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Key Points: 

 A flexible random forest approach for salinity yield modeling is presented. 

 Field scale distribution characteristics of new soil property maps were the most important 
catchment salinity yield predictors  

 New 30-meter soil cover maps highlight areas where salinity control projects may reduce 
loads by 1.4% or 76,051 Mg. 

 Updated salinity source maps indicate that semi-arid areas with saline soils may 
contribute more to instream salinity than previously thought. 

 Although irrigated agriculture was the primary human salinity source, new simulations 
indicate much less than other studies. 
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Abstract 1 
 2 

Salinity loading in the Upper Colorado River Basin (UCRB) costs local economies 3 
upwards of $300 million US dollars annually. Salinity source models have generally included 4 
coarse spatial data to represent non-agriculture sources. We developed new predictive soil 5 
property and cover maps at 30 m resolution to improve source representation in salinity 6 
modeling. Salinity loading erosion risk indices were also created based on soil properties, 7 
remotely sensed bare ground exposure, and topographic factors to examine potential surface soil 8 
erosion drivers. These new maps and data from previous SPARROW models were related to 9 
recently updated records of salinity at 309 stream gauges in the UCRB using random forest 10 
regressions. Resulting salinity yield predictions indicate more diffuse salinity sources, with 11 
slightly higher yields in more arid portions of the UCRB, and less overall load coming from 12 
irrigated agricultural sources. Model simulations still indicate irrigation to be the major human 13 
source of salinity (661,000 Mg, or 12%), but also suggest that 75,000 Mg (1.4%) of annual 14 
salinity in the UCRB is coming from areas with excessive exposed bare ground in high elevation 15 
mountain areas. Model inputs allow for field scale screening of locations that could be targeted 16 
for salinity control projects. Results confirm recent studies indicating limited surface erosional 17 
influence on salinity loading in UCRB surface waters, but impacts of monsoonal runoff events 18 
are still not fully understood, particularly in drylands. The study highlights the utility of new 19 
predictive soil maps and machine learning for environmental modeling. 20 

1 Introduction 21 

The Colorado River is the primary source of drinking water for 40 million people and 22 
water for 20,000 km2 of irrigated agriculture (Flessa; National Research, 2007; USDOI-BOR, 23 
2012).  Due to a variety of causes, high concentrations of dissolved solids (salinity) in the 24 
Colorado River and its tributaries threaten the usability of this important water source and cause 25 
estimated annual economic damages upwards of $300 million per year (U.S. Bureau of USDOI-26 
BOR, 2011). While saline soils and geologic units in the basin are a natural source of salinity 27 
within the watershed (Anning et al., 2007; Spahr, 2000), studies have indicated that 30-45% of 28 
dissolved solids loads of the Upper Colorado River Basin (UCRB) originate from irrigated 29 
agricultural lands which occupy less than 2% of the area of the basin (Kenney et al., 2009; Miller 30 
et al., 2017).  31 

Loads originating from non-agricultural lands have been hypothesized to come from 32 
erosion of saline surface soils (Cadaret et al., 2016; Tillman et al., 2018; Tillman and Anning, 33 
2014a; Weltz et al., 2014) and from dissolution processes as water moves through the subsurface 34 
and is delivered to streams as baseflow (Rumsey et al., 2017). Empirical analysis of gauges has 35 
shown that about a quarter of watersheds evaluated have moderate to strong correlations between 36 
suspended sediment and salinity, indicating that erosional processes are likely playing a role in 37 
those watersheds in the UCRB (Tillman et al., 2018; Tillman and Anning, 2014a). However, 38 
Rumsey et al., (2017) estimated that 89% of salinity loads originate in the baseflow fraction of 39 
streamflow in the UCRB. This finding challenges the significance of direct erosional pathways 40 
of salinity transport to surface waters via overland flow. However, the exact mechanisms by 41 
which salinity is generated in the baseflow fraction is unknown.  Possible processes include 42 
dissolution of solids in runoff prior to recharge and eventual groundwater discharge to streams, 43 
dissolution during vadose-zone transport, or dissolution after discharge into channels with 44 
substrates rich in soluble materials in the middle to lower elevations of the UCRB. The finding 45 
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that baseflow salinity yields were generally greater in basins with irrigated agriculture (Rumsey 46 
et al., 2017) may suggest that groundwater with short residence times can acquire significant 47 
salinity and show up in baseflow loads in anthropogenic time-frames. 48 

The recent findings of baseflow importance in annual salinity loads do imply a 49 
conceptual contradiction to discharge-based forecasting models that utilize the correlation of 50 
discharge with salt (Prairie et al., 2005; Prairie and Rajagopalan, 2007). Prairie and colleagues 51 
developed gauge specific non-parametric models for the UCRB that allow for spatio-temporal 52 
disaggregation of multiple gauges when developing discharge-based forecasting of salt loads. 53 
Although discharge models allow for salt forecasting based on a flow for a given gauge, they do 54 
not help spatially identify the potential terrestrial sources of salt, which is better done after 55 
removing seasonal and interannual variability in discharge (Tillman et al., 2014b).   56 

Much of the work that has been done to spatially identify sources of salinity in the UCRB 57 
uses the spatially referenced regressions on watershed attributes (SPARROW) model (Smith et 58 
al., 1997; Schwarz et al., 2006). The SPARROW model relates spatially referenced stream gauge 59 
chemical measurements (e.g. salinity loads – the dependent variable) to attributes of upstream 60 
watersheds (e.g. geology, soils, topography, climate, land use, and transport characteristics) 61 
using a non-linear least squares calibration model. The model is a hybrid empirical-mechanistic 62 
model that separates a basin into many small stream reach segments, referred to as incremental 63 
reaches heretofore, and associated catchments that are referenced by upstream and downstream 64 
routing nodes that are used to create a spatial model of chemical constituent transport by water. 65 
Once a calibration model is built, predictions of chemical constituent mass for each incremental 66 
reach are then routed through all the incremental reaches to estimate loads for each reach and 67 
associated catchment. SPARROW also can account for point inputs (e.g. saline springs), 68 
irrigation diversions, and attenuation of load due to interactions (e.g. sorption) with the aquatic 69 
environment and reservoirs during the routing phase. In the case of salinity, studies have shown 70 
that aquatic and reservoir attenuation is negligible, and thus do not need to be included in 71 
SPARROW salinity modeling (Anning et al., 2007). Studies using SPARROW in the UCRB 72 
have utilized a combination of 1:500,000 scale geology maps, detailed agriculture maps, land 73 
cover/use maps, rock chemistry, climate and hydrology layers, and the 1:250,000 scale U.S. 74 
General Soil Map (also known as STATSGO2)  to characterize catchments (Buto et al., 2014; 75 
Kenney and Buto, 2012; Kenney et al., 2009; Keum and Kaluarachchi, 2015; Miller et al., 2017; 76 
Soil Survey Staff, Accessed 2017).   77 

The SPARROW model has helped to identify salinity sources from agriculture and other 78 
land uses in the UCRB (e.g. Miller et al., 2017). However, the geologic and soil data employed 79 
by prior SPARROW work is mapped at a much coarser scale than the hydrologic incremental 80 
reach network at which predictions are made (n = 10,789 reaches for UCRB). Geologic source 81 
maps used in SPARROW are compilations of geologic formation maps grouped by experts to 82 
combine formations by the potential to produce dissolved solids without any prior direct 83 
quantitative connection to dissolution chemistry data. The STATSGO2 soil map does have actual 84 
soil property data related to salinity and other useful parameters, but each map unit has multiple 85 
soil types that each have specific soil property value resulting in high uncertainty when soil 86 
properties are summarized for the soil map units (Helmick et al., 2014). These limitations in 87 
inputs can mask variation within and between reaches that would be useful to land owners tasked 88 
with saline soil management. Additionally, none of the studies that have employed the 89 
SPARROW model in the UCRB have employed independent validations of results (e.g. test set 90 
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withholding or cross-validation), so a robust predictive evaluation of the models has not been 91 
documented. 92 

Unfortunately, the finer scale U.S. Department of Agriculture National Resource 93 
Conservation Service (USDA-NRCS) soil survey geographic (SSURGO) database is not 94 
complete in the UCRB. Where complete, SSURGO it is still often coarse in scale in remote 95 
areas, making it difficult to fully identify saline soil management issues across such a broad area. 96 
However, emerging predictive mapping techniques are enabling production of new soil maps at 97 
finer scales that still have largely been untested for modeling and land management applications 98 
(e.g., Chaney et al., 2019; Hengl et al., 2017; Nauman and Duniway, 2019; Ramcharan et al., 99 
2018). The process of producing these products has become more standardized and generally 100 
involves relating topographic, climatic, geologic, ecologic, land use, and remotely sensed maps 101 
to field soil observations in a predictive machine learning framework (e.g., random forest; 102 
Breiman, 2001). This process essentially quantifies the soil forming processes popularized by 103 
Hans Jenny (Jenny, 1941, 1961, 1980) into a predictive framework. These new soil maps are 104 
generally at 30 to 250-meter resolution in raster format, which is a vast improvement over 105 
coarser-scale datasets commonly used in modelling frameworks like SPARROW.  Application of 106 
such fine resolution data in model development may improve the ability to identify salinity 107 
sources at landscape to regional scales, thereby fostering a better understanding of the process by 108 
which salts or other contaminants enter surface waters. 109 

 This paper aims to utilize both new predictive soil maps and machine learning to help 110 
improve spatial predictions of salinity yield in the UCRB. Objectives of this study were to (1) 111 
build on prior SPARROW modeling by implementing a random forest (RF) machine learning 112 
approach that utilizes the SPARROW spatial hydrological framework and variables developed 113 
by Miller et al., (2017) in addition to improved 30 m soil and topographical maps to estimate 114 
UCRB salinity yields and sources, (2) test spatial calibration schemes for salinity load and yield 115 
models using RFs, and (3) use new soil cover maps to test if areas with high bare ground 116 
exposure are significant erosional salinity sources that may be mitigated.  Finally, we (4) 117 
examine spatial patterns of important predictor variables within high yield reaches to further 118 
illuminate potential mechanisms and processes of salinity transport. 119 

2 Methods 120 

2.1 Study Area 121 

In this study, salinity was assessed for the Upper Colorado River Basin above Lake 122 
Powell, an area of approximately 280,000 km2 (Fig. 1). This includes most of the Colorado 123 
Plateau, a region of dissected sedimentary lithologic landscapes, and one sensitive to land use 124 
changes (Copeland et al., 2017; Schwinning et al., 2008).  The Colorado River is sourced from 125 
mountainous headwaters, and elevations within the study area range from 940 m to 4300 m. The 126 
study area spans parts of six states including Arizona, Colorado, New Mexico, Utah, and 127 
Wyoming.  Such a large area encompasses a wide range of lithology, topography, and climate, as 128 
well as land cover types and uses. Climate varies widely across the watershed with mean annual 129 
temperatures ranging from -1.8℃ to 16.9℃ with an average of 7.7℃. Annual precipitation 130 
averages 368 mm, though some dry areas receive less than 130 mm while higher elevation 131 
mountains can receive upwards of 1,400 mm of precipitation (Miller et al., 2017).  132 
 133 
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 134 
Figure 1. On left, the Upper Colorado River Basin study area extent, elevation, and stream gauge 135 
monitoring sites with dissolved solids data used for model building (n=309). Major rivers are 136 
shown as black lines, and HUC8 watersheds are outlined in brown and labeled (e.g., Gunnison). 137 
On right, the predicted soil electrical conductivity, indicative of salinity, is mapped as an average 138 
of predictions at 0, 30, 60 and 100 cm depths (right). This new soil salinity map is utilized as the 139 
primary input for modeling. 140 

2.2 Salinity Modeling Framework 141 

We based most of the spatial structure of our modeling on the SPARROW model as 142 
implemented by Miller et al. (2017) and used the same stream gauge monitoring site salinity data 143 
and hydrological incremental reach and catchment network (Buto et al., 2017). The gauge data 144 
bring together streamflow and different measures of dissolved solids (salinity heretofore) from 145 
UCRB gauges in the USGS National Water Information System (http://waterdata.usgs.gov/nwis) 146 
to estimate a consistent annual salinity load at each gauge.  Models were trained and validated 147 
with base year 2010 annual load estimates detrended where possible for differences in data 148 
record lengths, sample sizes, and variation in discharge over time. The 2010 estimates represent 149 
what loads would occur in 2010 under average hydrologic conditions over the period used for 150 
detrending. Models to detrend load measurements were created from the 1984-2012 time period 151 
(See Tillman and Anning, 2014b for full details of dataset development). Of the 312 gauges used 152 
by Miller et al., (2017), we used 309 due to slight differences in the extents of our predicted soil 153 
property maps along the edge of the study area. Our approach was to replace the explanatory 154 
variables used in the SPARROW model, where possible, with finer resolution variables. While 155 
SPARROW is a hybrid statistical-mechanistic model that includes streamflow routing of 156 
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estimated salinity loads, here we use a purely empirical RF prediction framework to create 157 
salinity yield predictions for all incremental reach catchments in the UCRB. We utilized a suite 158 
of new soil maps at 30-meter resolution created using predictive mapping to replace the geologic 159 
source map, as well as some of the other explanatory variables in SPARROW (described in 160 
detail below). One key difference between SPARROW and the machine learning approach taken 161 
here is that streamflow diversions (e.g. irrigation) were used to adjust the calibration data used to 162 
build RF models, whereas SPARROW trains on measured data and then accounts for diversions 163 
during load routing. Specifically, we tested whether loads in calibration reaches with diversions 164 
should be adjusted upwards by assuming that loss of salinity was proportional to loss of flow via 165 
diversions within a calibration reach. Since diversions mask load potentially produced from a 166 
calibration reach and divert load delivered from upstream reaches, we increased each reach load 167 
measured at a downstream gauge in proportion to the amount of flow lost within the reach using 168 
the following equation (Eq. 1) based on hydrologic reach modeled discharge and diversion data 169 
from Miller et al., (2017).  170 

