continental U.S. We find 62 watersheds where both nitrogen surplus and 

export have been significantly increasing over the last two decades. These input-driven 

watersheds are characterized by high livestock density, agricultural area, and tile drainage. In 

contrast, nitrogen surplus and export have decreased in 127 bright spot watersheds, characterized 

by high population density and urban land use. Nitrogen surplus also decreases in the 60 

transitioning watersheds, but export increases as nitrogen surplus decreases. We argue that these 

watersheds are Transitioning from agriculture to more urban areas, such that even though 

fertilizer inputs have decreased, legacy nitrogen stores drive the higher nitrogen export. Finally, 

35 watersheds demonstrate a delayed response, decreasing nitrogen export despite increasing 

nitrogen surplus. Climate appears to be the driver of response in these watersheds, with aridity 

likely driving lower nitrogen export despite increasing inputs. When managing nutrients, 

accounting for each watershed's unique characteristics and histories is crucial in developing 

effective strategies to achieve desired environmental outcomes. 

4.1 Introduction 

Over the last 100 years, the global population has increased fourfold, significantly altering the 

nitrogen cycle. This transformation has been propelled by the intensification of agricultural 

practices, an increasing reliance on fossil fuels, and widespread changes in land use to meet the 

demands of a growing population. Consequently, there has been a s-1e Gulf of Mexico(Diaz et 

al., 2017; Harding et al., 2019; Malone & Newton, 2020; Rabalais, Turner, & Scavia, 2002; U.S. 

Environmental Protection Agency (USEPA), 2020). Moreover, approximately 1.4 million people 

are estimated to depend on groundwater sources in regions with nitrogen concentrations that 

exceed the safe limits for drinking water(Ransom et al., 2021; Ward et al., 2018). Addressing 

nitrogen pollution in surface and groundwater systems in the face of a growing population and 

https://paperpile.com/c/DQCtMY/Mh3Ev+0uxSY+9sB9c+C7tr+lIH3v
https://paperpile.com/c/DQCtMY/Mh3Ev+0uxSY+9sB9c+C7tr+lIH3v
https://paperpile.com/c/DQCtMY/Mh3Ev+0uxSY+9sB9c+C7tr+lIH3v
https://paperpile.com/c/DQCtMY/G1SLD+h91D0
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agricultural intensification is crucial to preserving water and food security. 

To manage nitrogen pollution in surface and groundwater systems, it is important to understand 

the main climate and landscape drivers of these increased concentrations. This question has been 

studied for the last two decades, starting from some of the earliest works by Howarth et 

al.(1996), who found a close linear relationship between the net nitrogen inputs to the landscape 

and stream nitrogen exports. The slope of this relationship varies across watersheds, from 6%-

40% across the U.S. and Canada (Boyer et al., 2002; Goyette et al., 2016a; H. Han & Allan, 

2008; Sobota et al., 2009; Swaney et al., 2012), 15% in watersheds draining to the Baltic 

Sea(Hong et al., 2017), 28% in western Europe (Ehrhardt et al., 2021), and 25%-38% in China 

(Huishu et al., 2018; A. Wang et al., 2016). In more recent work, machine learning models 

developed to predict stream nitrogen export also found that spatial patterns of nitrogen export 

across over 2000 streams in the U.S. are driven primarily by nitrogen inputs, while precipitation 

and soil type act as secondary controls (Sadayappan et al., 2022). 

The recognition that agricultural inputs are largely responsible for nitrogen pollution has 

contributed to various legislation in different countries to limit fertilizer use and increase 

nitrogen use efficiency to improve water quality (Basu et al., 2022; R. Howarth et al., 2012a). 

Concerted efforts have been made to improve nitrogen use efficiency through decreasing 

fertilizer use, increasing crop yields, and mitigating atmospheric deposition, which has led to 

widespread decreases in net nitrogen inputs. For example, from 1990 to 2018, the European 

Union saw a reduction of 11.8 kg-N ha-1 yr-1, or 29%, in net nitrogen inputs following the 

implementation of the Nitrate Directive (Batool et al., 2022; Bouraoui & Grizzetti, 2011). 

Similarly, net nitrogen inputs have also decreased in some U.S. regions, with the most prominent 

reductions in the eastern U.S., ranging between 2.5 to 50 kg-N ha-1 yr-1 over ten years (Byrnes et 

al., 2020; Sabo et al., 2019). In China, while the country still has increasing net nitrogen inputs 

(Y. Han et al., 2020), a few areas have had decreasing net nitrogen inputs in recent years (Pei et 

al., 2022; Wu et al., 2022; Zhao et al., 2022). For example, the net nitrogen inputs in the north 

central region of the Yellow Basin have plateaued at 80 kg-N ha-1 yr-1 after a 2004 peak (Pei et 

al., 2022). 

However, in many areas, changes in net nitrogen inputs have not resulted in proportionate 

improvements in water quality. For instance, in China’s Songhuajiang River Basin and Raohe 

River Basin, nitrogen inputs decreased by 3 kg ha-1 yr-1 and 7 kg ha-1 yr-1, respectively, over the 

last decade, yet nitrogen exports continued to increase in both watersheds, with the Raohe River 

Basin having an increase of 17 kg ha-1 yr-1 (Gao et al., 2023; Zhong et al., 2022). In the 

https://paperpile.com/c/DQCtMY/BkApU/?noauthor=1
https://paperpile.com/c/DQCtMY/THMz4+jyFkV+5JQ6B+MzL3W+OrmSF
https://paperpile.com/c/DQCtMY/THMz4+jyFkV+5JQ6B+MzL3W+OrmSF
https://paperpile.com/c/DQCtMY/9UH3
https://paperpile.com/c/DQCtMY/H9cIV
https://paperpile.com/c/DQCtMY/2znPh+TJcIe
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Susquehanna watershed in the U.S., inputs plateaued around 40 kg-N ha-1 yr-1 from the 1970s to 

the mid-2000s. Despite the plateau of inputs, loads continued to increase from 5 to nearly 8 kg-N 

ha-1 yr-1(Van Meter et al., 2017). 

This nonlinearity is described as a hysteresis effect, meaning that watershed nitrogen loads are 

not just a function of current-year nitrogen inputs but can also depend on the history of inputs to 

the watershed (Basu et al., 2022; Chang et al., 2021; Dupas et al., 2018; Van Meter, Byrnes, et 

al., 2023; Van Meter & Basu, 2017). Van Meter et al.(2023) explored this effect across the U.S., 

finding that one-third of studied watersheds exhibited clear hysteresis, with loads lagging behind 

input changes. These findings highlight that while nitrogen inputs drive spatial patterns in 

nitrogen exports, a decrease in inputs might not contribute to a concomitant decrease in exports. 

In other words, what drives nitrogen loads may differ from what drives changes in nitrogen 

loads. 

Instead, legacy nutrients built up over decades of excess fertilizer application may play an 

important role in controlling how a watershed responds to changing nitrogen inputs (Basu et al., 

2022; Van Meter, Byrnes, et al., 2023). Legacy nutrients can accumulate in soils as soil organic 

nitrogen, also referred to as biogeochemical legacy, or dissolved in pore water and groundwater 

as hydrologic legacy (Van Meter & Basu, 2015). The challenge is that these legacy stores' 

magnitude and release rates into the stream are largely unknown, complicating predictions of 

watershed responses to changing input patterns. 

The nonlinear relationship between nitrogen inputs and export has been quantified in some 

studies using the metric lag time – the time lag between the changes in management leading to 

decreases in the net nitrogen inputs and a measurable decrease in stream export. Such time lags 

have been quantified across watersheds globally. For instance, in a study of 238 Western 

European watersheds, lag times varied between 0.2 to 34 years, with shorter lag times associated 

with wetter catchments (Ehrhardt et al., 2021). A study of 16 catchments in Canada had lag times 

vary from 12 to 34 years, with lag times controlled by nutrient source and distribution, watershed 

topography, soil type, climate, tile-drainage densities, and groundwater travel time (Van Meter & 

Basu, 2017). We also see lag times spanning approximately ten years in seven catchments in 

France (Dupas et al., 2018), ranging from 7 to 22 years in three nested catchments in Germany 

(Ehrhardt et al., 2019), and from 1 to 12 years in 77 catchments in New Zealand (McDowell et 

al., 2021).  

Modeling studies have quantified the mismatch between decreased inputs and reduced exports by 

simulating various input reduction scenarios to estimate the time required to reach load 

https://paperpile.com/c/DQCtMY/jCBs3
https://paperpile.com/c/DQCtMY/OJxXl+3P1r+YsdBr+NK69R+CPjDj
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https://paperpile.com/c/DQCtMY/KIazR
https://paperpile.com/c/DQCtMY/H9cIV
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targets.(Basu et al., 2022; Guillaumot et al., 2021; Ilampooranan et al., 2019; Lee et al., 2016; 

Nguyen et al., 2022; L. Wang et al., 2012). For instance, using the ELEMeNT model within the 

Mississippi River basin led to the estimates of over a 30-year time lag to achieve a 60% decrease 

in load (Van Meter et al., 2018). Similarly, curtailing inputs into the tributary watersheds of 

Chesapeake Bay in the U.S. and the Grand River watershed in Canada would take up to 17 and 

24 years, respectively, to achieve a 25% reduction in nitrogen loads (Chang et al., 2021; Liu et 

al., 2021). 

Of course, all these studies focus primarily on answering the question, when nitrogen inputs 

decrease, how long does it take for nitrogen exports to decrease? But what about scenarios where 

nitrogen inputs are increasing, or nitrogen inputs are decreasing while nitrogen exports are 

increasing? To improve our predictions of watershed responses to changing input patterns and 

better manage water quality, we need an improved understanding of the different types of 

watershed nitrogen input and export relationships and their drivers. To address these issues, we 

analyze nitrogen dynamics across 492 watersheds across the U.S. using nitrogen surplus and 

riverine load. We use surplus, which is a difference between inputs and non-hydrological export 

(crop N removal), effectively measuring the nitrogen available to pollute after accounting for 

crop uptake. By examining both watershed inputs and exports, we investigate the relationship 

between changes in nitrogen inputs and exports through four key questions: (1) What drives the 

spatial patterns in the relationship between landscape net nitrogen input and stream 

nitrogen export? (2) How have nitrogen inputs and nitrogen exports changed over the last 

30 years across the U.S.? (3) What is the relationship between changes in inputs and 

changes in export? (4) How do climate, land use, and land management drive this 

relationship? 

https://paperpile.com/c/DQCtMY/3P1r+ne0WL+qjrRX+rm2ig+TAflI+OuKLK
https://paperpile.com/c/DQCtMY/3P1r+ne0WL+qjrRX+rm2ig+TAflI+OuKLK
https://paperpile.com/c/DQCtMY/d3dFp
https://paperpile.com/c/DQCtMY/YsdBr+VZFJi
https://paperpile.com/c/DQCtMY/YsdBr+VZFJi
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4.2  Methods 

4.2.1 Data sources and site selection for streamflow and nitrogen concentrations  

We analyzed streamflow and nitrate concentration data between 1990 and 2017 across the 

contiguous U.S. Streamflow data was obtained from the USGS National Water Information 

System (NWIS), while concentration data was obtained from two different sources for different 

time periods: (1) 1965-2012: Oelsner et al. (2017), and (2) 2013-2017: National Water 

Information system and Water Quality Portal. The Oelsner et al. (2017) dataset was compiled as 

a part of the United States Geological Survey's National Water-Quality Assessment Project, 

which included colocating streamgages and water quality monitoring stations. However, the 

dataset ended in 2012, which required us to acquire more recent data for our analysis. We used 

the watershed IDs compiled by Oelsner et al. (2017) to retrieve data from federal, state, tribal, 

regional, and local government agencies, and nongovernmental organizations through the 

dataRetrieval and EGRET package in R (DeCicco et al., 2021; R. Hirsch et al., 2021). We then 

used a set of criteria based on Oelsner et al (2017) to exclude watersheds with incomplete data: 

(1) at least 70% of the years had quarterly samples; (2) at least 10% of the samples were taken 

during high flows; (3) gaps between sampling days were less than 4 years; (4) no more than six 

consecutive days with missing streamflow per year; (5) no more than 30 days with zero 

streamflow per year; and (6) at least 10 complete years of data were available, (7) first record 

began in 2003 or earlier. Some stations that had data discontinuities were included, as long as 

there was at least a 10-year period that met the above criteria by removing the timeframes with 

problematic. These criteria led to a selection of 512 stations used for further analysis. 

https://paperpile.com/c/DQCtMY/PC2Rj/?noauthor=1
https://paperpile.com/c/DQCtMY/PC2Rj/?noauthor=1
https://paperpile.com/c/DQCtMY/e7hrT+JFJEb
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4.2.1.1 Estimation of Daily Loads 

We modeled daily watershed loads for 512 stations using Weighted Regressions on Time, 

Discharge, and Season (WRTDS). WRTDS is a regression model particularly suited to sites with 

sparse concentration measurements and daily flow data. The model estimates daily concentration 

from sparse concentration measurements and daily flow data using time, flow, and season as 

explanatory variables (R. M. Hirsch & De Cicco, 2015; Oelsner, Sprague, Murphy, Zuellig, 

Johnson, Ryberg, Falcone, Stets, Vecchia, Riskin, De Cicco, et al., 2017). Prior to running 

WRTDS, the concentration and flow data were cleaned. Specifically, when multiple records 

were available for a given day, we averaged the multiple records to get a single concentration. 

We also removed outlier concentrations that were six standard deviations from mean in log 

space. For stations with discontinuous flow data of 6 days or less, we used linear interpolation 

between the nearest days to estimate missing flow data. After using WRTDS, the quality of the 

model's fit was assessed using a flux bias metric. We excluded any stations where the flux bias 

exceeded ±30%, resulting in a total of 492 watersheds in our dataset. Annual loads were 

calculated by summing daily loads. 

4.2.1.2 Watershed nitrogen inputs and outputs 

We used the Gridded TRajEctories Nutrient Dataset for Nitrogen (gTREND-N), which is a 88-

year 250m gridded dataset of annual nitrogen inputs and outputs Chang and Byrnes et al. (in 

prep). The dataset includes the following annual fluxes: atmospheric nitrogen deposition (kg ha-

1y-1), inorganic nitrogen fertilizer (kg ha-1y-1), biological nitrogen fixation (kg ha-1y-1), nitrogen 

in livestock manure (kg ha-1y-1), crop and pasture nitrogen uptake (kg ha-1y-1), and nitrogen in 

human waste (kg ha-1y-1). Annual nitrogen surplus is calculated as the difference between 

anthropogenic nitrogen inputs and non-hydrological outputs (crop and pastureland nitrogen 

uptake). The gridded inputs were aggregated to the watershed scale by taking the mean value for 

each watershed zonal statistics from the the rasterstats package in Python (Perry, 2023). 

4.2.1.3 Spatial and temporal statistical analysis 

To explore the spatial patterns of the relationships between nitrogen surplus and exports in 

individual watersheds, we used the export ratio (Er) metric. This ratio represents a fraction of a 

watershed’s nitrogen surplus loss through riverine export. We averaged surplus and load data 

from the 2003-2017 or up to the end of each time series, whichever was more recent. The aim 

was to use this ratio along with watershed properties encompassing aspects of land use, climate, 

https://paperpile.com/c/DQCtMY/1oAJ3+PC2Rj
https://paperpile.com/c/DQCtMY/1oAJ3+PC2Rj
https://paperpile.com/c/DQCtMY/RBIkU
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geomorphology, and land management practices to identify the dominant controls on these 

surplus-export relationships. 

We obtained climate, land use and land management data for all of the study watersheds, and 

used these attributes to identify what drives spatial and temporal trends in surplus and export. 

Data regarding watershed area, land use, wetland density, soil type were obtained from Falcone 

(2017). The aridity index (AI = Evapotranspiration/Precipitation) data was obtained from 

CGIAR Global Aridity Index dataset averaged over 1970-2000 (Zomer & Trabucco, 2022).  

To determine the extent of the watersheds’ agricultural land that is tile-drained, we performed a 

two-step process. First, we used a 30-meter resolution dataset of tile-drained areas to calculate 

the percent of the watershed that is tile-drained (Valayamkunnath et al., 2020). Next, divide the 

percent of the watershed that is tile-drained by agricultural land to determine the percent of 

agricultural land that is tile-drained, referred to as “percent tile-drained area”. 

To explore temporal patterns of the relationships between nitrogen surplus and exports in 

individual watersheds, we estimated trends in nitrogen surplus and export trajectories between 

1990 and 2017, or the available time series between periods. We used the Mann-Kendall non-

parametric test for monotonic trend (Helsel et al., 2020). We implemented a variance correction 

to address the auto-correlation found in 36% of export and 86% of nitrogen surplus time series, 

to improve the accuracy of the Mann-Kendall test (Millard, 2013; Patakamuri & O’Brien, 2021). 

The variance correction method is developed by Yue and Wang (2004), first removes any trend 

from the data, and then it estimates the serial correlation among the detrended data points. 

Afterward, it employs the concept of effective sample size to adjust for the impact of this 

estimated serial correlation on statistical tests or analyses. We then used the Sen-Theil slope to 

quantify the rate of change (Patakamuri & O’Brien, 2021). We normalized the slope by the mean 

of the time series to express them as annual percentage change. We then categorized each 

watershed into four primary export response patterns, based on the positive or negative nature of 

the percent change in surplus and export. 

We used watershed characteristics and compared them across the four primary export response 

patterns to explore the drivers of each pattern. The characteristics we used are population 

density, land use, percent tile-drained area, aridity index, as well as nitrogen input magnitudes 

and export. Both 2010 population density and 2011 NLCD land use were compiled by Falcone 

(2017). We used three land use categories in our temporal analysis, including agricultural land 

use, urban land use, and newly generated natural land use. Natural land use is an aggregation of 

https://paperpile.com/c/DQCtMY/RVIh1
https://paperpile.com/c/DQCtMY/IoGgx
https://paperpile.com/c/DQCtMY/7HmdL
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existing land use categories: wetland, open water, forested, shrubland, grassland, and barren land 

use. Finally, watersheds’ percent tile-drained area and aridity index are processed as previously 

discussed above.  

In addition to these attributes, we used the export ratio (ER), as defined above, as well as average 

total agricultural inputs, manure input to total fertilizer (inorganic fertilizer and manure) ratio, 

and nitrogen loads. All these characteristics were averaged from 2003 to 2017 or up to the end of 

each export time series, whichever was more recent. We also used a 10-year cumulative net 

agricultural inputs (NAI) in 2017, or at the end of the export time series, to capture the upper 

bound of legacy nitrogen stored in the landscape. Lastly, we calculated annual percent change of 

manure inputs, inorganic fertilizer and fixation inputs, and crop uptake using the Mann-Kendall 

trend test approach described above. Further details on this metric can be found in Supplemental 

Table 4.1. Finally, we used the Wilcoxon rank-sum test to determine whether the distributions of 

watershed attributes across different quadrants are significantly different (Helsel et al., 2020). 

4.3 Results and discussion 

4.3.1 Spatial patterns in nitrogen surplus and nitrogen export 

Nitrogen surplus and export magnitudes vary across the 492 watersheds, with export ranging 

from 0.009 to 40.4 kg ha-1 y-1 and nitrogen surplus ranging from 0.77 to 191 kg ha-1 y-1. Spatial 

variability in nitrogen surplus explained 34% of the variability in export (R2 = 0.34; 

Supplemental Figure 4.1), and an average of 15% of the nitrogen surplus exported from the 

watershed through the river network. These findings are consistent with previous studies that 

have found watersheds export between 6% and 40% of their nitrogen surplus (Boyer et al., 2002; 

Goyette et al., 2016a; Sobota et al., 2009; Swaney et al., 2012).   

The watershed export ratio (ER = nitrogen export/nitrogen surplus) varied across the CONUS 

(median = 0.09, IQR 0.04 - 0.21) as a function of climate, landscape and management controls, 

with the highest export ratios clustered in the Midwestern U.S. (Figure 4.1a). Export ratio 

increased with increasing tile-drained area (R2 = 0.2; p < 0.001), and decreasing wetland 

coverage (Figure 4.1b and 1c). While higher tile density is known to increase nitrogen export 

through subsurface pathways (David et al., 2010), it is often challenging to disentangle the 

effects of tile drainage and nitrogen inputs, given tile-drained landscapes are also under intensive 

agriculture with high nitrogen inputs. Our results highlight that even in watersheds with similar 

magnitudes of nitrogen inputs, the presence of tile drains increases nitrogen export. The negative 

https://paperpile.com/c/DQCtMY/7HmdL
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relationship between export ratios and wetland density can be attributed to the nutrient retention 

functions of wetlands (Figure 4.1c). The export ratio is lower in more arid watersheds, and this 

is likely because the increase in the aridity index decreases streamflow that leads to a decrease in 

export ratio  (Figure 4.1d). Finally, soil type has a counterintuitive effect on the ratio, with 

increase in the percent silt and clay content in soils leading to increase in the export ratio (Figure 

4.1e). This is likely because watersheds with high clay and silt content are also more likely to 

have subsurface drainage, reducing the nitrogen removal processes and increasing the export 

ratio (Van Meter & Basu, 2017).                                                                      

 

Figure 4.1. Nitrogen export ratio (ER = Export/Surplus) as a function of climate, land use 

and management controls (2003-2017). (a) Export ratios vary in space but (b) increase with an 

increase in the percent tile-drained area, (c) decrease with an increase in the percent wetland 

area, (d) decrease with an increase in the aridity index, and (e) increase with an increase in 

percent clay and silt content. 

4.3.2 Temporal trends in nitrogen surplus and nitrogen export 

Exploring trends over the last 30 years (1990 - 2017), we find nitrogen surplus to be significantly 

decreasing (p < 0.1) in 54% of the watersheds (median rate: -1.29% per year; range: -8.87 to -

0.07% per year) and increasing (p < 0.1) in 30% of the watersheds (median rate: 1.27% per year; 

range: 0.08 to 6.81% per year), while there was no significant change in 16% of the watersheds 

https://paperpile.com/c/DQCtMY/CPjDj
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(Figure 4.2a-d). Watersheds with increasing nitrogen surplus predominantly drain the interior 

U.S., including the Mississippi River Basin and Missouri River Basin, and a few western 

watersheds, including the Columbia River Basin. On the other hand, watersheds with decreasing 

nitrogen surplus are concentrated in the Eastern U.S., Florida, and Eastern Mississippi River 

Basin tributaries. 

Nitrogen export trends over the same time frame (1990-2017) follow similar patterns but with 

fewer decreasing and more insignificant trends. Specifically, we find decreasing (p < 0.1) trends 

in 39% of the watersheds (median rate:  -1.86% per year; range: -13.0 to -0.25% per year) and 

increasing trends (p < 0.1) in 29% of watersheds (median rate = 1.89% per year; range: 0.27 to 

8.11% per year), while 31% of the watersheds exhibited no significant trend (Figure 4.2e-h). 

Watersheds with increasing export are in Florida, the Mississippi River basin and the Missouri 

River Basin, while watersheds with decreasing export are concentrated in the Eastern U.S. and 

watersheds in Oklahoma and Kansas. The greater proportion of decreasing trends in nitrogen 

surplus compared to decrease in nitrogen export highlights the role of the watershed as a filter 

that can store past inputs as legacy nitrogen and release them later, thus decoupling the trends in 

inputs to stream responses (Basu et al., 2011). Trends in nitrogen surplus are a function of land 

use trajectories that determine nitrogen inputs and thus are driven by broader scale socio-

economic and environmental factors, such as increased fertilizer applied to corn for ethanol 

production from the Energy Policy Act (Donner & Kucharik, 2008; Lark et al., 2022), reduced 

atmospheric deposition arising from the Clean Air Act (Byrnes et al., 2020; Lloret & Valiela, 

2016), increased concentration of livestock operations in smaller areas (Byrnes et al., 2020a; 

Glibert, 2020), or changing crop varieties and nitrogen use efficiency (Swaney et al., 2018b). 

