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Nitrate-contaminated aquifers are common in landscapes dominated by 

agricultural land use. Health concerns related to consuming nitrate-contaminated 

groundwater are well documented and continued research aimed at decreasing 

concentrations is critical. A 1990s U.S. Geological Survey (USGS) study focused on 

groundwater characteristics in the Dutch Flats area of western Nebraska. Agricultural-

related practices were determined to largely influence groundwater recharge and nitrate 

concentrations ([NO3
-]). Since the conclusion of the USGS study, a transition to more 

efficient irrigation technology has been observed in this region. The emphasis of this 

2016 study was to resample several well nests examined in 1998 to determine whether 

shifts in water resources management have (1) reduced groundwater recharge rates, (2) 

increased biogeochemical processes, and (3) reduced groundwater [NO3
-]. Though 2016 

3H/3He age-dating indicated an increase in groundwater age and decreased recharge rate 

(19.3 years; 0.35 m/year; n = 8), the mean values were not statistically different from 

1998 (15.6 years; R = 0.5 m/year). Samples of δ15N-NO3
- and dissolved oxygen (n=14) 

did not indicate major changes in biogeochemical processes, including denitrification. 



 
 

Long-term [NO3
-] data from the North Platte Natural Resources District (NPNRD) 

showed 60% of wells sampled in both 1998 and/or 1999 and 2016 (n = 87) had decreased 

in [NO3
-], though median concentrations were not statistically different. Given the 

extensive long-term NPNRD nitrate dataset (n=1,049), we also applied statistical 

machine learning to (1) evaluate the method as a means to estimate groundwater lag time, 

(2) assess the influence of 15 predictor variables on Dutch Flats groundwater [NO3
-], and 

(3) evaluate the validity of the model through comparisons with field investigations. 

Overall, Random Forest displayed promising results for evaluating Dutch Flats 

groundwater [NO3
-], though limitations were discovered when modeling temporal data. 
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CHAPTER 1: INTRODUCTION TO STUDY 

Nebraska is historically known for agricultural production, where corn, among 

other crops, requires high inputs of water. Unpredictable precipitation from one year to 

the next has led to the development of extensive irrigation networks throughout 

Nebraska. Nebraska has benefited from easily accessible sources of water, including the 

High Plains Aquifer. Therefore, irrigation is largely supplied from groundwater (Johnson 

et al., 2011). Diverted streams and rivers provide additional irrigation sources across the 

landscape. However, water is a resource utilized in several ways. Agriculture, domestic 

water supply, industry, and wildlife, for example, all depend on water. Finding a balance 

for supplying these beneficial uses is vital for conserving the valuable resource.  

In the early 1970s, Nebraska established Natural Resources Districts throughout 

the State aimed at sustaining groundwater quantity and quality. Districts have constructed 

monitoring well networks or utilized irrigation wells from which tens of thousands of 

samples have been collected, mostly to monitor groundwater nitrate levels (NEDNR, 

2016). Nitrate is a concern because of its prevalence in groundwater and associated health 

effects (van Berk and Fu, 2017, Comly, 1945, Nolan and Weber, 2015, Walton, 1951, 

Ward et al., 2005, 2018). With 80% of domestic drinking water in Nebraska coming from 

wells, protecting groundwater quality is essential (Skipton et al., 2011). Nitrate is the 

most common groundwater contaminant in Nebraska and has been the focus of numerous 

in-state studies (Böhlke et al., 2007, Exner et al., 2010, 2014, Gormly and Spalding, 

1979, Helgesen et al., 1994, Spalding et al., 2001, Verstraeten et al., 2001a, 2001b). 

Elevated nitrate concentrations ([NO3
-]) >2 mg N L-1 (Mueller and Helsel, 1996) are 

commonly observed in agriculturally dominated watersheds of Nebraska (Gormly and 
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Spalding, 1979), including many locations where [NO3
-] exceed the maximum 

contaminant level (MCL) of 10 mg N L-1 in drinking water.  

With numerous rural economies dependent on agriculture, concerns over nitrate-

contaminated aquifers continue to increase, especially in areas where [NO3
-] above the 

MCL may require costly investments in drinking water treatment facilities and/or limit 

availability of potable water for domestic wells. The semi-arid North Platte Natural 

Resources District (NPNRD), in western Nebraska, is no exception to this trend. 

Groundwater characteristics in the NPNRD have been the emphasis of several studies 

dating back to the 1950s in a small sub-region known as the Dutch Flats area. The U.S. 

Geological Survey (USGS) intensely sampled the Dutch Flats area from 1995 to 1999 

(Böhlke et al., 2007, Verstraeten et al., 2001a, 2001b). Groundwater age-dating, 

hydrogen and oxygen isotopes, and [NO3
-], among other groundwater constituents, were 

evaluated and results showed that the groundwater quantity and quality were greatly 

influenced by irrigation and canal systems. 

In Chapter 2, we evaluate the Dutch Flats area by directly comparing samples we 

collected in 2016 to those of the USGS study in 1998. Over the nearly two-decade span, 

irrigation practice largely shifted from furrow irrigation to center pivot sprinkler systems, 

with the largest rate of change from 2000 to 2003. Given that center pivot irrigation is a 

more efficient irrigation method, our interest was in evaluating potential changes in the 

groundwater system related to this and other environmental variables in the area. More 

specifically, we investigated potential changes in recharge rates (through tritium-helium 

groundwater age-dating), biogeochemical processes (through dissolved oxygen and 

nitrogen isotopes of nitrate), and aquifer [NO3
-]. Long-term nitrate data collected from 
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the NPNRD within the Dutch Flats, in addition to four groundwater-relevant variables, 

were also investigated. The objective of this study was to determine spatial and temporal 

trends in Dutch Flats groundwater as variables found to previously impact groundwater 

[NO3
-] have changed.   

Chapter 3 evaluates applying advanced statistical analysis to characterize 

groundwater [NO3
-] in Dutch Flats. While often considered a black box, Random Forest 

is a popular machine-learning tool capable of assessing large nonparametric datasets and 

was used as a complementary analysis to Chapter 2. Random Forest was implemented in 

a relatively novel manner, perhaps applicable to future studies estimating groundwater 

transport rates through the vadose and saturated zones. Random Forest also calculated 

variable importance (i.e., ranking of best to worst predictors) and partial dependencies 

(i.e., graphical relationship between predictors and modeled [NO3
-]) for each predictor. 