Eq 1. L*= L(Q + D)/Q; where 171 

L* = adjusted load, L = measured load, Q = reach discharge, D = diversion discharge loss 172 

Using Eq 1 for diversion adjustment assumes that there is no return flow from diversion, 173 
which is a potential source of error. Since over 98% of surface water diversions in the UCRB are 174 
used for irrigation (Maupin et al., 2018) and UCRB baseflow load appears to be connected to 175 
irrigation (Rumsey et al. 2017), we tested models with and without diversion corrections to see 176 
which approach would perform best with the pseudo-independent out-of-bag error metrics 177 
produced by RFs (discussed later). Overall summed basin loads from catchment predictions were 178 
also assessed against the Lees Ferry gauge load measurement to see if diversion adjustments 179 
affect those estimates. 180 

Two spatial frameworks were tested for calibration of models by aggregating independent 181 
variables for each gauge to these extents: 1) a between-gauge nested-basin defined for each 182 
gauge as including all upstream incremental reaches (from Miller et al., 2017, n = 10,789) 183 
moving through all potential upstream flow pathways from the gauge until all pathways a) hit 184 
another gauge, or b) hit a headwater endpoint, and 2) a whole-watershed approach that includes 185 
all incremental reaches upstream of each gauge through headwaters for aggregation. The nested-186 
basin method estimated the calibration loads by subtracting salinity loads of gauge(s) at the 187 
upstream end of the nested-basin from the load at the gauge defining the downstream pourpoint 188 
of the nested-basin. These ‘nested-basin’ calibration instances conceptually represent the load 189 
produced between gauges with each instance defined by the downstream gauge. The whole-190 
watershed approach characterizes the entire watershed above each gauge as a calibration basin 191 
for independent variable aggregation, and then uses the salinity load value at each gauge for 192 
calibration dependent variable definition. Once models were trained with these calibration 193 
datasets, the full set of smaller incremental reach catchments (n = 10,789) were also attributed 194 
with aggregated values of the independent variables to match the aggregation calculations used 195 
for the calibration reaches. This enabled models created from these differing spatial calibration 196 
frameworks to then be predicted for these smaller incremental reaches. This differs from 197 
SPARROW which calibrates at the incremental reach catchment scale. To handle diversions in 198 
these frameworks, Eq. 1 is applied to the entire calibration catchment (‘nested basin’ or ‘whole-199 
watershed’). In computing Eq. 1, D would be computed as a sum of all diversions within the 200 
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calibration catchment, and Q and L would come from the values at the pourpoint gauge. 201 
Diversions were tested solely for trying to avoid bias in training data, and predictions are only 202 
based upon RF model relationship with independent data values in incremental reach catchments 203 
(no diversion adjustment at prediction stage). 204 

2.3 Spatial Datasets used in Salinity Modeling 205 

Development of the salinity model began by compiling a database of GIS independent 206 
variable layers with spatial extent covering the Colorado River watershed above Lees Ferry. 207 
These data were then summarized to various catchments used in model fitting and predictions as 208 
documented in supporting information Table S1 and Text S2. The various layers were 209 
summarized in a variety of ways to look at statistical summaries of catchment (e.g. mean, 210 
quantile values) or by percent of catchment that falls into a certain class (e.g. percent of 211 
catchment with flooded irrigation in high salinity soils). Soil data was queried from the National 212 
Cooperative Soil Survey - National Characterization database (NCD: NCSS, 2017) and other soil 213 
survey datasets to make new soil predictive maps (See supporting Text S2). Topography 214 
variables were derived from the National Elevation Dataset (NED, Gesch, 2007), and processed 215 
using the terrain analysis functions available in SAGA GIS (Conrad & Wichmann, 2011). The 216 
U.S. Geological Survey National Gap Analysis Program National Inventory of Vegetation and 217 
Land Use (USGS GAP, Gergely and McKerrow, 2013) were combined with Landsat 8 models of 218 
bare ground exposure created from BLM vegetation monitoring data to map areas with high 219 
amounts of bare ground exposure for each vegetation type. Hydrology and climate variables 220 
were computed from Flint and Flint (2007) and the PRISM climate dataset (PRISM Group, 221 
2010). Soil erosion related maps including bare ground exposure, soil properties, and terrain 222 
maps were combined together in a variety of ways to create variables that represent potential 223 
erosion salinity loading risk dummy variables which we refer to as ‘erosion risk indices’ 224 
heretofore (More details in supporting Text S1 and Table S1). The following subsections and 225 
supporting information Text S1 document how these data sources were utilized to create 226 
predictor variables for salinity modeling, and Table S1 documents the 50 specific variables 227 
resulting from that preparation.  228 

2.4 Soil Property Variables 229 

Soil property raster maps with 30-m resolution were created for this study using 230 
predictive soil mapping approaches (e.g. Hengl et al., 2017; Ramcharan et al., 2018; Nauman and 231 
Duniway, 2019; see development details in Supporting Information Text S2 and Table S2). 232 
These maps were summarized for calibration reach catchments (both whole-watershed and 233 
nested-basin approaches separately) and for the UCRB incremental reach catchments (for 234 
prediction) (Soil Property Variables section of Table S1). Maps for 0, 30, 60 and 100 cm depths 235 
were averaged for soil electrical conductivity (ec) due to its hypothesized role as the primary 236 
salinity source indicator. Other soil property maps were only included for the 0 cm depth 237 
(surface) due to hypothesized influence on watershed runoff characteristics. These maps included 238 
available water capacity between 0.033 and 1.5 MPa (awc – indicator of water storage potential), 239 
soil erodibility (kw, Sharpley and Williams, 1990, Eq. 4), sodium adsorption ratio (sar – high sar 240 
can limit infiltration), percent rock content by mass (rock – can limit infiltration and armor 241 
against erosion), and percent content of fine sands by mass of <2 mm particles (fs – indicator of 242 
sandy aeolian soils with high infiltration rates). Soil kw was summarized in other variables as 243 
part of testing the potential of soil erosion to contribute to salinity loads in erosion risk indices. 244 
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We also included a 250-m resolution prediction of the probability of bedrock occurrence (Brock) 245 
at less than 2-meters depth (Shangguan et al., 2017) as total soil depth to bedrock has an 246 
influence both on runoff dynamics and on the pool of salts more easily accessible to groundwater 247 
in the vadose zone (as opposed to bedrock interactions).  248 

2.5 Topographical Data 249 

Several topographical parameters were created for use directly in salinity modeling as 250 
well as for creating risk indices. Details of processing and definitions of all topographic 251 
independent variables are available in supporting materials (Text S1, Table S1). Upslope flow 252 
accumulation catchment area (facc) and flow length distance to nearest channel (flen; calculation 253 
details in supporting Text S1) were included as covariates to see if these would help detect 254 
regional gully-erosion (Bailey, 1935; McFadden and McAuliffe, 1997) related load. Since gully 255 
erosion works upstream from channels, areas with lower flen values would have higher 256 
probability of gully erosion issues. We also included the digital elevation model itself (elev, 257 
meters above sea level), slope gradient in degrees (slp), aspect ‘southness’ (sness), a -1 to 1 258 
index (cosine[aspect-180]) of how south or north facing any location is, and a topographic 259 
protection index (protind) to better characterize runoff and water balance dynamics in 260 
catchments. Both the flen and facc were included both as landscape transport characteristics 261 
(catchment averages) as well as in creation of erosion risk indices in combination with other 262 
layers that together identified pixels with hypothesized higher probability of contributing salinity 263 
to surface waters due to surface runoff and erosion processes (e.g., a pixel with high soil salinity, 264 
high erodibility, large bare ground exposure, near to a channel, with a large upslope drainage 265 
area). 266 

2.6 Bare Ground Exposure Mapping 267 

Exposure of bare ground to the erosive elements of rain drop impact and surface runoff is 268 
a primary driver of water erosion (Branson and Owen, 1970; Hernandez et al., 2017; Nearing et 269 
al., 1989) and thus a risk factor for salinity loading by route of water erosion. We address this 270 
risk factor by mapping percent of bare ground exposure for the year 2013 (details in supporting 271 
Text S1), the closest year to 2010 available using Landsat 8. We developed bare-ground binary 272 
indices from quantile cutoffs within vegetative macrogroup strata in the USGS GAP dataset. The 273 
aim of this approach was to highlight pixels with high bare-ground exposure relative to similar 274 
areas around the basin that are likely to be in a persistent bare ground ecological state (Miller et 275 
al. 2011, Duniway et al. 2016), with the acknowledgement that some additional error will be 276 
introduced due to the time between the 2010 estimates of salinity and the date of the bare ground 277 
indices used here (2013). However, we expect this temporal mis-match likely introduces very 278 
little error given variables are summarized by the incremental reach catchments and put into 279 
relative terms (i.e. percent of catchments with bare ground above a certain quantile with 280 
vegetation classes). Areas of elevated bare ground tends to be spatial clustered over time where 281 
localized human access (e.g. roads) causes disturbance; whereas broader regional variability in 282 
climate patterns might cause most of the basin to have similar fluctuations with climate. Since 283 
the 2010-2013 period marked a decline in development and related potential new human 284 
disturbance due to the 2009 recession, which particularly stunted both new housing and energy 285 
development (Stock and Watson, 2012), we expect human related bare ground patterns to be 286 
relatively consistent over that period. Given that 2010-2013 was a period of drought with both 287 
2010 and 2013 both being less droughty years following extreme drought years (see Nauman et 288 
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al., 2018 for trends during that period), and disturbance tends to persist for long periods of time 289 
in this region (Miller et al., 2011; Fick et al., 2016), we assume that the differences in bare 290 
ground between 2010 and 2013 will be minimal, but cannot account for any associated error 291 
within our modeling. There were overlaps between our 90th percentile bare ground (bgm90q.pct) 292 
and 75th percentile bare ground (bgm75q.pct) erosion risk index areas and irrigated agriculture 293 
areas (5.9% and 15% of the irrigated areas, respectively) that could be due to mis-match between 294 
the dates. However, the irrigated areas may truly have elevated bare ground during fallow 295 
periods depending on crop rotations and management of farms. 296 

2.7 Hydrological and Climate Variables   297 

We selected several variables that were used by Miller et al., (2017) to characterize basin 298 
hydrological variables in addition to some PRISM based climate layers (PRISM Climate Group, 299 
2010) to characterize potential impacts of runoff on salinity yields (Table S1, Hydrological and 300 
Climate Variables section). The climate variables from Miller et al., (2017) included mean total 301 
annual excess of water (exc), mean total annual climatic water deficit (cwd), mean total annual 302 
snowmelt (mlt), and mean total annual recharge (rch) which originated from Flint and Flint 303 
(2007). From the PRISM 30-year normal dataset (1981-2010), we included mean annual 304 
precipitation (ppt) and the ratio of summer (June-September) to annual precipitation (pptratio) in 305 
the salinity model to include overall precipitation patterns and potential influence of regional 306 
summer monsoons. All non-topography raster variables were projected and snapped to the 307 
original EDNA DEM grid in R using the raster package using a parallelized bilinear interpolation 308 
(Hijmans et al., 2016), and then averaged for catchments used in modeling.  309 

2.8 Salinity Source Variables 310 

Following the structure of the SPARROW model in Miller et al., (2017), we used our 0-311 
100 cm soil ec map as our ‘geologic source’ dataset in replacement of the 1:500,000 geologic 312 
map. We also included agricultural sources by using the Buto et al., (2014) agriculture map that 313 
delineates agriculture by irrigation method. Sprinkler and flood irrigated lands were separated 314 
into saline (> 75th percentile of ec in basin) and non-saline (<75th percentile ec), resulting in four 315 
agricultural irrigation source classes. Our ‘geologic’ sources were delineated by splitting up the 316 
soil ec map into six distribution-based classes (0-10th, 10th-25th, 25th-50th, 50th-75th, 75th-317 
90th, and 90th-100th percentile classes) (Table S1, Source Variables section). We also included 318 
saline spring point sources used in Miller et al., (2017), with each point being included in a 319 
springs raster where the pixel coinciding with each spring is attributed with the salinity load. 320 
Every pixel received only one source type between the ec percentiles or the irrigation class 321 
separated by ec percentiles. The saline spring sources were included in addition to the ec and 322 
agriculture sources. Since RF models were trained separately for load (Mg) and yield (Mg / 323 
square km) estimates to allow for evaluation of the two approaches, source variables were 324 
summarized for each approach within each catchment separately with load prediction models 325 
using total area of source types and yield prediction models using percent of catchment occupied 326 
by each source type (details in Table S1). 327 

2.9 Erosion Risk Index Maps 328 

We created erosion risk indices for the entire UCRB (including agricultural areas) that 329 
highlight pixels that may have a disproportionate impact on loading due to multiple erosion risk 330 
factors. Index selection was driven by a-priori hypotheses regarding drivers of salinity ‘hot-331 
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spots’. We hypothesized greater salinity contributions to surface waters due to surface erosional 332 
processes from pixels with some combination of higher soil ec, short distance to drainage (flen), 333 
high soil erodibility (kw), high upslope catchment area that may contribute more runoff (facc), 334 
and/or high bare ground exposure (bg). Several thresholds and combinations of the variables 335 
were compiled, from which proportions of each catchment that met those criteria were calculated 336 
for use as explanatory variables (Table S1, Erosion risk index variables section). Many 337 
combinations were tested in initial models to help distinguish important variable thresholds and 338 
combinations. The final model chosen was pruned to include only the indices and other variables 339 
that were most important to model performance to better understand potential salinity yield 340 
drivers. 341 