Trends in nitrogen export, on the other hand, are a function of both current and past nitrogen 

surplus trends, and landscape geomorphology and climate attributes that determine how nitrogen 

is being processed and transported through the landscape. This buffering effect of the landscape 

contributes to a larger proportion of the watersheds showing no significant trend in nitrogen 

exports, despite a decreasing or increasing trend in nitrogen surplus. 
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Figure 4.2 Watershed trends in nitrogen surplus (a-d) and export (e-h) over the last three 

decades (1990 - 2017).  (a-c) watersheds with decreasing, increasing (p < 0.1), and no significant 

trend (p > 0.1) in nitrogen surplus; (d) histogram of the annual percent change in nitrogen 

surplus; (e-g) watersheds with decreasing, increasing (p < 0.1), and no significant trend (p > 0.1) 

in nitrogen export; (h) histogram of the annual percent change in export. We find that watersheds 
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exhibit a decoupling of nitrogen surplus and export trends in both direction and magnitude, 

suggesting the importance of other landscape and climate drivers in changes in nitrogen export.  

4.3.3 Typologies of Watershed Responses to Nitrogen Dynamics: Decoupling and Landscape 

Drivers 

We further explored this possible decoupling by grouping watersheds according to their trends in 

surplus and export. We found four typologies of export response: (1) Input-driven (Q1; 107 

watersheds, with 62 having significant trends in both surplus and export), where both nitrogen 

surplus and export is increasing; (2) Transitioning (Q2; 116 watersheds, 60 significant), where 

surplus is increasing while export is decreasing; (3) Bright spots (Q3; 189 watersheds, 127 

significant) where both nitrogen surplus and export are decreasing; (4) Delayed-response 

quadrant (Q4; 80 watersheds, 35 significant) where an increase in nitrogen surplus is paired with 

a decrease in export (Figure 4.3a).  

Of the 62 Input-driven watersheds with significantly increasing trends in surplus and export 

(Q1), 45 are found in the Midwestern states (Figure 4.3c). Input-driven watersheds are 

characterized by the highest agricultural land use (median: 68.7%), agricultural inputs (127.9 kg-

N ha-1 yr-1), tile-drained area (30% of agricultural land), nitrogen export and stream nitrogen 

export (9.8 kg-N ha-1 yr-1) (Figure 4.4a and 4e). Thus, the primary drivers of high and increasing 

nitrogen export in these Input-driven watersheds are high agricultural inputs as well as increased 

hydrologic connectivity in the landscape from tile drainage. Despite the significant 

environmental challenges posed by these watersheds, we consider them “Opportunity Spots” 

where focusing on conservation practices can yield substantial water quality benefits. Landscape-

scale nutrient management, such as reducing fertilizer application or improving livestock 

management practices, will allow them to transition from increasing nitrogen surplus systems to 

decreasing nitrogen surplus systems, while the greater connectivity can potentially contribute to 

shorter lag times and faster water quality improvement. 

In contrast to the Input-Driven watersheds, nitrogen surplus has been decreasing in the 60 

Transitioning watersheds (Q2); however export still has an increasing trend. We find these 

watersheds to be spread across the U.S., with some clustering in the southeast (Figure 4.3b-c). 

These watersheds are characterized by the highest natural land use (71%) compared to any other 

quadrant. Agricultural land use (13.6%; p < 0.001), inputs (21.1 kg-N ha-1 yr-1; p < 0.001), and 

exports (1.14  kg-N ha-1 yr-1; p < 0.001) in these watersheds are significantly lower than those in 

the Q1 quadrant (Figure 4.4b and 4.4e; Supplemental Table 4.2). A lower intensity 

agricultural land use and corresponding inputs in these watersheds likely contribute to them 
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being in Q2 with nitrogen surplus decreasing. However, the decrease in nitrogen surplus in these 

watersheds has not yet manifested in measurable water quality improvement. We hypothesize 

that these watersheds are likely driven by legacy nitrogen that is contributing to increased 

nitrogen export, and thus water quality might improve in the future as they transition into Q3. 

The 127 Bright Spot watersheds (Q3) are characterized by decreasing surplus and export and 

comprise our dataset's largest group. This quadrant also has the highest proportion of watersheds 

with significant nitrogen surplus and export trends, highlighting that statistically significant 

water quality improvements are being achieved in these regions (Figure 4.3b). A large proportion 

of these watersheds occur in the Northeastern U.S. and Illinois (Figure 4.3c) and are 

characterized by high natural land use (66.2%), population density (48.1 pp km-2), and urban 

land use (8.2%) (Figure 4.4c and 4e). Watershed attributes are not significantly different (p > 

0.1) between Q2 and Q3 quadrants, except for population density which is significantly greater 

in the Q3 watersheds compared to Q2 (p < 0.1). The observed decreases in watershed inputs stem 

from both decreasing agricultural inputs and atmospheric nitrogen deposition. The Clean Air Act 

has been effective in reducing atmospheric deposition, with the most pronounced effects 

observed in the eastern United States (Byrnes et al., 2020; Lloret & Valiela, 2016). Decreasing 

loads in these Bright Spot watersheds from decreasing input are in many cases accompanied by 

advanced wastewater treatment processes, which remove nitrogen before river discharge (Stets et 

al., 2020). These Bright Spot watersheds thus demonstrate the combined effectiveness of the 

Clean Air Act and Clean Water Act in improving water quality (Chang et al., 2021; Harding et 

al., 2019; Lefcheck et al., 2018; Stets et al., 2020). 

Finally, the 35 Delayed Response watersheds (Q4), where nitrogen export is decreasing despite 

increase in nitrogen surplus, are clustered in Oklahoma, Kansas, and the Southeastern U.S. 

(Figure 4.3c). These watersheds are more arid, with the aridity index (2.0; p < 0.001) 

significantly greater than those in the other three quadrants (Figure 4.4d and 4e). The higher 

aridity index might also be contributing to the significantly lower export ratio in these 

watersheds, given higher evapotranspiration and smaller lateral flows exporting nitrogen from 

the field to the stream. Agricultural inputs in these watersheds are moderately high (58.5 kg-N 

ha-1 yr-1), significantly higher than Q2 and Q3 (p < 0.001) (Figure 4.4a). Tile drainage fraction 

in Q4 is also lower than that in all other quadrants (0.4%), possibly also contributing to the lower 

export. It is difficult to predict the possible water quality futures of these watersheds: delayed 

nitrogen transport might mean greater denitrification; however it can also mean that the 

increasing nitrogen surplus is still traveling through the landscape, and a possible future can be 
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an increase in nitrogen export over time. 

 

Figure 4.3 Relationship between annual percent change of nitrogen surplus and export. (a) 

Quadrant plot demonstrating four typologies of watershed response: Input-driven quadrant (Q1) 

with increases in both nitrogen surplus and export; Transitioning quadrant (Q2) with decreases in 

nitrogen surplus and increases in export; Bright spots quadrant (Q3) with decreases in both 

nitrogen surplus and export; Delayed-response quadrant (Q4) with increases in nitrogen surplus 

and decreases in export. Watersheds with insignificant trends in grey markers. (b) The 

distribution of significant and insignificant watersheds in each quadrant (p < 0.1) in both 

nitrogen surplus and export. (c) Spatial distribution of the four quadrants, highlighting the 

geographical variation in watershed response. 
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Figure 4.4  (a-d) Spider plot capturing the median characteristics of watersheds in each 

quadrant and (e) the distribution of select quadrant characteristics. The spider plots display 

ranges from the inner (minimum) to the outer (maximum) median magnitudes for specific 

characteristics across the quadrants. We find that Input-driven watersheds (Q1) have high 

agricultural inputs (INag) and increased connectivity from tile drainage (TD). Transitioning 

watersheds (Q2) have high natural land use (Nat LU) with lower agricultural inputs and land use 

(INag and Ag LU, respectively). Bright spot watersheds (Q3) have high urban land use (Urb LU) 

and population density (POP). Delayed-response watersheds (Q4) have high aridity index (AI) 

with moderate agricultural land use and agricultural inputs (Ag LU and INag, respectively). All 

box plots associated with the quadrant characteristics can be found in Supplemental Figure 4.2.  
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4.3.4 Digging deeper: heterogeneity within quadrants provide insights into nutrient sources 

The above analysis highlights some broadscale patterns: nitrogen inputs are decreasing, and 

water quality is improving in predominantly urban watersheds, while more intensive agricultural 

watersheds show an increase in both nitrogen inputs and export. However, there is significant 

heterogeneity in land use and nitrogen inputs within each quadrant (Figure 4.4b), and 

watersheds with very similar attributes can appear in different quadrants.  

To explore this further, we focused on 58, predominantly agricultural (> 25% agricultural land 

use) Midwestern U.S. watersheds (Figure 4.5a). We found that despite having similar nitrogen 

surplus magnitudes (Figure 4.5b), 45 of them belong to the Input-driven quadrant (Q1), four to 

Transitioning (Q2) and nine to the Bright Spots quadrant (Q3). Given the larger number of 

watersheds in the Q1 quadrant, it is difficult to attribute drivers effectively. However, some key 

and interesting trends emerge. The increasing inputs in the Q1 watersheds appear to be driven 

primarily by increase in manure inputs (1.7% per year; Figure 4.5c), while manure inputs are 

decreasing in both Q2 and Q3 watersheds. Indeed, Iowa, where many of the Input-driven 

watersheds are located, has the highest number of concentrated animal feeding operations in the 

country, which have been linked to increased nutrient pollution and degraded water quality 

(Glibert, 2020; Miralha et al., 2022). The increase in manure inputs in the Input-driven quadrant 

is especially concerning, given that this creates hotspots of nitrogen sources without availability 

of crop land for productive recycling of manure as fertilizer (Figure 4.5c). Thus the key to 

management in these regions might lie in managing livestock populations effectively to decrease 

inputs.  

Decreasing inputs, however, is only one part of the puzzle. In Bright Spot watersheds, decreasing 

inputs have led to decreasing export, while in Transitioning watersheds, decreasing inputs lead to 

increasing export. We hypothesize that this difference can be attributed to a potential difference 

in landscape legacy sources and connectivity in these two groups. Specifically, we find that 

Transitioning watersheds have a higher manure to total fertilizer ratio (M:F), higher net 

agricultural inputs (NAICUMU), and lower percent tile-drained area (TD), compared to Bright 

Spots watersheds (Figure 4.5b). Higher manure to fertilizer ratio indicates a potential of build-

up of legacy nutrient stores in the landscape, given productive recycling of manure in cropland is 

not possible, and this is further corroborated by the higher net agricultural inputs. Higher tile 

density in Q3 watersheds likely increased hydrologic connectivity and contributed to a faster 

response time – thus, decreasing inputs led to a decrease in export in these watersheds.

https://paperpile.com/c/DQCtMY/7SQMv+eDnp
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Figure 4.5 Comparison of the distribution of agricultural midwestern watershed attributes 

in Q1, Q2, and Q3 (agricultural land use > 25%). (a) All watersheds have  pour points in 

Illinois, Iowa, Indiana, Kansas, Wisconsin, Minnesota, Missouri, Nebraska, Michigan, Ohio, or 

South Dakota. (b) The distribution of watershed characteristics shows that input magnitudes 

(INag) are similar magnitudes between all watersheds, while agricultural land with tile drainage 

(TD), manure to total fertilizer ratio (M:F), and 10-year net agricultural inputs (NAICUMU) differ. 

Characteristics are normalized using the mean magnitude of all midwestern watersheds. (c) The 

annual percent change of manure inputs (MAN) magnitudes differ across quadrants in 

comparison to inorganic fertilizer and fixation (FT+FX) and crop uptake (CROP). 

4.4 Conclusion 

We analyzed nitrogen input and export trajectories over the last 30 years across 492 watersheds 

in the continental U.S. We find that while nitrogen surplus has been decreasing in 54% of the 

watersheds, exports have been decreasing in only 39% of the watersheds. The mismatch between 

the number of watersheds with decreasing surplus versus export role of the watershed on the way 

nitrogen is processed in the landscape and the relationship between inputs to stream responses.  

We identify four typologies of export response patterns: Input-driven, Transitioning, Bright 

Spots, and Delayed-response. Broadscale patterns show that Input-driven watersheds' high 

exports are coupled to high watershed nitrogen inputs. These watersheds are highly responsive 

due to tile drainage that increases hydrologic connectivity, quickly moving dissolved nitrogen 
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from the landscape to rivers. Delayed-response watersheds’ exports are decreasing despite 

increasing inputs. These watersheds have a high aridity index, which may indicate slow 

groundwater movement in arid regions. Transitioning and Bright Spot watersheds, characterized 

by their mixed land use with relatively high urbanized characteristics, show different dynamics; 

bright spots watersheds’ export are likely driven in large part by effective management of human 

waste, whereas Transitioning watersheds, like Delayed-response watersheds, show a decoupling 

of nitrogen surplus and nitrogen export trends, indicating the influence of legacy nitrogen. 

As a whole, our results provide insights into the complex relationship dynamics of nitrogen 

surplus and export, as well as how the landscape, climate, and legacy nitrogen can influence 

these relationships. The decoupling observed between nitrogen surplus and export in many 

watersheds calls for a more tailored approach to nitrogen management, one that accounts for the 

unique characteristics and histories of each watershed. Only by understanding these nuances can 

we develop more effective strategies for managing watersheds and achieving desired 

environmental outcomes.   
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Chapter 5 Nitrogen Retention across Continental US 

Outline 

Increasing nitrogen fertilizer application, livestock densities, and population have led to 

widespread nitrogen contamination and surface water eutrophication. While the role of legacy 

nitrogen stores in hindering water quality improvements is well-established, less is known about 

the extent of legacies in the subsurface and the drivers of nitrogen retention across diverse 

landscapes. In this work, we aim to quantify nitrogen retention, the nitrogen that is stored in 

legacy pools or lost to denitrification, across the contiguous U.S. We take a mass balance 

approach using nitrogen inputs and machine learning modeled watershed runoff to estimate the 

mass of nitrogen retained in HUC8 across the U.S. Agricultural watersheds have the largest mass 

of retained nitrogen, particularly those with tile-drained agricultural land, however they retain a 

smaller fraction of their total inputs because of high export and crop uptake. We find that rates of 

nitrogen retention are highest in watersheds with large manure inputs and high population 

densities and watersheds with low inputs. But, it is important to note that not all retention 

indicates legacy stores. Regions with high population densities likely have a large part of their 

retention lost through wastewater treatment removal, and watersheds with low inputs can likely 

assimilate the excess nitrogen in their landscape. However, watersheds with large manure inputs 

are more at risk of legacy build up. We further parse the proportion of retained nitrogen into the 

legacy pools in the Upper Mississippi region, estimating that a median of 42% of the nitrogen in 

the landscape is stored as biogeochemical legacies in soil organic matter, and 16.5% is stored as 

hydrological legacies in groundwater, with the remainder lost through denitrification. Our results 

characterize nitrogen retention and the spatial dynamics at the watershed scale across U.S. 

watersheds. It also offers an improved understanding of legacy dynamics and estimates that can 

be used to better constrain watershed management models. 

5.1 Introduction 

Increasing nitrogen use stemming from a growing populations, increasing energy demands, and a 

shift towards more high-protein foods, has had an adverse effect on water quality and ecosystem 

health worldwide (Byrnes et al., 2020a; Glibert, 2016; Godfray et al., 2018). The U.S., for 

instance, is experiencing the consequences of nutrient overuse, triggering persistent 

eutrophication and hypoxia in important coastal ecosystems, including the Chesapeake Bay and 

the Gulf of Mexico (Basu et al., 2022; Glibert, 2020; Van Meter et al., 2018). Despite decades of 

concerted efforts to address excess nitrogen loads on these drainage basins, we have mostly only 

https://paperpile.com/c/DQCtMY/2Lsmh+XU41O+5Iowy
https://paperpile.com/c/DQCtMY/eDnp+d3dFp+3P1r
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seen marked decreasing nitrogen exports in urban watersheds attributed to successful policies 

targeting point source loading. Agricultural watersheds, on the other hand, have had much less 

success in export reductions (Stets et al., 2020). In the agricultural watersheds seeing 

improvements, significant improvements in water quality often remain elusive, with observable 

responses lagging by decades (Chang et al., 2021; Murphy et al., 2022; Tango & Batiuk, 2016; 

Van Meter et al., 2017; Q. Zhang et al., 2018). 

Research over the past two decades has focused on quantifying the relationship between net 

nitrogen inputs in watersheds and riverine nitrogen loads to address the growing threat of 

nitrogen pollution. For instance, Metson et al.(2020) used a mass balance approach to understand 

the decoupling of watershed anthropogenic inputs on watershed loads. They found that 70% of 

the nitrogen inputs in Oregon’s Willamette River watershed were unaccounted for after 

considering crop uptake and riverine export. This unaccounted fraction of nitrogen is common in 

watersheds worldwide, with studies showing that of the nitrogen remaining after crop removal, 

riverine export accounts can only account between 6% in Mediterranean climates up to 38% in 

temperate watersheds (Boyer et al., 2002; Ehrhardt et al., 2021; Goyette et al., 2016a; H. Han & 

Allan, 2008; Hong et al., 2017; Huishu et al., 2018; Metson et al., 2020; Sobota et al., 2009; 

Swaney et al., 2012; A. Wang et al., 2016). 

It is now increasingly understood that delayed improvements are partly due to legacy nitrogen—

the accumulated mass of nitrogen within the landscape from decades of nitrogen overuse(Ascott 

et al., 2017; Basu et al., 2022; Chang et al., 2021; Van Meter et al., 2017, 2018; Q. Zhang et al., 

2022). Legacy nitrogen can be stored in the organic nitrogen in the root zone of agricultural soils 

(biogeochemical legacy) or dissolved nitrate in groundwater and soil water (hydrologic legacy). 

To estimate the magnitude of biogeochemical and hydrological legacies and their effects on 

future water quality, Van Meter et al. (2017) developed a process-based model to estimate the 

magnitude of legacy storage pools in the Susquehanna and Mississippi River basins and their 

varied dynamics across space and time. Their work captured the broad age range of nitrogen at 

the drainage basin outlet, spanning from one to over 50 years old, with the Susquehanna having a 

nitrogen age distribution skewing younger because of the density of point source nitrogen 

loading. Since then, process-based models have been used in a few watersheds to predict the 

time lags to meet nitrogen load targets. For example, it would take 20 years to meet nitrogen load 

targets in the Chesapeake Bay tributaries under a business-as-usual scenario (Chang et al., 2021), 

24 years in the Grand River, ON tributaries (Liu et al., 2021), 18 years in South Fork River 

watershed, IA if nitrogen fertilizer application ceased (Ilampooranan et al., 2019), and over 30 

years in the Gulf of Mexico if excess nitrogen inputs in the watershed ceased (Van Meter et al., 

https://paperpile.com/c/DQCtMY/ABB7i
https://paperpile.com/c/DQCtMY/dRTE1+YsdBr+jCBs3+onXzm+lxxOl
https://paperpile.com/c/DQCtMY/dRTE1+YsdBr+jCBs3+onXzm+lxxOl
https://paperpile.com/c/DQCtMY/qZFcA/?noauthor=1
https://paperpile.com/c/DQCtMY/THMz4+jyFkV+5JQ6B+MzL3W+OrmSF+9UH3+qZFcA+H9cIV+2znPh+TJcIe
https://paperpile.com/c/DQCtMY/THMz4+jyFkV+5JQ6B+MzL3W+OrmSF+9UH3+qZFcA+H9cIV+2znPh+TJcIe
https://paperpile.com/c/DQCtMY/THMz4+jyFkV+5JQ6B+MzL3W+OrmSF+9UH3+qZFcA+H9cIV+2znPh+TJcIe
https://paperpile.com/c/DQCtMY/jCBs3+3P1r+87cWJ+YsdBr+d3dFp+Ph3s7
https://paperpile.com/c/DQCtMY/jCBs3+3P1r+87cWJ+YsdBr+d3dFp+Ph3s7
https://paperpile.com/c/DQCtMY/jCBs3+3P1r+87cWJ+YsdBr+d3dFp+Ph3s7
https://paperpile.com/c/DQCtMY/jCBs3/?noauthor=1
https://paperpile.com/c/DQCtMY/YsdBr
https://paperpile.com/c/DQCtMY/VZFJi
https://paperpile.com/c/DQCtMY/qjrRX
https://paperpile.com/c/DQCtMY/d3dFp
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2018). While the scientific community is increasingly aware of the existence of nitrogen 

legacies, reliance on highly parameterized process-based models underscores the limited scope 

of current approaches. By and large, the magnitudes of legacy nitrogen and its impact on water 

quality at a continental scale remain largely unexplored, especially in non-temperate watersheds.  

Watersheds act as filters, where microorganisms, vegetation, and hydrological processes work to 

transform, transport, and remove nitrogen. In these processes, nitrogen can be temporarily 

retained in the root zone, unsaturated zone, or groundwater pool as legacy nitrogen or 

permanently removed through denitrification (Dupas et al., 2020; Grizzetti et al., 2015). 

Characterizing nitrogen retention and its drivers in the landscape are key challenges in managing 

legacy nitrogen in watersheds. Attempts have been made to estimate legacy nitrogen in different 

landscape compartments. A recent study by Van Meter et al. (2023) is the first to provide 

estimates of the mass of accumulated nitrogen stored in the groundwater pool within a large 

agroecosystem. They used a data-driven machine learning approach to estimate spatial- and 

depth-varying mass of groundwater nitrogen in the Upper Mississippi River basin (UMRB), 

finding that 328 kg-N ha-1 had been stored in the groundwater recharged over the last 50 years. 

Similarly, Ascott et al. (2017) used an empirical modeling approach to estimate the mass of 

nitrogen stored in the vadose zone globally. Despite these advances, many uncertainties remain 

about the scale of nitrogen retention and legacy stores.  

This work introduces a novel data-driven approach to quantify nitrogen retention. Using the 

newly developed gridded nitrogen mass balance dataset (gTREND-Nitrogen) and watershed 

properties, we train a machine learning model to estimate watershed nitrogen runoff for over 

2000 HUC8 watersheds across the contiguous U.S. We use our modeled results to characterize 

nitrogen retention and its drivers in watersheds to understand: (1) How much nitrogen is 

retained across the contiguous U.S? (2) How does that change regionally? (3) What are the 

drivers of different retention patterns across the U.S.? and (4) Can we parse the 

distribution of nitrogen retention stored in groundwater, SON pools, and lost through 

denitrification within the Upper Mississippi River basin? 

5.2 Methods 

We used disparate data sources and long-term water quality records to predict the nitrogen 

retained in watersheds across the contiguous U.S. (Figure 5.1). The following sections describe 

this process. 

https://paperpile.com/c/DQCtMY/d3dFp
https://paperpile.com/c/DQCtMY/bgC4+WyvL4
https://paperpile.com/c/DQCtMY/G8eL7/?noauthor=1
https://paperpile.com/c/DQCtMY/87cWJ/?noauthor=1


 

 82 

 

Figure 5.1 Conceptual figure of our methods for estimating the nitrogen retained in HUC8 

watersheds across the U.S. 
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5.3.1  Model training data 

5.3.1.1  Site selection and data sources for training data 

We used the same water quality data as in Chapter 3. The following summarizes the data 

compilation methods outlined in the prior chapter. To compile a dataset of annual nitrogen loads 

between 1968 and 2017, we first compiled concentration data from Oelsner et al. (2017) and 

NWIS and Water Quality Portal using the dataRetrieval package in R (DeCicco et al., 2024). 

Daily discharge data was retrieved from NWIS. We first selected a set of watersheds to model 

based on the following criteria: (1) at least 70% of the years had quarterly samples; (2) at least 

10% of the samples were taken during high flows; (3) gaps between sampling days were less 

than 4 years; (4) no more than six consecutive days with missing streamflow per year; (5) no 

more than 30 days with zero streamflow per year; and (6) at least 10 complete years of data were 

available, (7) first record began in 2003 or earlier. Some stations with data discontinuities were 

included, as long as there was at least a 10 year period that met the above criteria by removing 

the timeframes with problematic. We cleaned the data by removing concentrations that were six 

standard deviations from the mean in log space and averaging multiple daily concentration 

measurements to get a single concentration. If flow data had discontinuities of 6 days or less, we 

used linear interpolation between the nearest days to estimate missing flow data. 