Results from variable importance and partial dependencies were then compared to  

findings by Böhlke et al. (2007) and Chapter 2.   
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CHAPTER 2: ASSESSING DECADAL TRENDS OF A NITRATE-

CONTAMINATED SHALLOW AQUIFER IN WESTERN NEBRASKA USING 

GROUNDWATER ISOTOPES, AGE-DATING, AND MONITORING1 

 

2.1. Abstract and Keywords 

Abstract: Shallow aquifers are prone to nitrate contamination worldwide. In 

western Nebraska, high groundwater nitrate concentrations ([NO3
−]) have resulted in the 

exploration of new groundwater and nitrogen management regulations in the North Platte 

Natural Resources District (NPNRD). A small region of NPNRD (“Dutch Flats”) was the 

focus of intensive groundwater sampling by the U.S. Geological Survey from 1995 to 

1999. Nearly two decades later, notable shifts have occurred in variables related to 

groundwater recharge and [NO3
−], including irrigation methods. The objective of this 

study was to evaluate how changes in these variables, in part due to regulatory changes, 

have impacted nitrate-contaminated groundwater in the Dutch Flats area. Groundwater 

samples were collected to assess changes in: (1) recharge rates; (2) biogeochemical 

processes; and (3) [NO3
−]. Groundwater age increased in 63% of wells and estimated 

recharge rates were lower for 88% of wells sampled (n = 8). However, mean age and 

recharge rate estimated in 2016 (19.3 years; R = 0.35 m/year) did not differ significantly 

from mean values determined in 1998 (15.6 years; R = 0.50 m/year). δ15N-NO3
−

 (n = 14) 

and dissolved oxygen data indicate no major changes in biogeochemical processes. 

                                                 
1 Published in Water  
Wells, M.; Gilmore, T.; Mittelstet, A.; Snow, D.; Sibray, S. Assessing Decadal Trends of 

a Nitrate-Contaminated Shallow Aquifer in Western Nebraska Using Groundwater 
Isotopes, Age-Dating, and Monitoring. Water. 2018, 10, 1047, 
doi:10.3390/w10081047. 
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Available long-term data suggest a downward trend in normalized [NO3
−] from 1998 to 

2016, and lower [NO3
−] was observed in 60% of wells sampled in both years (n = 87), 

but median values were not significantly different. Collectively, results suggest the 

groundwater system is responding to environmental variables to a degree that is 

detectable (e.g., trends in [NO3
−]), although more time and/or substantial changes may be 

required before it is possible to detect significantly different mean recharge. 

Keywords: groundwater nitrate; groundwater age; groundwater transit time; 

groundwater recharge rates; non-point source pollution; groundwater monitoring; 

isotopes; 3H/3He; surface irrigation; center pivot irrigation 

2.2. Introduction 

Elevated groundwater nitrate concentrations ([NO3
−]) in shallow aquifers are 

often linked to a combination of high groundwater recharge rates and intensive 

agricultural land use [1–6]. Greater recharge rates in areas with intense nitrogen fertilizer 

loading generally lead to higher [NO3
−] in groundwater. For example, the central 

Wisconsin sand-plains region requires additional water and fertilizer inputs to sustain 

healthy crop yields, with irrigated agriculture having a governing influence on 

groundwater [NO3
−] [7,8]. Similarly, high [NO3

−] have been observed in groundwater in 

Nebraska, especially beneath areas with sandy soils and/or sand and gravel aquifers [9–

13]. 

Growing concerns over changes in the state’s water quality and quantity led to the 

creation of what are now 23 Natural Resources Districts (NRD) across Nebraska. 

Established in 1972, NRDs develop management plans and regulations to protect 

groundwater [14–16]. Regulations aimed at decreasing [NO3
−] in groundwater have 
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shown some potential for success [4,17], though the exact impacts are not always clear 

[13,18]. Due to the tendency of nitrate to be transported with recharge water, agricultural 

water management (i.e., irrigation technology and practices) and groundwater [NO3
−] are 

likely to have a direct relationship. In some areas, water allocations and/or moratoriums 

on new well drilling can incentivize greater irrigation efficiency, which has been found to 

decrease groundwater [NO3
−] [12,19–21]. For instance, replacing furrow irrigated fields 

with sprinkler systems (i.e., center pivot) is one method believed to reduce [NO3
−] 

leaching to groundwater [12,19]. Such changes in irrigation practice, driven in part by 

regulatory changes and economic drivers, have occurred in the Dutch Flats area of 

western Nebraska.  

Groundwater age-dating has been used widely to determine historical trends in 

groundwater [NO3
−] [17,18,22–25]. The U.S. Geological Survey’s (USGS) National 

Water-Quality Assessment (NAWQA) program has emphasized the importance of 

implementing groundwater age-dating to evaluate long-term trends in groundwater 

characteristics and its contaminants [24]. Relatively few studies, however, have used 

groundwater age-dating to directly evaluate the impact of water and/or nutrient 

management regulations, or major shifts in irrigation management, on groundwater 

recharge rates and nitrate contamination. Visser et al. [17] used 3H/3He age-dating in the 

Netherlands to examine impacts of legislation aimed at decreasing groundwater [NO3
−] in 

areas characterized by alluvial sand and gravel deposits. Groundwater age-dating showed 

trend reversal in groundwater nitrate, with old groundwater increasing in [NO3
−], and 

young groundwater decreasing in [NO3
−]. Further, groundwater age-dating provides a 

method for evaluating impacts of land use change on groundwater quality [26–28]. As a 
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result, coupling groundwater [NO3
−] trends with apparent age may be useful in assessing 

how changing groundwater recharge and quality respond to irrigation management 

changes, in the context of other environmental variables (e.g., precipitation). 

Within North Platte Natural Resources District (NPNRD) in western Nebraska, 

irrigation canals provide a source of artificial recharge [11,29–33]. Locations of highest 

and lowest recharge potential in canals were captured using capacitively coupled and 

direct-current resistivity methods to profile lithology of two major canals in NPNRD 

[32]. Estimates suggest canals leak between 40% and 50% of their water within this 

region [34]. The Interstate Canal, with a water right of 44.5 m3/s, operates during 

irrigation season and is the largest canal delivering water to the region [35]. Other large 

canals in the region include the Mitchell-Gering and Tri-State Canals. An extensive 

analysis of the relationship between surface irrigation and groundwater quantity and 

quality in this area was provided by Böhlke et al. [11].  