2.10 Model Assessment and Predictions 342 

Four initial RF models were created based a factorial of the two calibration reach 343 
definitions (nested-basin and whole-watershed) and the two approaches for characterizing 344 
instream salinity (yield and load): 1) nested-basin load, 2) nested-basin yield, 3) whole-345 
watershed load, and 4) whole-watershed yield. For these modeling frameworks, predictions made 346 
for a catchment can be interpreted as the load or yield produced in that catchment that one could 347 
expect to measure in surface water at the catchment outlet. 348 

For initial framework testing, five iterations of RFs were run with 500 trees (ntree), and 349 
default settings for number of variables selected (mtry = # variables / 3), and nodesize of one. 350 
Initial RF models included all source and watershed characterization variables in Table S1, 351 
totaling 50 variables in all. Load models included source variables in terms of area of each 352 
source type within a catchment, which is consistent with the SPARROW approach. Yield models 353 
included source variables in terms of percent of area within a catchment occupied by source 354 
types. The initial overall model accuracies were evaluated based on model out-of-bag fit and by 355 
comparing basin-level load predictions to those measured at Lees Ferry, Arizona. Since most 356 
complex empirical models will generally produce over-optimistic accuracy results when assessed 357 
with training data, RFs produce out-of-bag fit metrics by predicting results onto instances left out 358 
of model building for each RF member ensemble tree and summarizing their accuracy (Brieman, 359 
2001). This produces similar assessments to many withholding or cross validation approaches, 360 
but the workflow of RF building allows it to occur concurrent to model building. Out-of-bag fit 361 
was quantified by calculating the coefficient of determination (R2) and root mean square error 362 
(RMSE). The total basin salinity load predicted from each model was estimated by adding the 363 
loads predicted for all incremental reach catchments in the UCRB (for yield models this is done 364 
by multiplying the predicted yield times area of the reach catchment). The loads should 365 
theoretically match the total load measured at the outlet gauge at Lees Ferry, Arizona. For 366 
calibration data adjusted for water diversions, we adjusted the measured Lees Ferry gauge load 367 
to account for diversion load loss by increasing load proportional to relative flow loss due to 368 
diversions (increased the measured load at Lees Ferry from 5.45 million Mg yr-1 to 5.81 million 369 
Mg yr-1).  370 

The selected model framework was then evaluated in detail to improve upon and further 371 
validate the model. The initial RF model was rerun with varying numbers of sampled variables 372 
(mtry), numbers of trees (ntree), and node size to manually tune model parameters to minimize 373 
out-of-bag error. The new model was then pruned iteratively by eliminating variables with low 374 
variable importance as calculated by RFs as the out-of-bag percent increase in mean square error 375 
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(%IncMSE) when a given variable is randomized (details in supporting Text S3). The pruned RF 376 
model was then manually tuned to optimize out-of-bag error by adjusting ntree, mtry, and 377 
nodesize.  378 

Regression bias can be produced in RFs due to predictions being solely based on 379 
summarizing actual training data instances (Nguyen et al., 2015; Zhang and Lu, 2012). If a 380 
model has any error (i.e. all models we are aware of) summarization of these training instances 381 
for values at the extremes of the training distribution will always be skewed back towards the 382 
center of the distribution due to averaging of any erroneous predictions through the full RF 383 
ensemble. We addressed this by creating a linear model correction that fit the RF training set 384 
predicted values to the observed values conceptually following Zhang and Lu (2012). The linear 385 
adjustment is simply a linear least squares model relating the random forest predicted values of 386 
training instances as the dependent variable to the observed values. To test final model predictive 387 
ability and the approach of linearly correcting model bias, we ran a 10-fold cross-validation of 388 
the two-step approach of 1) fitting the random forest with selected explanatory variables, then 2) 389 
creating a prediction bias adjustment linear model. For each fold, the training set was fit using 390 
the 2-step model approach, and then the fitted model was predicted with the withheld data. This 391 
was repeated for all 10 folds such that cross validated predictions were produced for every 392 
stream gauge used in the model. Final selected model performance reporting is documented by 393 
plotting and reporting R2 and RMSE of RF model fit, linear bias-adjusted model fit, RF out-of-394 
bag fit, and 10-fold cross validation fit of the RF bias-adjusted 2-step model. We also looked for 395 
patterns in residuals across predicted values in plots and across space for spatial autocorrelation 396 
using Geary’s C test statistic in R (with neighbors weighted by inverse distances between all 397 
points) (Bivand et al., 2011; Geary, 1954). Because RFs use squared errors to determine tree 398 
break, they are sensitive to skewed dependent variables. We used a natural log transformation of 399 
load and yields to create normal distributions. Since RFs do not produce mean response 400 
estimates and simply split data into mostly homogenous subsets, retransformation of predictions 401 
to original units was done directly without any bias correction. Multiple predictive soil mapping 402 
studies have not included retransformation bias corrections for tree-based models without 403 
apparent issues (Hengl et al., 2017; Ramcharan et al., 2018; Mulder et al., 2016) including work 404 
that directly assessed both error and prediction intervals after retransformation without bias 405 
correction (Nauman and Duniway, 2019). 406 

2.11 Land-Cover and Land-Use Simulations 407 

Land-cover and land-use related variables were also evaluated for impacts on overall 408 
UCRB loads. To do this, we adjusted management related erosion risk indices (e.g., risk indices 409 
with bare ground component) and agricultural source extents to reflect removal of these areas in 410 
the prediction matrix of incremental reaches to produce simulation predictions. This creates a 411 
scenario where exposure of bare ground is decreased (e.g. by successful restoration action) or the 412 
agricultural irrigation type is eliminated from a watershed. This allows a new prediction of 413 
salinity production from the original RF model matrix in these scenarios. This type of approach 414 
has been used to back-cast estimated soil carbon levels to estimate changes globally due to 415 
human land use over the last 12,000 years (Sanderman et al., 2017). By subtracting simulated 416 
prediction scenarios of land-cover or land-use changes from the original model prediction of 417 
salinity loads, we can get an estimate of how management changes might impact total basin load 418 
and load within each incremental reach catchment. To ensure that simulations do not extend 419 
beyond the inferential domain learned by models from the training space, we compared the 420 
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distributions of non-simulation variables for catchments not modified in simulations to ensure 421 
similarity to the overall environmental variability of the full training set.  422 

3 Results 423 

3.1 Model Selection and Performance 424 

The whole-watershed yield modeling framework without diversion adjustments was 425 
selected as the best modeling framework for RF implementation. Models trained with data not 426 
accounting for diversions generally had similar out-of-bag accuracy to diversion-adjusted models 427 
except for the chosen nested-basin yield model where the training data without diversion 428 
improved R2 values by 0.02 when comparing an average of five model runs. Diversion adjusted 429 
yield models also tended to underestimate total UCRB loads when predicted for all incremental 430 
reach catchments relative to models without diversion adjustments. Although initial load RF 431 
models trained with nested-basins and whole-watershed catchments had higher out-of-bag 432 
accuracies than the whole-watershed yield model (Out-of-bag R2 = 0.66, 0.88, and 0.44, 433 
respectively), load models over predicted total UCRB load considerably. The nested-basin reach 434 
load model runs predicted more than ~19.9 million Mg per year for the UCRB, while the whole-435 
watershed load model predicted ~15.8 million Mg per year. The initial RF yield models for both 436 
the nested-basin approach and the whole-watershed approach had initial model runs that 437 
predicted 5.2-6.1 million Mg per year for the UCRB, comparable to the gauge at Lees Ferry 438 
(5.46 million Mg per year). The whole-watershed yield initial RF model had considerably better 439 
out-of-bag accuracy (R2 = 0.44) compared to the nested-basin yield model (R2 = 0.24), thus the 440 
whole-watershed yield model was chosen for pruning, tuning, and final bias adjustment and 441 
cross validation. The pruning of the whole-watershed yield model narrowed explanatory 442 
variables to 17 and improved out-of-bag accuracy from an average R2 of 0.44 to an average R2 of 443 
0.49 over five model runs.  444 

 445 
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 446 
Figure 2. Predicted versus observed and residuals plots illustrating model performance for 447 
calibration reaches with 1:1 reference line (red). Part a) shows the pruned RF fit before bias 448 
correction. Part b) shows fit after bias correction. Part c) shows residuals of fit after bias 449 
correction. Part d) shows the pruned RF out-of-bag model fit. Part e) shows cross validation fit of 450 
the bias corrected random forest modeling approach. Part f) shows the residuals of the cross 451 
validation fit in part e).  452 
 453 
 The whole-watershed yield RF model fit was very strong (R2 = 0.93, RMSE = 0.23 [in ln 454 
units]), but systematically slightly overestimated low values and underestimated high values 455 
creating a bias in the model fit. This bias in Figure 2a is likely due to the averaging of potentially 456 
skewed extreme yield values across terminal tree nodes in the random forest model (Nguyen et 457 
al., 2015; Zhang and Lu, 2012). However, the linear correction employed creates an unbiased fit 458 
(Fig 2b; R2 = 0.96, RMSE = 0.17 [in ln units]). The improvement in fit from the linear 459 
adjustment also is evident in comparing the out-of-bag predictions of the random forest model 460 
(Fig. 2d) to the cross validation of the random forest with linear adjustment approach shown in 461 
Figure 2e. Overall model fit strength is slightly lower in out-of-bag (R2 = 0.49, RMSE = 0.64 [in 462 
ln units]) than the cross validation (R2 = 0.50, RMSE = 0.63 [in ln units]) assessment that 463 
includes bias adjustment. Although considerably lower than the training fit, cross validation 464 
results indicate that the random forest with linear adjustment has moderate predictive ability, and 465 
visibly improves upon prediction bias observable in the out-of-bag (Fig. 2d) and training fit in 466 
random forest predictions (Fig. 2a). The highest and lowest values are among the worst predicted 467 
in the cross validation, suggesting that these outlying yield measurements are important in the 468 
full model to characterize the entire range of basin salinity yields. The final RF model (with 469 
linear adjustment) predicted a total UCRB load (by summing incremental reach catchment 470 
predictions) of 5.37 million Mg, within 2% of the gauged amount of 5.46 million Mg measured 471 
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at Lees Ferry. Model residuals did not exhibit evidence of spatial autocorrelation for the RF 472 
training fit (Geary C = 0.908, p = 0.156, 2-sided, weighted by inverse distance to all other 473 
points), cross validation fit (Geary C = 0.898, p = 0.164), and out-of-bag fit (Geary C = 0.897, p 474 
= 0.1167) indicating spatial dependence is not significantly influencing predictions. Maps of 475 
residuals also did not exhibit any discernable spatial patterns (Fig. S1). 476 

3.2 Variable Importance in Model  477 

The final pruned model consisted of 17 variables that included mostly soil properties 478 
including multiple summarizations of soil ec within catchments. Other selected variables 479 
included sprinkler agriculture in less saline areas (ec0_75.pct), flooded saline agriculture 480 
(ec75_100F.pct), bare ground areas above 90th percentiles within vegetation macrogroups 481 
(bgm90q.pct), and topography layers (Fig. 3). Interestingly, soil fine sand content (fs.ave), 482 
available water capacity (awc.ave), and soil sodium adsorption ratio (sar.ave) ended up being the 483 
most important predictor variables. Areas with high fine sand tend to be aeolian soils with lower 484 
salts and high infiltration, and partial variable importance plots show that salinity yields decrease 485 
with more fine sands (partial importance plots not published). Higher soil awc.ave highlights 486 
areas with at least moderate clay content, higher soil organic carbon, and specific higher activity 487 
mineralogy types (NCSS, 2017). The soil awc map also shows a trend with elevation and may be 488 
acting as a surrogate for variation in climate and runoff (no climate or runoff parameters were 489 
selected in model pruning). Partial importance plots show that higher values of awc.ave and 490 
sar.ave tend to be associated with higher yields.  The fourth and fifth most important variables 491 
had very similar %IncMSE values and represented the percent of area in catchments with 492 
sprinkler irrigated agriculture in lands with soil EC values lower than the 75th quantile 493 
(ec0_100N.pct), and the percent of area in reaches with flood irrigated agriculture in lands with 494 
soil ec values higher than the 75th quantile (ec75_100F.pct). 495 
 496 

 497 
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Figure 3. Random forest variable importance plot highlighting variables that cause the highest 498 
increase in mean square error (MSE) when randomly permutated in a model iteration. 499 
Higher %IncMSE indicates the variable has a larger role in creating an accurate model. 500 

3.3 Land-Cover and Land-Use Simulations 501 

The selected irrigated agricultural variables were adjusted to zero percent in all reaches in 502 
separate and combined model simulations to estimate impacts on UCRB loads by subtracting 503 
simulated basin load predictions from the original RF model predictions. When irrigation types 504 
were simulated separately, flood irrigated agriculture (ec75_100F.pct) in saline soils accounted 505 
for 501,211 Mg of predicted annual load, and sprinkler irrigated agriculture (ec0_75N.pct) 506 
accounted for 189,291 Mg of load. When both irrigation types were removed in a combined 507 
simulation, this resulted in 661,375 Mg being attributed to irrigated agriculture for the model 508 
(Fig. 4a). Although this is 12.1% of the total predicted UCRB yield, it is lower than previous 509 
estimates. Simulated results indicate that in catchments where irrigation was eliminated this 510 
resulted in an average load decrease of 0.54 Mg per 30 m pixel, with ec75_100F.pct area 511 
representing 0.64 Mg per 30 m pixel and ec0_75N.pct areas representing 0.38 Mg per 30 m 512 
pixel. Irrigated agricultural yield hotspots were primarily observed in the Uinta Basin, Price / 513 
Huntington area, Grand Junction valley, and Delta / Montrose areas (Fig. 4a). Smaller, but 514 
significant irrigation yields are also visible in the Lower San Juan, Upper San Juan, and Upper 515 
Green River basins (Fig. 4a).  516 

