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Abstract15

Nitrogen (N) and Phosphorus (P) are essential nutrients for life processes in water bodies but in excessive16

quantities, they are a significant source of aquatic pollution. Eutrophication has now become widespread17

due to such an imbalance, and is largely attributed to anthropogenic activity. In view of this phenomenon,18

we present a new dataset and statistical method for estimating and mapping elemental and compound con-19

centrations of N and P at a resolution of 30 arc-seconds (∼1 km) for the conterminous US. The model is20

based on a Random Forest (RF) machine learning algorithm that was fitted with environmental variables21

and seasonal N and P concentration observations from 230,000 stations spanning across US stream networks.22

Accounting for spatial and temporal variability offers improved accuracy in the analysis of N and P cycles.23

The algorithm has been validated with an internal and external validation procedure that is able to explain24

70-83% of the variance in the model. The dataset is ready for use as input in a variety of environmental25

models and analyses, and the methodological framework can be applied to large-scale studies on N and P26

pollution, which include water quality, species distribution and water ecology research worldwide.27

Background & Summary28

Nitrogen (N) and phosphorus (P) are primary nutrients and vital for life processes such as protein synthesis,29

cellular growth and reproduction. However, in inordinate quantities, the two elements are also a major source of30

stream and river impairment [1]. Large inputs of these limiting nutrients can cause deleterious algal growth with31

a myriad of negative ecosystem responses including eutrophication [23, 50]. In rivers, the pre-anthropogenic32

concentrations and fluxes of N and P were generally small and much less than the present day, with inputs33

stemming mainly from erosion and the leakage of dissolved organic N and P [11, 49]. However, the increased34

presence of these two elemental pollutants in many rivers is now owed to anthropogenic activity such as fertiliser35

use, increased output from waste-water treatment plants and atmospheric nitrogen deposition [9, 41]. This has36

led to the widespread eutrophication of both inland and coastal waters [10].37

Over the past decades, significant progress has been made towards our understanding of the dynamics of natural38

and anthropogenic inputs of N and P to inland waters. Furthermore, the recognition of human impact on the39

N and P cycle has driven much research into the scope for better management of these nutrients [8, 10].40
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However, our current ability to map N and P concentrations across regions or the globe is still limited. Early41

attempts focused on concentrations and fluxes from major rivers [9, 34] but were implemented through bottom42

up approaches, which estimated N and P content based on our knowledge of land-use and population centre43

influences on river nutrients [19, 30, 47, 31]. Other local and regional studies have also featured different44

combinations of bottom up, process based, and statistical models, which link N concentrations in inland water45

to environmental variables. [16, 24, 46, 53].46

Freshwater environmental variables (climate, topography, land cover, surface geology and soil) that account47

for the basin and upstream environment have recently been computed [12]. This set of stream variables at48

the near-global scale provides a new base for stream-relevant biotic and abiotic modelling, such as biodiversity49

composition, nutrient distribution, or water flow. Based on this platform, we present in this paper a new method50

of mapping the concentration of N and P across continental waters, which employs a statistical approach within51

a machine learning framework. The resulting N and P maps can be used in studies focusing on nutrient loading52

and processing in inland waters. For instance, fertiliser run-off presents a big loss of chemical nutrients to53

recipient fresh water bodies, and can be charted by the aforementioned method [18, 45]. The N and P maps54

possess information about the location of nutrient-enriched streams, which can guide engineered de-nitrification55

processes [43, 48]. In addition to resource recovery, a mitigation strategy can be employed through the improved56

management of nutrient-rich wastes. In this approach as well, the derived N/P ratio map can prove a valuable57

source of information. Furthermore, this unique N and P modelling can be used in conjunction with process-58

based methods to enhance the understanding of riverine N and P processes.59

In this paper, we present a dataset derived by connecting freshwater environmental variables with in situ60

measurements for mapping the distribution of N and P, and their various compounds, in water bodies across the61

conterminous US. The statistical model is based on Random Forest (RF)[7], a well-established machine learning62

approach with the capability of handling complex and heterogeneous data. We demonstrate in detail below how63

RF has excelled to date at capturing local geographical variations of stream predictors, and produced superior64

predictive performance for N and P distribution in the US. The mapped resolution of the predicted N and P65

concentrations is at a 30 arc-second gridded stream network (∼1 km) for four seasons. The described dataset66