Böhlke et al. [11] also summarized USGS reports from a five-year study 

beginning in the mid-1990s [30,31]. The investigation was conducted from 1995 to 1999 

(referred to in this text as the 1990s study) in the Dutch Flats area, a region comprising 

roughly four percent of NPNRD. Crop production in this area historically depends on 

surface water with low [NO3
−] (e.g., [NO3

−] < 0.06 mg N L−1 in 1997) delivered via 

canals for irrigation supply. Groundwater age estimates (3H/3He), isotopes, nitrate, and 

other analytes were used to evaluate trends in groundwater recharge and nitrate 

contamination. For example, groundwater recharge rates and temporal changes in [NO3
−] 

demonstrated the influence of canal seepage on nearby wells. Wells far from canals were 

more influenced by local irrigation practices. Relatively young groundwater ages (mean = 
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8.8 years) indicated that recharge was occurring from more than just regional 

precipitation (i.e., groundwater would be expected to reside in the aquifer much longer if 

recharge rates based on precipitation were assumed). As a result, Böhlke et al. [11] 

theorized that groundwater residence times and [NO3
−] may be impacted if recharge from 

canals and/or irrigation were significantly reduced. Further, if groundwater residence 

times were to increase, then potential for biogeochemical activity such as denitrification 

might also increase, resulting in a decrease in groundwater [NO3
−]. 

Since the 1990s USGS study, several variables related to groundwater recharge 

have changed in the extensively sampled Dutch Flats area. For example, a shift in 

irrigation practice and canal management have been noted in the region [36], with the 

largest changes in irrigation practice occurring during approximately 2000–2003. The 

timing of these changes relative to the USGS study, combined with the relatively young 

groundwater ages in the aquifer, provides a unique opportunity to evaluate the potential 

impact of changing water management on the overall timescale of groundwater 

movement through the aquifer, and subsequent impacts on groundwater quantity 

(recharge rate) and quality ([NO3
−]). Other variables we considered were annual 

precipitation, volume of water diverted into the Interstate Canal, planted corn area, and 

fertilizer loads.  

In this study, we evaluated how changes to water resources management, with 

respect to numerous underlying variables, have affected leaching and groundwater 

transport of nitrate nitrogen. More specifically, the objective of this study was to compare 

the composition of recently collected groundwater samples to those reported by Böhlke et 

al. [11] for changes in: (1) groundwater recharge rates; (2) biogeochemical processes 



11 
 

(i.e., denitrification) affecting [NO3
−]; and (3) groundwater [NO3

−] in the Dutch Flats 

area. 

2.3. Materials and Methods 

2.3.1. Site Description 

The study area is within NPNRD in western Nebraska (Figure 2.1), where climate 

is classified as semi-arid [37]. Climate data retrieved from Western Regional Airport in 

Scottsbluff, Nebraska display long-term average annual rainfall and snow of 390 mm and 

1021 mm, respectively (1908–2016) [38]. The average annual maximum and minimum 

temperatures from 1908 to 2016 were 17.6 °C and 1.1 °C, respectively. Growing season 

rainfall is typically insufficient to support high crop yields; therefore, irrigation is used 

extensively with 86% previously estimated to originate from surface water [39]. In 2002, 

a moratorium was implemented to restrict drilling of additional irrigation wells in 

NPNRD. The state legislature passed Legislative Bill 962 in 2004, allowing the district to 

declare areas either fully or over-appropriated and led to development of an integrated 

management plan intended to protect both groundwater and surface water. Regulations on 

water and soil include groundwater allocations and flow meters on wells in over-

appropriated areas, requirements for irrigators using chemigation systems, well 

registration, and irrigation runoff controls. 

This study is focused within the Dutch Flats area in NPNRD [11,30,31,40]. The 

study area is in the North Platte River Valley, along the Nebraska-Wyoming border [39]. 

The Dutch Flats area is about 540 km2 and located in Scotts Bluff and Sioux Counties 

(Figure 2.1). Approximately 48% of the study area is in Scotts Bluff County, while 52% 

is in Sioux County. Based on the 2011 National Land Cover Database (NLCD), 53.5% of 
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the Dutch Flats area is agriculture, while Scotts Bluff and Sioux Counties are 47.0 and 

4.3, respectively [41]. Due to similarities in land use between Dutch Flats area and Scotts 

Bluff County, Scotts Bluff County was used as a proxy when data could not be 

determined directly for the study area. While surface water is the most common source 

for irrigation in this region, accessible groundwater offers alternative methods. Irrigation 

withdrawal estimates in Scotts Bluff County suggest surface water has remained the 

dominant source of irrigation water, ranging from 84.4% to 98.6% from 1985 to 2010 

[42]. 

An extensive monitoring well network in NPNRD has been used to measure and 

record changing groundwater levels and [NO3
−] over several decades. The Dutch Flats 

area varies in both vadose and saturated zone thickness, and is characterized as a sand 

and gravel alluvial aquifer, with limited areas of silt and clay [39] (Figure 2.1). The 

alluvial aquifer is underlain by the Brule Formation, made up of siltstone, mudstone, 

volcanic ash beds, gravel, and fine-grained sand. Groundwater for irrigation is typically 

pumped from Quaternary-aged alluvial deposits or water-bearing units of the Brule 

Formation. The direction of groundwater flow is generally southeast from canals toward 

the North Platte River, though flow in some locations is redirected by what is referred to 

as the Brule High [30]. 
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(a) 

 
(b) 

Figure 2.1. Site description: (a) location of Dutch Flats area within Nebraska’s North 
Platte Natural Resources District, including water table elevation contours [43]; and (b) 
representative cross-section along well transect with mid-screen elevations at each well 

nest. Elevations were derived from previous Dutch Flats studies [11,31]. Red well 
screens indicate locations where the current study collected groundwater samples. Site 

2D, shown with a dashed line and in parenthesis, is situated behind 1C, or into the page, 
and is located above the base of aquifer in its respective location.  
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2.3.2. Sample Sites 

Within the Dutch Flats area, five well nests were selected for sampling in 2016. 

Wells were selected based on completeness of data from the previous study [11], so 

direct comparisons could be made to our results. Samples for noble gases, tritium, 

nitrogen and oxygen isotopes of nitrate, nitrate nitrogen, ammonium nitrogen, and 

dissolved organic carbon (DOC) analysis were collected following standard sampling 

procedures. Groundwater parameters logged and recorded at these five well nests were 

pH, temperature (°C), dissolved oxygen (mg O2 L−1), percent saturation of dissolved 

oxygen, specific conductivity (µS cm−1), and total dissolved gas (g L−1). Each well was 

measured for depth to groundwater and depth to well bottom relative to surface elevation. 