The impact of restoration of areas identified by the model as being important erosion risk 517 
index predictors of catchment salinity loading (bare ground greater than the 90th percentile within 518 
vegetation macrogroups; bgm90q.pct) was simulated by reducing the area of these sources to no 519 
more than 5% of a catchment area. We did not reduce these source areas to zero because all 520 
training catchments had at least a small amount of these areas (minimum of 0.05%) and the ~5% 521 
bgm90q.pct retained was roughly equivalent to the 25th percentile of the distribution of 522 
bgm90.pct in training catchments. Simulation results indicate that these areas were associated 523 
with 76,051 Mg of load annually, equivalent to roughly 1.4% of predicted UCRB annual load. 524 
Simulated results indicate that in catchments where restoration of bare ground was simulated, 525 
resulting yields decreased an average of 0.0013 Mg per 30-m pixel. However, despite the broad 526 
identification of these areas of elevated bare ground across the UCRB, the bgm90q.pct 527 
simulation only noticeably decreased yield in high elevation areas in the alpine-subalpine 528 
transition zones of the San Juan Mountains, Maroon Bell Mountains, and the White River 529 
Plateau (Fig. 4b). This seems to indicate that the role of the bgm90q.pct variable is likely part of 530 
a nested relationship within the RF model trees, and localized efforts within the high simulated 531 
yield areas in Fig. 4b would be more impactful than the 0.0013 Mg per pixel estimate for the 532 
broader set of simulated yield decreases in bgm90q.pct implemented across the UCRB. The 533 
areas exhibiting high yields in the restoration simulation (Fig. 4b) all share the attributes of 534 
having both higher levels of bgm90q.pct and higher soil ec than other similar mountain zones 535 
around the UCRB.   536 

To ensure simulations did not extend beyond the learning inference of the RF model, five 537 
number statistical summaries and the mean of explanatory variables were compared between 538 
training catchments not modified in simulations and the overall UCRB training catchment 539 
distributions. These comparisons showed little difference indicating simulations were operating 540 
in an interpolative manner (exhaustive statistical summaries available in code comments on 541 
Github in “FullWatershedModels.R”). For all simulations there were >87 training catchments not 542 



 

16 

 

modified that would serve as a contrast in simulations from the original model learning matrix 543 
ruleset. 544 
 545 

 546 
Figure 4. Simulated annual yields in URCB incremental reach catchments (n = 10,879) from a) 547 
irrigated agriculture and b) elevated bare ground exposure.  548 

3.4 Patterns in Yield and Comparisons to SPARROW 549 

Patterns in predicted RF yield form several discrete clusters, the largest of which are 550 
located in the Gunnison Basin watershed, the lower Green River Basin, the Colorado Headwaters 551 
watershed, the White and Yampa Rivers Basin, and the Upper San Juan Basin (Fig. 5a). Other 552 
isolated areas of high yield were detected in most of the major watersheds, but the Upper 553 
Colorado Dirty Devil and Lower San Juan, and lower portions of the Upper Colorado Dolores 554 
basins had clearly lower yields (Fig. 5a). SPARROW model results (Miller et al., 2017) show 555 
very similar distribution of yield hot-spots to the RF model except in the Upper Green Basin and 556 
portions of the Lower Green (Fig. 5b). Areas of lower yield are clearly more prevalent in the 557 
SPARROW model in the more arid south and southwestern parts of the UCRB as well as in 558 
portions of the Upper Green and Gunnison basins (Fig. 5a,b,c,d,f). The SPARROW model 559 
predicts yields of zero or close to zero in many semi-arid drainages, whereas the RF model tends 560 
to predict more yields in the 5-20 Mg yr-1 km-2 range in those same areas. In general, the new RF 561 
model predicts more diffuse salinity sources across the UCRB and with greater emphasis on the 562 
western slope of the Rockies in Colorado and the Upper San Juan Basin. Although there is 563 
correlation between irrigated agricultural yield in RF predictions compared to SPARROW (Fig. 564 
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5e), the SPARROW model predicts much more load from irrigated agriculture than the RF (1.82 565 
x106 versus 6.6 x105 Mg, Fig. 5e). 566 

 567 

 568 
Figure 5. Maps (a thru c) comparing predicted 2010 detrended annual salinity yields for all 569 
incremental reach catchments in the UCRB (n=10,879) with (a) the new 2-step RF model, (b) 570 
Miller et al., (2017) SPARROW model, and (c) showing the difference between the RF and 571 
SPARROW (RF – SPARROW) highlighting areas where the RF predictions are higher (darker 572 
blues) and where SPARROW predictions are higher (green areas). Graphs (d thru f) of predicted 573 
yields (Mg km-2 yr-1) from random forest (RF) model in this paper and SPARROW based on d) 574 
overall yield, e) yields associated with agricultural flood irrigation, and f) yields excluding flood 575 
irrigated sources. Graphs are presented as hexagon bins of point density due to large number of 576 
reach catchment predictions being compared.  577 

Comparing model performance between the RF model and SPARROW is difficult due to 578 
the lack of independent validation in the UCRB SPARROW studies. Miller et al., (2017) 579 
reported a SPARROW yield model training fit with an R2 of 0.73 and RMSE of 0.47 (ln units), 580 
whereas the RF yield model fit here had an R2 of 0.96 and RMSE of 0.23 (ln units). However, 581 
our cross-validation results indicated a model R2 of 0.50 and RMSE of 0.63 (ln units). Although 582 
these cross-validation statistics indicate considerable error sources that still need to be accounted 583 
for, it is common to see overfitting in RF and many statistical modeling techniques. Machine 584 
learning algorithms simply look for patterns in data regardless of causality, which is why the 585 
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default evaluation of RFs are based on pseudo-independent out-of-bag errors and not training 586 
data fit (Breiman, 2001), and it is standard to use cross validation or withholding validations to 587 
evaluate machine learning models’ predictive capability (e.g Hengl et al., 2017; Caruana et al., 588 
2006). It is difficult to say how much overfitting may be reflected in reported SPARROW fit 589 
statistics, but large complicated non-linear least squares regressions are by no means immune to 590 
the phenomenon (Hawkins, 2004). A bootstrapping approach is used in SPARROW to estimate 591 
90% confidence intervals (CI) to describe uncertainty in regression parameters, and the CIs 592 
reported in previous SPARROW runs exhibit quite wide intervals, often with larger ranges than 593 
the actual coefficient value used in predictions (Kenney et al., 2009; Miller et al., 2017) 594 
indicating relatively high uncertainty. These wide CIs provide evidence that a similar cross 595 
validation approach to ours would likely reveal model overfitting by some unknown magnitude. 596 
This unknown potential for overfitting in SPARROW models makes it speculative to 597 
categorically discern if SPARROW or the RF model here are more accurate without more 598 
comparable validation of SPARROW. 599 

4 Discussion and conclusions 600 

This study presents a data driven random forest (RF) approach to modeling salinity yields 601 
into surface waters of the UCRB. The 30 m resolution soil property maps, maps highlighting 602 
areas with high amounts of bare ground exposure, and certain topographical layers (Fig. 3) were 603 
able to represent half of the variation in observed 2010 detrended salinity yield measured at 604 
UCRB stream gauges. The RF model also accurately predicted total basin load within 2% when 605 
used to predict yield at 10,789 incremental reach catchments prepared in recent SPARROW 606 
modeling work. The new 30 m input maps can be used to look within high-yield catchments to 607 
evaluate field scale variation in important predictor variables for planning potential salinity 608 
control projects. Simulations based on the developed RF model demonstrated scenarios for how 609 
reductions in irrigated agriculture and mitigating bare ground exposure may reduce salinity 610 
loading into UCRB surface drainages. Although much of the trend in UCRB yield is similar 611 
between RF results and previous SPARROW modeling, the RF results suggests that irrigated 612 
agriculture is a significantly smaller source of load and that salinity yields through the UCRB are 613 
more diffuse that previously thought.  614 

Like previous studies, we found that irrigated agriculture was a major contributor to 615 
UCRB salinity load (12%), and that flooded agriculture in more saline areas was the biggest 616 
contributor (9.3%). However, these are much lower contributions than those found by Miller et 617 
al., (2017) where irrigated agricultural sources contributed 31% of UCRB load and high yield 618 
areas with flooded irrigation contributed 17%. This difference in agricultural yield seems likely 619 
to be a result of the new input variables, but it could also be related to how diversions are dealt 620 
with in modeling, and inclusion of only a fraction of potential irrigated agriculture sources in the 621 
basin during model pruning. In testing RF training strategies, diversions caused underestimates 622 
of total basin load in our models, lowered model accuracy slightly, and were not used in the final 623 
selected model. Given that 98% of UCRB surface water diversions are irrigation related (Maupin 624 
et al, 2018) and associated load is likely to return to surface waters via groundwater (Rumsey et 625 
al., 2017), adjusting for diversion seems likely to add error to modeling in this scenario. The 626 
differing irrigation results could also be influenced by the differing RF training and prediction 627 
framework applied. The RF results also suggest that more load is produced in lower elevation 628 
areas than previous SPARROW models which also seems likely to be driven by the influence of 629 
the soil maps. Finally, the RF approach only identified two of four irrigated agriculture 630 
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categories as predictors in the model (sprinkler 0-75 and flood 75-100), whereas the SPARROW 631 
approach included all irrigated agricultural lands. 632 

Although the RF approach is more empirical in nature than SPARROW, it utilizes the 633 
same spatial hydrological topology of previous UCRB SPARROW modeling. The SPARROW 634 
approach differs from the RF mainly in using smaller calibration catchments which, while 635 
providing more detailed information about salinity source and transport, requires more 636 
assumptions about isolating load specific to those smaller catchments. SPARROW also uses a 637 
more process-driven flow routing in the salinity prediction process that maintains a mass balance 638 
and can deal with other factors mitigating load transport that may come up (e.g. reservoir 639 
attenuation).  However, despite not having the same theoretical constraints on the prediction and 640 
routing of loads, the RF still renders overall summed load of the UCRB very close to the 641 
measured amount at Lees Ferry, Arizona. Due to lack of comparable validations, it is not 642 
possible to conclude which model is more accurate, but a clear advantage of RFs is that they are 643 
highly parallelizable for high performance computing and thus can be validated robustly. The 644 
importance of the new soil variables in the RF model suggests that re-running SPARROW with 645 
these new inputs maps could be helpful, and we feel this should be pursued in future work.     646 

The 30-meter soil, topographical, and risk index maps adds much more detailed 647 
information about the characteristics of the catchments. In particular, the geologic source maps 648 
used in prior regional SPARROW salinity modeling are quite coarse (1:500,000) – often having 649 
much larger polygons than the incremental reach catchments being modeled. The SPARROW 650 
model also assumes that a lithology class will have similar solids available for dissolution in 651 
wetter mountain areas as areas of the same formation in the lower elevation semi-arid portions. 652 
Although this may be true in unweathered bedrock if the geologic groups used are relatively 653 
consistent in composition (a rather broad assumption), weathered regolith and soils will probably 654 
have much fewer soluble constituents for dissolution in wetter mountain regions as evidenced by 655 
the new soil maps used in this paper. The new soil maps used in this study show that 0-100 cm 656 
soil salinity levels are much lower in the mountains than in the semi-arid areas of UCRB, and 657 
that spatial patterns in soil salinity are quite complex. Although previous SPARROW runs did 658 
include STATSGO2 soil data to help discern differences between lithologic sources and soil 659 
variability, STATSGO2 is also quite coarse in scale (1:250,000) and is likely to be masking 660 
variability due to high uncertainty in associated property estimates (Helmick et al., 2014). 661 

4.1 New Soil Maps 662 

Predictive soil maps produced for this study had moderate to moderately strong 663 
accuracies (R2 between 0.41 and 0.67, mean of 0.55) that are generally more accurate than other 664 
soil mapping projects of similar size and scope (e.g., Adhikari et al., 2013; Mulder et al., 2016; 665 
Viscarra Rossel et al., 2015; Ramcharan et al., 2018; Chaney et al., 2019). The SoilGrids 250 m 666 
project is notable in having higher validation accuracy, but issues with the use of a horizon based 667 
cross-validation (as opposed to a location-based) and uncertainty issues with the 3D approach 668 
used (Nauman and Duniway, 2019) make the true accuracy of SoilGrids uncertain. Other soil 669 
salinity mapping case studies have had encouraging results in mapping smaller extents 670 
(<100,000 ha) but have relied on remote sensing indices (Nield et al., 2007) and electromagnetic 671 
induction measurements (Guo et al., 2013; Taghizadeh-Mehrjardi et al., 2014) that limit the 672 
feasibility across large areas and in more vegetated systems. Soil erodibility has been mapped in 673 
a very similar fashion across Europe at 500 m resolution with similar validation accuracy (R2 = 674 
0.40) (Panagos et al., 2014). However, in the complicated topography of the UCRB, variability 675 
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within a 500 m pixel can be considerable (e.g., Figs. 1 and 6). The bare ground exposure model 676 
accuracy (cross validation R2 = 0.44) also compared favorably with recent regional soil cover 677 
remote sensing work, which stratified models within vegetation types to reduce noise (cross 678 
validation R2 between 0.35-0.58) (Poitras et al., 2018). However, all these predictive map inputs 679 
have considerable error which may have limited salinity model performance. 680 