5.3.1.2  Estimation of annual watershed nitrogen export 

We modeled daily concentrations and loads for the set of watersheds using Weighted 

Regressions on Time, Discharge, and Season (WRTDS). WRTDS is a regression model that 

estimates daily concentration from sparse concentration measurements and daily flow data using 

time, flow, and season as explanatory variables (R. M. Hirsch & De Cicco, 2015; Oelsner, 

Sprague, Murphy, Zuellig, Johnson, Ryberg, Falcone, Stets, Vecchia, Riskin, De Cicco, et al., 

2017). The quality of the model's fit was assessed using a flux bias metric, and we excluded any 

stations where the flux bias exceeded ±30%. This resulted in a total of 488 watersheds in our 

dataset. Annual loads were calculated by summing daily loads.  

5.3.2 Hydrological, climatic, and land management predictor dataset 

We used many different static and temporally varying datasets to compile our machine-learning 

model's initial set of 30 predictors. For the training dataset we used watershed metrics compiled 

by Falcone (2017) including watershed’s NWALT land use, soil type, housing density, dam 

density, wastewater treatment plant density, watershed slope, base flow index, and stream order. 

https://paperpile.com/c/DQCtMY/PC2Rj/?noauthor=1
https://paperpile.com/c/DQCtMY/ecA0e
https://paperpile.com/c/DQCtMY/1oAJ3+PC2Rj
https://paperpile.com/c/DQCtMY/1oAJ3+PC2Rj
https://paperpile.com/c/DQCtMY/1oAJ3+PC2Rj
https://paperpile.com/c/DQCtMY/kc5nz/?noauthor=1
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NWALT land use started in 1978, and thus 1978 was the first year of record in the training data. 

We supplemented these data with annual climate metrics from TerraClimate (Abatzoglou et al., 

2018), including precipitation, potential evapotranspiration, temperature, snow water equivalent. 

From these metrics, we derived the aridity index, defined as the ratio of potential 

evapotranspiration to precipitation. We also compiled the fraction of the watershed’s agricultural 

land that is tile drained using a dataset of tile-drained croplands by Valayamkunnath et al. (2020) 

and NLCD agricultural land use in 2011 compiled by Falcone (2017). Lastly, the gridded 

components of the N mass balance are derived from the Gridded TRajEctories Nutrient Dataset 

for Nitrogen (gTREND-N). We calculated the net agricultural nitrogen inputs from the 

components, which is the difference between nitrogen inputs (fertilizer, livestock manure, and 

biological nitrogen fixation) and crop removal. We also created a cumulative net agricultural 

input, the cumulative total within a 10-year window. Further details on the predictors can be 

found in Supplemental Table 5.1. 

We processed geospatial datasets for 2110 HUC8 watersheds across the contiguous U.S. using 

the same datasets and methodology as the USGS watershed predictors. For the HUC8 

watersheds, we compiled watershed characteristics using the same or comparable datasets to 

those used by Falcone.  

5.3.3 Training model to estimate nitrogen loading in ungauged watersheds 

5.3.3.1 Model development 

We developed a set of random forest machine learning models to predict watershed nitrogen 

export (kg-N ha-1 yr-1) from watersheds based on climate, land use, nitrogen inputs, and 

landscape management (Scikit-learn v.1.3.0) (Pedregosa et al., 2011). Random forest models 

build hundreds of small regression trees from bootstrapped sampled training data. Each tree is 

built using a random subset of watersheds and a subset of predictors, and the final model 

predictions are the product of all the trees. They are widely used in large part because of their 

ability to handle noisy, nonlinear, and intercorrelated data typical of environmental and 

hydrological data (Hastie et al., 2009; Tyralis et al., 2019). Traditional random forest models 

have an inherent bias, resulting in underestimating large values and overestimating small ones 

(Belitz & Stackelberg, 2021; Messager et al., 2021). We applied a bias-correction method that 

uses the sum of the results of two random forest models to enhance prediction accuracy: the first 

random forest model predicts watershed export while the second model estimates the bias in the 

prediction (Belitz & Stackelberg, 2021; P. Feng et al., 2019; G. Zhang & Lu, 2012). The bias-

correcting random forest is trained on the residuals of the predicted loads from the first model 

https://paperpile.com/c/DQCtMY/teuxs
https://paperpile.com/c/DQCtMY/teuxs
https://paperpile.com/c/DQCtMY/IoGgx/?noauthor=1
https://paperpile.com/c/DQCtMY/kc5nz/?noauthor=1
https://paperpile.com/c/DQCtMY/dmT2Z
https://paperpile.com/c/DQCtMY/RDXz7+12JZ7
https://paperpile.com/c/DQCtMY/rI7UR+UBxrH
https://paperpile.com/c/DQCtMY/rI7UR+cDehs+i9nt3
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with load and original predictor variables serving as the predictor set. This approach leverages 

the strength of random forest models in reducing variance while correcting for some inherent 

systematic bias.  

For our models, we divided the dataset into training, tuning, and testing sets with proportions of 

60%, 10%, and 30%, respectively. We used the training data to train the models, the tuning set 

for hyperparameter model calibration, and the testing set to evaluate the models. We calibrated 

the following hyperparameter in the random forest models: (1) number of decision trees in the 

forest; (2) number of features to consider when looking for the best split; (3) minimum number 

of samples required to be at a leaf node; and (4) maximum depth of the tree. We employed an 

exhaustive grid search to select the best parameter set, evaluating all possible permutations 

within the hyperparameter range using 5-fold cross-validation and selecting the set that produced 

the lowest mean squared error. 

5.3.3.2 Predictor variable selection and interpretation 

We initially trained the model with 30 predictors and then recursively eliminated predictors to 

balance parsimony with model performance. We used R-squared, RMSE, and the median KGE 

of individual watersheds to evaluate model performance after each eliminated predictor. To 

prioritize which predictors to remove, we used permutation importance, which ranks the impact 

of each predictor by permuting each one 100 times and observing the median change in model 

performance scores. After identifying correlated predictors, we utilized partial dependence plots 

to visualize the marginal effects of individual predictors on the predicted loads. This recursive 

process involved assessing the importance rankings of the predictors, investigating the 

correlations of lower-ranked predictors, and removing them one by one. After each iteration, we 

reassessed the model's performance to understand which predictors had the largest influence and 

how predictors related to one another, allowing us to select those that performed intuitively. 

Ultimately, this approach led to selecting 14 predictors for use in the random forest models. 

To enhance the interpretability of the final model, we used SHAP (SHapley Additive 

exPlanations) values to understand the contribution of each predictor to the predictions 

(Lundberg et al., 2020). SHAP values offer insights into the operational mechanics of the model 

and how each selected predictor influenced the prediction at the watershed level (Lundberg et al., 

2020). The magnitude of a SHAP value reflects the strength of a predictor's effect on the model: 

larger SHAP values indicate a greater influence on the model's predictions, with positive values 

indicating an increase in prediction magnitude and negative values indicating a decrease. 

https://paperpile.com/c/DQCtMY/dP8wX
https://paperpile.com/c/DQCtMY/dP8wX
https://paperpile.com/c/DQCtMY/dP8wX
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5.3.4 Predicting nitrogen export, fate and legacy pools 

5.3.4.1 Predicting annual watershed yield 

We used the set of RF models to predict watershed N runoff (kg-N ha-1 y-1) for 2110 HUC8 

watersheds from 1958 to 2017 across the contiguous U.S. To account for model uncertainty in 

the export predictions and the predictor importance, we built and trained 20 unique model sets. 

For each of the 20 training runs of the models carried out, we stored the permutation importance 

scores of each predictor and their relative ranking. We used the trained set of random forest 

models to make predictions of HUC8 watershed export from 1958-2017 across the contiguous 

U.S. We used the median of the 20 models for our load estimate (Supplemental Figure 5.1).  

5.3.4.2 Estimating nitrogen retention across the U.S. 

To understand the relationship between nitrogen inputs, losses, and fate within HUC8 watersheds 

across the U.S., we calculate the total mass of inputs, losses, and storage over 60 years (1958-

2017). We focused on cumulative metrics of nitrogen inputs (including livestock manure, 

fertilizer, biological nitrogen fixation, human waste, and atmospheric deposition), exports (crop 

uptake and watershed N runoff), surplus (the difference between nitrogen inputs and crop 

uptake), and retention. ‘Retained nitrogen’ has three fates: stored as legacy nitrogen in the soil 

organic pool, stored as legacy nitrogen in the groundwater pool, and lastly, denitrified and lost 

from the system. There remains a large uncertainty of denitrification rates because of challenges 

in estimating the rates across time and large spatial scales. For this reason, while denitrified 

nitrogen is a loss and not truly retained in the system, it is commonly grouped with the other 

pools of nitrogen retained within the landscape.   

We calculated the cumulative input and export mass (kg-N ha-1) by summing each annual 

estimate from 1958–2017. Similarly, we estimated the cumulative retention to represent the total 

mass in each watershed stored in the soil or groundwater pool, or lost to denitrification. By 

summing the annual retention, we can calculate the cumulative nitrogen retention, Rcumu
 (kg ha-

1), for the watershed for the period 1958–2017:  

𝑅𝐶𝑈𝑀𝑈 = ∑ 𝐹𝐸𝑅𝑇(𝑡) + 𝐵𝑁𝐹(𝑡) + 𝑀𝐴𝑁𝑈(𝑡) + 𝐴𝑇𝑀(𝑡) + 𝐻𝑈𝑀(𝑡) − 𝐶𝑅𝑂𝑃(𝑡) − 𝑌(𝑡)      (Eq. 5.1) 

where FERT is fertilizer input for year t, BNFis biological nitrogen fixation for year t, MANU is 

livestock manure input for year t, ATM is atmospheric deposition for year t, HUM is the human 

waste input for year t,. Nitrogen is removed through crop uptake (CROP) and watershed nitrogen 

runoff (Y) predicted from the random forest model set. Retention can also be conceptualized as 
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the mass of the nitrogen surplus remaining after watershed nitrogen runoff is removed. All units 

in kg-N ha-1 yr-1.  

To understand the drivers of nitrogen retention across HUC8 watersheds, we calculate the 

percentage of cumulative inputs exported through crop uptake (crop use efficiency) (Eq. 5.2a), 

the percentage of cumulative inputs exported through runoff (input runoff) (Eq. 5.2b), and the 

percentage of cumulative inputs retained in the watersheds (input retention) (Eq. 5.2c), as 

follows:  

𝐶𝑟𝑜𝑝 𝑢𝑠𝑒 𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 (%) =
𝐶𝑅𝑂𝑃𝐶𝑈𝑀𝑈

𝐼𝑁𝑃𝑈𝑇𝑆𝐶𝑈𝑀𝑈
    (Eq. 5.2a) 

𝐼𝑛𝑝𝑢𝑡 𝑟𝑢𝑛𝑜𝑓𝑓 (%) =
𝑌𝐶𝑈𝑀𝑈

𝐼𝑁𝑃𝑈𝑇𝑆𝐶𝑈𝑀𝑈
     (Eq. 5.2b) 

𝐼𝑛𝑝𝑢𝑡 𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (%) =
𝑅𝐶𝑈𝑀𝑈

𝐼𝑁𝑃𝑈𝑇𝑆𝐶𝑈𝑀𝑈
     (Eq. 5.2c) 

5.3.4.3 Partitioning nitrogen retention into legacy pools and losses in the Upper Mississippi 

Region  

We estimated the mass stored in the soil organic nitrogen pool, groundwater pool, and loss to 

denitrification in HUC8 watersheds within the Upper Mississippi region (Region 07). To achieve 

this, we calculated the cumulative mass of landscape nitrogen retention (LCUMU) from 1972–

2017. Cumulative landscape nitrogen retention (kg-N ha-1) differs from cumulative retention (Eq. 

5.1) because it also accounts for the mass of nitrogen lost through wastewater treatment removal, 

as follows: 

𝐿𝐶𝑈𝑀𝑈 = ∑ 𝐹𝐸𝑅𝑇(𝑡) + 𝐵𝑁𝐹(𝑡) + 𝑀𝐴𝑁𝑈(𝑡) + 𝐴𝑇𝑀(𝑡) + (𝐻𝑈𝑀(𝑡) − 𝐻𝑈𝑀(𝑡) ∗ 𝜆𝑊𝑊𝑇𝑃) − 𝐶𝑅𝑂𝑃(𝑡) − 𝑌(𝑡)   (Eq. 5.3) 

where λWWTP is a static removal rate of 0.83, applied to human inputs to estimate the nitrogen 

removed annually through wastewater treatment (Van Meter et al., 2017). Nitrogen is also 

removed through crop uptake (CROP), watershed nitrogen runoff (Y). All units in kg-N ha-1 yr-1. 

A diagram of this calculation is available in Supplemental Figure 5.2. 

The static wastewater removal value is within the same magnitude of N removal rates for tertiary 

treatment used in other studies (Van Drescht et al., 2009). Although not all wastewater treatment 

plants in the Upper Mississippi River region employ tertiary treatment for N removal 

(Ivahnenko, 2008), the largest urban centers which contribute the majority of wastewater N do 

utilize advanced treatment systems. Thus, applying a tertiary-level treatment rate effectively 

https://paperpile.com/c/DQCtMY/jCBs3
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captures nitrogen removal in high-input urban areas while having negligible impact on estimates 

in nonurban areas where human waste inputs are minimal. 

Cumulative landscape nitrogen retention is either stored as biogeochemical legacies in the soil 

organic nitrogen pool, as hydrological legacies in the groundwater pool, or removed via 

landscape denitrification, as follows: 

𝐿𝐶𝑈𝑀𝑈  =  𝑆𝑂𝑁𝐶𝑈𝑀𝑈 + 𝐺𝑊𝐶𝑈𝑀𝑈  +  𝐷𝐸𝑇𝐶𝑈𝑀𝑈     (Eq. 5.4) 

where LCUMU is the cumulative landscape retention, SONCUMU and GWCUMU are the cumulative 

mass stored in the SON and GW legacy pools, respectively. DETCUMU is the mass of nitrogen 

lost through denitrification and is estimated to be the remaining mass not accounted for in 

cumulative SON and groundwater storage.  

To estimate the mass of legacy nitrogen stored in the Upper Mississippi region (HUC2 region 7), 

we partitioned the landscape retention mass of each HUC8 based on existing literature estimates 

of regional legacy mass storage and storage rates. For nitrogen in the groundwater, we used data-

driven estimates of nitrogen mass at the 250m scale in the Upper Mississippi basin. Van Meter et 

al .(2023) used a random forest model to estimate the mass of nitrogen in ‘modern groundwater’, 

defining modern groundwater as the groundwater recharged within the past 50 years (from 1972 

to 2021) (Gleeson et al., 2016). This data allowed us to sum the mass of nitrogen stored in 

groundwater beneath each HUC8. For the SON pool, we used the lower bound estimates of soil 

organic nitrogen accumulation rates of 25 kg-N ha-1y-1 on cropland across the Mississippi River 

Basin from Van Meter et al. (2016). We used the upper bound of the SON accretion value from 

Van Meter et al. (2016) which ranged from 25 to 70 kg-N ha-1 yr-1 because the upper bound led 

SON storage exceeding retention magnitudes in many watersheds. Field studies have estimated 

SON accumulation rates to be within this bound, including a field study Weitzman et al. (2022), 

estimating retention in the vadose zone to be 58 kg-N ha-1 yr-1, while assuming denitrification 

was negligible. Since the cumulative landscape retention only covered 1972 to 2017, a shorter 

period than the SON and groundwater estimates, we extrapolated each HUC8’s landscape 

retention mass from 2017 to 2021 using the average annual retention rate from 1972 to 2017. 

We determined the spatially varying SON accumulation rate for each HUC8 from 1972 to 2021 

using the estimate of SON mass accretion in cropland 25 kg-N ha-1 y-1. We converted this 

cropland SON accretion rate to HUC8-specific rates using annual agricultural land use fractions. 

Specifically, we use 250-m annual cropland and pastureland data from 1972 to 2005 by Sohl et 

al.(2016a; 2014) and then use 30-m NLCD data for the years 2006, 2008, 2011, 2013, 2016, 

https://paperpile.com/c/DQCtMY/G8eL7/?noauthor=1
https://paperpile.com/c/DQCtMY/Wgdjq
https://paperpile.com/c/DQCtMY/M9Ba6/?noauthor=1
https://paperpile.com/c/DQCtMY/AKWnp+L6Jmi/?noauthor=1,1


 

 89 

resampled to 250-m (Dewitz, J. , and U.S. Geological Survey, 2022). We used the land use from 

the nearest year with available data for missing years. The cumulative SON for each HUC8 

watershed was then calculated by summing the annual values. 

It is important to note that we did not account for the mass of dissolved nitrogen stored in the 

pore space in the vadose zone. While Ascott et al. (2017) identified the vadose zone as a 

significant hydrological legacy nitrogen pool in regions with thick vadose zones and intensive 

agricultural history, their estimates for the Upper Mississippi River Basin region were low, 

suggesting that this pool is not a significant source of legacy nitrogen in our study area.  

5.3 Results and Discussion 

5.3.1 USGS watershed model training data and results 

The final nitrogen load training dataset consists of 13,298 samples across the contiguous U.S. 

from 1978 to 2017, with at least 134 samples per year (Figure 5.2A). Load magnitudes range 

from 0.002 to 69.85 kg-N ha-1 y-1, with half of the load below 2.37 kg-N ha-1 y-1. The density of 

monitored USGS watersheds varied across the U.S. (Figure 5.2B). We find a higher density of 

samples in eastern regions, specifically in the South Atlantic-Gulf Region (region 03), Upper 

Mississippi Region (region 07), Mid Atlantic Region (region 02), Arkansas-White-Red Region 

(region 11) (Figure 5.2 C-D). These regions, which drain to the Gulf of Mexico and the 

Chesapeake Bay, are more densely monitored for a more extended period because of the 

persistent issues of excess nutrients and hypoxia. Data is sparse for regions that are small, arid, 

or have less cropland area, including the region 09, 13, and 16 (Region 16 is not shown in the 

maps because there are no training watersheds with load data in this region). 

https://paperpile.com/c/DQCtMY/5V7uH
https://paperpile.com/c/DQCtMY/87cWJ/?noauthor=1
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Figure 5.2 Summary of USGS riverine load training data. (a) Number of training data points 

per year. (b) Histogram of load magnitudes. (c-d) Number of training data points per HUC2 

region. USGS watersheds can overlap multiple HUC2 regions, in which cases their samples are 

counted in multiple HUC2 regions. HUC2 regions are ordered from west to east, based on the 

region’s centroid.   

We calculated the mean of the evaluation metrics across all 20 model iterations to assess overall 

performance. The average R-squared values achieved were 0.99 for the training data and 0.89 for 

the test data. The RMSE values were 0.603 for the training set and 2.54 for the test set, while the 

PBIAS values were -0.01% and -1.02% for the training and test sets, respectively (Supplemental 

Figure 5.3). The model framework exhibits strong predictive capability, though performance 

does decrease at the tails of the distribution (Figure 5.2 B), where there is a tendency to regress 

to the mean and underpredict high loads. This underprediction aligns with the known limitations 

of ensemble tree models, which are prone to systematic bias. We addressed some of this bias 

through a bias-correction method, which improved model performance. 

We used permutation importance and SHAP (SHapley Additive exPlanations) values to assess 

the influence of each predictor on the final model predictions. We find that the four most 

important model predictors of riverine load are percent of agricultural area that is tile-drained 

(TD), precipitation (PPT), human inputs (HUM), and fertilizer input (FERT) (Figure 5.3A). We 

find that higher magnitudes of TD, HUM, and FERT have higher SHAP values, indicating that 



 

 91 

regions with higher tile drainage, fertilizer input, and human inputs have large positive impact N 

loads magnitudes (Figure 5.3B and Supplemental Figure 5.4). These correlations are expected 

as higher inputs means that there is more N available for export (Basu et al., 2022; Goyette et al., 

2016b; R. Howarth et al., 2012b; Swaney et al., 2012). Furthermore, heavily tile-drained 

watersheds and watersheds with higher precipitation will have decreased water residence times 

and decreased denitrification (David et al., 2010; Dupas et al., 2020; Ritter & Rao Chitikela, 

2020; Van Meter & Basu, 2017). Higher magnitudes of precipitation, PPT, SHAP values, 

however, do not monotonically increase with increasing precipitation, likely capturing the 

importance of other confounding climate predictors in this correlation (Figure 5.4). Percent 

slope (SLOPE), average temperature (T), cumulative net agricultural inputs (cNAI), potential 

evapotranspiration (PET), and livestock inputs (LVSTK) are between 5th to 9th most important 

predictors (Figure 5.3A). Percent slope shows lower values having higher impact on the model 

prediction, likely an effect of land with flatter slopes being used for agricultural and urban land. 

With temperature and PET, higher magnitudes are associated with larger decreases in model 

predictions. This can be physically explained as increasing temperature and PET lead to more 

water being lost to evapotranspiration and less water to flush nitrogen from the watershed. Both 

cumulative net agricultural inputs (cNAI) and livestock inputs (LVSTK) have increasing SHAP 

values with increasing predictor magnitudes, likely for similar reasons as fertilizer, higher inputs 

are correlated with higher riverine loads. While ranked in the middle of the predictors, livestock 

inputs have relatively high SHAP values, possibly indicating that livestock manure inputs are 

regionally important drivers (Figure 5.3B and Supplemental Figure 5.4). Lastly, watershed 

area (AREA), snow water equivalent (SWE), atmospheric deposition inputs (DEP), baseflow 

index (BFI), and net agricultural inputs (NAI) are ranked as the 10th to 14th predictors in the 

model. Their relatively low ranks show they only impact some model predictions. However, we 

can see that there are a few predictions with a SHAP value of ~2, which indicates that these 

predictors are important in specific temporal, geographical, or environmental conditions, which 

might not be prevalent across all data but are critical where they occur (Figure 5.3B). For 

example, in the case of NAI, while it is highly correlated with fertilizer and livestock manure 

inputs, it accounts for changes in the annual magnitudes of crop uptake and can capture the 

effects of surplus from a year of poor yield.  

However, it should be noted that RF models are empirical in nature, relying on correlations 

between predictors and the target variable rather than establishing causality. Although these 

methods are valuable for understanding model behavior, the significance of predictors within a 

specific model is highly context-dependent and different relative degrees of importance may 

https://paperpile.com/c/DQCtMY/sXvM4+3P1r+ET6KD+OrmSF
https://paperpile.com/c/DQCtMY/sXvM4+3P1r+ET6KD+OrmSF
https://paperpile.com/c/DQCtMY/0DYt0+CPjDj+Mks8i+WyvL4
https://paperpile.com/c/DQCtMY/0DYt0+CPjDj+Mks8i+WyvL4
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emerge with different input data or when modeling similar data across different spatial or 

temporal domains. As such, the results should primarily be used to interrogate the model itself, 

with caution exercised when attempting to infer universal real-world phenomena (Grömping, 

2009; Van Meter, Schultz, et al., 2023; Vowels, 2022). These considerations are crucial in any 

discussion of the relative importance of predictors. 

  

https://paperpile.com/c/DQCtMY/cBKCl+G8eL7+ClDKB
https://paperpile.com/c/DQCtMY/cBKCl+G8eL7+ClDKB
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Figure 5.3. Model predictor importance quantified through predictor importance values 

and SHapley Additive exPlanations (SHAP) values. (A) We rank the order of importance 

based on the permutation importance value (decrease in model performance) for each of the 100 

iterations for each 20 model runs. Predictors are sorted based on median predictor importance 

value. (B) We use a beeswarm plot to display SHAP values from the best performing model 

iteration ranked by R-squared, percent bias, and root mean squared error. Each dot represents a 

datapoint, depicting the impact of individual predictors on the model outcome, allowing to 

visualize the distribution of each predictor's influence. 

5.3.2 Regional variability in nitrogen retention and the role of input sources.  

The median cumulative retention (1958 to 2017) across HUC8 watersheds in the U.S. is 683.1 

kg-N ha-1 with the 5-95th percentile ranging from 76.0-2618 kg-N ha-1 (Figure 5.4A). The total 

mass retained is highest in the eastern and midwestern regions (regions 07, 02, and 05) at 1960, 

1598, and 1371 kg-N ha-1, respectively. Retention is lowest in western regions 13–17, where 

regional magnitudes are all under 400 kg-N ha-1 (Figure 5.4B). HUC8 hotspots largely consist of 

watersheds with high fertilizer input, though some also show elevated retention due to high 

manure or human waste inputs (Figure 5.4A-C).  
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Figure 5.4 HUC2 regions input and fate of cumulative nitrogen (1958–2017). Panel (A) is the 

map of retention at the HUC8 watershed scale. Panel (B) shows the HUC2 aggregated 

cumulative mass (kg-N ha-1) of inputs and exports, broken down by input and export components 

and ordered by magnitude of nitrogen surplus. Panel (C) and (D) display the percentage 

contribution of each component to the total nitrogen inputs or export for each HUC2 region. 