At least one well bore volume was pumped from each well prior to sampling (Geotech SS 

Geosub Controller and Pump). Groundwater parameters were monitored by a Hydrolab 

MS5 Multiparameter Sonde. After parameters stabilized, pump speed was decreased, and 

samples were collected. Sampling occurred three times over the course of 2016: spring, 

summer, and fall. Spring sampling included collection of groundwater from shallow, 

intermediate, and deep wells from nest 1G (Figure 2.1). Groundwater beneath irrigated 

fields, and away from major canals, was collected in summer for assessing spatial 

patterns in groundwater. Shallow, intermediate, and deep samples were collected from 

Well Nests 2D and 1E, intermediate and deep samples from nest 1C, and deep samples at 

Well 1L. To capture temporal influences, Well Nest 1G (Figure 2.1) was sampled again 

at a shallow and intermediate depth during fall.  
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2.3.3. 3H/3He Sampling and Noble Gas Modeling 

After rinsing with sample water, 0.9 m copper refrigeration tubes for noble gas 

analysis were filled and crimped [44]. Samples for analysis of tritium was collected in 

0.5-liter HDPE plastic bottles. Noble gases (Ar, He, Kr, Ne, and Xe) were analyzed via 

mass spectrometry at the University of Utah’s Dissolved Gas Service Center in Salt Lake 

City, UT. Tritium activities were determined using the helium ingrowth method [45].  

Excess air and recharge temperatures were modeled using iNoble Version 2.2 

workbook developed by the International Atomic Energy Agency (IAEA; Appendix A). 

We assumed a terrigenic 4He/3He (Rterr) of 2.88 × 10−8, and 3H half-life of 12.32 years 

[46]. Apparent groundwater age was calculated from 

𝜏𝜏 = 𝜆𝜆−1 ln�1 +  
𝐻𝐻𝐻𝐻3

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝐻𝐻3
� (1) 

where τ is the apparent groundwater age in years, 3Hetrit is the modeled tritiogenic helium, 

and 3H is tritium at the time of sampling, determined from helium ingrowth. The decay 

constant, 𝜆𝜆, is a function of the half-life of tritium and is determined as 𝜆𝜆 =  ln2
12.32 years

. 

2.3.4. Recharge Estimates  

Groundwater recharge, defined as the rate at which water moves vertically across 

the water table, was calculated for each well. Shallow wells typically have screen lengths 

of 6.1 m with the midpoint originally designed to be located at the water table. 

Intermediate and deep wells both have screens of approximately 1.5 m. To maintain 

consistency, calculations were performed using methods and assumptions made by 

Böhlke et al. [11]. Groundwater age was assumed to follow a linear gradient as a slug of 

water traveling from the water table to the midpoint between the upper and lower well 
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screen (Equation (2)). For shallow wells, recharge was determined at the midpoint 

between the bottom screen and water table. Recharge was calculated as follows: 

𝑅𝑅 =
𝑧𝑧𝑧𝑧
𝜏𝜏

 (2) 

where R is recharge in m/year, θ is porosity, z is depth below water table to the screen 

midpoint (m), and τ is the groundwater age, in years, determined via apparent 3H/3He 

ages. Porosity was assumed to be 0.35. Intermediate and deep wells are screened below 

the water table. Therefore, z for these calculations was the distance from the water table 

to the midpoint of the screen. Again, recharge was estimated using Equation (2). Böhlke 

et al. [11] also used an exponential equation [47] to estimate recharge rates of 

intermediate wells, though this equation was not applied to shallow or deep wells 

(Equation (3)).  

𝑅𝑅 =
𝑧𝑧𝑧𝑧
𝜏𝜏

ln �
𝐿𝐿

𝐿𝐿 − 𝑧𝑧
� (3) 

where L is unconfined aquifer saturated thickness (m), and z is the distance from the 

water table to the screened midpoint (m). Applying this equation near the water table 

(shallow wells) or bottom of the aquifer (deep wells) may lead to uncertainties associated 

with groundwater mixing. While the simplistic modeling of Equations (2) and (3) fit the 

data reasonably well, it is acknowledged uncertainties related to 3H/3He age-dating and 

aquifer heterogeneity could affect calculated recharge rates. For instance, uncertainty in 

3H/3He ages can be relatively large on a percentage basis [48]. Further, aquifer 

heterogeneity, namely porosity, directly influence Equations (2) and (3) calculations. 

However, assumptions by Böhlke et al. [11] were maintained in both studies, yielding 
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similar calculated recharge uncertainties. The appropriate applications and limitations of 

these equations have been addressed in previous literature [49,50].  

2.3.5. Nitrate Isotopes, Nitrate, Ammonium, and DOC Concentrations 

Samples for isotope analysis were collected in 1-liter HDPE plastic bottles, placed 

on ice immediately after collection, frozen within 48 h, and analyzed at the University of 

Nebraska’s Water Science Laboratory. The oxygen isotope composition of nitrate was 

measured according to methods described in Chang et al. [51] and Silva et al. [52]. A 

measured volume of sample containing 0.25 mg NO3-N was then treated with 1 M 

barium chloride to precipitate sulfate and phosphate. The solution was filtered, passed 

through a cation exchange column to remove excess Ba2+, and then through an anion 

exchange column to concentrate nitrate. Nitrate was eluted using 3 M hydrochloric acid, 

neutralized with Ag2O, filtered to remove the AgCl precipitate, and then dried to produce 

purified AgNO3. The AgNO3 was dissolved in 1 mL of reagent water and 100 µL (25 µg 

N) aliquots were transferred to three silver cups and dried for analysis of oxygen isotope 

composition using high temperature pyrolysis on nickelized graphite in a closed tube to 

produce carbon monoxide (CO) on a Eurovector EA coupled to an Isoprime continuous 

flow isotope ratio mass spectrometer. The final result was averaged from the triplicate 

instrumental results and converted to the standard oxygen isotope reference (VSMOW = 

0.00 ‰). 

A reagent grade potassium nitrate (KNO3) was used as a working standard, and 

reference sucrose oxygen isotope standards were analyzed with every sample batch (up to 

20 samples) both for calibration and for drift correction. USGS 34 and USGS 35 

reference standards are analyzed at least monthly to compare and convert working 
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standards to a δ18O isotope value with respect to Vienna Standard Mean Ocean Water 

(VSMOW). The 1σ measured analytical precision of δ18O-NO3
− is ±0.5‰ for solutions of 

KNO3 standard processed through the entire procedure. In addition to triplicate 

instrumental average measurement, laboratory duplicates were carried through the 

preparation process and analyzed at a rate of 5%. 

The nitrogen isotope composition of nitrate (δ15N-NO3
−) was measured according 

to methods previously described [53,54]. Ammonia-N was quantified after addition of 

MgO on a steam distillation line and titrated with standardized sulfuric acid [55]. Nitrate 

was then reduced to ammonia with Devarda’s alloy, distilled separately into a boric acid 

indicator solution, and then quantified titrimetrically with standardized sulfuric acid. 