4.2 Scaling questions 681 

Although the RF yield approach in this paper used the same gauge and hydrologic 682 
network as the SPARROW model implemented by Miller et al., (2017), there are key differences 683 
in the model training and prediction spatial frameworks. The chosen RF model framework looks 684 
at the entire watershed upstream of each gauge in the model training step, whereas all 685 
incremental reaches in the network are considered during the SPARROW calibration process. 686 
Conceptually, the RF modelling of gauges further downstream might be unduly influenced by 687 
the headwater portions, and considering that the incremental reach catchments used for the 688 
prediction step are much smaller, this prompts questions about scaling issues. However, if 689 
scaling was the main driver of differences between SPARROW and the RF model, then the 690 
mountain reach predictions should be more consistent between the two models, since RF training 691 
catchment sizes would be much more similar to those in SPARROW in these areas.  SPARROW 692 
predicted higher yields within the mountains that show substantial spatial difference from the RF 693 
model (Fig. 5c), which suggests other factors are driving model differences. Residuals also do 694 
not indicate bias or downstream gradients (supporting Fig. S1), and no spatial autocorrelation 695 
was detected in residuals produced from model training, cross-validation, or in out-of-bag 696 
predictions. However, there still may be some influence of calibration catchment scale that these 697 
analyses were unable to detect.  698 

4.3 Erosion Risk Index Insights 699 

 Of all the erosion risk indices tested for influence in the RF model, only the percentage of 700 
catchments with bare ground exposure higher than the 90th percentile of bare ground within a 701 
vegetation macrogroup (bgm90q.pct) was selected in the final model. A simulated restoration 702 
action where these areas were reduced to just five percent of catchments (if they had been higher 703 
than that before) resulted in a decrease of 76,051 Mg of load annually in the UCRB, or about 704 
1.4% of the total UCRB load. The vast majority of simulated load decrease came in high 705 
elevation subalpine-alpine areas of mountain ranges with high bgm90q.pct values and higher soil 706 
salinity than other mountain ranges in the UCRB, which are quite numerous in the basin. The 707 
majority of this load is attributed to the San Juan and Maroon Bells mountains in areas with 708 
documented legacies of mining (Figs. 4b and 6, also Freeman and Weisner, 1984; Steven and 709 
Eaton, 1975). This includes areas near Ouray, Red Mountain Pass, and Silverton that have 710 
extensive areas of land impacted by historic mining activities that are likely to be linked with 711 
these simulated results (Fig. 6). Areas of the White River Plateau were also highlighted by the 712 
risk index simulation as having elevated yields north of Glenwood Springs, CO (Fig. 4b). The 713 
White River Plateau area is a much flatter high elevation area with significant road networks 714 
which may suggest more distributed land uses (e.g. grazing, recreation) may play a role in higher 715 
predicted salinity yields. However, these qualitative associations between land-use and erosion-716 
risk are highly speculative and more definitive causality requires further investigation. 717 
 718 
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 719 
Figure 6. Area in the San Juan Mountains near Red Mountain Pass, Colorado, identified by risk 720 
index as having elevated salinity yield in simulations. This area has been heavily mined as the 721 
USGS 7.5-minute topographical map background indicates. Transparent orange areas indicate 722 
pixels identified as having >90th percentile of exposed bare ground relative to areas within the 723 
same vegetation macrogroup in the national USGS GAP dataset (Gergely and McKerrow, 2013).  724 

 725 

4.4 Exploring source dynamics 726 

Although this and past studies have been able to spatially model salinity sources at the 727 
incremental reach scale, and have clearly highlighted flood irrigation contributions, processes of 728 
natural and more diffuse source propagation into surface waters are less clear. Contributions 729 
from erosion has been a focus of research and mitigation efforts (e.g., Cadaret et al., 2016; 730 
Tillman et al., 2018), but Rumsey et al., (2017) provide evidence that diffuse groundwater 731 
discharge driven baseflow accounts for 80-90% of UCRB loads, although it is unclear exactly 732 
where in the groundwater recharge cycle this happens, or how long it takes. Several studies 733 
indicate that about a quarter of UCRB gauges have relationships between suspended sediment 734 
and salinity that indicate surface erosion influence on salinity in those catchments (Tillman et al., 735 
2018; Tillman and Anning, 2014a). Our results are generally consistent with these studies as we 736 
could relate only 1.4% of basin load to one of our erosion risk index variables (bgm90q.pct). 737 
Rumsey et al., (2017) also showed that agricultural irrigation areas were associated with 738 
increased baseflow loads. This finding is also consistent with our experience in selecting a model 739 
strategy that avoided correcting for diversions which are likely to be moving though short 740 
residence time groundwater pathways back into surface waters after being applied for irrigation. 741 
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Most of the high load baseflow contributions observed by Rumsey et al., (2017) were at middle 742 
elevations, but lower elevation reaches were still highly influenced by high yield baseflow inputs 743 
due to more saline geologic materials, which also is consistent with RF model overall yield 744 
predictions (Fig. 5a). The pattern of mid-elevation yields with tapering, but still significant yields 745 
at lower elevations would also be consistent with our observation of slightly higher yields further 746 
into low elevation areas than previous SPARROW models (Fig. 5a,b,c). This marginally greater 747 
significance of yield in lower elevation reaches is potentially due in part to groundwater 748 
discharge interacting with more saline materials at these elevation ranges that have more 749 
dissolvable solids in soils and geologic formation exposures.  750 

Stepping back to basin-wide salinity sources, if we assume that 80-90% of UCRB load is 751 
from baseflow (Rumsey et al., 2017), which includes much of the agricultural inputs, and that 752 
~1-2% comes from elevated bare ground exposure as shown by this study, the remaining 8-18% 753 
of loads are thus likely to be originating from uncharacterized surface runoff dynamics. This 754 
fraction could be due to error in the models. However, it is possible that the semi-arid areas of 755 
the UCRB predicted to have slightly higher yields than past studies may be contributing salts 756 
sourced in surface runoff due to bare ground exposure not picked up in our relative bare ground 757 
indices. Increased bare ground exposure in the region has been documented in widespread 758 
reductions in vegetation and biological soil crust cover due to a combinations of post-colonial 759 
disturbance that include domestic livestock, proliferation of roads and off-highway vehicle 760 
activity, energy exploration and development, urban and ex-urban development, and increasing 761 
aridity linked to climate change (Belnap, 1995; Belnap et al., 2004; Copeland et al., 2017; 762 
Duniway et al., 2018; Li et al., 2013; Miller, 2005; Miller et al., 2011; Munson et al., 2011a; 763 
Munson et al., 2011b; Nauman et al., 2017; Nauman et al., 2018; Neff et al., 2008; Neff et al., 764 
2005; Poitras et al., 2018; Schwinning et al., 2008). These disturbed semi-arid areas could be 765 
sources for some of this unaccounted-for load, particularly during monsoon events which can 766 
move substantial surface and near-surface salts in just one event (Laronne and Schumm, 1977). 767 
This monsoonal transport mechanism in semi-arid areas could explain why our lower elevation 768 
yields are higher than previous models due to better representation of the surface salts available 769 
for transport in these events. Rumsey et al., (2017) also acknowledge that the monsoonal pulses 770 
in discharge and associated load are difficult to quantify. 771 

4.5 Future Application 772 

The presented salinity yield maps and input layers have the potential to inform land 773 
management and research in a variety of ways. The updated salinity yield maps can be used to 774 
prioritize catchments for salinity control projects and more targeted studies. The soil maps, risk 775 
index, and updated agriculture irrigation salinity maps can help identify areas within these 776 
catchments to target and plan projects, which can then be simulated by re-predicting from the 777 
original RF model with new input data to assess potential outcomes. The detail afforded by the 778 
30 m mapping allows much more specificity as to which landscapes to target mitigation efforts 779 
relative to previous coarser spatial resolution modeling. In particular, areas highlighted by the 780 
bare soils erosion risk index can be specifically evaluated and targeted for salinity control 781 
projects and restoration activities. Other regional work using similar 30 m resolution spatial 782 
modeling has highlighted areas in the more arid parts of the UCRB as potential dust sources 783 
(Nauman et al., 2018). By combining the utility of remotely sensed vegetation cover maps with 784 
soils, climate, hydrological, and topographical data available at 30 m and finer in similar 785 
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approaches to this paper, a variety of sensitive and vulnerable areas can be identified for land 786 
managers to direct resources. 787 

Data generated during this study are available at USGS ScienceBase-Catalog (Nauman 788 
2019). Code developed for data preparation and modeling is available online on Github 789 
( https://github.com/usgs/UCRB_Salinity). We expect these new datasets, particularly the soil 790 
maps, to have utility for several types of users, including regional land managers, water planners, 791 
and policy makers.  Concurrent work in developing the predictive soil maps used in this study 792 
includes distribution of uncertainty maps (following Meinshausen, 2006; Vaysse and Lagacherie, 793 
2017; and Nauman and Duniway, 2019) that help better depict spatial variability in the accuracy 794 
of maps and also highlights areas where soil variability may exist even within a 30 m pixel. It 795 
should be stressed that cross validation results reported in this study indicate considerable error 796 
in the maps and models presented, and we recommend using this data as an initial 797 
reconnaissance to direct field visits and further investigation into sites identified in this model 798 
before making management or policy decisions. We see potential for further improvements in 799 
salinity modeling as soil maps and other data sources improve. This study also suggests that the 800 
SPARROW modeling framework could be updated not only with better soils and covariate data, 801 
but possibly with machine learning to improve the calibration process.  802 

5 Acknowledgements 803 

Funding for this work was provided by the Bureau of Land Management and the U.S. Geological 804 
Survey Ecosystem Mission Area.  Use of trade, product, or firm names is for information 805 
purposes only and does not constitute an endorsement by the U.S. Government. We thank Dr. 806 
Fred Tillman of the US Geological Survey Arizona Water Science Center for helpful comments 807 
and suggestions that improved the paper considerably.  808 

  809 



 

24 

 

 810 

6 References 811 

Adhikari, K., Kheir, R. B., Greve, M. B., Bøcher, P. K., Malone, B. P., Minasny, B., McBratney, 812 
A. B., and Greve, M. H., 2013, High-resolution 3-D mapping of soil texture in Denmark: 813 
Soil Science Society of America Journal, v. 77, no. 3, p. 860-876. 814 

Anning, D. W., Bauch, N. J., Gerner, S. J., Flynn, M. E., Hamlin, S. N., Moore, S. J., Schaefer, 815 
D. H., Anderholm, S. K., and Spangler, L. E., 2007, Dissolved solids in basin-fill aquifers 816 
and streams in the southwestern United States: US Geological Survey Report, 2328-0328. 817 

Bailey, R. W., 1935, Epicycles of erosion in the valleys of the Colorado Plateau Province: The 818 
Journal of Geology, p. 337-355. 819 

Belnap, J., 1995, Surface disturbances: their role in accelerating desertification, Desertification in 820 
Developed Countries, Springer, p. 39-57. 821 

Belnap, J., Phillips, S. L., and Miller, M. E., 2004, Response of desert biological soil crusts to 822 
alterations in precipitation frequency: Oecologia, v. 141, no. 2, p. 306-316. 823 

Bivand, R., Anselin, L., Berke, O., Bernat, A., Carvalho, M., Chun, Y., Dormann, C. F., Dray, 824 
S., Halbersma, R., and Lewin-Koh, N., 2011, spdep: Spatial dependence: weighting 825 
schemes, statistics and models, R package version 0.5-31, URL http://CRAN. R-project. 826 
org/package= spdep. 827 

Branson, F. A., and Owen, J. B., 1970, Plant cover, runoff, and sediment yield relationships on 828 
Mancos Shale in western Colorado: Water Resources Research, v. 6, no. 3, p. 783-790. 829 

Breiman, L., 2001, Random Forests: Machine Learning, v. 45, no. 1, p. 5-32. 830 
Buto, S. G., Gold, B. L., and Jones, K. A., 2014, Development of a regionally consistent 831 

geospatial dataset of agricultural lands in the Upper Colorado River Basin, 2007-10: US 832 
Geological Survey, 2328-0328. 833 

Buto, S. G., Spangler, L. E., Flint, A. L., and Flint, L. E., 2017, Catchment-flowline network and 834 
selected model inputs for an enhanced and updated spatially referenced statistical 835 
assessment of dissolved-solids load sources and transport in streams of the Upper 836 
Colorado River Basin: U.S. Geological Survey data release, 837 
https://doi.org/10.5066/F76T0JT4. 838 

Cadaret, E. M., Nouwakpo, S. K., McGwire, K. C., Weltz, M. A., and Blank, R. R., 2016, 839 
Experimental investigation of the effect of vegetation on soil, sediment erosion, and salt 840 
transport processes in the Upper Colorado River Basin Mancos Shale formation, Price, 841 
Utah, USA: Catena, v. 147, p. 650-662. 842 

Chaney, N. W., Minasny, B., Herman, J. D., Nauman, T. W., Brungard, C. W., Morgan, C. L. S., 843 
McBratney, A. B., Wood, E. F., and Yimam, Y., 2019, POLARIS Soil Properties: 30-m 844 
Probabilistic Maps of Soil Properties Over the Contiguous United States: Water 845 
Resources Research, v. 0, no. 0. 846 

Caruana, R., and Niculescu-Mizil, A., An empirical comparison of supervised learning 847 
algorithms, in Proceedings Proceedings of the 23rd international conference on Machine 848 
learning2006, ACM, p. 161-168. 849 

Conrad, O., and Wichmann, V., 2011, SAGA GIS (www.saga-gis.org): Hamburg, Germany. 850 
Copeland, S. M., Bradford, J. B., Duniway, M. C., and Schuster, R. M., 2017, Potential impacts 851 

of overlapping land‐use and climate in a sensitive dryland: a case study of the Colorado 852 
Plateau, USA: Ecosphere, v. 8, no. 5. 853 



 

25 

 

Duniway, M. C., Geiger, E. L., Minnick, T. J., Phillips, S. L., and Belnap, J., 2018, Insights from 854 
Long-Term Ungrazed and Grazed Watersheds in a Salt Desert Colorado Plateau 855 
Ecosystem: Rangeland Ecology & Management, v. 71, no. 4, p. 492-505. 856 