In the previous section, we look at important model predictors to understand the drivers of load. 

We can use this as a starting point to investigate the drivers of retention. We find that the drivers 

of retention differ across the country. Regions 07, 02, and 05 have similar retention magnitudes. 
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However, their nitrogen inputs differ significantly, with regions 02 (2744 kg-N ha-1) and 05 

(3577 kg-N ha-1) having nearly half the inputs of region 07 (5841 kg-N ha-1) due to its efficient 

nitrogen removal via crop uptake (Figure 5.4A-B). While regions with high fertilizer usage 

show greater retention magnitudes, areas dominated by manure inputs retain a larger proportion 

of their nitrogen inputs. We find that regions with larger proportions of the cumulative inputs 

from manure, such as regions 03, 06, and 18, retain a large proportion of their cumulative 

nitrogen inputs (greater than 57%; Figure 5.4C-D). For example, region 03 has retention 

magnitudes similar to regions with much higher cumulative inputs, such as region 08 (1250 

versus 1231 kg-N ha-1, respectively). Region 03 has relatively low proportions of inputs that are 

removed through crop uptake (582 kg-N ha-1 or 31% of inputs removed by crops), all of which is 

met with fertilizer and BNF inputs (858 kg-N ha-1 or 45% of inputs; Figure 5.4B-D). Therefore, 

33% of total inputs come from manure, which only creates a larger surplus of nutrients in the 

region (Figure 5.4A). This demonstrates that on the macro scale, manure is typically seen as a 

waste product and not used as a substitute for fertilizer to meet crop demands (Flynn et al., 2023; 

Spiegal et al., 2020).  

https://paperpile.com/c/DQCtMY/3NiJw+gaPk
https://paperpile.com/c/DQCtMY/3NiJw+gaPk
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Figure 5.5. Spatial distribution of cumulative nitrogen inputs and exports across HUC8 

watersheds (1958–2017) measured in kg-N ha-1. The maps include (A) N inputs from livestock 

manure, (B) N from fertilizer use and crop biological nitrogen fixation, (C) N from human waste, 

(D) N removed from crop uptake, and (E) atmospheric N deposition 
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In New England (region 1) and the Mid-Atlantic (region 2), nitrogen retention rates reach 64% 

and 58%, respectively, with human inputs contributing more to the total than in other regions 

(Figure 5.4A-B). Cumulative human inputs are low across much of the country (Figure 5.5C). 

However, there is a broad range of magnitudes across space (median: 30.6 kg-N ha-1, 5th-95th 

percentile: 1.1-526.8 kg-N ha-1). Dense urban centers are found mainly along coastal areas, a 

pattern shaped by urban expansion and demographic shifts over recent decades (Byrnes et al., 

2020a; Rieniets, 2009). High retention rates in these areas are due to a higher proportion of 

inputs from urban sources because, since the passing of the Clean Water Act in the 1970s and the 

Clean Air Act in 1990s. The Clean Water Act galvanized upgrades to wastewater treatment 

plants processes particularly for phosphorus removal. However, improvements have been to 

upgrade processes to also remove nitrogen through denitrification (Bernhardt et al., 2008; 

Schlesinger & Bernhardt, 2020). While this is counterintuitive, nitrogen removed through 

wastewater denitrification is considered ‘retained’ and is rarely separated from this term because 

of the challenges in estimating denitrification at large spatial scales. The Clean Air Act led to 

improvements in NOx pollutants in mobile and stationary sources, which in turn reduced 

oxidized nitrogen atmospheric deposition (Lloret & Valiela, 2016). 

The analysis of the HUC2 regions above highlights some broadscale regional patterns of the 

relationship between cumulative inputs and exports. However, there is significant heterogeneity 

within each region. We used the cumulative percentages of each export fate–crop uptake, runoff, 

and retention–relative to the total inputs for each HUC8 watershed to understand retention 

patterns across space and the drivers within each region. The 1:1 line on Figure 5.6 indicates no 

cumulative retention because all inputs are lost through crop removal or runoff. Watersheds 

further from this line retain a higher proportion of inputs. Across regions, three dominant 

relationships emerge: steep negative linear, shallow negative linear, or no relationship. 

https://paperpile.com/c/DQCtMY/5Iowy+71W4E
https://paperpile.com/c/DQCtMY/5Iowy+71W4E
https://paperpile.com/c/DQCtMY/rxlo+HArEg
https://paperpile.com/c/DQCtMY/rxlo+HArEg
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Figure 5.6. Spatially varying relationship between crop use efficiency (%) and N runoff 

efficiency (%) for HUC8 watersheds within 18 HUC2 regions. Markers are colored by the 

retention efficiency (%).  

Regions 01-03, 08, and 17, which tend to have humid climates, show steep negative relationships 
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(Figure 5.6A-C, H, Q). In these HUC8 watersheds, low crop uptake efficiency leads to excess 

nitrogen lost through runoff, resulting in lower proportions of cumulative inputs retained in the 

watersheds. In contrast, areas such as 09-16 and 18 show (Figure 5.6I-P, R) a shallower 

relationship, where cumulative runoff proportions increase with decreasing crop uptake 

efficiency but less drastically. These regions tend to have lower nitrogen inputs overall, but are 

more prone to these inputs being retained. Meanwhile, regions like 04-07 (Figure 5.6D-G) do 

not have a relationship between crop use efficiency and input runoff. We find that many 

watersheds with high crop use efficiency and input runoff in these regions have very little 

capacity to retain nitrogen.  

To further explore the drivers of retention across these regions, we used agricultural land use, the 

percentage of agricultural land that is tile drained, the proportion of total inputs from 

atmospheric deposition, and the proportion of total inputs from human waste (Figure 5.7 and 

Supplemental Figure 5.5-5.9).  
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Figure 5.7 Relationships between input retention (%) and watershed properties across 

different HUC02 regions. The watershed properties include (A-D) percent agricultural land use, 

(E-H) percent of agricultural land that is tile drained, (I-L) percent of total inputs from 

atmospheric deposition, and (M-P) percent of total inputs from human waste. Markers are 

colored based on retention (%) for each region. 

In regions 04, 05, 07, and 08, which have been intensively cultivated for many decades, we can 

see that as agricultural land use increases, the proportion of inputs retained decreases by more 

than 50% (75% to under 25% of inputs are retained) (Figure 5.7 A-D). We also find that the 

driver of the low retention rates in Regions 04-07 is the large proportions of tile drainage (Figure 
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5.7 E-G). Prolonged high nitrogen inputs into these agricultural watersheds have saturated their 

nitrogen storage capacity, leading to increasing riverine runoff export and reducing their ability 

to retain additional inputs (Newcomer et al., 2021). Region 08 has higher input retention 

proportions than the other three regions (Figure 5.7 D) because regions 04-07 have more tile 

drains. Tile-drains decrease nitrogen’s transit time in the subsurface, bypassing retention 

mechanisms such as soil organic nitrogen storage or denitrification which will compound the low 

retention due to saturation.  

Next, we find that watersheds within regions 10, 14-16 with inputs dominated by atmospheric 

deposition also have higher proportions of retained inputs (Figure 5.7 I-L). This is likely 

because areas with most of their inputs from deposition will likely be areas of low input 

(Supplemental Figure 5.10). Research by Newcomer et al. (2021) suggests that watersheds with 

low inputs can retain a higher proportion of inputs, as they have yet to reach nitrogen saturation 

and can assimilate excess nitrogen through soil organic pools or denitrification. 

Lastly, regions 01, 02, 04, and 18 all contain urban centers with high magnitudes of cumulative 

human inputs (Figure 5.5C). In these regions, watersheds with higher proportions of human 

waste inputs retain more nitrogen due partly to upgrades in wastewater treatment plants that 

remove nitrogen through denitrification (Bernhardt et al., 2008). For example, region 02 has four 

watersheds with human waste inputs accounting for over 80% of all inputs and retaining over 

80% of total inputs, which aligns with modeled wastewater removal rates in this region(Van 

Meter et al., 2017) (Figure 5.7N). We observe some variation in retention rates, especially in 

regions 04 and 18, where watersheds with similar high human waste inputs show different 

retention levels. This could be due to losses during treatment, either from varying wastewater 

treatment standards across states or untreated sewage leaks (Bernhardt et al., 2008; Flint et al., 

2022).  

5.3.3 Legacy pools in the Upper Mississippi region 

In the previous analysis, we used cumulative retention, which is the difference between inputs 

and exports from crop uptake and watershed nitrogen runoff. The ability to further distinguish 

between temporary (legacy) and permanent (denitrification) removal of nitrogen is a major 

challenge in modeling nitrogen retention at the river basin scale owing to uncertainty in retention 

dynamics introduced from the heterogeneity in the subsurface and across watersheds(Basu et al., 

2022; Grizzetti et al., 2015). In many cases, it is not possible to further parse the fates of retained 

nitrogen, but existing literature estimates of legacy storage existing in region 07 allow us to 

attempt to provide estimates of nitrogen stored in the SON, groundwater pool or lost to 

https://paperpile.com/c/DQCtMY/01CK
https://paperpile.com/c/DQCtMY/01CK/?noauthor=1
https://paperpile.com/c/DQCtMY/rxlo
https://paperpile.com/c/DQCtMY/jCBs3
https://paperpile.com/c/DQCtMY/jCBs3
https://paperpile.com/c/DQCtMY/x5mU6+rxlo
https://paperpile.com/c/DQCtMY/x5mU6+rxlo
https://paperpile.com/c/DQCtMY/bgC4+3P1r
https://paperpile.com/c/DQCtMY/bgC4+3P1r
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denitrification. We attempt to use our model and literature legacy pool estimates to parse the 

mass stored in legacy pools and lost to denitrification from 1972 to 2021 in region 07, which has 

the largest cumulative nitrogen retention mass.  

The cumulative retention used in the previous analysis includes the mass of nitrogen removed 

through wastewater treatment. Therefore, to achieve a more accurate estimate of the mass of 

nitrogen applied to the landscape, we calculated cumulative landscape retention (LCUMU). 

Cumulative landscape retention differs from cumulative retention as it includes not only the 

nitrogen losses from crop removal and runoff, but also the mass lost in wastewater treatment 

(Eq. 5.3). See Supplemental Figure 5.2 for a diagram of landscape retention calculation 

methodology. To calculate cumulative landscape retention, we used a wastewater treatment static 

removal rate estimated at the Mississippi River basin in a previous modeling study (Van Meter et 

al., 2017). The cumulative landscape retention can be further divided into the mass in the SON 

pool, the groundwater pool, and the mass of nitrogen lost through denitrification (Eq 5.4). We 

parse cumulative landscape retention using literature estimates of annual SON accumulation 

rates in the Mississippi River basin and the accumulated groundwater nitrogen mass in the Upper 

Mississippi region from 1972 to 2021 (HUC2 region 07).  

The median landscape nitrogen retention for HUC8 landscapes from 1972 to 2021 is 1813 kg-N 

ha⁻¹, with an interquartile range (IQR) of 1402 to 2196 kg-N ha⁻¹ (Figure 5.8A). To estimate the 

legacy nitrogen stored in the SON pool across HUC8 watersheds, we used cropland SON 

accretion estimates of 25 kg-N hacropland
-1 y-1 and annual agricultural land area. A median of 42% 

of the retention mass is stored in the SON pool (5th - 95th percentile: 16 - 71%) (Figure 5.8B), 

with the northwest and southeastern watersheds having the highest magnitudes of SON and 

proportion of retained nitrogen in SON pool (Figure 5.8F). In line with our previous analysis, 

landscape retention is highest in watersheds with more manure inputs and less tile-drained 

agricultural area (Supplemental Figure 5.11A-B, E). 

https://paperpile.com/c/DQCtMY/jCBs3
https://paperpile.com/c/DQCtMY/jCBs3
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Figure 5.8 Predicted mass of landscape retention, nitrogen stored in the soil organic and 

groundwater pool, and the nitrogen loss through denitrification. Panel (A) is the landscape 

nitrogen retention at the HUC8 scale across the Upper Mississippi region. Panel (B)-(E) shows 

the distribution of HUC8 landscape nitrogen retention stored in the soil organic nitrogen pool 

(SON), groundwater pool (GW), or loss through denitrification (DET). Panels (F)-(H) are 

spatially varying estimates of HUC8 landscape retention mass stored in the SON, GW, and DET, 

respectively. Hatched areas represent areas where soil organic nitrogen pool (SON) and 

groundwater pool (GW) is larger than the estimated landscape retention. 
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We estimate the hydrological legacy stores in each HUC8 using gridded nitrogen mass stored in 

the modern groundwater across the Upper Mississippi basin derived by Van Meter et al.(2023). 

The groundwater pool makes up 16.5 % of the retention (ranging from 10% to 32%), with the 

most substantial accumulations observed in the central watersheds (Figure 5.8D and 5.8G). The 

remaining mass attributed to denitrification suggests that denitrification results in a median loss 

of 40% of retained nitrogen, though the extent of loss varies dramatically from 2% to 59%, with 

the highest rates in central regional watersheds (Figure 5.8E and 5.8H). The estimates of SON, 

groundwater, and denitrification losses align with other studies in temperate watersheds, in 

which it was estimated that nitrogen storage in the SON pool ranges from 28% to 88% of 

nitrogen retention (Ilampooranan et al., 2019; Liu et al., 2021; Schlesinger & Bernhardt, 2020; 

Van Meter, Basu, Veenstra, et al., 2016; Weitzman et al., 2022; Worrall et al., 2015), and in the 

groundwater pool from 3% to 19% (R. W. Howarth et al., 1996; Ilampooranan et al., 2019; Liu 

et al., 2021; Worrall et al., 2015). The exact magnitudes of these processes, particularly 

denitrification—which can account for 8.4% to 77% of nitrogen retention—remain largely 

unconstrained (Bouwman et al., 2009; Bouwman et al. 2013; David et al. 2009; Hofstra and 

Bouwman. 2005; R. W. Howarth et al., 1996; Ilampooranan et al., 2019; Seitzinger et al., 2006; 

Worrall et al., 2015). This variability is due to the challenges in direct measurement at regional 

scales, often resulting in estimates calculated based on differences between nitrogen inputs and 

all other storage and loss, or unconstrained model parameter calibration.  

There are HUC8 marked by the hatched area, where estimated SON and groundwater mass 

exceeded the magnitude of landscape retention. Our literature values could have poorly captured 

the nitrogen retention partitioning in these regions for a few reasons. First, we assume that for 

each HUC8, the mass of nitrogen in the groundwater was nitrogen applied to the agricultural 

land in that HUC8. However, the groundwater nitrogen may originate from an upgradient HUC8. 

Furthermore, the northern area has minimal agricultural land (Supplemental Figure 5.11E), and 

the estimated accumulation from the Mississippi River Basin study poorly represents likely SON 

retention dynamics. Lastly, the eastern watersheds have low retention mass despite the high 

agricultural land use (Supplemental Figure 5.11 A, E). These regions have low manure inputs 

to total input ratio (Supplemental Figure 5.11 B-C) and a high percentage of tile-drained 

agricultural land (Supplemental Figure 5.11 D, F). Our previous analysis shows that these 

regions have relatively low retention. Therefore, the SON accumulation rates in these HUC8 

watersheds are perhaps below those for the entire Mississippi River Basin. 

https://paperpile.com/c/DQCtMY/G8eL7/?noauthor=1
https://paperpile.com/c/DQCtMY/HArEg+qjrRX+M9Ba6+zrXBa+VZFJi
https://paperpile.com/c/DQCtMY/HArEg+qjrRX+M9Ba6+zrXBa+VZFJi
https://paperpile.com/c/DQCtMY/qjrRX+zrXBa+BkApU+VZFJi
https://paperpile.com/c/DQCtMY/qjrRX+zrXBa+BkApU+VZFJi
https://paperpile.com/c/DQCtMY/BkApU+qjrRX+S1De8+hHd1P+zrXBa
https://paperpile.com/c/DQCtMY/BkApU+qjrRX+S1De8+hHd1P+zrXBa
https://paperpile.com/c/DQCtMY/BkApU+qjrRX+S1De8+hHd1P+zrXBa
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5.4 Conclusion 

Excess nitrogen from a growing population, increasing production of corn ethanol biofuels, and 

shifting diets to meat-heavy diets have had repercussions on water quality across the U.S. The 

changes to the nitrogen cycle have caused increasing incidences of algal blooms and degrading 

water quality (Glbert, 2020). Over 1 trillion dollars spent to address water pollution since the 

passing of the Clean Water Act in 1972 (Keiser & Shapiro, 2017), we still see lagged water 

quality improvements and persistent hypoxic zones in some of the most important coastal zones 

in the U.S. This is in part due to the Clean Water Act does not directly regulate nonpoint source, 

despite it being the largest source of nitrogen to many watersheds (Porter et al. 2015). 

Previous modeling studies in the Mississippi River Basin (Van Meter et al., 2017), Chesapeake 

Bay and Susquehanna River Basins (Chang et al., 2021; Van Meter et al., 2017), and the Grand 

River (Liu et al., 2021) have shown that legacy stores in agroecosystems can delay water quality 

improvements for up to decades. However, large uncertainties remain concerning the magnitudes 

of legacy stores across North America. This current work is the first attempt to use data-driven 

methodologies to estimate nitrogen retention across the U.S. and quantify the mass of legacy 

nitrogen stored in large agroecosystem landscapes.  

In broad strokes, agricultural watersheds tend to have a larger pool of nitrogen retention by virtue 

of having higher inputs compared to other watersheds. However, these watersheds are also more 

efficient at removing nitrogen and tend to retain less of their nitrogen inputs than other 

watersheds. We find retention rates are highest in watersheds with large manure inputs, high 

population densities, and low total inputs. But, it is important to note that not all retention 

contributes to legacy stores in the landscape. Regions with high population densities likely have 

a large part of their retention lost through wastewater treatment removal, and watersheds with 

low inputs can likely assimilate the excess nitrogen in their landscape. However, watersheds with 

large manure inputs are likely regions where we will find these legacy build up.  

For the first time, we also use data-driven approaches to partition nitrogen retained in the 

landscape to legacy stores in the soil organic nitrogen pool, groundwater pool, or the fraction lost 

to denitrification. In the median, 42% of the mass is stored in the SON pool, 16.5 % of the 

retention is stored in the groundwater pool, and 40% is lost to denitrification.  

 

 

  

https://paperpile.com/c/DQCtMY/Jvuq
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Chapter 6 Phosphorus Sustainability in U.S. Agriculture: A Quadrant 

Framework Analysis 

Abstract 

Phosphorus bolsters today’s global food system as a crucial input for agricultural intensification 

to achieve food security. However, excess phosphorus usage has led to phosphorus loss rates 

surpassing the safe planetary boundary for phosphorus. The problem of phosphorus 

overabundance coincides with concerns for scarcity stemming from unmitigated soil erosion and 

the complex geopolitics around phosphorus rock reserves. To move toward more sustainable 

phosphorus management, we need a better understanding of the temporal and spatial patterns of 

phosphorus use. We employ annual and cumulative phosphorus surplus and use efficiency 

indicators to assess these socio-ecological challenges and explore temporal and spatial variability 

in phosphorus dynamics. We find that the evolution of agricultural phosphorus management is 

shaped by changing fertilizer management, the proliferation of concentrated animal operations, 

climate, and the accumulation of phosphorus legacies within the landscape. To quantify 

phosphorus sustainability in intensively managed landscapes, we developed an integrated 

framework that uses both cumulative phosphorus surplus and use efficiency. This framework 

allows us to synthesize indicators of phosphorus dynamics over time and across spaces, 

providing a comprehensive perspective of the state and progress of phosphorus management. 

6.1 Introduction 

Phosphorus is a critical nutrient for food production. However, the phosphorus runoff from 

agricultural fields and livestock feeding operations has caused increased incidences of 

eutrophication in freshwater lakes and reservoirs (Glibert, 2020). Eutrophication has become a 

pervasive problem in lakes and reservoirs globally, from Lake Winnipeg in Canada, to Lake Erie 

in North America, to Lake Taihu in China (Schindler et al., 2012; Sharpley & Wang, 2014). The 

overgrowth of algae poses a risk to human health from microcystin toxicity and has detrimental 

effects on aquatic systems, causing habitat degradation, loss of biodiversity, and fish kills from a 

lack of dissolved oxygen (Glibert, 2016; Le Moal et al., 2019; Schindler et al., 2016; W. Steffen 

et al., 2015; Vitousek et al., 1997). 

The increased incidence of agriculture-related eutrophication events in the past few decades is 

the outcome of changes to agricultural systems. Over the last century, technological development 

and policies promoting food security fueled unprecedented increases in crop production and led 

to a system to optimize for efficiency. Mineral fertilizer increased to meet crop demands, 

https://paperpile.com/c/DQCtMY/eDnp
https://paperpile.com/c/DQCtMY/1f3nH+osKP
https://paperpile.com/c/DQCtMY/moqWi+Dj5f8+p5HJj+cAf4S+2Lsmh
https://paperpile.com/c/DQCtMY/moqWi+Dj5f8+p5HJj+cAf4S+2Lsmh
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replacing the need for manure for fertilization (Gardner, 2002, p. 22; Glibert, 2020). The shift 

from many small farms to fewer, larger livestock operations has also led to a shortage of nearby 

cropland that can accommodate the amount of manure produced, leading to these operations 

spreading manure at rates exceeding crop needs(Dimitri et al., 2005; Long et al., 2018; Swaney 

& Howarth, 2019b). Simultaneously, to guarantee crop nutrient needs, farmers apply excess 

inorganic phosphorus fertilizer as a form of 'insurance' to guarantee yields(Jarvie et al., 2015; 

Roberts & Johnston, 2015). Decades of these practices have led to a build-up of legacy 

phosphorus stores in soils. These stores act as long-term, persistent sources of phosphorus 

pollution, which can delay progress in achieving decreases in stream phosphorus loads for 

decades (Haygarth et al., 2014; Powers et al., 2016; Sharpley et al., 2013; Van Meter et al., 

2021). 

While we face an overabundance of phosphorus in the environment, there are also risks to food 

security due to threat of phosphorus scarcity, including the loss from unmitigated soil erosion 

(Alewell et al., 2020), rising price of fertilizer, and uneven global distribution of phosphorus rock 

reserves which are subject to geopolitical complexities(Brownlie et al., 2021; Cordell et al., 

2009; G. K. MacDonald et al., 2011). These problems of both overabundance and scarcity 

capture the necessity of sustainable phosphorus management and improved efficiency(Schröder 

et al., 2011). 

To establish guidelines for sustainable phosphorus management, it is crucial that we better 

understand the temporal and spatial patterns of phosphorus use. However, there has yet to be a 

comprehensive quantification of regional phosphorus stores and fluxes across long-term 

timescales. To understand the history of phosphorus use and management, we need to identify 

the regions where improvements are being made and those where progress is lacking and the 

reasons for these differences. 

In the current work, our objective is to develop a quantitative framework for evaluating the use 

and management of phosphorus in agricultural landscapes in the context of both food security 

and environmental outcomes. Working at the scale of the contiguous U.S., we leverage the new 

gTREND-Phosphorus mass balance dataset, which includes long-term (1930–2017), 250m x 

250m phosphorus mass balance data, to explore both spatial variability and multi-decadal trends 

in agricultural phosphorus use. 