Distillates were acidified with sulfuric acid immediately after titration and evaporated to 

1 to 2 mL on a hot plate. They were then reacted with lithium hypobromite on a high-

vacuum preparation line and the ammonium quantitatively reduced to nitrogen gas, 

purified by passage through two liquid nitrogen cryotraps and a 400 °C copper oven, and 

collected in a gas sample bulb. Atmospheric nitrogen standards were prepared on the 

same high-vacuum preparation line. Ultrapure tank nitrogen was used as the working 

standard and was calibrated against the atmospheric nitrogen standard. All nitrogen 

isotope measurements were performed on either a Micromass OPTIMA or a GVI 

Isoprime dual inlet stable isotope ratio mass spectrometer (IRMS). The δ15N-NO3
− of the 

sample was measured and expressed relative to the atmospheric standard expressed in 

parts per thousand (‰). Quality control was monitored through the analysis of replicate 

standards to determine the accuracy and repeatability of the method. 
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The nitrogen (15N/14N) and oxygen isotope (18O/16O) composition of nitrate was 

expressed as the difference (‰) of the sample ratio relative to each international standard 

ratio using Equation (4). 

𝛿𝛿(‰) =
(𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 − (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

(𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
 × 1000 (4) 

Nitrate concentration was determined for the five well nests selected for detailed 

sampling in 2016 using the Cd-reduction method [56] on a Seal AQ2 autoanalyzer. 

Dissolved organic carbon (DOC) samples were collected in 40 mL glass vials and 

preserved with sulfuric acid. Each sample was field filtered through a 0.45-micron filter 

attached to a syringe. Samples were analyzed following heated persulfate SM 5310 

protocol using an OI Analytical model 1010 TOC Analyzer [56]. 

2.3.6. Evaluating Long-Term Trends in Nitrate Concentrations 

In addition to nitrate evaluated in 1998 and this current study, long-term data 

collected and/or maintained by the NPNRD and Nebraska Agricultural Contaminant 

Database [57] were used for further analysis. These samples were collected with a low-

volume pump after monitored parameters (temperature, pH, specific conductivity, DO, 

and total dissolved solids) stabilized. Samples were placed on ice and preserved with 

sulfuric acid prior to analysis at Midwest Laboratories, Inc in Omaha, NE, USA [58]. 

Sporadically sampled data from 1998 to 2016 were normalized about the maximum and 

minimum nitrate value over the sampling period, as 

𝑥𝑥′ =
𝑥𝑥 − min (𝑥𝑥)

max(𝑥𝑥) − min (𝑥𝑥)
 (5) 

where 𝑥𝑥′ is the normalized nitrate value, 𝑥𝑥 is the observed (or average if multiple samples 

were collected from a well within the same year) [NO3
−] for a specific year, and max(𝑥𝑥) 
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and min(𝑥𝑥) are the maximum and minimum respective [NO3
−] over all the sample years 

for each well. 

2.4. Results and Discussion 

Groundwater samples analyzed for 3H/3He, NO3
−, δ15N-NO3

−, and δ18O-NO3
−, 

among other groundwater parameters, were used to evaluate the hypothesis that changes 

in environmental variables since the previous study would: (1) decrease recharge rates; 

(2) increase biogeochemical activity; and (3) result in lower groundwater [NO3
−]. Unless 

otherwise noted, data collected in 2016 were analyzed and compared to 1998 

groundwater data collected by the USGS [31] in August 1998 and limited to the five well 

nests sampled in 2016. 

2.4.1. Groundwater Age-Dating 

An increase in groundwater age between the 1998 and 2016 studies would 

indicate reduced rates of water movement through the aquifer over that period. Apparent 

groundwater ages from five of eight samples (63%) collected in 2016 were greater than 

groundwater ages estimated from samples collected in 1998 (Table 2.1; Figure 2.2). 

Mean groundwater age in the sampled wells increased from 15.6 years in 1998 to 19.3 

years in 2016, but the difference was not statistically significant (p = 0.53; two-sample t-

test assuming unequal variances).  

Recent depth to groundwater data (2017; n = 162) vary throughout Dutch Flats, 

ranging from less than 1 m to over 30 m, with a mean of 10.6 m (±10.3 m) and median of 

7.7 m. Vadose zone thickness of wells sampled in August 2016 were between 1.2 and 

13.3 m. Well nests constructed for the 1990s study (and re-sampled in this study) had 

screen intervals designed to intercept groundwater at the water table, mid-aquifer, and at 



21 
 

or near the base of the unconfined aquifer. In Dutch Flats, shallow wells typically have 

6.1 m screens and were designed originally with roughly 3 m above and below the water 

table. Long well screens across the water table can increase error in groundwater age, due 

to mixing of a range of groundwater ages, and because fluctuations in the water table can 

lead to a loss of tritium-derived 3Hetrit escaping to the atmosphere. Among samples from 

shallow wells, apparent groundwater age sampled from Well 2D-S increased by 

approximately 2.5 years, or 93%, while 1E-S decreased by 0.5 years, or 9.3%.  

Table 2.1. Apparent groundwater (GW) age from both 1998 and 2016 based on 3H/3He 
age estimates. Recharge rates were estimated with a linear equation in all cases, and with 

an exponential (Exp.) equation for intermediate wells. 

Well ID 

Böhlke et al. [11] Current Study 

Depth 
(m) * 

GW 
Age 

(years) 

Recharge
-Linear 
(m/year) 

Recharge
-Exp. 

(m/year) 

Depth 
(m)* 

GW 
Age 

(years) 

Recharge
-Linear 
(m/year) 

Recharge
-Exp. 

(m/year) 
1E-S 2.4 5.4 0.16 n.d. 1.9 4.9 0.13 n.d. 
2D-S 4.9 2.8 0.61 n.d. 2.4 5.4 0.15 n.d. 
1E-I 15.7 20.2 0.27 0.38 14.5 20.9 0.24 0.34 
2D-I 25.8 11.3 0.80 1.2 22.6 20.5 0.39 0.56 
1C-D 20.3 12.0 0.59 n.d. 19.4 12.0 0.57 n.d. 
1E-D 29.4 31.5 0.33 n.d. 28.3 47.0 0.21 n.d. 
1L-D 28.5 20.5 0.49 n.d. 30.3 20.2 0.53 n.d. 
2D-D 44.3 20.9 0.74 n.d. 41.1 23.9 0.60 n.d. 
Mean:  15.6 0.50   19.3 0.35  

Std. Dev.:  9.5 0.23   13.3 0.19  

Note: * Depth given as depth to mid-screen below water table; n.d., no data; S, Shallow well; I, 
Intermediate well; D, Deep well; Std. Dev., Standard Deviation. 