Duniway, M. C., Nauman, T. W., Johanson, J. K., Green, S., Miller, M. E., Williamson, J. C., 857 
and Bestelmeyer, B. T., 2016, Generalizing Ecological Site Concepts of the Colorado 858 
Plateau for Landscape-Level Applications: Rangelands, v. 38, no. 6, p. 342-349. 859 

Fick, S. E., Decker, C., Duniway, M. C., and Miller, M. E., 2016, Small‐scale barriers mitigate 860 
desertification processes and enhance plant recruitment in a degraded semiarid grassland: 861 
Ecosphere, v. 7, no. 6, p. e01354. 862 

Flessa, K. W., Ecosystem services and the value of water in the Colorado River delta and 863 
Estuary, USA and Mexico: Guidelines for mitigation and restoration2004 2004, p. 79-86. 864 

Flint, A. L., and Flint, L. E., 2007, Application of the basin characterization model to estimate 865 
in-place recharge and runoff potential in the Basin and Range carbonate-rock aquifer 866 
system, White Pine County, Nevada, and adjacent areas in Nevada and Utah: Geological 867 
Survey (US), 2328-0328. 868 

Freeman, T. G., 1991, Calculating catchment area with divergent flow based on a regular grid: 869 
Computers & Geosciences, v. 17, no. 3, p. 413-422. 870 

Freeman, V. L., and Weisner, R. C., 1984, Maroon Bells-Snowmass Wilderness and Additions, 871 
Colorado: US Geological Survey Professional Paper, no. 1300, p. 459. 872 

Geary, R. C., 1954, The contiguity ratio and statistical mapping: The incorporated statistician, v. 873 
5, no. 3, p. 115-146. 874 

Gergely, K. J., and McKerrow, A., 2013, Terrestrial ecosystems: national inventory of vegetation 875 
and land use: US Geological Survey, 2327-6932. 876 

Gesch, D. B., 2007, The National Elevation Dataset, in Maune, D., ed., Digital Elevation Model 877 
Technologies and Applications: The DEM Users Manual, American Society for 878 
Photogrammetry and Remote Sensing, p. 99-118. 879 

Gesch, D. B., Oimoen, M., Greenless, S., Nelson, C., Steuck, M., and Tyler, D., 2002, The 880 
National Elevation Dataset: Photogrammetric Engineering and Remote Sensing, v. 68, 881 
no. 1, p. 5-11. 882 

Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D., and Moore, R., 2017, Google 883 
Earth Engine: Planetary-scale geospatial analysis for everyone: Remote Sensing of 884 
Environment, v. 202, p. 18-27. 885 

Guo, Y., Shi, Z., Li, H. Y., and Triantafilis, J., 2013, Application of digital soil mapping methods 886 
for identifying salinity management classes based on a study on coastal central China: 887 
Soil Use and Management, v. 29, no. 3, p. 445-456. 888 

Hawkins, D. M., 2004, The problem of overfitting: Journal of chemical information and 889 
computer sciences, v. 44, no. 1, p. 1-12. 890 

Helmick, J. L., Nauman, T., and Thompson, J., 2014, Developing and assessing prediction 891 
intervals for soil property maps derived from legacy databases: In GlobalSoilMap 892 
Proceedings Orlean, France Arrouays et al.,(eds). 893 

Hengl, T., de Jesus, J. M., Heuvelink, G. B. M., Gonzalez, M. R., Kilibarda, M., Blagotić, A., 894 
Shangguan, W., Wright, M. N., Geng, X., and Bauer-Marschallinger, B., 2017, 895 
SoilGrids250m: Global gridded soil information based on machine learning: PloS one, v. 896 
12, no. 2, p. e0169748. 897 

Hernandez, M., Nearing, M. A., Al‐Hamdan, O. Z., Pierson, F. B., Armendariz, G., Weltz, M. 898 
A., Spaeth, K. E., Williams, C. J., Nouwakpo, S. K., and Goodrich, D. C., 2017, The 899 



 

26 

 

Rangeland Hydrology and Erosion Model: A Dynamic Approach for Predicting Soil Loss 900 
on Rangelands: Water Resources Research, v. 53, no. 11, p. 9368-9391. 901 

Hijmans, R. J., van Etten, J., Cheng, J., Mattiuzzi, M., Sumner, M., Greenberg, J. A., 902 
Lamigueiro, O. P., Bevan, A., Racine, E. B., and Shortridge, A., 2016, Package ‘raster’: 903 
R package. https://cran. r-project. org/web/packages/raster/index. html (accessed 1 904 
October 2016). 905 

Homer, C., Dewitz, J., Yang, L., Jin, S., Danielson, P., Xian, G., Coulston, J., Herold, N., 906 
Wickham, J., and Megown, K., 2015, Completion of the 2011 National Land Cover 907 
Database for the Conterminous United States &#8211; Representing a Decade of Land 908 
Cover Change Information: Photogrammetric Engineering & Remote Sensing, v. 81, no. 909 
5, p. 345-354. 910 

Jarvis, A., Reuter, H. I., Nelson, A., and Guevara, E., 2008, Hole-filled SRTM for the globe 911 
Version 4: available from the CGIAR-CSI SRTM 90m Database (http://srtm. csi. cgiar. 912 
org), v. 15. 913 

Jenny, H., 1941, Factors of Soil Formation, New York, New York, McGraw-Hill. 914 
Jenny, H., 1961, Derivation of state factor equations of soils and ecosystems: Soil Science 915 

Society of America Journal, v. 25, no. 5, p. 385-388. 916 
Jenny, H., 1980, ecological studies analysis and synthesis vol. 37. The soil resource origin and 917 

behavior, Jenny, H. Ecological Studies: Analysis and Synthesis, Vol. 37. The Soil 918 
Resource: Origin and Behavior. Xxi+377p. Springer-Verlag: New York, N.Y., USA; 919 
Berlin, West Germany. 920 

Kenney, T. A., and Buto, S. G., 2012, Evaluation of the temporal transferability of a model 921 
describing dissolved solids in streams of the Upper Colorado River Basin: JAWRA 922 
Journal of the American Water Resources Association, v. 48, no. 5, p. 1041-1053. 923 

Kenney, T. A., Gerner, S. J., Buto, S. G., and Spangler, L. E., 2009, Spatially referenced 924 
statistical assessment of dissolved-solids load sources and transport in streams of the 925 
Upper Colorado River Basin: US Geological Survey, 2328-0328. 926 

Keum, J., and Kaluarachchi, J. J., 2015, Calibration and Uncertainty Analysis Using the Sparrow 927 
Model for Dissolved‐Solids Transport in the Upper Colorado River Basin: JAWRA 928 
Journal of the American Water Resources Association, v. 51, no. 5, p. 1192-1210. 929 

Laronne, J. B., and Schumm, S. A., 1977, Evaluation of the storage of diffuse sources of salinity 930 
in the Upper Colorado River Basin: Completion report (Colorado Water Resources 931 
Research Institute); no. 79. 932 

Li, J., Okin, G. S., Skiles, S. M., and Painter, T. H., 2013, Relating variation of dust on snow to 933 
bare soil dynamics in the western United States: Environmental Research Letters, v. 8, 934 
no. 4, p. 044054. 935 

Maupin, M. A., Ivahnenko, T. I., and Bruce, B., 2018, Estimates of water use and trends in the 936 
Colorado River Basin, Southwestern United States, 1985–2010, 2018-5049. 937 

Marsett, R. C., Qi, J., Heilman, P., Biedenbender, S. H., Watson, M. C., Amer, S., Weltz, M., 938 
Goodrich, D., and Marsett, R., 2006, Remote sensing for grassland management in the 939 
arid southwest: Rangeland Ecology & Management, v. 59, no. 5, p. 530-540. 940 

McFadden, L. D., and McAuliffe, J. R., 1997, Lithologically influenced geomorphic responses to 941 
Holocene climatic changes in the Southern Colorado Plateau, Arizona: a soil-geomorphic 942 
and ecologic perspective: Geomorphology, v. 19, no. 3, p. 303-332. 943 

Meinshausen, N., 2006, Quantile regression forests: Journal of Machine Learning Research, v. 7, 944 
no. Jun, p. 983-999. 945 



 

27 

 

Miller, M. E., 2005, The structure and functioning of dryland ecosystems—conceptual models to 946 
inform long-term ecological monitoring: US Geological Survey Scientific Investigations 947 
Report 2005-5197, v. 2005, no. 5197, p. 1. 948 

Miller, M. E., Belote, R. T., Bowker, M. A., and Garman, S. L., 2011, Alternative states of a 949 
semiarid grassland ecosystem: implications for ecosystem services: Ecosphere, v. 2, no. 950 
5, p. 1-18. 951 

Miller, M. P., Buto, S. G., Lambert, P. M., and Rumsey, C. A., 2017, Enhanced and updated 952 
spatially referenced statistical assessment of dissolved-solids load sources and transport 953 
in streams of the Upper Colorado River Basin: US Geological Survey, 2328-0328. 954 

Mueller, D. K., and Osen, L. L., 1988, Estimation of natural dissolved-solids discharge in the 955 
upper Colorado River basin, western United States, Volume WRIR 87-4069, Department 956 
of the Interior, US Geological Survey. 957 

Mulder, V. L., Lacoste, M., Richer-de-Forges, A. C., and Arrouays, D., 2016, GlobalSoilMap 958 
France: High-resolution spatial modelling the soils of France up to two meter depth: 959 
Science of The Total Environment. 960 

Munson, S. M., Belnap, J., and Okin, G. S., 2011a, Responses of wind erosion to climate-961 
induced vegetation changes on the Colorado Plateau: Proceedings of the National 962 
Academy of Sciences, v. 108, no. 10, p. 3854-3859. 963 

Munson, S. M., Belnap, J., Schelz, C. D., Moran, M., and Carolin, T. W., 2011b, On the brink of 964 
change: plant responses to climate on the Colorado Plateau: Ecosphere, v. 2, no. 6. 965 

National Research, C., 2007, Colorado River Basin water management: Evaluating and adjusting 966 
to hydroclimatic variability, National Academies Press. 967 

Nauman, T.W., 2019, Salinity yield modeling spatial data for the Upper Colorado River Basin, 968 
USA: U.S. Geological Survey data release, https://doi.org/10.5066/P9QSFDJN. 969 

Nauman, T. W., and Duniway, M. C., 2019, Relative prediction intervals reveal larger 970 
uncertainty in 3D approaches to predictive digital soil mapping of soil properties with 971 
legacy data: Geoderma, v. 347, p. 170-184. 972 

Nauman, T. W., and Duniway, M. C., 2016, The Automated Reference Toolset: A Soil-973 
Geomorphic Ecological Potential Matching Algorithm: Soil Science Society of America 974 
Journal, v. 80, no. 5, p. 1317-1328. 975 

Nauman, T. W., Duniway, M. C., Villarreal, M. L., and Poitras, T. B., 2017, Disturbance 976 
automated reference toolset (DART): Assessing patterns in ecological recovery from 977 
energy development on the Colorado Plateau: Science of The Total Environment, v. 584-978 
585, p. 476-488. 979 

Nauman, T. W., Duniway, M. C., Webb Nicholas, P., and Belnap, J., 2018, Elevated aeolian 980 
sediment transport on the Colorado Plateau, USA: the role of grazing, vehicle 981 
disturbance, and increasing aridity: Earth Surface Processes and Landforms. 982 

NCSS, 2017, National Cooperative Soil Survey Characterization Database. 983 
Nearing, M., Foster, G., Lane, L., and Finkner, S., 1989, A process-based soil erosion model for 984 

USDA-Water Erosion Prediction Project technology: Trans. ASAE, v. 32, no. 5, p. 1587-985 
1593. 986 

Neff, J. C., Ballantyne, A. P., Farmer, G. L., Mahowald, N. M., Conroy, J. L., Landry, C. C., 987 
Overpeck, J. T., Painter, T. H., Lawrence, C. R., and Reynolds, R. L., 2008, Increasing 988 
eolian dust deposition in the western United States linked to human activity: Nature 989 
Geoscience, v. 1, no. 3, p. 189-195. 990 



 

28 

 

Neff, J. C., Reynolds, R. L., Belnap, J., and Lamothe, P., 2005, Multi-decadal impacts of grazing 991 
on soil physical and biogeochemical properties in southeast Utah: Ecological 992 
Applications, v. 15, no. 1, p. 87-95. 993 

Nguyen, T.-T., Huang, J. Z., and Nguyen, T. T., 2015, Two-level quantile regression forests for 994 
bias correction in range prediction: Machine Learning, v. 101, no. 1-3, p. 325-343. 995 

Nield, S. J., Boettinger, J. L., and Ramsey, R. D., 2007, Digitally mapping gypsic and natric soil 996 
areas using Landsat ETM data: Soil Science Society of America Journal, v. 71, no. 1, p. 997 
245-252. 998 

Panagos, P., Meusburger, K., Ballabio, C., Borrelli, P., and Alewell, C., 2014, Soil erodibility in 999 
Europe: A high-resolution dataset based on LUCAS: Science of The Total Environment, 1000 
v. 479-480, p. 189-200. 1001 

Poitras, T. B., Villarreal, M. L., Waller, E. K., Nauman, T. W., Miller, M. E., and Duniway, M. 1002 
C., 2018, Identifying optimal remotely-sensed variables for ecosystem monitoring in 1003 
Colorado Plateau drylands: Journal of Arid Environments. 1004 

Prairie, J. R., and Rajagopalan, B., 2007, A basin wide stochastic salinity model: Journal of 1005 
hydrology, v. 344, no. 1-2, p. 43-54. 1006 

Prairie, J. R., Rajagopalan, B., Fulp, T. J., and Zagona, E. A., 2005, Statistical nonparametric 1007 
model for natural salt estimation: Journal of environmental engineering, v. 131, no. 1, p. 1008 
130-138. 1009 

PRISM Climate Group, 2010, 30-yr Climate Normals. 1010 
http://www.prism.oregonstate.edu/normals/ 1011 