(Data Citation 1) is ready for use as input data in various environmental models and analyses. The newly67

developed dataset and the methodological framework are suitable for large-scale environmental analyses such68

as N and P emissions in small and large rivers at a global scale. To our knowledge, this is the first time that69

N and P concentrations have been estimated at such high spatial resolution, while accounting for spatial and70

temporal variability, which reflect N and P cycles more accurately.71

Methods72

In this study, we constructed models using two data sources: measured concentrations for N and P (referred73

hereafter as observations or response variables) provided by the United States Geological Survey (USGS), and74

stream variables (referred hereafter as predictors) computed by Domisch et. al 2015. In the following section,75

we describe in sequence the data source and the modelling framework.76

Source dataset77

N and P concentration observations78

We retrieved from the USGS water portal (https://www.waterqualitydata.us/portal) the measured con-79

centration data for N and P nutrients in their various forms for the period 1994-2014. The data was collected80

by more than 230,000 stations spanning US stream networks. Each single observation is associated with its81

sampling geolocation (latitude and longitude) and a USGS Parameter Code (PC) for its chemical identity. We82

selected five nutrients of interest as the response variables. The PC descriptions of the chemical nature of each83

nutrient, as well as abbreviations are summarised in Table 1.84
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Table 1: Chemical nutrients with their USGS Parameter Code (PC) and abbreviation.

PC Description Abbreviation
00600 Total Nitrogen TN
00665 Total Phosphorus TP
00602 Total Dissolved Nitrogen TDN
00666 Total Dissolved Phosphorus TDP
00618 Nitrate NO3

We prepared a monthly average of the concentration of each nutrient for each sampling station. Then, we85

aggregated these monthly values to a seasonal level using the median of three consecutive months corresponding86

to a season, as defined in Table 2. The final aggregated results, i.e. the number of observations, are sufficiently87

large (see Table 2) to build machine learning based models.88

Table 2: Number of observations of the nutrients for each of the four seasons.

Season 1 (Winter) 2 (Spring) 3 (Summer) 4 (Autumn)
Month 11-12-01 02-03-04 05-06-07 08-09-10
TN 3252 4506 5156 5363
TDN 2125 2775 3905 3619
NO3 4347 5817 9810 10140
TP 4534 5768 7480 7793
TDP 3074 3892 6050 5902

Stream predictor layers89

To build the predictive models, we used a total of 47 predictors belonging to four categories: topography,90

soil, land cover and climate (Table 3). All predictors are considered freshwater-specific environmental variables91

[12] that account for the upstream characteristics of the watershed and longitudinal connectivity across the92

30 arc-second HydroSHEDS stream network [25]. For each 30 arc-second grid-cell along the stream network,93

the upstream catchment and stream was delineated, i.e., where each grid-cell serves as a virtual pour-point,94

and then overlaid with range-wide environmental layers (Table 3). This yielded a series of predictors such as95

the upstream average forest cover, upstream sum of precipitation that mimics surface run-off and the average96

upstream temperature [12].97

All predictors except climate were considered static, as opposed to being time-updated. Monthly climate data98

was aggregated (mean aggregation) to a seasonal level, where winter was specified as the time frame December-99

February, spring as March-May, summer as June-August, and autumn as September-November. Regarding100

temperature layers, we only aggregated the upstream air temperature across the upstream cells, while all other101

layers were aggregated across the entire sub-catchment [12]. The unit for each stream variable is derived from102

an original, spatially continuous environmental variable across the land area. Thus, temperature is expressed in103

degrees Celsius, precipitation in millimetres, and land cover as a percentage of each class (e.g. Urban/built-up104

class in percentage). We refer to [12] for further details on the calculation of the freshwater-specific predictors.105

The N and P observation points report latitude and longitude of the sampling location. Nonetheless, due106

to spatial inaccuracies in sampling locations of the HydroSHEDS stream network, the latitude and longitude107

locations do not consistently fall directly on the streams. We therefore employed a "snapping" procedure to108

move all observation points to their closest stream cell using the r.stream.snap function in GRASS GIS [14]109

with 3 km as the maximum snapping distance.110
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Table 3: Overview of all 47 environmental predictors used in the models. Please see [12] for further information
on each predictor.