Because of shorter (1.5 m) screened intervals, intermediate and deep wells may 

provide a better estimate of groundwater age and are subject to fewer uncertainties 

impacting shallow wells. Wells 1E-I and 2D-I had comparable groundwater ages of 20.9 

and 20.5 years, respectively, in 2016. Well 1E-I groundwater age stayed similar between 

the two sampling periods (1998 = 20.2 years), while 2D-I increased by 81% (1998 = 11.3 

years). Groundwater samples from 1G-I were collected in both the spring and fall of 2016 

to explore temporal trends in groundwater age at a site near a canal. Although there is no 
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direct comparison with the previous study, apparent groundwater age at the well found 

little variation in groundwater age, with spring and fall ages of just 5.9 and 5.3 years, 

respectively. Results from Well 1C-I displayed nearly modern groundwater age (i.e., age 

≈ 0 years). Results from this well appear erroneous, and were excluded from the 

comparisons in Table 2.1, since it is unlikely modern groundwater would be observed 11 

m below the water table. 

Groundwater age of samples collected in 1998 from deep wells ranged from 12.0 

to 31.5 years, while in 2016 apparent groundwater ages were between 12.0 to 47.0 years. 

The largest change in groundwater age was for groundwater sampled from Well 1E-D. 

While apparent groundwater age stayed similar in Well 1E shallow and intermediate 

depths, groundwater age from the deep well increased from 31.5 to 47.0 years, or 49%. 

This increase would suggest groundwater was nearly unaffected by recharge and water 

sampled in 1998 was essentially the same water collected in 2016. The groundwater age 

trend in Well Nests 2D and 1E is consistent with non-uniform recharge in the region, 

where screens at different depths in the aquifer are influenced by different recharge 

sources (i.e., localized irrigation and/or canals).  
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Figure 2.2. Apparent groundwater age determined in 2016 compared to apparent 

groundwater ages determined in 1998. Error bars are ±1σ from 2016 analysis using the 
International Atomic Energy Agency (IAEA) model. 

2.4.2. Recharge Rates 

Recharge rates (R) were estimated as a function of the vertical distance water 

travels below the water table, porosity, and apparent groundwater age (see Equations (2) 

and (3)). Figure 2.3 and Table 2.1 compare 1998 and 2016 recharge rates. Over nearly 

two decades, recharge rates decreased in each well, with exception to Well 1L, which had 

a minor increase. Recharge rates ranged from 0.16 to 0.80 m/year in 1998, with a mean 

rate of 0.50 m/year (±0.23). Rates in 2016 were not significantly different (p = 0.19; two-

sample t-test assuming unequal variances) and varied between 0.13 and 0.60 m/year, 

averaging 0.35 m/year (±0.19). From 1998 to 2016, mean water depth increased from 7.9 

m to 9.4 m. 

Shallow wells far from canals are believed to reflect localized recharge, while 

intermediate and deep wells are more likely to represent recharge sources from both 

localized irrigation and canal leakage [11]. Shallow wells had varying results, with a 

comparable recharge rate in Well 1E-S in both studies, and Well 2D-S less than 25% the 
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1998 recharge rate. The recharge rate in 1E-I, again, was similar between the two studies, 

while the 2016 recharge rate in 2D-I was less than half that of 1998. The 2016 mean 

recharge rate in deep wells was nearly double the mean from shallow wells. Deep wells, 

typically associated with greater groundwater ages, may take time before they reflect 

changes to environmental variables related to groundwater quantity. The lowest 1998 (R 

= 0.33 m/year) and 2016 (R = 0.21 m/year) recharge rates from deep wells were both in 

1E-D, which is located far from the larger regional canals. The largest 1998 (R = 0.74 

m/year) and 2016 (R = 0.60 m/year) deep well recharge rates were in Well 2D-D.  

 
Figure 2.3. Comparison of 1998 and 2016 recharge rates categorized by shallow, 

intermediate, and deep well depths. 

2.4.3. Nitrate Analysis 

A combination of data collected in the 1990 and 2016 studies, in addition to long-

term groundwater monitoring, provided two approaches to analyze nitrate concentration 
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I. Comparison of data collected in 1998 [11,31] to data collected in 2016 at the 

same well nests where groundwater age-dating was conducted (Table 2.2 and 

Figure 2.4); and 

II. Analysis of a long-term dataset from much broader groundwater collection efforts 

in the Dutch Flats area, including sporadic sampling between 1998 and 2016, and 

intensive sampling in 1998, 1999, 2008, and 2016 (Table 2.3, Figures 2.5 and 2.6, 

and Appendix B (Table B1)).  

Focusing first on comparisons from Approach (1), nitrate samples collected in 

1998 varied from 1.4 mg N L−1 to 15.8 mg N L−1, while 2016 ranged from 1.1 mg N L−1 

to 46.8 mg N L−1 (Table 2.2), and 6 out of 14 samples collected in 2016 had lower [NO3
−] 

compared to samples collected in 1998 (Figure 2.4). Apart from Well 2D-I (1.3 mg N 

L−1) and 2D-D (1.4 mg N L−1), groundwater from well nests sampled in 2016 had lower 

[NO3
−] with greater depth in the aquifer. Concentrations of ammonium in groundwater 

were below detection (<0.1 NH4-N mg L−1) in samples from the eleven wells where δ18O-

NO3
− was also determined (see wells listed in Table 2.2). 

Prior to irrigation season, the 2016 Well 1G-S spring nitrate was 46.8 mg N L−1, 

while post-irrigation season was 22.1 mg N L−1. This trend is consistent with canal 

leakage diluting concentrations near canals, as suggested by Böhlke et al. [11]. The 

August 1998 [NO3
−] was 8.8 mg N L−1. Proximity to a nearby cattle feedlot could be 

influencing the high 2016 [NO3
−] observed in 1G-S. It is unknown the exact date 

operations began at this feedlot, though it is believed between 1998 and 1999, and has 

increased over the past two decades. 
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Nitrate concentrations from Well 1E-S were high in both studies (1998 = 15.8 mg 

N L−1; 2016 = 45.2 mg N L−1), though 2016 was uncharacteristically high. Well 1E-I (3.6 

mg N L−1) and 1E-D (3.1 mg N L−1), which had screens approximately 12.7 m and 26.5 

m below 1E-S, respectively, had much lower [NO3
−]. In addition to the 1998 and 2016 

values reported above, data collected by NPNRD during 1996–1998 (n = 26) were used 

for supplementary analysis of Well 1E-S. Monthly averages over this period display 

increasing [NO3
−] starting in June, peaking in August, and declining thereafter. If 

fertilizer is applied around growing season, Well 1E-S displays a very short transport rate 

through the vadose and saturated zones, in that groundwater [NO3
−] quickly reflect 

surface activities. This is supported by a young groundwater age, and possibly suggests 

there is a preferential pathway to this well screen. 