R Development Core Team, 2008, R: A language and environment for statistical computing.: 1012 
Vienna, Austria, R Foundation for Statistical Computing. 1013 

Ramcharan, A., Hengl, T., Nauman, T., Brungard, C., Waltman, S., Wills, S., and Thompson, J., 1014 
2018, Soil Property and Class Maps of the Conterminous United States at 100-Meter 1015 
Spatial Resolution: Soil Science Society of America Journal, v. 82, no. 1, p. 186-201. 1016 

Ripley, B., Venables, B., Bates, D. M., Hornik, K., Gebhardt, A., Firth, D., and Ripley, M. B., 1017 
2013, Package ‘MASS’: Cran R. 1018 

Rumsey, C. A., Miller, M. P., Schwarz, G. E., Hirsch, R. M., and Susong, D. D., 2017, The role 1019 
of baseflow in dissolved solids delivery to streams in the Upper Colorado River Basin: 1020 
Hydrological Processes, v. 31, no. 26, p. 4705-4718. 1021 

Sanderman, J., Hengl, T., and Fiske, G. J., 2017, Soil carbon debt of 12,000 years of human land 1022 
use: Proceedings of the National Academy of Sciences, v. 114, no. 36, p. 9575-9580. 1023 

Schwarz, G. E., Hoos, A. B., Alexander, R. B., and Smith, R. A., 2006, The SPARROW surface 1024 
water-quality model: theory, application and user documentation: US geological survey 1025 
techniques and methods report, book, v. 6, no. 10, p. 248. 1026 

Schwinning, S., Belnap, J., Bowling, D. R., and Ehleringer, J. R., 2008, Sensitivity of the 1027 
Colorado Plateau to change: climate, ecosystems, and society: Ecology and Society, v. 1028 
13, no. 2, p. 28. 1029 

Shangguan, W., Hengl, T., Mendes de Jesus, J., Yuan, H., and Dai, Y., 2017, Mapping the global 1030 
depth to bedrock for land surface modeling: Journal of Advances in Modeling Earth 1031 
Systems, v. 9, no. 1, p. 65-88. 1032 

Sharpley, A. N., and Williams, J. R., 1990, EPIC-Erosion/productivity Impact Calculator: 1. 1033 
Model Documentation, USDA. 1034 

Smith, R. A., G. E. Schwarz, and R. B. Alexander (1997), Regional interpretation of water- 1035 
quality monitoring data, Water Resour. Res., 33, 2781-2898, doi:10.1029/97WR02171.  1036 



 

29 

 

Soil Survey Staff, United States Department of Agriculture - NRCS, Accessed 2017, U.S. 1037 
General Soil Map (STATSGO2). Available online at http://soildatamart.nrcs.usda.gov. 1038 

Spahr, N. E., 2000, Water Quality in the Upper Colorado River Basin, Colorado, 1996-98, US 1039 
Department of the Interior, US Geological Survey. 1040 

Steven, T. A., and Eaton, G. P., 1975, Environment of ore deposition in the Creede mining 1041 
district, San Juan Mountains, Colorado; I, Geologic, hydrologic, and geophysical setting: 1042 
Economic Geology, v. 70, no. 6, p. 1023-1037. 1043 

Stock, J. H., and Watson, M. W., 2012, Disentangling the Channels of the 2007-2009 Recession: 1044 
National Bureau of Economic Research. 1045 

Taghizadeh-Mehrjardi, R., Minasny, B., Sarmadian, F., and Malone, B. P., 2014, Digital 1046 
mapping of soil salinity in Ardakan region, central Iran: Geoderma, v. 213, p. 15-28. 1047 

Tarboton, D. G., 1997, A new method for the determination of flow directions and upslope areas 1048 
in grid digital elevation models: Water Resources Research, v. 33, no. 2, p. 309-319. 1049 

Tillman, F., Anning, D., Heilman, J., Buto, S., and Miller, M., 2018, Managing Salinity in Upper 1050 
Colorado River Basin Streams: Selecting Catchments for Sediment Control Efforts Using 1051 
Watershed Characteristics and Random Forests Models: Water, v. 10, no. 6. 1052 

Tillman, F. D., and Anning, D. W., 2014a, A data reconnaissance on the effect of suspended-1053 
sediment concentrations on dissolved-solids concentrations in rivers and tributaries in the 1054 
Upper Colorado River Basin: Journal of hydrology, v. 519, p. 1020-1030. 1055 

Tillman, F. D., and Anning, D. W., 2014b, Updated estimates of long-term average dissolved-1056 
solids loading in streams and rivers of the Upper Colorado River Basin: US Geological 1057 
Survey, 2331-1258. 1058 

UAGRC, 2015, Oil and Gas Wells (http://gis.utah.gov/data/energy/oil-gas/). 1059 
U.S. Department of Agriculture, N. R. C. S., 2013, National soil survey handbook, title 430-VI. 1060 
USDOI-BOR, 2011, Quality of Water – Colorado River Basin Progress Report No. 23. U.S. 1061 

Department of Interior 76 pages, accessed May 7, 2018 at 1062 
http://www.usbr.gov/uc/progact/salinity/pdfs/PR23final.pdf 1063 

USDOI-BOR, 2012, Colorado River Basin Water Supply and Demand Study. 1064 
https://www.usbr.gov/lc/region/programs/crbstudy/finalreport/studyrpt.html. 1065 

USGS, 2016, Using the USGS Landsat 8 Product 1066 
(http://landsat.usgs.gov/Landsat8_Using_Product.php). 1067 

Vaysse, K., and Lagacherie, P., 2017, Using quantile regression forest to estimate uncertainty of 1068 
digital soil mapping products: Geoderma, v. 291, p. 55-64. 1069 

Viscarra Rossel, R. A. V., Chen, C., Grundy, M. J., Searle, R., Clifford, D., and Campbell, P. H., 1070 
2015, The Australian three-dimensional soil grid: Australia’s contribution to the 1071 
GlobalSoilMap project: Soil Research, v. 53, no. 8, p. 845-864. 1072 

Weltz, M., Nouwakpo, S. K., Rossi, C., Jolley, L., and Frasier, G., 2014, Salinity mobilization 1073 
and transport from rangelands: assessment, recommendations, and knowledge gaps: 1074 
General Technical Report 1. Reno, Nevada. 61. 1075 

Zhang, G., and Lu, Y., 2012, Bias-corrected random forests in regression: Journal of Applied 1076 
Statistics, v. 39, no. 1, p. 151-16. 1077 

 1078 

  1079 



 

30 

 

 1080 

Water Resources Research 1081 

Supporting Information for 1082 

Salinity yield modeling of the Upper Colorado River Basin using 30-meter resolution soil 1083 
maps and machine learning 1084 

Travis W. Nauman1, Christopher P. Ely2, Matthew P. Miller3, and Michael C. Duniway1 1085 

1 U.S. Geological Survey, Southwest Biological Science Center, Moab, UT 1086 

2 U.S. Geological Survey, California Water Science Center, San Diego, CA 1087 

3 U.S. Geological Survey, Utah Water Science Center, Salt Lake City, UT 1088 

 1089 

Contents of this file 1090 
 1091 

Text S1 1092 
Table S1 1093 
Table S2 1094 
Text S2 1095 
Figures S1  1096 
Text S3 1097 

 1098 
Introduction 1099 
 1100 
This document includes supporting information for methods, data, and further documentation 1101 
of the salinity modeling done for the paper entitled “Salinity yield modeling of the Upper 1102 
Colorado River Basin using 30-meter resolution soil maps and random forests”. This includes a 1103 
detailed table of all variables initially used in the salinity model before pruning was done in 1104 
Table S1. Further explanation of preparation details of the various independent variables used in 1105 
modeling is explained in Text S1. Methods for soil maps created for use in the model are 1106 
provided in Text S2. A table containing accuracy results of the predicted soil maps used for 1107 
deriving soil variables for the salinity model is available in Table S2. More in-depth details on the 1108 
random forest pruning steps used for constructing the final salinity model are also included in 1109 
Text S3. Finally, Figure S1 provides maps of model residuals for both the calibration set and for 1110 
cross validation test estimates. Residual maps are provided to help demonstrate the lack of 1111 
spatial structure indicated by Geary’s C test, there is no obvious trend in residuals.    1112 
 1113 
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Text S1. Independent variable preparation 1114 

All independent variables were created from raster maps by summarizing these maps for 1115 
the calibration catchment schemas (whole-watershed and nested-basin) as well as for the 1116 
smaller incremental reach catchments used for the prediction step. Before processing, all spatial 1117 
files were projected to Albers Equal Area Conic using the NAD83 datum. For some variables, 1118 
summarization was as simple as computing a mean value for each catchment. For other 1119 
variables where more detail can help elucidate catchment characteristics relevant to salinity, 1120 
more complex summaries were used including computing quantile statistics (e.g. 75th percentile 1121 
quantile value), or by computing the percent of catchment occupied by a certain quantile range 1122 
of a variable. The most complicated summaries of variables were computed for ‘source variables’ 1123 
building on recent SPARROW models (e.g. Miller et al., 2017). Source variable maps included soil 1124 
electrical conductivity (ec), irrigated agriculture class maps, and saline springs. Soil ec and the 1125 
irrigation maps were combined to completely classify the study area into separate source-type 1126 
areas that delineate differing levels of soil ec overlaid on the map irrigation types to create 1127 
unique source classes as defined in Table S1.  Separate models and variable summaries were 1128 
used to train random forest models directly on both yield and load. For models predicting load, 1129 
the source variables were summarized as the amount of area (.sqkm in Table S1) within each 1130 
catchment. For yield models, source variables were summarized as the percent (.pct in Table S1) 1131 
of each catchment with that type of source. 1132 

In summarizing soil property maps, the relevant depth(s) must also be decided before 1133 
summarization. Additionally, before catchment summarization, pixels corresponding to water 1134 
were removed from soil maps using a mask layer derived from the National Land Cover 1135 
Database (NLCD, Homer et al., 2015). Soil ec is the primary measure of salinity, and so it was 1136 
summarized in more ways than other soil properties and over an average of maps created for 0, 1137 
30, 60, and 100 cm. Soil ec is used to compute a multitude of source variables that break out 1138 
amounts of differing potential source types. Other depth-specific soil variables (awc, fs, kw, sar, 1139 
and rock; see Table 1 for definitions of soil property variables) were only assessed at the soil 1140 
surface. A map of probability of bedrock within 2 meters of soil surface is not depth specific and 1141 
was just summarized as an average of a catchment. Soil erodibility (kw) is summarized in 1142 
multiple ways per catchment for better assessing soil erosion risk potential influence on salinity 1143 
loading in catchments. 1144 

All topographic data used in independent variables were built upon the elevation 1145 
derivatives for national applications (EDNA; https://www.usgs.gov/land-resources/eros/edna) 1146 
mosaic of the 1-arc-second NED digital elevation model (DEM), which is delivered at a 30-meter 1147 
resolution (Gesch et al., 2002). We included pre-processing steps of filling small holes with 90-m 1148 
SRTM data (Jarvis et al., 2008) using the ‘Patching’ module in SAGA-GIS to fill in EDNA gaps 1149 
using  a bi-cubic spline method (Conrad and Wichmann, 2011). The DEM was further processed 1150 
using a 3-cell radius low pass filter to ameliorate contour artifacts in NED. We then clipped the 1151 
DEM to the Colorado River Basin above Lake Powell (as defined by NHD 6-digit Hucs) with a 4 1152 
km buffer to account for edge effects. After all calculations were done to create topographic 1153 
layers, the produced layers were clipped back to the original un-buffered watershed boundary. 1154 

We computed the flow length distance to nearest channel (flen) layer using the Flow Path 1155 
Length Module in SAGA GIS (Conrad and Wichmann, 2011) after identifying channels using the 1156 
upslope flow accumulation catchment area layer (facc) and inverting the DEM. The facc layer was 1157 
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created using a D∞ flow accumulation routing algorithm (Tarboton, 1997) incorporating sink 1158 
routes pre-identified in SAGA. Channels were identified by investigating a range of facc 1159 
thresholds, leading to a >1km2 drainage area cutoff to identify channels. This threshold was 1160 
determined to best capture the hydrologic network in the study area after overlay analysis of 1161 
different threshold accumulation layers on imagery, and is supported by study of representative 1162 
elementary area effects on hydrological response (Woods, Sivapalan, & Duncan, 1995). Once 1163 
channels were identified, they were masked from the DEM, which was then inverted according 1164 
to the following equation 1165 

 1166 
InvDEMvalue= ((elev-max[dem] )*-1)+min[dem] 1167 
 1168 
The original DEM value (elev) was converted to an inverted value which effectively 1169 

flipped the layer so that formerly high values are low, and formerly low values are high. Grid 1170 
cells originally corresponding to headwater areas were treated as the watershed outlets for use 1171 
of the Flow Path Length Module in SAGA. The use of the module on the inverted DEM estimated 1172 
surface hydrologic distance between each cell and the channel network. The Flow Path Length 1173 
Module was run using the multiple flow direction algorithm (FD8, Freeman, 1991) on the 1174 
inverted DEM to create the flen layer. 1175 

Maps of bare ground exposure were created using Bureau of Land Management - 1176 
Assessment Inventory and Monitoring (BLM-AIM) field data (n = 333 plots) from the year 2014 1177 
to calibrate a statistical model with Landsat 8 tier 1 orthorectified top-of-atmosphere reflectance 1178 
(USGS, 2016) composited to the UCRB by querying median reflectance for every pixel over the 1179 
growing season period with least observable snow cover in Google Earth Engine (Gorelick et al., 1180 
2017). At all AIM plots, line-point-intercept bare soil cover percentage observations were used 1181 
to train a model by using Landsat bands two, three, four, five, six, seven, and the soil adjusted 1182 
total vegetation index (Marsett et al., 2006) as predictors. Two prediction models were tested, a 1183 
RF (Breiman, 2001), and a bi-directional AIC-selected stepwise multiple regression (Ripley et al., 1184 
2013). The model with the best 10-fold cross validation was chosen to predict bare ground for 1185 
the the UCRB (Accuracy reported in Supporting Information Text S2 and Table S2). However, 1186 
Landsat 8 only goes back to 2013 and the stream gauge dissolved solids data covers the period 1187 
1981-2012 de-trended to a base year of 2010. To mitigate this temporal mis-match as much as 1188 
possible, we predicted the bare ground model onto a 2013 Landsat 8 composite created 1189 
identically to the 2014 calibration year.  1190 
 1191 
Table S1. Variables used in salinity modeling. 1192 
Name Description 

Soil Property Variables 
awc.ave Average surface soil available water capacity (awc) 15 to 1/3 

bar  within catchment 

Brock.ave Average probability of bedrock within 2 meters in catchment 

(adapted from Shangguan et al., 2017) 

ec.ave Average (0-100 cm) soil electrical conductivity (ec) within 

catchment 

ec.75q The 75th quantile value of (0-30cm) ec within a catchment 
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fs.ave The surface percentage of fine sand (fs) content of soils within 

catchment 

kw.ave Average soil surface erodibility (kw) within a catchment 

kw.75q The 75th quantile value of surface kw within a catchment 

rock.ave Average surface rock (% particles > 2mm) content soils 

within catchment 

sar.ave Average surface soil sodium adsorption ratio (sar) within 

catchment 

Topographic Variables 
facc.ave Average upslope flow area accumulation (facc) within 

catchment. 

flen.ave Average flow length from a drainage (flen) within catchment. 

protind.ave Average protection index (protind) of topographic sheltering 

for catchment. 

elev.ave Average elevation (elev) in meters within catchment. 

slp.ave Average slope gradient (slp) in degrees 

sness.ave Catchment average of ‘southness’ of south-facing (value of 1) 

vs north facing (value of -1) aspects. 