In this work, we attempt to answer the following questions: (1) How have agricultural 

phosphorus surplus magnitudes and phosphorus use varied temporally and spatially across 

the U.S.? (2) Are phosphorus surplus magnitudes and phosphorus use efficiency effective 

https://paperpile.com/c/DQCtMY/v19Mt+eDnp/?locator=22,
https://paperpile.com/c/DQCtMY/XRyO+TtflB+Jzfdt
https://paperpile.com/c/DQCtMY/XRyO+TtflB+Jzfdt
https://paperpile.com/c/DQCtMY/utW1N+AJXGg
https://paperpile.com/c/DQCtMY/utW1N+AJXGg
https://paperpile.com/c/DQCtMY/DtgMb+k1MQ3+HEVb+Vk2G
https://paperpile.com/c/DQCtMY/DtgMb+k1MQ3+HEVb+Vk2G
https://paperpile.com/c/DQCtMY/NJI8
https://paperpile.com/c/DQCtMY/mzr2L+tEXt7+TqA4b
https://paperpile.com/c/DQCtMY/mzr2L+tEXt7+TqA4b
https://paperpile.com/c/DQCtMY/LNv5M
https://paperpile.com/c/DQCtMY/LNv5M
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metrics for evaluating the sustainability of current and future phosphorus use? What are 

the weaknesses and strengths of the PUE metric and phosphorus surplus estimates? (3) 

Can we develop an integrated framework to better understand the state and progress of 

phosphorus management across space and time? 

6.2 Methods 

6.2.1 Data sources 

We analyzed phosphorus fluxes and accumulation from 1930 to 2017 across the contiguous U.S. 

To do this, we used the agricultural components from the gTREND-Phosphorus dataset 

discussed in Chapter 3. Since our analysis is concerned with the phosphorus in agricultural land, 

we only considered fertilizer and manure as phosphorus inputs into each grid cell. We did not 

include atmospheric deposition on agricultural land because it accounted for only a small amount 

of total P inputs in these systems (Zou et al., 2022). 

6.2.2 Phosphorus sustainability metrics 

Three different metrics were evaluated in the current work: (1) the annual agricultural P surplus, 

(2) the cumulative agricultural P surplus, and (3) phosphorus use efficiency. The methods for 

calculating these metrics are described below.  

6.2.2.1 Agricultural surplus 

The agricultural phosphorus surplus was calculated at the grid resolution as the downscaled 

phosphorus mass balance data. The agricultural phosphorus surplus, SURPag (kg-P ha-1 y-1), is 

defined as a simple difference between P inputs (fertilizer, livestock manure) and P outputs (crop 

and pasture P uptake), as follows:  

𝑆𝑈𝑅𝑃𝑎𝑔(𝑖, 𝑡) =  𝐹𝐸𝑅𝑇𝑓(𝑖, 𝑡) +  𝑀𝐴𝑁(𝑖, 𝑡)  −  𝑔𝐶𝑅𝑂𝑃(𝑖, 𝑡)  (Eq. 6.1) 

where FERTf is farm inorganic phosphorus fertilizer for grid cell i at time t, MAN is phosphorus 

from livestock excretions for grid cell i at time t, and CROP is the phosphorus removed through 

crop harvest and consumption on pastureland by grazing livestock  for grid cell i at time t. All 

reported as kg-P ha-1 yr-1.  

https://paperpile.com/c/DQCtMY/09JZv
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6.2.2.2 Cumulative agricultural phosphorus surplus 

The cumulative phosphorus surplus, SURPCUMU (kg ha-1 y-1), was calculated as the sum of 

agricultural surplus from 1980 to 2017:  

𝑆𝑈𝑅𝑃𝑐𝑢𝑚𝑢(𝑖) = ∑ 𝑆𝑈𝑅𝑃𝑎𝑔(𝑖, 𝑡)    (Eq. 6.2) 

Cumulative phosphorus surplus is an upper bound estimate of the total legacy phosphorus stores 

and does not account for the phosphorus loss through erosion and riverine export. Estimating the 

temporal riverine export at the national scale across long timescales is complex and has yet to be 

accomplished. For a single year, we found a median ratio of export to total surplus for 400 

watersheds of 14% (Oelsner, Sprague, Murphy, Zuellig, Johnson, Ryberg, Falcone, Stets, 

Vecchia, Riskin, Cicco, et al., 2017) (Supplemental Figure 6.1). However, because we cannot 

easily parse the proportion of riverine export due to domestic inputs (wastewater, food waste, 

and detergent), estimating how much agricultural phosphorus is lost in these systems remains 

challenging. 

6.2.2.3 Phosphorus use efficiency  

Annual phosphorus use efficiency (PUE) was calculated to assess the effectiveness of 

phosphorus use in agricultural landscapes over time. It should be noted that PUE can be 

calculated in various ways depending on the context (Biswas Chowdhury & Zhang, 2021; 

Cassman et al., 2002; Chang et al., 2021). In our study, we adopt an approach commonly used at 

larger scales, where agricultural PUE is defined as the ratio of phosphorus yield to inputs on 

agricultural land (Lassaletta et al., 2014; Swaney & Howarth, 2019b; Van Meter et al., 2021), 

which is the following approach: 

  

𝑃𝑈𝐸(𝑖, 𝑡) =
𝑔𝐶𝑅𝑂𝑃(𝑖,𝑡)

𝑔𝐹𝐸𝑅𝑇 (𝑖,𝑡) + 𝑔𝑀𝐴𝑁 (𝑖,𝑡)
    (Eq. 6.3) 

where PUE(i,t) is the phosphorus use efficiency for a given grid cell i in year t, gCROP(i, t) is 

gridded phosphorus uptake from crops, and gFERT(i, t) and gMAN(i, t) represent the phosphorus 

input from gridded fertilizers and manure inputs, respectively. PUE values range from 0 to 

infinity. A PUE lower than 1 indicates a system where not all applied phosphorus is used by 

crops, a PUE of 1 signifies a balanced system where crop uptake equals the applied phosphorus, 

and a PUE greater than 1 implies a system where crops are removing more phosphorus than is 

being applied.  

https://paperpile.com/c/DQCtMY/HZcwj
https://paperpile.com/c/DQCtMY/HZcwj
https://paperpile.com/c/DQCtMY/wrVYe+YsdBr+ryfcX
https://paperpile.com/c/DQCtMY/wrVYe+YsdBr+ryfcX
https://paperpile.com/c/DQCtMY/Vk2G+XRyO+Bon7B
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Gridded PUE values across the U.S. were aggregated to the HUC 2 scale using the median. 

Subsequently, the 18 HUC2 watersheds were grouped into 9 regions based on similarities in 

PUE and component trajectories. Gridded PUE values across the U.S. were aggregated to the 

HUC 2 scale using the median. We then aggregated the 18 HUC2 watersheds into 9 regions 

based on similarities between PUE and component trajectories.  

6.3 Results and Discussion 

6.3.1 Agricultural phosphorus usage across the contiguous United States  

Agricultural phosphorus fluxes across the U.S. have changed over the last century, largely due to 

the industrialization of agriculture (Figure 6.1). The spatiotemporal trends in phosphorus use 

across the contiguous U.S. are characterized by three important features: (1) the initial rise and 

subsequent plateauing of phosphorus fertilizer use, (2)  the steady increase of crop phosphorus 

uptake attributed to advances in agricultural technology, and (3) the development of regional 

manure hotspots due to concentrated agricultural practices. 

Over the decades, changes in fertilizer use and crop uptake have been brought about by the 

industrialization of agricultural systems. From 1930 to 1980, the amount of fertilizer used 

increased from 0.68 to 8.7 kg-P ha-1 y-1 in the Corn Belt, Mississippi Alluvial Plain, and the 

California Central Valley (Figure 6.1a-c, j). The spatial and temporal patterns of crop uptake 

and fertilizer are tightly coupled, meaning regions with high fertilizer use typically exhibit high 

levels of crop uptake (Figure 6.1g-i). Although fertilizer inputs have plateaued since the 1980s, 

crop phosphorus uptake has continued to rise. Nationally, median crop uptake nearly tripled crop 

phosphorus uptake since the 1930s from 4.8 to 12.8 kg-P ha-1 y-1 in 2017 (Figure 6.1r), driven in 

large part by technological advancements, plant genetics, and the removal of resource limitations 

through the use of irrigation and agrochemicals (Kucharik et al., 2020; Kucharik & Ramankutty, 

2005). 

Meanwhile, median manure phosphorus input has steadily increased from 4.1 kg-P ha-1 y-1 in 

1930 to 6.5 kg-P ha-1 y-1 in 2017 (Figure 6.1k). We see pronounced regional hotspots with 

manure inputs, driven by the transition towards concentrated animal feeding operations, where a 

large livestock population is concentrated in small areas (Figure 6.1d-f). This is evidenced by 

the doubling of the 95th percentile magnitude (15.9 to 31.0 kg-P ha-1 y-1 from 1980 to 2017), 

suggesting that most of the mass accretion occurs in concentrated patches of agricultural land 

(Byrnes et al., 2020a). Often, manure generated within these concentrated operations is applied 

in excess to crop demands to fields nearby, which can lead to the nutrients greatly exceeding 

https://paperpile.com/c/DQCtMY/0Gos9+1qfmB
https://paperpile.com/c/DQCtMY/0Gos9+1qfmB
https://paperpile.com/c/DQCtMY/5Iowy
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crop demands, contributing to the growing legacy stores (Kleinman et al., 2019; Long et al., 

2018; Mullins, 2009). 

 

Figure 6.1 Maps of the major components for the agricultural phosphorus mass balance: 

(a-c) fertilizer P, (d-f) manure P, and (g-i) crop phosphorus uptake, all in kg ha−1 y−1. Each 

map shows three time periods to capture the start and the end of the time series, as well as the 

peak around 1980, corresponding with the highest national median of fertilizer use. Time series 

panels (s-w) show the different percentiles, with the darkest color as the median value, the 

medium shade shows the interquartile range (25th-75th percentiles), and the lightest shade 

outlines the broader distribution from the 5th to the 95th percentiles. 

Indicators are used as tools to monitor and communicate the status or sustainability of 

environmental systems over time (Goyette et al., 2016b; Lun et al., 2017; G. K. MacDonald et 

https://paperpile.com/c/DQCtMY/iINyR+CGh5T+TtflB
https://paperpile.com/c/DQCtMY/iINyR+CGh5T+TtflB
https://paperpile.com/c/DQCtMY/tEXt7+XRyO+ET6KD+09JZv+8bbeH+kYr7V
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al., 2011; Swaney & Howarth, 2019b; J. Wang et al., 2022; Zou et al., 2022). We use two 

indicators to explore the past and current state of phosphorus use across the U.S.: (1) agricultural 

phosphorus surplus and (2) phosphorus use efficiency. Annual agricultural phosphorus surplus, 

defined as the difference between manure and fertilizer inputs and crop phosphorus removal, is 

an effective indicator to track these spatiotemporal changes to nutrient mass inflow and outflows 

in agricultural systems. Phosphorus use efficiency (PUE), defined here as crop phosphorus 

removed per unit of applied phosphorus, is another widely used agronomic indicator (G. K. 

MacDonald et al., 2011; Swaney & Howarth, 2019a; Zou et al., 2022), providing insights into 

the efficiency of crop system and soil health (Schröder et al., 2011; Zou et al., 2022). We 

complement these indicators with the spatiotemporal trajectories of the three features – fertilizer, 

manure, and crop uptake – to understand the drivers of the indicators.  

Agricultural phosphorus surplus was 0.25 kg-P ha−1 y−1 in 1930 and peaked at 5.8 kg-P ha−1y−1 in 

1976, mirroring the increases in agricultural fertilizer use (Figure 6.2g). Post-1980, however, the 

median phosphorus surplus decreased due to plateauing fertilizer and increasing crop uptake, 

settling at 2.6 kg-P ha−1y−1 in 2017. In regions like the Midwest and the Mississippi Alluvial 

Plain, the phosphorus surplus has dropped below zero, indicating a transition to extracting 

phosphorus from existing soil stores (Figure 6.2f). Negative surplus values suggest that crops 

are using soil phosphorus, which may adversely affect soil health. However, the background 

phosphorus content in the parent material of U.S. soils is estimated to be substantial, ranging 

from 1000 to 3000 kg-P ha-1, providing sufficient background phosphorus to maintain crop 

yields in cases of negative phosphorus surplus (X. Yang et al., 2013). While much of this 

background phosphorus is not immediately available for plant uptake, field studies by Zhang et 

al. (2004) found that unfertilized plots were able to maintain crop yields for 10 years without 

depleting labile phosphorus (M-3 extractable soil P), as crop residues and soil organic 

phosphorus were mineralized into plant-available forms. PUE trajectory has mirrored the shifting 

inputs trajectories, increasing crop uptake and changing surplus. At a national scale, the PUE 

decreased from 0.96 in 1930 to 0.64 in 1980, coinciding with the increase in inorganic fertilizer 

inputs (Figure 6.1j). However, with improvements in fertilizer management and increasing crop 

yields, PUE has seen an upturn, increasing to 0.83 by 2017. 

https://paperpile.com/c/DQCtMY/tEXt7+XRyO+ET6KD+09JZv+8bbeH+kYr7V
https://paperpile.com/c/DQCtMY/tEXt7+09JZv+AyJHr
https://paperpile.com/c/DQCtMY/tEXt7+09JZv+AyJHr
https://paperpile.com/c/DQCtMY/09JZv+LNv5M
https://paperpile.com/c/DQCtMY/Pj3Tw
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Figure 6.2  Maps of (a-c) agricultural phosphorus surplus, and (d-f) phosphorus use 

efficiency. Each map is divided showing three time periods to capture the start and the end of the 

timeseries, as well as the peak around 1980 corresponding with the highest national median of 

fertilizer use. Time series panels (g-h) show the different percentiles, with the darkest color as 

the median value, the medium shade shows the interquartile range (25th-75th percentiles), and 

the lightest shade outlines the broader distribution from the 5th to the 95th percentiles.  

The trajectories of phosphorus surplus and PUE across the U.S. suggest a path toward recovery 

from the peak of excess phosphorus use. However, these indicators at this scale are not without 

limitations and are restricting the insights they can provide. First, agricultural surplus and PUE as 

indicators are scale-dependent. National trends show recovering trajectories and signs of 

improving nutrient management, however, we see very different PUE trajectories across regions 

(Figure 6.2a-c). The differences are largely driven by the complex interplay of regional 

agricultural practices, land use, and climate (Dimitri et al., 2005; Glibert, 2020; Spiegal et al., 

2020). For instance, when comparing regions, stark differences in inorganic fertilizer 

management emerge: the eastern U.S. has reduced its fertilizer use, while the western region has 

not. In Region 6 we see a V-shaped PUE pattern mirroring the national trend (Figure 6.3b) 

because fertilizer use increased rapidly until the 1980s and then plateaued despite increasing crop 

https://paperpile.com/c/DQCtMY/Jzfdt+3NiJw+eDnp
https://paperpile.com/c/DQCtMY/Jzfdt+3NiJw+eDnp
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yields (Figure 6.3e). Whereas, the arid climate in Region 4 has traditionally restricted the land's 

suitability for row crop production, leading to predominantly low-input pasture and livestock 

grazing, which resulted in high PUE (Borchers & Nickerson, 2012). After the 1980s however, 

with the increasing use of irrigation, the region could support row crop agriculture resulting in 

increasing fertilizer use and decreasing PUE (Figure 6.3a,d) (Glibert, 2020). 

The influence of manure on PUE reveals more nuanced interactions at the regional scale. In 

Region 7, manure has steadily risen since 1930 and has increased drastically since the 1990s 

from the rise of intensive livestock operations (Glibert, 2020). Therefore, despite decreasing 

fertilizer inputs, the region's low PUE is sustained by an increase in manure production without 

parallel increases in crop production (Figure 6.3c,f). 

 

 

https://paperpile.com/c/DQCtMY/IlgHA
https://paperpile.com/c/DQCtMY/eDnp
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Figure 6.3 Phosphorus use efficiency and input for three distinct hydrological regions 

across the U.S. Panels (a-c) show the percent agricultural land and the median phosphorus use 

efficiency for each region. Panels (d-f) show the median trajectory of fertilizer and manure 

inputs and crop uptake for each region. Each region is denoted by its respective panel letter 

corresponding to the map legend. Figure with all regions is available as Supplemental Figure 6.2 

and 6.3. 

Given the long-established knowledge that phosphorus accumulates in soils over decades of 

intensive agriculture (Dolph et al., 2023; Pavinato et al., 2020; Sharpley et al., 2013; Van Meter 

et al., 2021), focusing solely on annual fluctuations of phosphorus surplus is inadequate, as it 

fails to capture the long-term memory of the landscape. Going beyond agricultural surplus and 

using cumulative surplus provides this essential historical context. We see the value of 

cumulative surplus in examining regions with negative surpluses. In 2017, 29% of U.S. 

agricultural land reported negative annual phosphorus surpluses, yet 61% of these areas have 

positive cumulative surpluses due to historical phosphorus overuse. Although a negative surplus 

indicates soil phosphorus mining, which can threaten long-term soil health, the cumulative 

surplus highlights that these areas likely draw on previously accumulated stores to sustain crop 

yields. Evidence of mining happening offers a pathway to potentially improve environmental 

outcomes, a promising perspective for future research and action.  

Moreover, there are regional disparities in the magnitude of cumulative phosphorus stores. For 

example, in 1980, Region 4 had virtually no cumulative surplus (~ -1 kg ha-1), while Regions 6 

and 7 had substantial and increasing accumulated stores, reaching 286 and 578 kg-P ha-1 by 

2017, respectively (Figure 6.4a). We can see that much of Region 4 remains with a negative 

surplus, but cumulative surplus in the eastern part of the region is intensifying and has similar 

magnitudes to Region 6.  

https://paperpile.com/c/DQCtMY/XxVdi+HEVb+X3Y10+Vk2G
https://paperpile.com/c/DQCtMY/XxVdi+HEVb+X3Y10+Vk2G
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Figure 6.4 National and regional cumulative phosphorus surplus from 1930 - 1980 and 

1930 - 2017. Cumulative phosphorus surplus can be used as an integrative metric for decades of 

phosphorus surplus as it provides historical context in assessing the current state of an 

agricultural system. Regions are aggregated HUC2 hydrological regions. Panel (a) captures the 

total agricultural area weighted mass of cumulative surplus at the national and regional scale, and 

panel (b-c) shows the spatial distribution of positive and negative cumulative surplus stores in 

1980 and 2017. Bar charts for all regions are available as Supplemental Figure 6.4.  

Lastly, relying solely on either surplus or PUE for assessments can oversimplify systems that, in 

reality, differ vastly in their efficiency or environmental impact. For example, PUE as a 

production indicator can quantify how effectively phosphorus inputs are used in crop production. 

However, as a relative metric, PUE does not quantify the residual surplus nutrients available to 

erode and contribute to water quality degradation (Schröder et al., 2011). A system with a PUE 

of 0.8 can be associated with vastly different scales of phosphorus use, from minor to significant 

surpluses dictated by the magnitude of inputs into the system. Therefore, while PUE provides 

essential context, leveraging multiple indicators can provide a more comprehensive state of the 

sustainability of the landscape. 

6.3.2 Toward a holistic approach for landscape socio-environmental evaluation 

Interpreting the state and progress of diverse landscapes through a single indicator poses a 

challenge in drawing broad conclusions about agricultural sustainability and environmental 

https://paperpile.com/c/DQCtMY/LNv5M
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health. To address the indicator limitations, we propose an integrated framework that takes into 

account both cumulative phosphorus surplus (1930—present) and phosphorus use efficiency. 

Integrating these two metrics allows us to consider long-term phosphorus-use magnitudes as well 

as the efficiency of use and likely future trajectories (Figure 6.5).  

 

Figure 6.5 A composite diagram of the classification of agricultural land in the multi-

indicator framework and how the quadrant classification changes over time. Panels a and c 

show the cumulative agricultural phosphorus surplus and phosphorus use efficiency capturing 

grid of agricultural land in 1980 and b, d in 2017. Panel e shows a Sankey diagram capturing the 

distribution and change of quadrant classification of agricultural land. Intensification remains the 

dominant quadrant, but has decreased from 1980 to 2017. F. Grid cells are categorized into four 

modes: Q1 Recovery (overapplication), Q2 Intensification, Q3 Recovery (soil depletion), and Q4 
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Unsustainable Use. The quadrant plot of cumulative phosphorus surplus and PUE demonstrates 

that most areas in 1980 are undergoing intensification with a PUE < 1 and a positive cumulation 

phosphorus surplus.  

Within this framework, each indicator serves a specific purpose: cumulative surplus measures 

the total phosphorus stock in agricultural lands, representing the system's current state, while 

PUE acts as a directional vector, indicating whether the cumulative surplus is increasing or 

decreasing. A PUE further from 1 implies a faster rate of change in the cumulative stock (Figure 

6.5f). As shown in Figure 6.5a-b, using the cumulative phosphorus surplus and PUE as two 

different axes of analysis, we can identify four different states of landscape phosphorus history 

and management (Figure 6.5f). 

Quadrant 1 (Q1) we identify as a “Recovery” class, meaning that while there is a positive 

cumulative phosphorus surplus, PUE is greater than 1, indicating that accumulated phosphorus is 

being used to support crop growth and that no additional excess phosphorus is being added to the 

landscape. Quadrant 2 (Q2) is the “Intensification” class, characterized by a decreasing positive 

cumulative phosphorus surplus with a PUE of less than 1. This indicates that the system is 

accumulating phosphorus. Quadrant 3 (Q3), identified as “Recovery (Soil Depletion),” is marked 

by an increasing negative cumulative surplus driven by a PUE below 1 and suggests that the 

depleted systems are recovering from soil phosphorus mining. Lastly, we identify Quadrant 4 

(Q4) as “Unsustainable Use,” with a decreasing negative cumulative surplus and a PUE above 1, 

indicating that the area is mining phosphorus from the soil, leading to long-term soil health 

issues. 

Our analysis spans two periods: 1980, coinciding with the peak of inorganic fertilizer usage, and 

2017, reflecting current conditions. In 1980, the majority (74%) of U.S. agricultural land was 

situated in the Intensification quadrant (Q2), a result of phosphorus inputs exceeding crop 

phosphorus removal (Figure 6.5c). While the majority of agricultural land (60%) remains in the 

Intensification quadrant, 21% of the land has improved phosphorus management and shifted to 

the Recovery (Overapplication) quadrant (Q1), with a large portion of which originated in the 

Intensification quadrant (Figure 6.5d). Areas in the Recovery (Overapplication) quadrant (Q1) 

are effectively drawing down cumulative phosphorus stores. However, croplands with prolonged 

PUE above 1 risk depleting soil phosphorus cumulative stores and moving to Unsustainable Use 

(Q4) eventually which may result in mining background stores of phosphorus, threatening soil 

health and risking crop yield reductions (Brownlie et al., 2021; G. K. MacDonald et al., 2011). 

We see this occurring in Illinois and the Mississippi Alluvial Plain, where decades of steadily 

increasing soybean and corn yields and plateauing fertilizer have gradually depleted the 

https://paperpile.com/c/DQCtMY/tEXt7+mzr2L
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cumulative surplus stores (Sabo et al., 2021). Phosphorus in parent material in these regions can 

exceed 1000 kg-P ha-1 (X. Yang et al., 2013), thus, it is possible that phosphorus soil stores are 

unsustainably being used to support current crop production. Indeed, estimates of contemporary 

phosphorus content in the top 30 cm of soil in the Q4 quadrant Illinois remain elevated, ranging 

from 4,000 to 6,000 kg-P ha-1 (Dolph et al., 2023). We, however, do not account for the transport 

of manure from outside regions of high manure production (Spiegal et al., 2020). While these 

transportation routes are not ubiquitous, they may influence the surplus in some regions. 

Lastly, we see a portion of the Recovery (Soil Depletion) moving to the Intensification quadrant 

due to expanding row crop agriculture in what was once low-productivity pasture land. While 

national fertilizer use decreased, the western regions are seeing increased use. These regions are 

intensifying as Recovery (Soil Depletion) shrinks between 1980 and 2017, with many of these 

areas in 1980 shifting to the Intensification quadrant. 

We find that areas with proportionately more fertilizer input have shifted from the Intensification 

quadrant to the Recovery (Overapplication) quadrant. In 1980, Q1-3 had manure and inorganic 

fertilizer contributions in roughly equal proportions (percent manure of total inputs = 36-51%) 

(Figure 6.6a). With the decrease in inorganic fertilizer starting in the 1980s and the sustained or 

increase in manure inputs, we find that the areas in the Intensification quadrant (Q2) have 

manure as the predominant input (54% IQR 33-75%; Wilcoxon rank sum test p-value < 0.001). 