Variable type Variable name Variable description Citation
elevation dem Average elevation
slope slope Average slope [25]
topology ord Stream order

soil01 Soil organic carbon
soil02 Soil pH in H2O
soil03 Sand content mass fraction
soil04 Silt content mass fraction
soil05 Clay content mass fraction

soil soil06 Coarse fragments (> 2 mm fraction) volumetric [20]
soil07 Cation exchange capacity
soil08 Bulk density of the fine earth fraction
soil09 Depth to bedrock (R horizon) up to maximum 240 cm
soil10 Probability of occurrence (0-100%) of R horizon
lc01 Evergreen/deciduous needleleaf trees
lc02 Evergreen broadleaf trees
lc03 Deciduous broadleaf trees
lc04 Mixed/other trees
lc05 Shrubs

land lc06 Herbaceous vegetation
cover lc07 Cultivated and managed vegetation [51]

lc08 Regularly flooded shrub/herbaceous vegetation
lc09 Urban/built-up
lc10 Snow/ice
lc11 Barren lands/sparse vegetation
lc12 Open water

temperature tmin Monthly temperature average min
temperature tmax Monthly temperature average max
precipitation prec Sum of monthly precipitation

hydro01 Annual Mean Upstream Temperature

hydro02 Mean Upstream Diurnal Range (Mean of monthly (max
temp - min temp))

hydro03 Upstream Isothermality (hydro02 / hydro07) (* 100)

hydro04 Upstream Temperature Seasonality (standard deviation
*100)

hydro05 Maximum Upstream Temperature of Warmest Month
hydro06 Minimum Upstream Temperature of Coldest Month

hydro07 Upstream Temperature Annual Range (hydro05 -
hydro06)

hydro08 Mean Upstream Temperature of Wettest Quarter
hydro09 Mean Upstream Temperature of Driest Quarter

hydrology hydro10 Mean Upstream Temperature of Warmest Quarter [22]
and climate hydro11 Mean Upstream Temperature of Coldest Quarter

hydro12 Annual Upstream Precipitation
hydro13 Upstream Precipitation of Wettest Month
hydro14 Upstream Precipitation of Driest Month

hydro15 Upstream Precipitation Seasonality (Coefficient of
Variation)

hydro16 Upstream Precipitation of Wettest Quarter
hydro17 Upstream Precipitation of Driest Quarter
hydro18 Upstream Precipitation of Warmest Quarter
hydro19 Upstream Precipitation of Coldest Quarter
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Modeling framework111

Response variable transformation112

The distribution of the observed nutrient (TN, TP, TDP, TDP, and NO3) data were all significantly skewed to113

the left. We calculated skewedness values by the moments R library using skewness command. The skewedness114

values were all larger than 8 (see Supplementary Figure A.1 and A.2). Such a level of skewedness may cause115

significant biases in the data training process. We therefore applied a Box–Cox power transformation [6] to116

make corrections. After transformation, data were more symmetrically distributed as indicated by a near zero117

skewedness and higher linear behaviour on the Q-Q plots (see Supplementary Figure A.1 and A.2).118

The Box–Cox power transformation maps a variable yi to a transformed variable yi(λ) defined by119

yi
(λ) =

{
yi
λ−1
λ , if λ 6= 0,

log(yi), if λ = 0.
(1)

It is estimated that the transformed yi(λ) will follow approximately normal distributions so that the data are120

more transferable to many modelling techniques. In our case, the transformed output did produce a more121

symmetric distribution although it did not reach perfect normality. One of the strengths of RF is its ability122

to deal with a non-normal data distribution, so the presence of slight non-normality does not preclude good123

modelling performance. Furthermore, to reduce the influence of extreme values, only data with the coefficient124

of variation (CV=standard deviation/mean)> 0.5 and within the range of (2.5, 97.5) percentile were retained125

for the downstream model building steps.126

Model training127

We employed the Random Forest (RF) regression algorithm implemented in the R package randomForest [26] to128

train the nutrient distribution models. RF regression is an ensemble learning strategy that elevates the collective129

predictive performance of a large group of weaker learners (regression trees). Two key elements contributing130

the superiority of the RF algorithm are bootstrapping aggregation (bagging) and random selection of variables.131