Hydrologic and Climate Variables 

cwd.ave Average of mean total annual climatic water deficit (Flint and 

Flint, 2007; Miller et al., 2017) values in catchment. 
exc.ave Average of mean total annual excess water (Flint and Flint, 

2007; Miller et al., 2017) values in catchment. 

mlt.ave Average of mean total annual snowmelt (Flint and Flint, 

2007; Miller et al., 2017) values in catchment. 

ppt.ave Average precipitation within catchment from PRISM 30-yr 

normals (PRISM Climate Group, 2010). 

pptratio.ave Average ratio of summer (6/1-9/30) to annual precipitation 

within catchment from PRISM 30-yr normals (PRISM 

Climate Group, 2010) 

rch.ave Average of mean total annual recharge (Flint and Flint, 2007; 

Miller et al., 2017) values in catchment. 

Source variables - areas (km2) within each catchment for each type (used for load models). 
ec0_10.sqkm Source variable identifying area of soil ec between the 0th and 

10th quantile 

ec10_25.sqkm Source variable identifying area of soil ec between the 10th 

and 25th quantile 

ec25_50.sqkm Source variable identifying area of soil ec between the 25th 

and 50th quantile 

ec50_75.sqkm Source variable identifying area of soil ec between the 50th 

and 75th quantile 

ec75_90.sqkm Source variable identifying area of soil ec between the 75th 

and 90th quantile 

ec90_100.sqkm Source variable identifying area of soil ec between the 90th 

and 100th quantile 
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ec0_75F.sqkm Source variable identifying area of flooded agriculture with 

soil ec from the 0th to 75th quantile. 

ec75_100F.sqkm Source variable identifying area of flooded agriculture with 

soil ec from the 75th to 100th quantile. 

ec0_75N.sqkm Source variable identifying area of sprinkler agriculture with 

soil ec from the 0th to 75th quantile. 

ec75_100N.sqkm Source variable identifying area of sprinkler agriculture with 

soil ec from the 75th to 100th quantile. 

sprg.load Source variable indicated salinity load (Mg yr-1) from saline 

springs in a catchment. This variable is converted to a yield 

(Mg yr-1 km-2) for yield modeling (i.e., sprg.load.persqkm) 

Source variables - percentages of catchment for each type (for yield models) 

ec0_10.pct Source variable identifying % area with soil ec between the 

0th and 10th quantile 

ec10_25.pct Source variable identifying % area with soil ec between the 

10th and 25th quantile 

ec25_50.pct Source variable identifying % area with soil ec between the 

25th and 50th quantile 

ec50_75.pct Source variable identifying % area with soil ec between the 

50th and 75th quantile 

ec75_90.pct Source variable identifying % area with soil ec between the 

75th and 90th quantile 

ec90_100.pct Source variable identifying % area with soil ec between the 

90th and 100th quantile 

ec0_75F.pct Source variable identifying % area with flooded agriculture 

with soil ec from the 0th to 75th quantile. 

ec75_100F.pct Source variable identifying % area with flooded agriculture 

with soil ec from the 75th to 100th quantile. 

ec0_75N.pct Source variable identifying % area with sprinkler agriculture 

with soil ec from the 0th to 75th quantile. 

ec75_100N.pct Source variable identifying % area with sprinkler agriculture 

with soil ec from the 75th to 100th quantile. 

sprg.load.persqkm Source variable indicating salinity yield (Mg yr-1 km-2) from 

saline springs in a catchment.  

Erosion risk index variables 

ec75q.pct Percent of catchment that has ec values greater than the 75th 

percentile of soils in UCRB. 

ec50q.pct Percent of catchment that has ec values greater than the 50th 

percentile of soils in UCRB. 

kw75q.pct Percent of catchment that has kw values greater than the 75th 

percentile of soils in UCRB. 

bgm75q.pct Percent of catchment that has bare ground values greater than 

the 75th percentile of areas in UCRB that fall within the same 

USGS GAP macrogroup. 

bgm75q30p.pct Percent of catchment that falls within bgm75q.pct or has bare 

ground >30%. 
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 1193 

Text S2. Development of Soil Property Maps  1194 

Soil property maps created for this project were predicted at 30-meter resolution for 1195 
areas of the Colorado River Basin above Hoover Dam using soil horizon samples queried from 1196 
the National Characterization database (NCD: NCSS, 2017) as well as National Soil Information 1197 
System (NASIS) pedons attributed with NRCS SSURGO component property values. 1198 
Development of these models began by compiling a database of environmental raster 1199 
covariates with spatial extent covering the Colorado River watershed above Lake Mead. These 1200 
datasets included those used by Nauman & Duniway (2019, see Table A.1) and Ramcharan et al., 1201 
(2018) excepting layers created from SSURGO directly. All spatial files were projected to the 1202 
EDNA DEM grid Albers Equal Area Conic using the NAD83 datum. SAGA GIS (Conrad & 1203 
Wichmann, 2011) was also used to create topographic variables from NED. This did downscale 1204 
some of the coarser data used, but most layers were 30 m or 100 m resolution. 1205 

The predicted maps were interpolated from points using a random forest function 1206 
implemented using the randomForest package in the R statistical language (Breiman, 2001; R 1207 
Development Core Team, 2008) to relate soil property observations to the set of environmental 1208 

bgm90q.pct Percent of catchment that has bare ground values greater than 

the 90th percentile of areas in UCRB that fall within the same 

USGS GAP macrogroup. 

ec75q_kw75q.pct Percent of catchment that falls into ec75q.pct and kw75q.pct 

ec75q_facc75q.pct Percent of catchment that falls into ec75q.pct and has facc 

values higher than the 75th percentile of UCRB (facc75q.pct). 

ec75q_f500m.pct Percent of catchment that falls into ec75q.pct and has flen 

values less than 500 meters (f500m.pct). 

ec75q_bgm75q.pct Percent of catchment that falls into ec75q.pct and 

bgm75q.pct. 

ec75q_bgm75q30p.pct Percent of catchment that falls into ec75q.pct and 

bgm75q30p. 

ec75q_bgm75q_facc75q.pct Percent of catchment that falls into ec75q.pct, bgm75q.pct, 

and facc75q.pct 

ec75q_bgm75q_kw75q.pct Percent of catchment that falls into ec75q.pct, bgm75q.pct, 

and kw75q.pct 

ec75q_bgm75q_f500m.pct Percent of catchment that falls into ec75q.pct, bgm75q.pct, 

and  f500m.pct 

ec50q_bgm75q30p_kw50q_facc50q_f1000m.pct Percent of catchment that falls into ec50q.pct, 

bgm75q30p.pct, has a kw > 50th percentile, facc > 50th 

percentile, and flen < 1000 meters. 

ec75q_bgm75q30p_kw75q_facc75q_f500m.pct Percent of catchment that falls into ec75q.pct, 

bgm75q30p.pct, kw75q.pct, facc75q.pct, and  f500m.pct 

ec75q_bgm75q_kw75q_facc75q_f500m.pct Percent of catchment that falls into ec75q.pct, bgm75q.pct, 

kw75q.pct, facc75q.pct, and  f500m.pct 

ec90q_bgm90q40p_kw90q_facc90q_f500m.pct Percent of catchment that falls has ec > 90th percentile, bare 

ground >90th percentile or 40%, kw > 90th percentile, facc > 

90th percentile, and flow length < 500 meters. 
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variables (following Nauman and Duniway, 2019). Predictive map models were created for 1209 
depths of 0, 30, 60 and 100 cm depths and then averaged for soil ec due to its hypothesized role 1210 
as the primary salinity source variable, whereas other soil properties including available water 1211 
capacity between 1/3 and 15 bar (awc), soil erodibility (kw, Sharpley and Williams, 1990, Eq. 4) 1212 
corrected for rock content (U.S. Department of Agriculture, 2013, Exhibit 618-13), sodium 1213 
adsorption ratio (sar), percent rock content by mass (rock), and percent content of fine sands by 1214 
mass of <2 mm particles (fs) were predicted for just the surface depth to represent surface soil 1215 
conditions. Predictions were trained using soil horizon samples from the NCD that include the 1216 
depth being modeled. There are varying numbers of sample locations for each property and 1217 
depth, ranging from 3,619-6,458 locations (observation numbers for each property are reported 1218 
with the validation results). Accuracy of all new modeled soil maps were assessed using a 10-1219 
fold cross validation of the sample locations used. Validation assessment is reported as 1220 
coefficient of determination (R2) and root mean square error (RMSE). All code, links to data and 1221 
papers documenting soil maps is available on Github (https://github.com/usgs/Predictive-Soil-1222 
Mapping/tree/master/SoilSurvReconstrProperties). 1223 

Predictive soil property and bare ground maps were all moderately accurate with cross 1224 
validation R2 values ranging from 0.41 to 0.67 with an average of 0.55 (Table S2). Although the 1225 
accuracy of these maps could be improved, the prediction RMSE suggests these maps can 1226 
distinguish between low, moderate and high areas for these respective properties with 1227 
maximum values of the training data close to an order of magnitude larger than RMSE values for 1228 
all maps. Both ec (mapped in Figure 1) and sar were modeled using transformed data, and thus 1229 
have higher variance in larger predictions. This is evident in the RMSE values that are 1230 
significantly larger than the mean of the training sample. However, much of that error stems 1231 
from high values that are not predicted as well due to the right skewed distribution of the 1232 
training sample. More sampling in areas with higher ec and sar would likely improve these 1233 
results.  1234 

 1235 
Table S2. Predictive map cross validation assessments. Includes summary of the minimum, 1236 
mean and maximum of the original training points. Values of RMSE are back transformed into 1237 
base units if a variable was transformed for model building. R2 values are given in the units used 1238 
for model (e.g., log10 if variable was transformed). 1239 
Map R2 RMSE Minimum Mean Maximum # samples 
ec – 0 cm 0.62 4.24 dS/m 0.00 1.04 218 6192 
ec – 30 cm 0.64 3.70 dS/m 0.00 1.70 83.0 5065 
ec - 60 cm 0.68 3.70 dS/m 0.00 1.96 63.0 4066 
ec - 100 cm 0.67 3.81 dS/m 0.00 1.95 44.4 3619 
kw* – 0 cm 0.43 0.09 0.02 0.22 0.64 6216 
fs – 0 cm 0.61 9.5% 0% 24.4% 85% 6458 
awc – 0 cm 0.50 3.8% 0% 12% 70.% 6052 
rock – 0 cm 0.41 10.1% 0% 7.9% 88% 4932 
sar – 0cm 0.55 8.3 0 1.4 378 6097 
bare ground 0.44 12.5% 0% 25.3% 84.2% 333 
* kw units are in (ton * acre * hr) / (hundreds of acres * ft * tonf * in) 

 1240 
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Text S3. Random forest (RF) model pruning was based on observations in prior RF work with 1241 
many covariates. We observed that there tends to be 5-20 variables with visibly higher 1242 
discernable %IncMSE values indicating that most other variables have little impact on random 1243 
forest models, but could be adding noise. So, we pruned the initially chosen RF model by 1244 
removing variables below the most prominent visible drop in %IncMSE when ordered from 1245 
highest to lowest. We kept the new model if removing the low importance variables increased 1246 
out-of-bag model R2 by more than two percent on average over 5 runs of the new model 1247 
(random forests are stochastic and have slightly different performance for each run). Then, with 1248 
the new pruned model, we evaluated dropping variables with the new lowest RF model 1249 
%IncMSE values, one variable at a time, by looking for any discernable increase in out-of-bag R2 1250 
(again, over 5 runs of the model). This was repeated until no increase in out-of-bag R2 was 1251 
detectable. 1252 

Figure S1. Maps depicting yield model residuals for a) out-of-bag and b) cross validation test 1253 
instances. Maps show there is no discernable trend along gradients in watershed among 1254 
residual values.  1255 
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