This suggests that phosphorus intensification is largely by livestock manure generation (Figure 

6.6b). Thus, manure management remains underemphasized, particularly for areas in the 

Intensification quadrant (Q2), despite known links between livestock manure degrading water 

quality (Chadwick et al., 2011; Jones et al., 2019; Miralha et al., 2022; Secchi & Mcdonald, 

2019). Phosphorus management must account for regional phosphorus dynamics and address 

inefficient phosphorus use by improving phosphorus recycling (Spiegal et al., 2020; Van Meter 

et al., 2021). 
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Figure 6.6 Box plot of the percent of the total inputs are from manure for (a) 1980 and (2) 

2017 for each quadrant. The intensification is predominantly driven by inputs manure P, with 

the boxplot showing that the median grid cell in Q4 has manure accounting for over 54% of 

inputs. Assume that an ideal system has no cumulative phosphorus surplus and has a PUE of 1, 

as in this scenario, there are no cumulative stores and crops consume all the applied phosphorus.  

6.4 Conclusion 

Phosphorus inputs are crucial for food production to meet the demands of a growing population. 

Nevertheless, its current use threatens the ecological integrity of the fresh and coastal water 

systems we depend on. Quantifying the state of the sustainable use of phosphorus in agricultural 

systems frequently relies on indicators, including phosphorus surplus and use efficiency. Our 

analysis using these indicators reveals an evolution in agricultural phosphorus management 

across the U.S., characterized by the changing fertilizer management, the proliferation of 

concentrated animal operations, and the landscape's memory of past phosphorus use. With varied 

regional trajectories influenced by disparate drivers, including climate, fertilizer and manure 

inputs, and low agricultural land use. 

Management relies on measurement; however, using metrics in isolation can oversimplify 

complex systems. To facilitate the assessment of phosphorus management in agricultural 

systems, we developed a framework using PUE and cumulative surplus. This framework enables 

a comprehensive understanding of the historical state and the current progress of phosphorus 

sustainability, which is essential for addressing long-term phosphorus use issues.  

Agricultural land is divided into four specific states reflecting the rate of change and the state of 

accumulated phosphorus stores in the soils: Recovery (Overapplication), Intensification, 

Recovery (Soil depletion), and Unsustainable Use. We applied the framework across decades, 

showing the transition of 29.5% of U.S. agricultural land from the Intensification quadrant to the 
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Recovery (Overapplication) quadrant, indicating successful measures to mitigate excess fertilizer 

phosphorus. However, 70% of the agricultural area in the U.S. remains in the Intensification 

quadrant, where we find that these areas have disproportionately more of their inputs from 

manure, pointing to the need to treat manure as a resource instead of the current approach of 

treating it as a waste product. The findings underscore the importance of nuanced phosphorus 

management strategies to address the diverse challenges of different agricultural systems and 

prevent unintended environmental consequences. 
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Chapter 7 Conclusions and Perspectives 

7.1 Summary of major findings 

In my thesis, I aim to contribute to our understanding of the relationship between nutrient inputs 

and outputs and how different processes and watershed properties modulate these relationships. 

In order to achieve this, Chapters 2 and 3 showcased the nitrogen and phosphorus mass balance 

datasets we developed, TREND and gTREND for nitrogen and phosphorus. These datasets 

quantify long-term anthropogenic nutrient fluxes, capturing the landscapes’ nutrient sources and 

sinks. These datasets are novel because of their spatial and temporal resolution, covering the 

contiguous U.S. annually from 1930 to 2017 at the county and 250m gridded scales. Ultimately, 

these data allow for the investigation of the effects of the long-term source and sink fluxes in the 

landscape on various environmental outcomes. 

Chapter 4 uses the gTREND-Nitrogen dataset to understand the relationship between watershed 

nitrogen inputs and exports. Decades of research have supported that nitrogen inputs into the 

watersheds drive load magnitudes, but see that changing nitrogen input does not always result in 

changes in watershed nitrogen export. Ultimately, we see that what drives nitrogen loads is 

different than what drives changes in nitrogen loads. We use over 400 watershed nitrogen inputs 

and load time series to investigate the relationship between net nitrogen inputs, or surplus, and 

loads. We placed watersheds into four typologies based on their input-load relationship. In 

general, we found that watersheds act as filters where different properties will change the way in 

which nitrogen is transported and processed. For instance, tile-drained agricultural watersheds 

tend to have shorter residence times and are more responsive to changes in net nitrogen inputs. 

Indeed, a few of these watersheds’ are the only agricultural watersheds where we find decreasing 

loads. However, watersheds with properties that lead to longer subsurface residence times and 

loads remain less responsive to changing inputs, indicating legacy stores may be modulating the 

watershed response to changing net nitrogen inputs.  

In Chapter 5, we aim to further characterize legacy nitrogen across the contiguous U.S. To 

achieve this, we use nitrogen retention--defined as the nitrogen stored in the soil organic nitrogen 

pool, the groundwater pool, or lost through denitrification--to better understand how much 

nitrogen is being temporarily (legacy) or permanently (denitrification) stored in the landscape. 

We built a machine learning model, trained on watershed inputs from gTREND-Nitrogen, 

climate, and land use characteristics to predict nitrogen load for over 2000 HUC8 watersheds, 
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covering the entire contiguous U.S. Together with inputs and predicted loads, we calculated the 

cumulative mass of retained nitrogen (1958-2017) and used this to investigate what drives 

retention. We find that agricultural regions in the U.S. have high magnitudes of cumulative 

retention but retain a lower proportion of their inputs. Meanwhile, watersheds with more input 

from manure or those with low inputs tend to retain a higher proportion of their inputs.  

Typically, further parsing retention into temporary (legacy) and permanent (denitrification) 

removal of nitrogen is often impossible because of the uncertainty around legacy dynamics and 

denitrification rates. However, due to existing literature estimates of legacy storage in the Upper 

Mississippi region, we attempt to estimate the proportion of nitrogen entering each HUC8 

watershed stored in the SON, groundwater pool, or lost to denitrification. We estimate that 

across all HUC8 watersheds, a median of  42% of nitrogen retained in the soil is stored as soil 

organic nitrogen, 16.5% in groundwater, and 40% is lost to denitrification. These estimates can 

help constrain process-based models used to understand legacies in the Upper Mississippi region. 

In my final chapter, I shifted from nitrogen to phosphorus. I explored current and historical 

agricultural phosphorus use and management in landscapes within the context of both food 

security and environmental health. We use the agricultural components from the newly 

developed gTREND-Phosphorus to characterize the extent of phosphorus depletion and excess. 

We use annual and cumulative phosphorus surplus and phosphorus use efficiency (PUE) to 

achieve this. We find that regional phosphorus inputs and crop export trajectories are influenced 

by changing fertilizer management, densification of livestock operations, and the landscape's 

memory of past phosphorus use. We use cumulative phosphorus surplus and PUE for each 

agricultural land grid-cell in a multi-indicator framework, which characterizes how phosphorus is 

being managed and where are areas of concern for phosphorus excess or limitations. Between 

1980 and 2017, we found that nearly 30% of the agricultural land has moved from a state of 

overuse of phosphorus to a state of recovery by depleting cumulative stores. However, 70% of 

the agricultural land is still accumulating phosphorus. These areas also correspond with areas 

with more of their inputs originating from manure inputs, indicating that manure is being treated 

as a waste product instead of a resource used to meet crop nutrient needs. 

By leveraging novel datasets, we can use a data-driven approach to explore nutrient use across 

space and time and its impact on environmental outcomes. I have made significant contributions 

towards understanding the magnitude and distribution of cumulative net nutrient input stores in 

the landscape, as well as the ways in which intrinsic watershed properties, climate, land 

management, and historical nutrient use can modulate the relationship between nutrient inputs 



 

 124 

and export. Our findings underscore the importance of nuanced, place-based, and context-

dependent nutrient management strategies, focusing on manure management, to address the 

diverse challenges of different agricultural systems and prevent unintended environmental 

consequences. 

7.2 Recommendations for future work 

My thesis findings aim to improve our understanding of legacy dynamics by contributing to the 

overall characterization of nutrient accumulation in the subsurface. It advances our 

understanding of the role of land use, nutrient management, and climate on accumulation and 

retention dynamics and how these factors may ultimately impact nitrogen export. The applied 

nature of my work highlights two critical pathways for future research aimed at refining our 

understanding and using the existing knowledge to implement targeted approaches to improve 

our water quality future. 

Improve publicly-available datasets 

Data-driven research is empirical and relies on available datasets to investigate correlations. At 

the national scale, a large disparity remains between available data and the data required to 

validate findings. In this study, we encountered instances of negative nitrogen or phosphorus 

surpluses. While negative surpluses are not necessarily indicative of estimation errors—

particularly in areas with soils that have high background nutrient concentrations—the lack of 

reliable data on these background concentrations limits our ability to validate some of these 

surpluses. 

Additionally, there is limited national-scale data on various watershed properties. There are 

known drivers of nutrient pollution and legacy effects investigated in previous studies, but we 

cannot fully assess their influence on water quality patterns due to data scarcity. For example, the 

size of concentrated animal operations is known to significantly impact water quality (Miralha et 

al., 2022). However, the national-scale location data for these operations is not publicly 

available, preventing us from considering their impact in this context. Thus, greater nuance and 

accuracy could be achieved in future analyses with improved access to open-source data. 

Balancing complexity to accommodate large spatial and temporal scales 

My research spans long-time scales and large spatial scales. As models move to cover larger 

scales, it is common for simplifications to be used to balance reliability and complexity. Creating 

https://paperpile.com/c/DQCtMY/7SQMv
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datasets at the contiguous U.S. scale requires simplification across many aspects, including 

model parameters and processes needed to build a flexible and reliable mass-balance model. 

While increasing model complexity may seem desirable to improve accuracy, we may see 

decreases in precision with the addition of new processes due to errors associated with the 

heterogeneity in processes across spatial and temporal scales and a lack of adequate data to 

model these complex processes. For example, future dataset iterations could benefit from 

improved characterization or reduced uncertainty in: 

● the spatial and temporal differences in crop nutrient concentrations;  

● the spatial and temporal differences in livestock excretion parameters due to feed type 

and use of supplements;  

● the locations and rate of nutrient removal from pasture grazing;  

● the agricultural fields that receive manure from nearby livestock operations (Spiegal et 

al., 2020);  

● the rate of biological nitrogen fixation for legumes; 

● volatilization and denitrification gas losses;  

● soil nitrogen and phosphorus retention mechanisms, rates, and stores;  

● inputs into groundwater;  

● natural biological nitrogen fixation 

Furthermore, we also take a parsimonious approach to understanding nutrient dynamics and 

drivers. While my research focuses on nitrogen and phosphorus in silos, nitrogen, phosphorus, 

and carbon cycles are tightly coupled, and the presence of each other modulates their dynamics. 

However, such simplifications are needed to understand nutrient dynamics at large spatial and 

long temporal scales. Working to integrate the biogeochemical cycles would likely offer further 

insights into nutrient and legacy dynamics. 

System-level planning for local solutions 

Certain watersheds in the U.S., such as the Chesapeake Bay (ex. Chang et al., 2022; Van Meter 

et al., 2017; Zhang et al., 2023) and the Mississippi River Basin (ex. Stackpoole et al. 2021; Van 

Meter et al. 2017), are better characterized because of their regional importance. Not all 

watersheds have been as well studied, and we need improved characterization of the dominant 

sources of nutrient legacies. Our work was able to identify some of these drivers. For instance, at 

the national scale, we found that crop nutrient needs are often met by inorganic fertilizer, while 

nutrients from manure are often in excess of crop nutrient needs. To address this challenge, we 
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must continue and prioritize stakeholder-driven research to develop feasible, system-level 

strategies for optimizing manure use to meet crop nutrient demands. The concept of 

"manuresheds" offers a promising approach to redistributing manure more effectively between 

areas of surplus and deficit. 

Improving water quality requires long-term thinking and sustained effort. However, it is 

challenging to determine whether implemented conservation interventions are ineffective or need 

more time to see improvements (Basu et al., 2022; Jarvie et al., 2013). A system-level approach 

that delivers both short- and long-term benefits can minimize skepticism and disillusionment 

among stakeholders about the efficacy of interventions due to long timelines. For example, 

nutrient management and cover crops effectively minimize excess nutrients in the root zone. 

However, their full benefits may take decades to materialize due to the persistent legacy of 

nutrients below the root zone. To accelerate progress, targeted interventions can be placed in 

watersheds with shorter travel times to achieve faster reductions in nutrient loads. We must also 

implement interventions that can intercept legacy fluxes or use legacy nutrient pools as a 

resource. This might include remediating reactive interfaces such as wetlands or floodplains to 

capture legacy-laden groundwater or using nitrogen-rich groundwater for irrigation, which can 

reduce lag times by preventing legacy nutrients from reaching rivers and surface water bodies. 
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Supplemental 

Chapter 2 

Supplemental Table 2.1. Normalized livestock weights (1958-2017). Weights of each 

livestock type are normalized to 2008 values, as reported by the USDA. 

Year 

Cattle, 

beef 

cows 

Cattle, 

milk 

cows 

Cattle, 

other 
Hogs Sheep Broilers 

Other 

Chickens 
Turkeys Goats Horses 

1958 0.79 0.79 0.79 0.89 0.71 0.60 0.85 0.52 0.71 1.00 

1959 0.81 0.81 0.81 0.89 0.72 0.60 0.85 0.52 0.72 1.00 

1960 0.80 0.80 0.80 0.89 0.72 0.60 0.85 0.52 0.72 1.00 

1961 0.81 0.81 0.81 0.90 0.71 0.62 0.85 0.54 0.71 1.00 

1962 0.80 0.80 0.80 0.90 0.71 0.61 0.84 0.55 0.71 1.00 

1963 0.81 0.81 0.81 0.90 0.71 0.62 0.83 0.56 0.71 1.00 

1964 0.81 0.81 0.81 0.91 0.71 0.62 0.83 0.56 0.71 1.00 

1965 0.79 0.79 0.79 0.90 0.73 0.63 0.82 0.57 0.73 1.00 

1966 0.80 0.80 0.80 0.91 0.74 0.63 0.81 0.57 0.74 1.00 

1967 0.81 0.81 0.81 0.90 0.73 0.64 0.80 0.59 0.73 1.00 

1968 0.80 0.80 0.80 0.90 0.74 0.64 0.80 0.61 0.74 1.00 

1969 0.80 0.80 0.80 0.89 0.75 0.65 0.80 0.62 0.75 1.00 

1970 0.82 0.82 0.82 0.90 0.76 0.65 0.80 0.62 0.76 1.00 

1971 0.81 0.81 0.81 0.89 0.75 0.66 0.78 0.62 0.75 1.00 

1972 0.82 0.82 0.82 0.89 0.76 0.67 0.77 0.63 0.76 1.00 

1973 0.82 0.82 0.82 0.90 0.78 0.67 0.76 0.62 0.78 1.00 

1974 0.82 0.82 0.82 0.91 0.76 0.68 0.76 0.63 0.76 1.00 

1975 0.79 0.79 0.79 0.90 0.76 0.67 0.74 0.61 0.76 1.00 

1976 0.80 0.80 0.80 0.89 0.79 0.68 0.76 0.63 0.79 1.00 

1977 0.81 0.81 0.81 0.89 0.79 0.69 0.74 0.64 0.79 1.00 

1978 0.81 0.81 0.81 0.89 0.80 0.70 0.75 0.65 0.80 1.00 
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1979 0.82 0.82 0.82 0.90 0.81 0.71 0.77 0.65 0.81 1.00 

1980 0.83 0.83 0.83 0.90 0.81 0.71 0.76 0.64 0.81 1.00 

1981 0.83 0.83 0.83 0.90 0.82 0.72 0.78 0.66 0.82 1.00 

1982 0.84 0.84 0.84 0.91 0.83 0.72 0.77 0.67 0.83 1.00 

1983 0.84 0.84 0.84 0.91 0.83 0.73 0.78 0.68 0.83 1.00 

1984 0.85 0.85 0.85 0.91 0.84 0.75 0.77 0.68 0.84 1.00 

1985 0.85 0.85 0.85 0.91 0.84 0.75 0.79 0.69 0.84 1.00 

1986 0.86 0.86 0.86 0.92 0.85 0.76 0.78 0.69 0.85 1.00 

1987 0.86 0.86 0.86 0.92 0.86 0.77 0.78 0.70 0.86 1.00 

1988 0.88 0.88 0.88 0.93 0.90 0.77 0.79 0.72 0.90 1.00 

1989 0.89 0.89 0.89 0.93 0.90 0.78 0.82 0.72 0.90 1.00 

1990 0.89 0.89 0.89 0.93 0.91 0.78 0.81 0.73 0.91 1.00 

1991 0.91 0.91 0.91 0.94 0.91 0.79 0.82 0.73 0.91 1.00 

1992 0.91 0.91 0.91 0.94 0.91 0.81 0.82 0.75 0.91 1.00 

1993 0.91 0.91 0.91 0.95 0.93 0.82 0.82 0.77 0.93 1.00 

1994 0.93 0.93 0.93 0.95 0.91 0.83 0.86 0.78 0.91 1.00 

1995 0.92 0.92 0.92 0.96 0.91 0.84 0.88 0.80 0.91 1.00 

1996 0.91 0.91 0.91 0.95 0.93 0.86 0.90 0.82 0.93 1.00 

1997 0.92 0.92 0.92 0.95 0.97 0.86 0.87 0.83 0.97 1.00 

1998 0.94 0.94 0.94 0.96 0.96 0.87 0.89 0.85 0.96 1.00 

1999 0.94 0.94 0.94 0.96 0.97 0.89 0.90 0.88 0.97 1.00 

2000 0.95 0.95 0.95 0.98 0.99 0.90 0.92 0.88 0.99 1.00 

2001 0.95 0.95 0.95 0.98 1.02 0.90 0.92 0.90 1.02 1.00 

2002 0.98 0.98 0.98 0.99 0.98 0.92 0.93 0.92 0.98 1.00 

2003 0.96 0.96 0.96 0.99 0.98 0.93 0.97 0.92 0.98 1.00 

2004 0.97 0.97 0.97 0.99 1.00 0.94 0.98 0.94 1.00 1.00 

2005 0.98 0.98 0.98 1.00 1.01 0.96 0.99 0.97 1.01 1.00 
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2006 0.99 0.99 0.99 1.00 1.00 0.98 1.06 0.97 1.00 1.00 

2007 0.99 0.99 0.99 1.00 1.00 0.99 1.04 0.98 1.00 1.00 

2008 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

2009 1.01 1.01 1.01 1.01 1.01 1.00 0.99 1.00 1.01 1.00 

2010 1.00 1.00 1.00 1.02 0.99 1.02 0.99 1.01 0.99 1.00 

2011 1.00 1.00 1.00 1.02 1.02 1.04 0.99 1.02 1.02 1.00 

2012 1.02 1.02 1.02 1.02 1.06 1.05 0.96 1.03 1.06 1.00 

2013 1.03 1.03 1.03 1.03 0.99 1.06 0.97 1.05 0.99 1.00 

2014 1.04 1.04 1.04 1.06 0.99 1.08 0.99 1.05 0.99 1.00 

2015 1.06 1.06 1.06 1.06 1.00 1.10 1.04 1.04 1.00 1.00 

2016 1.06 1.06 1.06 1.05 0.99 1.10 1.04 1.06 0.99 1.00 

2017 1.05 1.05 1.05 1.05 0.98 1.11 1.06 1.07 0.98 1.00 

 

Supplemental Table 2.2. Crop uptake parameters (field crops). Parameter values for all field 

crops, including harvested crop units, crop-unit conversion values, dry matter percentages, and 

fraction N in crop dry matter.   

Crop Type Reporting Unit 

Conversi

on 

(kg-

crop/repo

rting 

unit) 

Fraction 

Dry Matter 

(kg-

cropdry/kg-

crop) 

Fraction N 

in Dry 

Matter 

(kg-N /kg- 

cropdry) 

Citation 

Alfalfa hay dry tons 907.18 0.904 0.026 

(Hong et al., 2013; 
IPNI Estimates of 

Nutrient Uptake and 

Removal, n.d.)  

Barley bushels 21.77 0.889 0.021 (Swaney et al., 2012) 

Beans bushels 27.22 0.900 0.046 (Lander et al., 1998a) 

Beans hundredweight 45.36 0.900 0.046 (Lander et al., 1998a) 

Canola pounds 0.45 0.911 0.039 (Lander et al., 1998a)  

Corn, grainA bushels 25.40 0.867 0.015 
(Hong et al., 2013) 

Corn, grainB bushels 25.40 0.850 0.013 
(Villamil et al., 2019) 

Corn, silage acres 7967 0.284 0.012 

(Hong et al., 2013; 

USDA - National 

Agricultural 
Statistics Service - 

Surveys - 

Crops/stocks 

https://paperpile.com/c/t6I5QH/EndWF+kr8Vf
https://paperpile.com/c/t6I5QH/EndWF+kr8Vf
https://paperpile.com/c/t6I5QH/EndWF+kr8Vf
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https://paperpile.com/c/t6I5QH/EndWF+kr8Vf
https://paperpile.com/c/t6I5QH/EndWF+kr8Vf
https://paperpile.com/c/t6I5QH/j4jEW
https://paperpile.com/c/t6I5QH/zfPJc
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https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/kYzbi
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
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https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
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(agricultural Survey), 

n.d.) 

Corn, silage green tons 907.18 0.284 0.012 (Hong et al., 2013)  

Corn, totalC acres 6264 - - 

(USDA - National 

Agricultural 
Statistics Service - 

Surveys - 

Crops/stocks 
(agricultural Survey), 

n.d.)  

Sweet corn acres 4774 0.909 0.020 

(Lander et al., 1998a; 

U.S. Sweet Corn 
Statistics (Table 51 

and 52), 2010) 

Cotton bales 226.80 0.922 0.033 (Hong et al., 2013) 

Cropland pasture acres 907.18 1.000 0.025 (Hong et al., 2013) 

Flaxseed bushels 25.40 0.941 0.037 (Lander et al., 1998a) 

Hay, (excl alfalfa) dry tons 907.18 0.867 0.020 

(Hong et al., 2013; 
IPNI Estimates of 

Nutrient Uptake and 

Removal, n.d.) 

Hops pounds 0.45 0.700 0.032 (Lander et al., 1998a)  

Lentils pounds 0.45 0.887 0.044 (Lander et al., 1998a) 

Lentils hundredweight 45.36 0.887 0.044 (Lander et al., 1998a) 

Millet bushels 22.67 0.900 0.021 

(Lander et al., 1998a; 

USDA Economic 

Research Service, 
1992) 

Millet acres 527.80 0.900 0.021 

(Drew J. Lyon, Paul 

A Burgener, Karen L. 

DeBoer, Robert M 
Harveson, Gary L 

Hein, Gary W. 

Hergert, Lenis A. 
Nelson, 2008; Lander 

et al., 1998a) 

Non-Cropland pasture acres 453.59 1.000 0.020 (Hong et al., 2013) 

Oats bushels 14.51 0.894 0.020 (Hong et al., 2013) 

Peanuts bushels 9.98 0.940 0.043 

(Hong et al., 2013; 

Standard Weights per 
Bushel for 

Agricultural 

Commodities, n.d.) 

Peanuts pounds 0.45 0.940 0.043 (Hong et al., 2013) 

Potatoes hundredweight 45.36 0.223 0.016 (Hong et al., 2013) 

Potatoes acres 18688 0.223 0.016 

(Hong et al., 2013; 

USDA - National 

Agricultural 

Statistics Service - 
Surveys - 

Crops/stocks 

(agricultural Survey), 
n.d.) 