Bagging (bootstrap sampling from the train data) aims at reducing data noise through averaging. Data that is132

not included in the bag is called an out-of-bag (OOB) sample. Random drawing of variables improves variance133

reduction by reducing the intercorrelation between trees. OOB samples can be used to validate the model134

performance (equivalent to cross validation) and evaluate the variable importance. The variable importance135

is of great value in identifying the most influential variables that direct predictive outcomes and thus offer136

adaptive or intervention strategies in response to the modelled phenomena. One important feature of the RF137

algorithm is its relative resilience towards data noise due to the two mechanisms mentioned above. This technical138

advantage of RF directly benefits the analysis of environmental data. For the sake of independent evaluation of139

the model’s predictive performance, the whole data set was split into two portions: 60% of the data for model140

training (training set) and 40% for model testing (testing set).141

Model validation142

The predicting performance on the training and testing sets provided complementary information for the model143

validation. Training primarily exhibits model robustness, i.e. stability and balance of model predictability in144

the presence of data shuffling. Testing measures the model performance on the unseen data during the training145

phase and addresses the concern of model overfitting. In this context we used the Pearson correlation coefficient146

(2) as the statistical metric to quantify the predictive performance of the models.147

ρX,Y =
XY −XY√

X2 −X2
√
Y 2 − Y 2

(2)

where X and Y are the predicted and observed vectors and · denotes the expectation value. We also plotted148

the observed vs. predicted values and fitted a linear model to estimate discordance from the 1:1 relationship.149

PeerJ Preprints | https://doi.org/10.7287/peerj.preprints.27585v1 | CC BY 4.0 Open Access | rec: 13 Mar 2019, publ: 13 Mar 2019



After establishment of the predictive models, we investigated the contributions of each variable to the predicted150

outcomes by means of the "variable importance", an output from RF. The variable importance is presented151

as the percent increment of the Mean Square Error (MSE) of the predictions (measured by OOB estimations)152

resulting from variable permutations. Moreover, to depict the spatial relationship among the response variables153

and the most contributing predictors, we designed a so-called "local correlation" approach. Specifically, we154

generated local Pearson coefficients between a predictor and one of the nutrients (TN, TP, TDP, TDP, and155

NO3) in a moving circular window with a radius of 51 cells. These local correlation maps were coupled with156

nutrient concentrations as a bivariate tuple to illustrate the local correlation power and its relation to the157

quantity of the response variable. From these maps, one is able to read out the variation of predictors’ influence158

in different geographical regions. To our knowledge, this is the first time that a "local correlation" has been159

performed to interpret the relationship between the RF output and its most important predictors.160

Model prediction161

We performed an inverted Box–Cox transformation on the predictive outcomes of the models to recover the162

physical values (expressed in ppm) for all the nutrients (TN, TP, TDP, TDP and NO3) within the conterminous163

US stream network for each of the 30-arc-second stream grid-cells.164

Code availability165

We used the following open source software packages to compute the N and P predictions:166

• Geospatial Data Abstraction Library (GDAL, http://www.gdal.org, version number 2.1.2) [52].167

• Geographic Resources Analysis Support System software (GRASS, https://grass.osgeo.org, version168

number 7.3.0) [36, 35].169

• Processing Kernel for geospatial data (pktools, http://pktools.nongnu.org, version number 2.6.3)[32].170

• R: a language and environment for statistical computing[39], with the following libraries: randomForest,171

quantregForest, geoR, plyr, moments, data.table, bit64.172

All of these tools provide fast and scaleable computation features and functions for raster-based workflows that173

are easily automated using a scripting language, such as Bash or Python[2]. They also allow for the processing174

of very large datasets owing to efficient algorithms and optimised memory management. All calculations were175

processed in parallel using open-source software at the Centre for Research Computing of Yale University.176

In the spirit of reproducible research we provide the scripting procedure at: https://gitlab.com/Ferdinand18/177

nutr_us_streams. The full procedure, starting from the N and P observations treatment to 30-arc-second raster178

predictions, consists of 5 nested codes:179

• 01_Data_cleaning.sh: cleaning the raw observation data.180

• 02_Snapping.sh: snapping the observation data points onto the river streams.181

• 03_Extraction.sh: extracting descriptors corresponding to the snapped points.182

• 04_US_Seasonal_Modelling.sh : building predictive models based on the observation data.183

• 05_US_Prediction.sh: making predictions for all the US streams and building geotif maps as the final184

output.185
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Data Records186

We provide TN, TDN, NO3, TP, and TDP concentrations (ppm) for four seasons (winter, spring, summer and187

autumn) for the gridded stream network at a spatial grain of 30 arc-second (∼1 km). All layers are available for188

download at Data Citation 1. The nutrient concentrations, mapped across the conterminous USA, are available189

in a compressed GeoTiff file format in the WGS84 coordinate reference system (EPSG:4326 code). All layers190

are stored as floating points (Float32 data type) to ensure sufficient precision for future use and analysis for191

varied purposes.192

The predicted nutrient maps follow the layer name convention:193

nutrient abbreviation_resolution_season.format

Below are two examples of the layer names for the two main nutrients product TN and TP194