Table 2.2. Nitrate nitrogen and nitrogen isotopic ratio of nitrate from samples collected 
in 1998 and compared to 2016 samples, at well nests where age-dating was also 

conducted. Samples collected in 2016 were mostly analyzed for δ18O-NO3
−, as shown. 

Well 
ID 

Böhlke et al. [11] Current Study 

Date Sampled 
δ15N-
NO3− 
(‰) 

[NO3−]  
(mg N L−1) Date Sampled 

δ15N-
NO3− 
(‰) 

[NO3−]  
(mg N L−1) 

δ18O-
NO3− 
(‰) 

1G-S  27 August 1998 2.4 8.8 18 April 2016 17.0 46.8 n.d.  
1G-I  27 August 1998 n.d. 10.6 18 April 2016 2.6 7.2 n.d.  
1G-D 27 August 1998 2.5 8.0 18 April 2016 3.3 6.2 n.d.  
2D-S  27 August 1998 5.7 8.3 16 August 2016 0.5 9.7 −4.5 
2D-I 27 August 1998 5.6 5.1 16 August 2016 2.2 1.3 −9.16 
2D-D  27 August 1998 4.9 1.4 16 August 2016 −2.9 1.4 −6.96 
1E-S  24 August 1998 2.9 15.8 16 August 2016 −1.6 45.2 −5.45 
1E-I  24 August 1998 2.7 10.8 16 August 2016 −1.3 3.6 −6.6 
1E-D  24 August 1998 4.1 2.5 16 August 2016 −3.7 3.1 −5.37 
1L-D  25 August 1998 10.2 2.4 17 August 2016 1.1 1.1 −3.67 
1C-I 27 August 1998 4.2 2.5 17 August 2016 4.9 5.3 −7.27 
1C-D  24 August 1998 4.5 2.5 17 August 2016 −2.0 3.8 −8.38 
1G-S 27 August 1998 2.4 8.8 12 October 2016 18.4 22.1 4.08 
1G-I 27 August 1998 n.d.  10.6 12 October 2016 9.5 6.9 0.33 

Note: n.d., no data; S, Shallow well; I, Intermediate well; D, Deep well. 

Well 1G-I was sampled twice in 2016 to evaluate temporal trends in both 

groundwater age and [NO3
−] near a canal. Apparent groundwater age was similar (spring 
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= 5.9 years; fall = 5.3 years). Interestingly, [NO3
−] in this well decreased from 46.8 to 

22.1 mg N L−1 in 2016. Similarity in groundwater ages between spring and fall sampling 

suggest groundwater [NO3
−] in this well are not diluted from a large percentage of 2016 

canal water. That is, a seasonal pattern in [NO3
−] was observed, but if a significant 

fraction of canal water that infiltrated during the 2016 growing season was arriving at the 

well screen by fall 2016, then the groundwater age from fall sampling should be much 

less than groundwater age from spring sampling. Apparently, the mass flux of water 

leaking from canals drives groundwater deeper into the aquifer during irrigation season 

and dilutes groundwater nitrate with older (pre-2016) canal water with low [NO3
−]. 

 
Figure 2.4. Comparison of nitrate concentrations from five well nests sampled in 2016 

and 1998 (n = 14). Labels indicate the three wells with high 2016 [NO3
−]. 

Based on two relatively small datasets (Table 2.2 and Figure 2.4), it is difficult 

to identify trends in groundwater nitrate due to large variations in concentrations, and 

additional sources of nitrogen influencing Well 1G. As a result, additional long-term 

nitrate data collected by NPNRD were analyzed, as described in Approach (2) at the 
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beginning of this section. In total, 2918 nitrate samples were collected in the Dutch 

Flats area between 1979 and 2016. However, wells are not consistently sampled, 

making it difficult to compare overall annual medians from one year to the next. Thus, 

only data from wells with two or more samples collected between 1998 and 2016 were 

used (n = 987 samples from a total of 160 wells; Figure 2.5a). If multiple samples were 

collected from a well within the same year, annual concentrations were averaged. The 

annual median and mean normalized values (Equation (5)) were then used to evaluate 

groundwater [NO3
−] trends in Dutch Flats (Figure 2.5b). Both mean and median of 

normalized annual nitrate concentrations suggest a decrease in groundwater [NO3
−] 

from 1998 to 2016, with statistically significant regression slopes (p-values of 0.04 in 

both cases).  

Given the suggested decrease in [NO3
−] from the normalized data, we further 

explored trends in nitrate by evaluating three time periods. Time periods were selected 

based on the number of samples collected during a given year, as well as with respect 

to the time elapsed since the previous study. To characterize groundwater [NO3
−] 

during the 1990s study, data from 1998 and 1999 were used as a base comparison. Two 

additional years, 2008 and 2016, were compared directly to [NO3
−] in the late 1990s. 

These two years were selected because many samples were collected during 2008 and 

2016. A total of 87 wells were sampled during all three time periods, and samples were 

further split based on screen depth (i.e., shallow, intermediate, and deep wells had n = 

44, 16, and 27, respectively). 
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(a) 

 
(b) 

Figure 2.5. Nitrate data from 1998 to 2016 (n = 987) collected and/or maintained by the 
North Platte Natural Resources District, Nebraska Agricultural Contaminant Database, 

and the current study: (a) a Box-and-Whisker plot of all nitrate data, including the 
number of samples collected each year (referenced above the maxima) and long-term 
median of each annual median; and (b) mean and median of normalized annual Dutch 

Flats groundwater nitrate. 

Overall, 52 out of 87 wells (60%) showed a decrease between 1998 and/or 1999 

and 2016. The mean and median [NO3
−] are reported in Table 2.3 for each well depth, 

and results from individual samples are shown in Appendix B and Figure 2.6. Since the 

data were not normally distributed and data transformation did not help, the Mann–

Whitney test was used to determine if the median [NO3
−] were different between the 

three periods (Table 2.3). 
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Table 2.3. The mean and median groundwater [NO3
−] (mg N L−1) for 1998 and/or 1999, 

2008 and 2016. The calculated p-values are from Mann–Whitney tests comparing the 
medians between the three time periods. 