Potatoes bushels 27.22 0.223 0.016 

(Hong et al., 2013; 

USDA Economic 

Research Service, 
1992)  

Rice hundredweight 45.36 0.889 0.014 (Hong et al., 2013)  
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https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/zfPJc+WPraP
https://paperpile.com/c/t6I5QH/zfPJc+WPraP
https://paperpile.com/c/t6I5QH/zfPJc+WPraP
https://paperpile.com/c/t6I5QH/zfPJc+WPraP
https://paperpile.com/c/t6I5QH/zfPJc+WPraP
https://paperpile.com/c/t6I5QH/zfPJc+WPraP
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/EndWF+kr8Vf
https://paperpile.com/c/t6I5QH/EndWF+kr8Vf
https://paperpile.com/c/t6I5QH/EndWF+kr8Vf
https://paperpile.com/c/t6I5QH/EndWF+kr8Vf
https://paperpile.com/c/t6I5QH/EndWF+kr8Vf
https://paperpile.com/c/t6I5QH/EndWF+kr8Vf
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/kr8Vf+8rcjg
https://paperpile.com/c/t6I5QH/kr8Vf+8rcjg
https://paperpile.com/c/t6I5QH/kr8Vf+8rcjg
https://paperpile.com/c/t6I5QH/kr8Vf+8rcjg
https://paperpile.com/c/t6I5QH/kr8Vf+8rcjg
https://paperpile.com/c/t6I5QH/kr8Vf+8rcjg
https://paperpile.com/c/t6I5QH/kr8Vf+8rcjg
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf+ZKBFc
https://paperpile.com/c/t6I5QH/kr8Vf+ZKBFc
https://paperpile.com/c/t6I5QH/kr8Vf+ZKBFc
https://paperpile.com/c/t6I5QH/kr8Vf+ZKBFc
https://paperpile.com/c/t6I5QH/kr8Vf
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Rice bushels 20.25 0.889 0.014 

(Hong et al., 2013; 

USDA Economic 
Research Service, 

1992) 

Rye bushels 25.40 0.881 0.022 (Hong et al., 2013)  

Safflower pounds 0.45 0.924 0.027 (Hong et al., 2013)  

Safflower bushels 17.24 0.924 0.027 

(Grain Conversion 

Table, 2013; Lander 
et al., 1998a) 

Safflower acres 859.1 0.924 0.027 
(Lander et al., 1998a; 

USDA-NASS, 2017) 

Snap beans acres 3872.6 0.130 0.030 

(Meisinger & 
Randall, 1991; USDA 

- National 

Agricultural 

Statistics Service - 

Surveys - 

Crops/stocks 
(agricultural Survey), 

n.d.) 

Sorghum, grain bushels 25.40 0.894 0.020 (Hong et al., 2013) 

Sorghum, silage green tons 907.18 0.580 0.013  (Hong et al., 2013) 

SoybeansA bushels 27.22 0.906 0.065 
(Hong et al., 2013) 

SoybeansB bushels 27.22 0.870 0.062 
(Villamil et al., 2019) 

Sugar beets tons 907.19 0.191 0.012 (Lander et al., 1998a) 

Sunflower seeds bushels 14.50 0.933 0.031 

(Lander et al., 1998a; 

USDA Economic 
Research Service, 

1992) 

Sunflower seeds pounds 0.45 0.933 0.031 
 (Lander et al., 

1998a) 

Sweet potato bushels 22.68 0.318 0.008 (Lander et al., 1998a)  

Sweet potato acres 10482 0.318 0.008 

(Lander et al., 1998a; 

USDA - National 
Agricultural 

Statistics Service - 

Surveys - 
Crops/stocks 

(agricultural Survey), 

n.d.)  

Tobacco pounds 0.45 1.000 0.032 (Hong et al., 2013) 

Triticale bushels 25.40 0.891 0.030 
 (Lander et al., 

1998a) 

WheatA bushels 27.20 0.885 0.022 
(Hong et al., 2013)  

WheatB bushels 27.20 0.865 0.017 
(Villamil et al., 2019)  

A Value before 1980.  
B Value after 2014 
C Parameter used in intermediary calculation, “silage corn (kg) = total corn (kg) – corn for grain (kg)” for 

1944.   

Supplemental Table 2.3. Crop uptake parameters (Fruit and vegetables). Parameter values 

for vegetables, including crop harvest units, crop-unit conversion values, and fraction N in crop 

mass.   

https://paperpile.com/c/t6I5QH/kr8Vf+ZKBFc
https://paperpile.com/c/t6I5QH/kr8Vf+ZKBFc
https://paperpile.com/c/t6I5QH/kr8Vf+ZKBFc
https://paperpile.com/c/t6I5QH/kr8Vf+ZKBFc
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/XVTj0+zfPJc
https://paperpile.com/c/t6I5QH/XVTj0+zfPJc
https://paperpile.com/c/t6I5QH/XVTj0+zfPJc
https://paperpile.com/c/t6I5QH/XVTj0+zfPJc
https://paperpile.com/c/t6I5QH/XVTj0+zfPJc
https://paperpile.com/c/t6I5QH/GD5H4+zfPJc
https://paperpile.com/c/t6I5QH/GD5H4+zfPJc
https://paperpile.com/c/t6I5QH/Vy8rH+pvsNQ
https://paperpile.com/c/t6I5QH/Vy8rH+pvsNQ
https://paperpile.com/c/t6I5QH/Vy8rH+pvsNQ
https://paperpile.com/c/t6I5QH/Vy8rH+pvsNQ
https://paperpile.com/c/t6I5QH/Vy8rH+pvsNQ
https://paperpile.com/c/t6I5QH/Vy8rH+pvsNQ
https://paperpile.com/c/t6I5QH/Vy8rH+pvsNQ
https://paperpile.com/c/t6I5QH/Vy8rH+pvsNQ
https://paperpile.com/c/t6I5QH/Vy8rH+pvsNQ
https://paperpile.com/c/t6I5QH/Vy8rH+pvsNQ
https://paperpile.com/c/t6I5QH/Vy8rH+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/kYzbi
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc+pvsNQ
https://paperpile.com/c/t6I5QH/zfPJc+pvsNQ
https://paperpile.com/c/t6I5QH/zfPJc+pvsNQ
https://paperpile.com/c/t6I5QH/zfPJc+pvsNQ
https://paperpile.com/c/t6I5QH/zfPJc+pvsNQ
https://paperpile.com/c/t6I5QH/zfPJc+pvsNQ
https://paperpile.com/c/t6I5QH/zfPJc+pvsNQ
https://paperpile.com/c/t6I5QH/zfPJc+pvsNQ
https://paperpile.com/c/t6I5QH/zfPJc+pvsNQ
https://paperpile.com/c/t6I5QH/zfPJc+pvsNQ
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/kr8Vf
https://paperpile.com/c/t6I5QH/kYzbi
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Crop Type Reporting Unit 

Conversion 

(kg-crop/ 

reporting unit) 

Fraction N in 

crop 

(kg-N/kg-crop) 

Citation 

Asparagus acres 756 0.005 

(Doerge et al., 1991; 

USDA Economics, 

Statistics and Market 
Information System, 

2010a)  

Broccoli acres 5130 0.009 

(Doerge et al., 1991; 
USDA Economics, 

Statistics and Market 

Information System, 
2011a) 

Cantaloupes acres 9550 0.002 

(Bouwman, Van Drescht, 

et al., 2005; UC Davis, 

n.d.; USDA Economics, 
Statistics and Market 

Information System, 

2013a) 

Carrots acres 15866 0.003 

(Bouwman, Van Drescht, 

et al., 2005; USDA 

Economics, Statistics and 
Market Information 

System, 2011b) 

Lettuce acres 13467 0.002 

(Geisseler & Horwath, 

2016; USDA Economics, 
Statistics and Market 

Information System, 
2011c) 

Onions acres 16795 0.0026 

(Geisseler et al., 2022; 

USDA Economics, 

Statistics and Market 
Information System, 

2011d) 

Peppers acres 11122 0.001 

(Bouwman, Van Drescht, 
et al., 2005; USDA 

Economics, Statistics and 

Market Information 
System, 2008) 

Pumpkin acres 9072 0.001 

(Aegerter et al., 2013; 

Bouwman, Van Drescht, 

et al., 2005; USDA 
Economic Research 

Service, n.d.) 

Squash acres 6008 0.001 

(Bouwman, Van Drescht, 
et al., 2005; National IPM 

Database - 2002 Crop 

Profile for Squash in 
Florida: Document 

Report, n.d.; New Jersey 

Department of 

Agriculture, 2015) 

Strawberry acres 15236 0.003 

(Bottoms et al., 2013; 

USDA Economics, 
Statistics and Market 

Information System, 

2013b; Weber et al., n.d.) 

Tomatoes acres 20550 0.0013 

(Bouwman, Van Drescht, 
et al., 2005; Geisseler & 

Horwath, n.d.; USDA 

Economics, Statistics and 
Market Information 

System, 2010b) 

https://paperpile.com/c/t6I5QH/brzEm+hKUEv
https://paperpile.com/c/t6I5QH/brzEm+hKUEv
https://paperpile.com/c/t6I5QH/brzEm+hKUEv
https://paperpile.com/c/t6I5QH/brzEm+hKUEv
https://paperpile.com/c/t6I5QH/brzEm+hKUEv
https://paperpile.com/c/t6I5QH/Do7yG+hKUEv
https://paperpile.com/c/t6I5QH/Do7yG+hKUEv
https://paperpile.com/c/t6I5QH/Do7yG+hKUEv
https://paperpile.com/c/t6I5QH/Do7yG+hKUEv
https://paperpile.com/c/t6I5QH/Do7yG+hKUEv
https://paperpile.com/c/t6I5QH/3YSXX+YUyZJ+i7SAq
https://paperpile.com/c/t6I5QH/3YSXX+YUyZJ+i7SAq
https://paperpile.com/c/t6I5QH/3YSXX+YUyZJ+i7SAq
https://paperpile.com/c/t6I5QH/3YSXX+YUyZJ+i7SAq
https://paperpile.com/c/t6I5QH/3YSXX+YUyZJ+i7SAq
https://paperpile.com/c/t6I5QH/3YSXX+YUyZJ+i7SAq
https://paperpile.com/c/t6I5QH/HdfVm+i7SAq
https://paperpile.com/c/t6I5QH/HdfVm+i7SAq
https://paperpile.com/c/t6I5QH/HdfVm+i7SAq
https://paperpile.com/c/t6I5QH/HdfVm+i7SAq
https://paperpile.com/c/t6I5QH/HdfVm+i7SAq
https://paperpile.com/c/t6I5QH/tgsra+vPRR5
https://paperpile.com/c/t6I5QH/tgsra+vPRR5
https://paperpile.com/c/t6I5QH/tgsra+vPRR5
https://paperpile.com/c/t6I5QH/tgsra+vPRR5
https://paperpile.com/c/t6I5QH/tgsra+vPRR5
https://paperpile.com/c/t6I5QH/vEHJb+rbiii
https://paperpile.com/c/t6I5QH/vEHJb+rbiii
https://paperpile.com/c/t6I5QH/vEHJb+rbiii
https://paperpile.com/c/t6I5QH/vEHJb+rbiii
https://paperpile.com/c/t6I5QH/vEHJb+rbiii
https://paperpile.com/c/t6I5QH/xZ7DN+i7SAq
https://paperpile.com/c/t6I5QH/xZ7DN+i7SAq
https://paperpile.com/c/t6I5QH/xZ7DN+i7SAq
https://paperpile.com/c/t6I5QH/xZ7DN+i7SAq
https://paperpile.com/c/t6I5QH/xZ7DN+i7SAq
https://paperpile.com/c/t6I5QH/3F9s9+cUrPk+i7SAq
https://paperpile.com/c/t6I5QH/3F9s9+cUrPk+i7SAq
https://paperpile.com/c/t6I5QH/3F9s9+cUrPk+i7SAq
https://paperpile.com/c/t6I5QH/3F9s9+cUrPk+i7SAq
https://paperpile.com/c/t6I5QH/3F9s9+cUrPk+i7SAq
https://paperpile.com/c/t6I5QH/MBvhG+54IXK+i7SAq
https://paperpile.com/c/t6I5QH/MBvhG+54IXK+i7SAq
https://paperpile.com/c/t6I5QH/MBvhG+54IXK+i7SAq
https://paperpile.com/c/t6I5QH/MBvhG+54IXK+i7SAq
https://paperpile.com/c/t6I5QH/MBvhG+54IXK+i7SAq
https://paperpile.com/c/t6I5QH/MBvhG+54IXK+i7SAq
https://paperpile.com/c/t6I5QH/MBvhG+54IXK+i7SAq
https://paperpile.com/c/t6I5QH/MBvhG+54IXK+i7SAq
https://paperpile.com/c/t6I5QH/MBvhG+54IXK+i7SAq
https://paperpile.com/c/t6I5QH/MBvhG+54IXK+i7SAq
https://paperpile.com/c/t6I5QH/Vasxs+7r9lw+iHuQI
https://paperpile.com/c/t6I5QH/Vasxs+7r9lw+iHuQI
https://paperpile.com/c/t6I5QH/Vasxs+7r9lw+iHuQI
https://paperpile.com/c/t6I5QH/Vasxs+7r9lw+iHuQI
https://paperpile.com/c/t6I5QH/Vasxs+7r9lw+iHuQI
https://paperpile.com/c/t6I5QH/TXVR1+i7SAq+SaZuH
https://paperpile.com/c/t6I5QH/TXVR1+i7SAq+SaZuH
https://paperpile.com/c/t6I5QH/TXVR1+i7SAq+SaZuH
https://paperpile.com/c/t6I5QH/TXVR1+i7SAq+SaZuH
https://paperpile.com/c/t6I5QH/TXVR1+i7SAq+SaZuH
https://paperpile.com/c/t6I5QH/TXVR1+i7SAq+SaZuH
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Watermelon acres 8417 0.002 

(Bouwman, Van Drescht, 

et al., 2005; Weber et al., 
n.d.)  

Sugarcane acres 33109 0.002 

(Bouwman, Van Drescht, 

et al., 2005; USDA - 
National Agricultural 

Statistics Service - State 

Agricultural Overview, 
n.d.)  

Sugarcane tons 907.19 0.002 
(Bouwman, Van Drescht, 

et al., 2005)  

 

  

https://paperpile.com/c/t6I5QH/i7SAq+iHuQI
https://paperpile.com/c/t6I5QH/i7SAq+iHuQI
https://paperpile.com/c/t6I5QH/i7SAq+iHuQI
https://paperpile.com/c/t6I5QH/i7SAq+E87RK
https://paperpile.com/c/t6I5QH/i7SAq+E87RK
https://paperpile.com/c/t6I5QH/i7SAq+E87RK
https://paperpile.com/c/t6I5QH/i7SAq+E87RK
https://paperpile.com/c/t6I5QH/i7SAq+E87RK
https://paperpile.com/c/t6I5QH/i7SAq+E87RK
https://paperpile.com/c/t6I5QH/i7SAq+E87RK
https://paperpile.com/c/t6I5QH/i7SAq+E87RK
https://paperpile.com/c/t6I5QH/i7SAq
https://paperpile.com/c/t6I5QH/i7SAq
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Supplemental Table 2.4. Crop uptake parameters (Fruits and Orchard Crops). Parameter 

values for fruits and orchard crops, including crop harvest units and crop-unit N uptake values.  

Crop Type Reporting Unit N Uptake 

(kg-

N/reporting 

unit) 

Citation 

Almonds trees 0.82 
(Geisseler, 2016; University of California 

Cooperative Extension, 2016)  

Apple trees 0.23 (Neilsen et al., 2001; Neilsen & Neilsen, 2002)  

Apricot trees 0.15 (Sanchez, 2016; UC Davis, n.d.) 

Avocado trees 1.06 (Lovatt, 1996; UC Davis, n.d.) 

Cherry trees 0.23 (De Moura R., n.d.; San-Martino et al., 2010) 

Grapefruit trees 0.31 (Dagan, 1987) 

Olive trees 0.06 (Belguerri et al., 2016) 

Orange trees 0.31 (Dagan, 1987)  

Peach trees 0.15 (Sanchez, 2016; UC Davis, n.d.) 

Pear trees 0.23 
(Neilsen et al., 2001; Neilsen & Neilsen, 2002; 

Raese, 1998) 

Pecan trees 1.50 (Kraimer et al., 2001, 2004) 

Pistachio trees 0.44 (UC Davis, n.d.) 

Prune and plums trees 0.38 (UC Davis, n.d.)  

Walnut trees 1.30 (UC Davis, n.d.; Weinbaum et al., 1991) 

Grapes vines 0.03 (Hanson & Howell, 1995; Peacock et al., 1991) 

Cranberry acres 18.14 (Roper et al., 2000) 

Blackberries acres 13.50 (Mohadjer et al., 2015; Rempel et al., 2004) 

Blueberry acres 10.93 (White et al., 2006) 

Raspberries acres 16.20 (Mohadjer et al., 2015; Rempel et al., 2004) 

 

 

  

https://paperpile.com/c/t6I5QH/DEdSj+Gq1MA
https://paperpile.com/c/t6I5QH/DEdSj+Gq1MA
https://paperpile.com/c/t6I5QH/y5cAi+wYyaU
https://paperpile.com/c/t6I5QH/ScG5G+YUyZJ
https://paperpile.com/c/t6I5QH/YUyZJ+1699Q
https://paperpile.com/c/t6I5QH/bT1mB+7Sye8
https://paperpile.com/c/t6I5QH/ga3UM
https://paperpile.com/c/t6I5QH/MoQ8X
https://paperpile.com/c/t6I5QH/ga3UM
https://paperpile.com/c/t6I5QH/ScG5G+YUyZJ
https://paperpile.com/c/t6I5QH/y5cAi+wYyaU+W2kyG
https://paperpile.com/c/t6I5QH/y5cAi+wYyaU+W2kyG
https://paperpile.com/c/t6I5QH/v3GnC+y2nb4
https://paperpile.com/c/t6I5QH/YUyZJ
https://paperpile.com/c/t6I5QH/YUyZJ
https://paperpile.com/c/t6I5QH/YUyZJ+70j93
https://paperpile.com/c/t6I5QH/CNB02+1v1AF
https://paperpile.com/c/t6I5QH/O3vKm
https://paperpile.com/c/t6I5QH/VYZ4c+1n6A8
https://paperpile.com/c/t6I5QH/dyxuc
https://paperpile.com/c/t6I5QH/VYZ4c+1n6A8
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Supplemental 

Chapter 3 

Supplemental Table 3.1. Aggregation and Disaggregation of Census Cattle and Poultry 

Categories, 1930-2017  

  

Year Data Available Description of Process 

Cattle and cows 

1930 

Cow & heifers > 2 yr, beef production 

Cow and heifers > 2yr for milk and beef were categorized 

as milk and beef cattle, respectively. ‘Other cattle’ was 

calculated by summing the remaining categories. 

Cow & heifers > 2 yr, milk 

production 

Cow & heifers < 2 yr, beef production 

Cow & heifers < 2 yr, milk 

production 

Heifers, yearlings 

Bulls > 1yr 

Steers & bulls, 1 yr 

Steers, 2 yrs 

Steers > 2 yrs 

Calves 

1935 

Cows & heifers > 2 yr 
Cows and heifers > 2yrs was split into milk and beef cattle 

using county-scale fractions (i.e. milk cattle to cows & 

heifers > 2 yr ratio) from 1940. ‘Other cattle’ was 

calculated by summing the remaining categories. 

Heifers < 2 yr 

Steers & bull > 1 yr 

Calves 

1940 

All cattle 

‘Other cattle’ was calculated by finding the difference 

between all cattle and milk and beef cattle. 

Cow & heifers > 2 yr, beef production 

Cow & heifers > 2 yr, milk 

production 

1945 

All cattle Cows and heifers > 2yrs was split into milk and beef cattle 

using county-scale fractions (i.e. milk cattle to cows & 

heifers > 2 yr ratio) from 1940. ‘Other cattle’ was 

calculated by finding the difference between all cattle and 

milk and beef cattle. 

Cows & heifers > 2 yr 
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1950 

All cattle The difference between Cows & heifers that have calved 

and Cows and heifers > 2yrs, milk production was used to 

calculate beef cattle. ‘Other cattle’ was calculated by 

finding the difference between all cattle and milk and beef 

cattle. 

Cows & heifers > 2 yr 

Cow & heifers > 2yr, milk production 

1954 to 

1964 

Cows & heifers that have calved 

The difference between Cows & heifers that have calved 

and Cows and heifers > 2yrs, milk production was used to 

calculate beef cattle.‘ Other cattle’ was calculated by 

summing the remaining categories. 

Cow & heifers > 2 yr, milk 

production 

Steers & bulls, incld. calves 

Heifers & heifer calves, number 

1969 to 

1997 

Cow & heifers > 2 yr, beef production 

‘Other cattle’ was calculated by summing the remaining 

categories. 

Cow & heifers > 2 yr, milk 

production 

Steers & bulls, incld. calves 

Heifers & heifer calves, number 

2002 to 

2017 

Cow & heifers > 2 yr, beef production 

No calculations required. 
Cow & heifers > 2 yr, milk 

production 

Other cattle 
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Supplemental Table 3.1 (cont’d)  

 

  

Chicken and Broiler Chickens 

1930 to 

1964 
Chickens > 3 mths 

Chickens > 3 months categorized as other chickens. 

Broilers were scaled from 1969 to 1930 using rate of 

change of broiler consumption (kg consumed) and broiler 

live weight (kg meat/chicken) to establish the percent 

change of national broiler inventory for each census year. 

1969 to 

1974 

Chickens > 4 mths 
Chickens > 4 months categorized as other chickens. 

Broilers & other meat chickens 

1978 to 

1992 

Chickens > 3 mths 

Chickens > 3 mth and pullets < 3 mths are categorized as 

other chickens. 
Pullets < 3 mths 

Broilers & other meat chickens 

1997 

Layers & pullets > 3 mths 

Layers & pullets > 13 wks and pullet chicks & pullets < 13 

wks are categorized as other chickens. 
Pullet chicks & pullets < 3 mths 

Broilers & other meat chickens 

2002 to 

2017 

Layers > 20 wks 

Layers > 20 wks and pullet checks for laying flock 

replacement are categorized as other chickens. 

Pullet chickens for laying flock 

replacement 

Broilers & other meat chickens 
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Supplemental Table 3.2. Crop phosphorus uptake parameters (field crops). Parameter 

values for all field crops, including harvested crop units, crop-unit conversion values, fraction of 

P in crops, dry matter percentages, and fraction P in crop dry matter. 

Crop Type 
Reporting 

Unit 

Conversi

on 

(kg-

crop/rep

orting 

unit) 

Fractio

n P in 

Crop 

(kg-P 

/kg- 

cropdry) 

Fraction 

Dry 

Matter 

(kg-

cropdry/

kg-crop) 

Fraction 

P in Dry 

Matter 

(kg-P /kg- 

cropdry) 

Citation 

Alfalfa hay dry tons 907.18 - 0.904 0.0026 

(IPNI Estimates of 

Nutrient Uptake and 

Removal, n.d.; Swaney 

& Howarth, 2019a)  

Barley bushels 21.77 - 0.889 0.0042 
(Swaney & Howarth, 

2019a) 

Beans bushels 27.22 - 0.900 0.0054 (Lander et al., 1998a) 

Beans hundredweight 45.36 - 0.900 0.0054 (Lander et al., 1998a) 

Canola pounds 0.45 - 0.911 0.0062 (Lander et al., 1998a)  

Corn, grainA bushels 25.40 - 0.867 0.00317 
(Swaney & Howarth, 

2019a) 

Corn, grainB bushels 25.40 - 0.850 0.0027 (Villamil et al., 2019) 

Corn, silage acres 7967 - 0.284 0.0019 

(Swaney & Howarth, 

2019a; USDA - 

National Agricultural 
Statistics Service - 

Surveys - Crops/stocks 

(agricultural Survey), 

n.d.) 

Corn, silage green tons 907.18 - 0.284 0.0019 
(Swaney & Howarth, 

2019a)  

Corn, totalC acres 6264 - - - 

(USDA - National 
Agricultural Statistics 

Service - Surveys - 

Crops/stocks 
(agricultural Survey), 

n.d.)  

Cotton bales 226.80 - 0.922 0.0041 
(Swaney & Howarth, 

2019a) 

Cropland pasture acres 907.18 - 1.000 0.0055 
(Swaney & Howarth, 

2019a) 

Flaxseed bushels 25.40 - 0.941 0.0057 (Lander et al., 1998a) 

Hay, (excl 

alfalfa) 
dry tons 907.18 - 0.867 0.0026 

(IPNI Estimates of 

Nutrient Uptake and 

Removal, n.d.) 