– TN_1KM_winter.tif: layer showing the Total Nitrogen at 30 arc-second spatial resolution for the winter195

season.196

– TP_1KM_summer.tif: layer showing the Total Phosphorus at 30 arc-second spatial resolution for the197

summer season.198

For the purpose of visual interpretation of the results, we plotted the TN and TP bivariate maps as shown in199

Figure 1. The bivariate TN-TP map representation permits an immediate perception of the spatial patterns of200

these two nutrients in the same map. This visual result was achieved by a mean-value aggregation of the original201

30 arc-second resolution nutrient distributions using a moving window of 10x10 grid-cells so that a continuous202

surface could be easily mapped across the entire conterminous US. Figure 1 shows high concentrations of TN203

and TP (red colour) in intensive agriculture/grazing areas (e.g. of the US Midwest) and also close to large204

urban areas (e.g. New York, Philadelphia, Baltimore, Washington DC). On the other hand, low concentrations205

of TN and TP are located in forestry/mountain areas (e.g. Rocky Mountains, Appalachian Mountains). This206

observation is in line with the anthropogenic eutrophication effect that coincides with intensive grazing and207

agricultural activities [17].208
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Figure 1: Bivariate maps showing the predicted Total Nitrogen (TN) and Total Phosphorus (TP) values across
the four seasons. Streams and rivers on the original 30 arc-second resolution maps were aggregated using the
mean value of a moving window with 10x10 grid-cells for a better visual effect. Red indicates high concentration
areas, which mainly coincide with high agriculture or grazing activities or urban zones. Blue indicates low
nutrient load areas, which are frequently occupied by forests or deserts.
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Technical Validation209

The Pearson correlations between predicted and observed values for TN and TP are in the range of 0.7-0.83210

across the testing sets as shown in Figure 2. The red dotted lines represent the the 1:1 relationship for each211

panel. The solid blues lines showed the regression of the black data points (prediction vs observation). The212

deviation between these two lines is sourced from the noise of the observation data and the predictor bias and213

variance [15, 13, 27]. Similar plots were generated for TDN, TDP and NO3 (see Supplementary Figure A.6).214

The high-level correlation for each plot and overall consistency among all of them suggest the appropriateness215

of the model fit. Moreover, the Pearson correlations for the training and testing are comparable, and free of216

model overfitting. The correlation graphs for the training set (TN, TP,TDN, TDP and NO3) are provided in217

the supplementary material (Figure A.7 and A.8).218

After the establishment of the predictive models, we investigated the contributions of each variable to the219

predicted outcomes, by means of the "variable importance", which is an output of RF. As shown in Figure A.9220

and A.10, we noticed two out of the three variables "urban/built-up", "cultivated and managed vegetation"221

(mainly agriculture fields) and "soil pH in H2O" were frequently ranked as the two most important contributors.222

This interesting observation drove our quantitative exploration of the impact of these variables using the "local223

correlation" approach. The local Pearson correlation map was coupled with the nutrient concentration by means224

of bivariate maps, as illustrated in the panels a) to d) in Figure 4 and 5.225

From these maps, one is able to view the geographical regions that are influenced by the variable of interest in226

varying degrees. For instance the red zones on the maps are where the variable of interest has heavy positive227

impact and the nutrient concentrations are also high. In addition to the bivariate plots, we also counted the228

number of grid-cells that showed significant positive and negative correlations (|r|>0.6) for a particular variable229

and plotted them for all four seasons in the panel e) of Figure 4 and 5. From these plots, a seasonable pattern230

for the highly positive correlations (r > 0.6) becomes obvious. Specifically, the variable of interest has more231

weights on its correlation with the observed concentration of a nutrient during spring and summer than those232

on autumn and winter (right sub-panel of panel e). This phenomenon can be conceptually comprehended by233

the fact that higher biological and anthropological activities during spring and summer than those are in the234

autumn and winter.235
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Figure 2: Scatter plots regarding the model performance (testing dataset) for a) TN and a) TP, where each
figure in the panel corresponds to a season. Scatter plots of TDN, TDP and NO3 are reported in Figure SI A.7
A.6

a (TN)

b (TP)
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Figure 3: a-d) Bivariate maps representing the relationship between the Total Nitrogen (TN) and the local Pear-
son coefficient of (1st important variable) urban/built-up landcover vs TN. e) Graph showing the histogram tails
of the raster map of the local Pearson coefficient. The maps show the influence/correlation of the urban/built-up
(expressed in percentage) to the level of TN. A positive high correlation may appear in areas with low levels of
TN (green), or areas with high levels of TN (red). Similarly, negative correlations could co-occur in low con-
centration ares (blue) or in high concentration areas (yellow). Streams and rivers are aggregated by a moving
window of 10x10 grid-cells depicting the mean value for a better visualisation effect. The e) graph highlights
a stronger positive correlation of the urban/built-up during warmer seasons (summer and spring) comparison
with the colder seasons (autumn and winter). The black rectangle in the a) plot is zoomed in Figure A.12
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Figure 4: a-d) Bivariate maps representing the relationship between Total Nitrogen (TN) and the local Pearson
correlation coefficient of cultivated and managed vegetation (2nd most important variable) vs TN. e) Graph
showing the entire histogram of the raster map of the local Pearson coefficient. The maps show the influ-
ence/correlation of the cultivated and managed vegetation (expressed in percentage) to the level of TN. A
positive high correlation could appear in areas with low levels of TN (green), or in areas with high levels of TN
(red). Similarly, negative correlations could co-occur in low concentration areas (blue) or in high concentration
areas (yellow). Streams and rivers are aggregated by a moving window of 10x10 grid-cells depicting the the
mean value for a better visualisation effect. The graph highlights a stronger positive correlation of the cultivated
and managed vegetation through all seasons, especially winter and autumn.

PeerJ Preprints | https://doi.org/10.7287/peerj.preprints.27585v1 | CC BY 4.0 Open Access | rec: 13 Mar 2019, publ: 13 Mar 2019



0
50

0
10

00
15

00

−1 -0.6 10.6

Winter

Spring
Summer

Fall

Local Pearson coefficient of urban/built-up landcover

N
um

be
r o

f p
ix

el
s

To
ta

l P
ho

sp
ho

ru
s 

(p
pm

)

−1 −0.4 0 0.4 1

0.
01

   
  0

.0
4 

   
 0

.0
7 

   
 0

.1
4

Local Pearson coefficient
of urban/built-up landcover

e)

Maps legend

Winter a) Spring b)

Summer c) Fall d)

Figure 5: a-d) Bivariate maps representing the relationship between the Total Phosphorus (TP) and the local
Pearson coefficient of urban/built-up landcover (1nd important variable) vs TP. e) Graph showing the histogram
tails of the raster map of the local Pearson correlation coefficient. The maps show the correlation of the
Urban/built-up layer (expressed as a percentage) to the level of TP. A positive high correlation could appear
in areas with low levels of TP (green) or in areas with high levels of TP (red). Similarly, negative correlation
could co-occur in low-concentration areas (blue ) or in high-concentration areas (yellow ). Streams and rivers
are aggregated by a moving window of 10x10 grid-cells depicting the mean value for better visualisation. The
graph highlights a stronger positive correlation of the urban/built-up for warmer seasons (autumn and summer),
in comparison with colder seasons (winter and spring).
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Usage Notes236

The newly-developed stream nutrient concentration layers (Data Citation 1) have a wide array of potential237

applications in stream ecology, biodiversity research, conservation science, and stream and lake restoration238

ecology. For instance, the layers can be used to quantify the overall mass of of N and P discharged into239

specific lake or ocean bodies, enabling a deeper understanding of global-scale eutrophication[40]. Furthermore,240

these statistical estimates of nutrient concentration can be used to verify new process-based models that predict241

nutrient concentrations and transformations in inland waters worldwide [29]. The estimates can also be combined242

with maps of soil nutrient levels and fertiliser use to obtain information on terrestrial-aquatic coupling[44, 28].243