Hops pounds 0.45 - 0.700 0.005 (Lander et al., 1998a)  

Lentils pounds 0.45 - 0.887 0.0043 (Lander et al., 1998a) 

Lentils hundredweight 45.36 - 0.887 0.0043 (Lander et al., 1998a) 

Millet bushels 22.67 - 0.900 0.0034 

(Lander et al., 1998a; 

USDA Economic 

Research Service, 
1992) 

Millet acres 527.80 - 0.900 0.0034 

(Drew J. Lyon, Paul A 

Burgener, Karen L. 

DeBoer, Robert M 
Harveson, Gary L 

Hein, Gary W. 

https://paperpile.com/c/t6I5QH/EndWF+4Nt9w
https://paperpile.com/c/t6I5QH/EndWF+4Nt9w
https://paperpile.com/c/t6I5QH/EndWF+4Nt9w
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https://paperpile.com/c/t6I5QH/EndWF+4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/kYzbi
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/pvsNQ
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/EndWF
https://paperpile.com/c/t6I5QH/EndWF
https://paperpile.com/c/t6I5QH/EndWF
https://paperpile.com/c/t6I5QH/EndWF
https://paperpile.com/c/t6I5QH/EndWF
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc+ZKBFc
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
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Hergert, Lenis A. 

Nelson, 2008; Lander 
et al., 1998a) 

Non-Cropland 

pasture 
acres 453.59 - 1.000 0.0044 

(Swaney & Howarth, 

2019a) 

Oats bushels 14.51 - 0.894 0.0037 
(Swaney & Howarth, 

2019a) 

Peanuts bushels 9.98 - 0.940 0.0035 

(Standard Weights per 
Bushel for Agricultural 

Commodities, n.d.; 

Swaney & Howarth, 
2019a) 

Peanuts pounds 0.45 - 0.940 0.0035 
(Swaney & Howarth, 

2019a) 

Potatoes hundredweight 45.36 - 0.223 0.0025 
(Swaney & Howarth, 

2019a) 

Potatoes acres 18688 - 0.223 0.0025 

(Swaney & Howarth, 

2019a; USDA - 
National Agricultural 

Statistics Service - 

Surveys - Crops/stocks 
(agricultural Survey), 

n.d.) 

Potatoes bushels 27.22 - 0.223 0.0025 

(Swaney & Howarth, 
2019a; USDA 

Economic Research 

Service, 1992)  

Rice hundredweight 45.36 - 0.889 0.0033 
(Swaney & Howarth, 

2019a)  

Rice bushels 20.25 - 0.889 0.0033 

(Swaney & Howarth, 

2019a; USDA 
Economic Research 

Service, 1992) 

Rye bushels 25.40 - 0.881 0.0037 
(Swaney & Howarth, 

2019a)  

Safflower pounds 0.45 - 0.924 0.006 
(Swaney & Howarth, 

2019a)  

Safflower bushels 17.24 - 0.924 0.006 
(Grain Conversion 

Table, 2013; Lander et 
al., 1998a) 

Safflower acres 859.1 - 0.924 0.006 
(Lander et al., 1998a; 

USDA-NASS, 2017) 

Sorghum, grain bushels 25.40 - 0.894 0.0035 
(Swaney & Howarth, 

2019a) 

Sorghum, silage green tons 907.18 - 0.580 0.0021 
 (Swaney & Howarth, 

2019a) 

SoybeansA bushels 27.22 - 0.906 0.0066 
(Swaney & Howarth, 

2019a) 

SoybeansB bushels 27.22 - 0.870 0.0052 (Villamil et al., 2019) 

Sugar beets tons 907.19 - 0.191 0.0025 (Lander et al., 1998a) 

Sugarcane acres 33109 0.00015 - - 

(Bouwman, Van 

Drescht, et al., 2005; 

United States 
Department of 

Agriculture, n.d.; 

USDA - National 
Agricultural Statistics 

Service - State 

Agricultural Overview, 
n.d.)  

Sugarcane tons 907.19 0.00015 - - 
(Bouwman, Van 

Drescht, et al., 2005; 

https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/zfPJc+SyWxa
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
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https://paperpile.com/c/t6I5QH/4Nt9w
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https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/pvsNQ+4Nt9w
https://paperpile.com/c/t6I5QH/ZKBFc+4Nt9w
https://paperpile.com/c/t6I5QH/ZKBFc+4Nt9w
https://paperpile.com/c/t6I5QH/ZKBFc+4Nt9w
https://paperpile.com/c/t6I5QH/ZKBFc+4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/ZKBFc+4Nt9w
https://paperpile.com/c/t6I5QH/ZKBFc+4Nt9w
https://paperpile.com/c/t6I5QH/ZKBFc+4Nt9w
https://paperpile.com/c/t6I5QH/ZKBFc+4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/XVTj0+zfPJc
https://paperpile.com/c/t6I5QH/XVTj0+zfPJc
https://paperpile.com/c/t6I5QH/XVTj0+zfPJc
https://paperpile.com/c/t6I5QH/XVTj0+zfPJc
https://paperpile.com/c/t6I5QH/XVTj0+zfPJc
https://paperpile.com/c/t6I5QH/GD5H4+zfPJc
https://paperpile.com/c/t6I5QH/GD5H4+zfPJc
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/kYzbi
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/i7SAq+E87RK+i3Yek
https://paperpile.com/c/t6I5QH/i7SAq+E87RK+i3Yek
https://paperpile.com/c/t6I5QH/i7SAq+E87RK+i3Yek
https://paperpile.com/c/t6I5QH/i7SAq+E87RK+i3Yek
https://paperpile.com/c/t6I5QH/i7SAq+E87RK+i3Yek
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https://paperpile.com/c/t6I5QH/i7SAq+E87RK+i3Yek
https://paperpile.com/c/t6I5QH/i7SAq+E87RK+i3Yek
https://paperpile.com/c/t6I5QH/i7SAq+i3Yek
https://paperpile.com/c/t6I5QH/i7SAq+i3Yek
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United States 

Department of 
Agriculture, n.d.)  

Sunflower seeds bushels 14.50 - 0.933 0.0063 

(Lander et al., 1998a; 

USDA Economic 
Research Service, 

1992) 

Sunflower seeds pounds 0.45 - 0.933 0.0063  (Lander et al., 1998a) 

Sweet potato bushels 22.68 - 0.318 0.0015 (Lander et al., 1998a)  

Sweet potato acres 10482 - 0.318 0.0015 

(Lander et al., 1998a; 

USDA - National 

Agricultural Statistics 
Service - Surveys - 

Crops/stocks 

(agricultural Survey), 

n.d.)  

Tobacco pounds 0.45 - 1.000 0.0021 
(Swaney & Howarth, 

2019a) 

Triticale bushels 25.40 - 0.891 0.0034 (Lander et al., 1998a) 

WheatA bushels 27.20 - 0.885 0.0040 
(Swaney & Howarth, 

2019a)  

WheatB bushels 27.20 - 0.865 0.0027 (Villamil et al., 2019)  

A Value before 1980 
B Value after 2014 
C Parameter used in intermediary calculation, “silage corn (kg) = total corn (kg) – corn for grain (kg)” for 

1944.  

Supplemental Table 3.3. Crop uptake parameters (vegetables and melons). Parameter values 

for fruits and vegetables, including harvested crop units, crop-unit conversion values, fraction P 

in crop mass, fraction of dry matter in crops, and fraction of P in dry crop matter.  

Crop Type 
Reporting 

Unit 

Conversion 

(kg-

crop/reporti

ng unit) 

Fractio

n P in 

crop 

(g-P/kg-

crop) 

Fraction 

Dry 

Matter 

(kg-

cropdry/kg-

crop) 

Fraction P 

in Dry 

Matter 

(kg-P /kg- 

cropdry) 

Citation 

Asparagus acres 756 0.703 - - 

(Doerge et al., 1991; 

United States 

Department of 
Agriculture, n.d.; 

USDA Economics, 

Statistics and Market 
Information System, 

2010a)  

Broccoli acres 5130 1.318 - - 

(Doerge et al., 1991; 
United States 

Department of 

Agriculture, n.d.; 
USDA Economics, 

Statistics and Market 

Information System, 
2011a) 

Cantaloupes acres 9550 0.224 - - 

(Bouwman, Van 

Drescht, et al., 2005; 

UC Davis, n.d.; United 
States Department of 

https://paperpile.com/c/t6I5QH/i7SAq+i3Yek
https://paperpile.com/c/t6I5QH/i7SAq+i3Yek
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https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/zfPJc
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/4Nt9w
https://paperpile.com/c/t6I5QH/kYzbi
https://paperpile.com/c/t6I5QH/brzEm+hKUEv+i3Yek
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https://paperpile.com/c/t6I5QH/3YSXX+YUyZJ+i7SAq+i3Yek
https://paperpile.com/c/t6I5QH/3YSXX+YUyZJ+i7SAq+i3Yek


 

 165 

Agriculture, n.d.; 

USDA Economics, 
Statistics and Market 

Information System, 

2013a) 

Carrots acres 15866 0.705 - - 

(Bouwman, Van 

Drescht, et al., 2005; 

United States 
Department of 

Agriculture, n.d.; 

USDA Economics, 
Statistics and Market 

Information System, 

2011b) 

Lettuce acres 13467 0.304 - - 

(Geisseler & Horwath, 
2016; United States 

Department of 
Agriculture, n.d.; 

USDA Economics, 

Statistics and Market 
Information System, 

2011c) 

Onions acres 16795 0.528 - - 

(Geisseler et al., 2022; 

United States 
Department of 

Agriculture, n.d.; 

USDA Economics, 
Statistics and Market 

Information System, 

2011d) 

Peppers acres 11122 0.146 - - 

(Bouwman, Van 

Drescht, et al., 2005; 

United States 
Department of 

Agriculture, n.d.; 

USDA Economics, 
Statistics and Market 

Information System, 

2008) 

Pumpkin acres 9072 0.275 - - 

(Aegerter et al., 2013; 
Bouwman, Van 

Drescht, et al., 2005; 
United States 

Department of 

Agriculture, n.d.; 
USDA Economic 

Research Service, n.d.) 

Snap beans acres 3872.6 - 0.13 0.004 

(Meisinger & Randall, 

1991; United States 
Department of 

Agriculture, n.d.; 

USDA - National 

Agricultural Statistics 

Service - Surveys - 

Crops/stocks 
(agricultural Survey), 

n.d.) 

Squash acres 6008 0.206 - - 

(Bouwman, Van 
Drescht, et al., 2005; 

National IPM Database 

- 2002 Crop Profile for 
Squash in Florida: 

Document Report, n.d.; 

New Jersey 
Department of 
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Agriculture, 2015; 

United States 
Department of 

Agriculture, n.d.) 

Sweet corn acres 4774.0 - 0.909 0.004 

(Lander et al., 1998a; 
United States 

Department of 

Agriculture, n.d.; U.S. 
Sweet Corn Statistics 

(Table 51 and 52), 

2010) 

Tomatoes acres 20550 0.169 - - 

(Bouwman, Van 
Drescht, et al., 2005; 

Geisseler & Horwath, 

n.d.; United States 
Department of 

Agriculture, n.d.; 
USDA Economics, 

Statistics and Market 

Information System, 
2010b) 

Watermelon acres 8417 0.225 - - 

(Bouwman, Van 

Drescht, et al., 2005; 

United States 
Department of 

Agriculture, n.d.; 

Weber et al., n.d.)  

 

Supplemental Table 3.4. Crop uptake parameters (fruit and orchard crops). Parameter 

values for fruits and orchard crops, including harvested crop units, crop-unit conversion values, 

fraction of P in crops, and crop-unit P uptake values. 

Crop Type 
Reporting 

Unit 

Conversion 

(kg-crop/ 

reporting 

unit) 

Fraction P 

in crop 

(g-P/kg-

crop) 

P Uptake 

per 

reporting 

unit 

(kg-

P/reporting 

unit) 

Citation 

Almonds trees - - 0.112 

(Geisseler, 2016; United States 

Department of Agriculture, n.d.; 
University of California 

Cooperative Extension, 2016)  

Apple trees - - 0.061 
(Neilsen et al., 2001; Neilsen & 

Neilsen, 2002)  

Apricot trees - - 0.015 
 7,8(United States Department of 

Agriculture, n.d.) 

Avocado trees - - 0.172 
(UC Davis, n.d.; United States 

Department of Agriculture, n.d.) 

Blackberries acres - - 2.15 
(Mohadjer et al., 2015; Rempel 

et al., 2004; United States 
Department of Agriculture, n.d.) 

Blueberry acres - - 1.11 
(United States Department of 

Agriculture, n.d.; White et al., 

2006) 
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Cherry trees - - 0.013 
(De Moura R., n.d.; San-Martino 

et al., 2010; United States 
Department of Agriculture, n.d.) 

Cranberry acres - - 3.78 
(Roper et al., 2000; United States 

Department of Agriculture, n.d.) 

Grapefruit trees - - 0.045 
(Dagan, 1987; United States 

Department of Agriculture, n.d.) 

Grapes vines - - 0.0052 

(Hanson & Howell, 1995; 

Peacock et al., 1991; United 
States Department of 

Agriculture, n.d.) 

Olive trees - - 0.0012 
(Belguerri et al., 2016; United 

States Department of 
Agriculture, n.d.) 

Orange trees - - 0.018 
(Dagan, 1987; United States 

Department of Agriculture, n.d.)  

Peach trees - - 0.021 
(UC Davis, n.d.; United States 

Department of Agriculture, n.d.) 

Pear trees - - 0.041 

(Neilsen et al., 2001; Neilsen & 

Neilsen, 2002; Raese, 1998; 
United States Department of 

Agriculture, n.d.) 

Pecan trees - - 0.283 
(Kraimer et al., 2001, 2004; 

United States Department of 

Agriculture, n.d.) 

Pistachio trees - - 0.067 
(UC Davis, n.d.; United States 

Department of Agriculture, n.d.) 

Prune and 

plums 
trees - - 0.055 

(UC Davis, n.d.; United States 

Department of Agriculture, n.d.)  

Raspberries acres - - 2.43 
(Mohadjer et al., 2015; Rempel 

et al., 2004; United States 

Department of Agriculture, n.d.) 

Strawberry acres 15236 0.675 - 

(Bottoms et al., 2013; United 

States Department of 

Agriculture, n.d.; USDA 

Economics, Statistics and Market 
Information System, 2013b; 

Weber et al., n.d.) 

Walnut trees - - 0.184 
(UC Davis, n.d.; United States 

Department of Agriculture, n.d.; 

Weinbaum et al., 1991) 
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Supplemental 

Chapter 4 

Supplemental Table 4.1. Watershed properties used in spatial and temporal analyses.  

Category Name  

(abbreviation in text, 

if applicable) 

Description Citation 

Land Use 

Percent wetlands land 

use  
Percent watershed as wetland in 2011. 

(Falcone, 2017) 

Percent agricultural 

land use (Ag LU) 
Percent watershed as agricultural land in 2011 

(Falcone, 2017) 

Percent urban land use 

(Urb LU)  
Percent watershed as developed land in 2011. 

(Falcone, 2017) 

Percent natural land use 

(Nat LU)  

Percent watershed as low impacted land use 

which includes wetland, open water, forested, 

shrubland, grassland, and barren. 

(Falcone, 2017) 

Population density 

(POP) 

Population density (pop km-2) in 2010 

aggregated from 60-m resolution to the 

watershed-scale. 

(Falcone, 2017) 

Landscape 

Management 

Percent tile-drained 

area (TD) 

The percentage of agricultural land in the 

watershed that is currently tile drained.  

(Falcone, 2017; 

Valayamkunnat

h et al., 2020) 

Geomorphology Percent clay + silt 
The silt and clay content as a percentage of 

total soil (sand, clay, silt). 
(Falcone, 2017) 

Inputs 

Agricultural inputs 

(INag) 

Total agricultural inputs (livestock manure, 

inorganic fertilizer, and biological nitrogen 

fixation) normalized by total watershed area 

(kg-N ha-1 yr-1). Averages were taken from 

2003 to the end of the timeseries. 

This study 
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Cumulative net 

agricultural inputs 

(NAICUMU) 

The cumulative net agricultural inputs 

(livestock manure, inorganic fertilizer, 

biological nitrogen fixation minus crop and 

pasture uptake) in 2017 or the last year of the 

export timeseries. Values are normalized by 

total watershed area (kg-N ha-1).  

This study 

Livestock manure to 

fertilizer ratio (M:F) 

The ratio of livestock manure N inputs to the 

total fertilizer (inorganic fertilizer and 

manure) normalized by total watershed area 

(kg-N ha-1 yr-1). Averages were taken from 

2003 to the end of the timeseries. 

This study 
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Inputs 

Annual percent change 

in manure (MAN) 

The annual percent change of manure inputs 

in each watershed between 1990 and 2017, or 

the available time series between periods. 

Slopes were calculated using Sen slope and 

normalized by the mean of the time series. 

This study 

Annual percent change 

in fertilizer and fixation 

(FT+FX) 

The annual percent change of inorganic 

fertilizer and biological nitrogen fixation 

inputs in each watershed between 1990 and 

2017, or the available time series between 

periods. Slopes were calculated using Sen 

slope and normalized by the mean of the time 

series. 

This study 

Annual percent change 

in crop uptake (CROP) 

The annual percent change of crop and 

pasture uptake in each watershed between 

1990 and 2017, or the available time series 

between periods. Slopes were calculated 

using Sen slope and normalized by the mean 

of the time series. 

This study 

Climate Aridity Index (AI) 

Watershed average aridity index, which 

measures the dryness of a watershed, is 

calculated by taking the ratio of potential 

evapotranspiration to precipitation. 

61 

Hydrology 

Export Ratio (ER) 

The ratio of the average load to the mean 

average. Averages were taken from 2003 to 

the end of the timeseries.  

This study 

Load (L) 

The average area normalized load from each 

watershed. Averages were taken from 2003 to 

the end of the timeseries.  

This study 

 

https://paperpile.com/c/ebWBMq/Ok2I7
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Supplemental Figure 4.1. Nitrogen loads are correlated with surplus (net N inputs) from the landscape 

across 492 watersheds with loads constituting approximately 15% of N surplus (R2 = 0.37). The scatter 

however suggests the influence of other factors in driving N loads. 

 

Supplemental Table 4.2. P value from Wilcoxon rank-sum test for each quadrant between 

watershed characteristics. Highlighted green boxes are p <0.05, orange boxes are p <0.1, and white 

boxes are p >0.01. 
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Supplemental Figure 4.2. Distribution of quadrant characteristics.  
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Supplemental Table 5.1. Hyperparameter grid and best parameter for each model iteration. 

Hyperparameters were selected using Scikit learn GridSearchCV which selects the combination of 

hyperparameters by maximizing the root mean squared error of the model. 

Hyperparameter Hyperparameter Values Tested 

Max tree depth 10 8 5   

Max no. features 0.33 0.5 1   

No. of trees 500 1000 4000   

Minimum leaf sample 1 3 5 8 10 
 

 
Random Forest Model Bias Correction Model 

Itr 

Max tree 

depth 

Max no. 

features 

No. of 

trees 

Minimum leaf 

sample 

Max tree 

depth 

Max no. 

features 

No. of 

trees 

Minimum leaf 

sample 

0 10 0.5 4000 1 10 0.5 4000 1 

1 10 0.5 500 1 10 0.5 4000 1 

2 10 0.5 4000 1 10 0.5 1000 1 

3 10 0.5 4000 1 10 0.5 4000 1 

4 10 0.5 4000 1 10 0.5 1000 1 

5 10 0.5 1000 1 10 0.5 4000 1 

6 10 0.5 4000 1 10 0.5 500 1 

7 10 0.5 4000 1 10 0.5 4000 1 

8 10 0.5 4000 1 10 0.5 1000 1 

9 10 0.5 4000 1 10 0.5 500 1 

10 10 0.5 4000 1 10 0.5 4000 3 

11 10 0.5 500 1 10 0.5 500 1 

12 10 0.5 1000 1 10 0.5 500 3 

13 10 0.5 500 1 10 0.5 4000 1 

14 10 0.5 1000 1 10 0.5 1000 1 

15 10 0.5 500 1 10 0.5 4000 1 

16 10 0.5 4000 1 10 0.5 4000 1 

17 10 0.5 4000 1 10 0.5 1000 1 

18 10 0.5 1000 1 10 0.5 1000 1 

19 10 0.5 4000 1 10 0.5 4000 1 
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Supplemental Figure 5.1. The process flow of the random forest model framework and applying the 

set of trained models to predict HUC8 yields and prediction intervals.  
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Supplemental Figure 5.2. A schematic depicting the calculation of landscape retention and the pool 

that encompasses landscape retention.  
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Supplemental Figure 5.3. Summary of model evaluation metrics for the set of 20 trained models. 

We used all 20 model iterations to generate prediction intervals. 
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Supplemental Figure 5.4. Partial dependence plot using SHAP values for the best performing 

model. SHAP values (y-axis) are a measure of the relative importance of the predictor labeled on the top 

left corner (x-axis) on watershed load prediction. Markers are coloured by the magnitude of the predictor 

Each panel is a different predictor, and the magnitude of the predictor. Plots ordered by the maximum 

SHAP value from left to right, indicating the impact of each predictor on the model output. The drainage 

area predictor' is represented on a logarithmic scale as 'log AREA(km2)’, although the actual values used 

in the model are not transformed. 
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Supplemental Figure 5.5. Spatially-varying relationship between crop N uptake efficiency (%) and 

N runoff efficiency (%) for HUC8 watersheds within 18 HUC2 regions. Markers are colored by 

percent agricultural land use.  
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Supplemental Figure 5.6. Spatially-varying relationship between crop N uptake efficiency (%) and 

N runoff efficiency (%) for HUC8 watersheds within 18 HUC2 regions. Markers are colored by 

percent tile drainage in agricultural land. 
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Supplemental Figure 5.7. Spatially-varying relationship between crop N uptake efficiency (%) and 

N runoff efficiency (%) for HUC8 watersheds within 18 HUC2 regions. Markers are colored by 

percent of total inputs from cumulative atmospheric deposition. 
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Supplemental Figure 5.8. Spatially-varying relationship between crop N uptake efficiency (%) and 

N runoff efficiency (%) for HUC8 watersheds within 18 HUC2 regions. Markers are colored by 

percent of total inputs from human waste.  
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Supplemental Figure 5.9. Spatially-varying relationship between crop N uptake efficiency (%) and 

N runoff efficiency (%) for HUC8 watersheds within 18 HUC2 regions. Markers are colored by 

average annual precipitation (1958 to 2017; mm/y). 

 

 

 

Figure 5.10. The dominant input for each HUC8 watershed and the magnitude of total cumulative 

inputs. Atmospheric deposition magnitudes are much lower than all other inputs, except in low impact 

areas.  
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Supplemental Figure 5.11. Maps of the Upper Mississippi region (region 7) including (A) 

cumulative manure input, (B) ratio of manure to total nitrogen input, (C) cumulative nitrogen 

yield, (D) percent agricultural land use, and (E) the percent of agricultural land use that is tile-

drained.  

  



 

 186 

Supplemental 

Chapter 6 

 

Supplemental Figure 6.1. The ratio of total phosphorus riverine export to the phosphorus 

surplus (P inputs from manure, fertilizer, atmospheric deposition, and domestic inputs 

minus crop and pasture uptake) in 2010 for 400 watersheds across the contiguous U.S. 

Data use is collected for the National Water-Quality Assessment (NAWQA) Project.62 

 

https://paperpile.com/c/ebWBMq/Ffjm
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Supplemental Figure 6.2. Phosphorus use efficiency and percent agricultural land use for 

hydrological regions across the U.S. from 1930-2017.  



 

 188 

 

Supplemental Figure 6.3. Manure input, fertilizer inputs, and crop uptake for 

hydrological regions across the U.S. from 1930-2017.  
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Supplemental Figure 6.4. National and regional cumulative phosphorus surplus from 

1930 - 1980 and 1930 - 2017. Spatial distribution of cumulative P surplus in 1980 (a) and 2017 

(b). Panel c captures the cumulative surplus for each region during those same time periods.  