Finally, the stoichiometry of the N/P ratio in natural/ecological systems is vital information for studying244

metabolic and biogeochemical processes. These new ratio maps can be used to enhance our knowledge on how245

coupled biogeochemical cycles impact ecosystems [38].246

Overall, the newly-developed layers provide the basis for a variety of high-resolution, nutrient-related analyses247

across the inland waters in the conterminous US. A global-scale N and P assessment with new stream predictors248

at higher resolution (3-arc-second) is under development by the same group. The focus is on creating new249

geomorphometry variables (Geomorpho90m[5] ) based on MERIT-DEM [54] by adopting the procedure described250

in[4]. The MERIT-DEM derived stream network is also under development[3]. These former described layers251

will be useful in combination with other global maps of irrigated areas [33], livestock[42], agricultural fertiliser252

use [37], soil types/properties[21] to compute N and P concentrations more accurately on a global scale. We253

encourage potential users of the described dataset to contact the authors for future product updates.254
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A Supplementary information410

Figure A.1: TN concentration (ppm) distribution plots for original value and Box Cox transformed values.

a Winter b Spring

c Summer d Autumn
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Figure A.2: TP concentration (ppm) distribution plots for original value and Box Cox transformed values.

a Winter b Spring

c Summer d Autumn
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Figure A.3: Seasonal prediction maps for TDN (ppm).

Winter Spring

Summer Autumn

0.19 0.78 1.31 2.37

Autumn
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Figure A.4: Seasonal prediction maps for TDP (ppm).

Winter Spring

Summer Autumn

0     0.02     0.03     0.05

Autumn
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Figure A.5: Seasonal prediction maps for NO3 (ppm).

Winter Spring

Summer Autumn

0.05     0.40     0.82     1.75

Autumn
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Figure A.6: Scatter plots regarding the model performance (testing dataset) for a) TDN, b) TDP and c) NO3,
where each figure in the panel corresponds to a season.

a (TDN) b (TDP)

c (NO3)
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Figure A.7: Scatter plots regarding the model performance (internal validation - training) for a) TN, b) TP,
where each figure in the panel corresponds to a season.

a (TN) b (TP)
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Figure A.8: Scatter plots regarding the model performance (internal validation - training) for a) TDN, b) TDP
and c) NO3, where each figure in the panel corresponds to a season.

a (TDN) b (TDP)

c (NO3)
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Figure A.9: Variable importance expressed as percent contribution of the Mean Square Error for each predictor
in the model for TN across the four seasons. The most important variables are Urban/Built-up (lc09) and
Cultivated and Managed Vegetation (lc07). RVuni_bc stands for a random variable drawn from a uniform
distribution to access the relative importance of other physically derived variables.

(TN)
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Figure A.10: Variable importance expressed as percent contribution of the Mean Square Error for each predictor
in the model for TP across the four seasons. The first most important variable is Urban/Built-up (lc09), rather
the second one can be Cultivated and Managed Vegetation (lc07) or Soil pH in H2O (soil02).

(TP)

PeerJ Preprints | https://doi.org/10.7287/peerj.preprints.27585v1 | CC BY 4.0 Open Access | rec: 13 Mar 2019, publ: 13 Mar 2019



0
10

00
20

00
30

00

−1 10

Local Pearson coefficient of 
soil pH in H2O

N
um

be
r o

f p
ix

el
s

To
ta

l N
itr

og
en

 (p
pm

)

−1 −0.4 0 0.4 1

0.
17

0.
76

1.
19

2.
28

Local Pearson coefficient 
of cultivated and managed 
vegetation

e)

Maps legend

Winter

Spring
Summer

Fall

Winter a) Spring b)

Summer c) Fall d)

Figure A.11: a-d) Bivariate maps representing the relationship between the Total Phosphorus (TP) and the
local Pearson coefficient of soil pH in H2O landcover vs TP. e) Graph showing the histogram tails of the raster
map of the local Pearson coefficient. The maps is able to show the influence/correlation of the urban/built-up
(expressed in percentage) to the level of TP. A positive high correlation could appear in areas with low level
of TP (green), or in areas with high TP (red). Similarly, negative correlation could occur in low concentration
areas(blue) or in high concentration areas (yellow). Streams and rivers are aggregated by a moving window of
10x10 grid-cells depicting the the mean value for a better visualisation effect. The graph highlights a stronger
positive correlation of the urban/built-up during warmer seasons (summer and spring) in comparison with the
colder seasons (autumn and winter).
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Figure A.12: a-d) Bivariate maps representing the relationship between the Total Nitrogen (TN) and the local
Pearson coefficient of urban/built-up landcover vs TN at stream level. High variability of correlation at cell
level is evident, denoting the capability of RF picking up spatial variability.
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