Well 
Depth 

Shallow (n = 44) Intermediate (n = 16) Deep (n = 27) 
1990s * 2008 2016 1990s * 2008 2016 1990s * 2008 2016 

Mean 7.2 6.2 8.0 6.6 5.6 5.1 4.0 3.5 3.5 
Median 5.4 4.7 5.3 5.6 4.8 3.7 3.6 3.3 3.4 

Mann–
Whitney 

Test 

Years p-value Years p-value Years p-value 
1990s *–2008 0.15 1990s *–2008 0.66 1990s *–2008 0.68 
1990s *–2016 0.49 1990s *–2016 0.17 1990s *–2016 0.62 

2008–2016 0.70 2008–2016 0.38 2008–2016 0.94 
Note: * Value shown is from 1998 or 1999, or the average from the two years. 

The median [NO3
−] for the 44 shallow wells decreased by 13% from 1998 to 

2008, but increased by 13% from 2008 to 2016. These fluctuations may be attributed to 

the variation in precipitation, with high precipitation resulting in increased leaching rates. 

From 1996 to 1998 the average precipitation was 459 mm, compared to 303 mm and 497 

mm from 2006 to 2008 and 2014 to 2016, respectively.  

Though median concentrations were not significantly different (p-value 0.17; 5.6 

versus 3.7 mg N L−1 for 1998 and 2016, respectively), 69% of the intermediate wells 

sampled had a reduction in [NO3
−] from 1998 to 2008 and 75% had a reduction from 

1998 to 2016. The median [NO3
−] also decreased in the deep wells, but only by 8% from 

1998 to 2008 and 6% from 1998 to 2016, and the differences were not statistically 

significant. 

Although overall [NO3
−] trends are decreasing in many individual wells, there is 

substantial variability and uncertainty in overall results, and a lack of statistical 

significance in median values. Other variables such as vadose zone depth, fertilizer 

application rates, percent cropland (specifically corn) should be considered.  
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 2.6. Comparison of groundwater [NO3
−] (mg N L−1) from samples collected in 

1998 and/or 1999 in shallow, intermediate, and deep wells to: (a) 2008 [NO3
−] in shallow 

wells (n = 44); (b) 2016 [NO3
−] in shallow wells (n = 44); (c) 2008 [NO3

−] in 
intermediate depth wells (n = 16); (d) 2016 [NO3

−] in intermediate depth wells (n = 16); 
(e) 2008 [NO3

−] in deep wells (n = 27); and (f) 2016 [NO3
−] in deep wells (n = 27). 
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To develop a better understanding of the complexities of the system, a statistical 

model coupled with an increase in predictor variables may help explain the large 

fluctuations in nitrate trends. Continued long-term monitoring of groundwater [NO3
−], 

perhaps with a sampling scheduled optimized by well characteristics and/or apparent 

vulnerability to groundwater nitrate contamination, will be critical for future studies. 

2.4.4. Sources of Nitrate 

Nitrogen-15 isotopes of nitrate were analyzed to characterize nitrogen sources 

(Table 2.2 and Figure 2.7). Oxygen-18 isotopes of nitrate were also analyzed in 2016. 

Nitrogen, of both 14N and 15N, is fixed from the atmosphere to produce fertilizer. Plants 

favor 14N-NO3
− to 15N-NO3

− during assimilation, increasing 15N-NO3
− observed in 

groundwater. It is believed this process also results in slightly elevated levels of 18O-

NO3
− [59]. With relatively constant atmospheric ratios of stable oxygen (18O:16O) and 

nitrogen isotopes (15N:14N), Equation 4 may identify enrichment or depletion of 18O-

NO3
− and 15N-NO3

− in groundwater. The combination of δ15N-NO3
− and δ18O-NO3

− may 

be used to determine sources of nitrate and potential for denitrification to have affected 

nitrate [60,61]. Different signatures suggest nitrogen sources may be naturally occurring 

or associated with anthropogenic activities.  

Well Nest 1G was sampled in both spring and fall, but only fall samples were 

collected for oxygen isotopes. Nitrogen isotopes were collected during each survey (n = 

14), but only samples with an oxygen isotope counterpart were used in this analysis (n = 

11). Recently collected δ18O-NO3
− varied between −9.2 and 4.1‰, while δ15N-NO3

− 

spanned from −3.7‰ to 18.4‰. The majority of nitrate in Dutch Flats study area appears 

to be derived from nitrification of ammonium in fertilizer and precipitation. Values from 
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the 1G shallow well (δ18O-NO3
− = 4.08‰, δ15N-NO3

− = 18.4‰) and intermediate well 

(δ18O-NO3
− = 0.33‰, δ15N-NO3

− = 9.52‰) had higher nitrogen isotope composition in 

comparison to the other nine samples. Isotopically heavy δ15N-NO3
− in Well 1G is 

consistent with nitrate from organic sources (i.e., manure), and is consistent with its 

proximity to an adjacent feedlot (Figure 2.7). 

 
Figure 2.7. Determining sources of nitrogen in Dutch Flats area from oxygen and 
nitrogen isotopic ratios in nitrate. Figure labels are modified from Kendall [62]. 

2.4.5. Biogeochemical Processes 

Nitrate isotope composition, dissolved oxygen (DO), and DOC were used to 

indicate changes in biogeochemical activity affecting nitrate, such as denitrification. 

Results from DO and DOC may be referenced in Appendix B (Figures B1 and B2). 

Nitrogen isotopes were collected and analyzed for their signatures in both 1998 and 2016 

(Table 2.2). Samples from Well 1G-I were not available from the 1990s study. 

Denitrification could lead to increased δ15N-NO3
−. However, data collected in 2016 

generally displayed a leftward shift in δ15N-NO3
− compared to 1998. Overall, results do 
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not suggest an increase in denitrification rates throughout the region (Figure 2.8). Values 

from 1998 ranged 2.4 to 10.2‰, while 2016 ranged from −3.7 to 18.4‰. Of the 14 

samples collected in 2016 for δ15N-NO3
−, 12 samples had a 1998 counterpart. Eight 

samples show stable or even a slight decrease in δ15N-NO3
− (average change = −6.0‰), 

while two, excluding two outliers at 1G-S, increased (average change = 0.8‰).  

Two nitrate isotope sample results stand out, both from Well 1G. From 1998 to 

2016, δ15N-NO3
−

 in Well 1G-S increased from 2.4‰, to 17‰ and 18.4‰ in the spring 

and fall, respectively. It was noted during collection of groundwater in spring of 2016 

that Well 1G-S had a yellow color, and spring-time sample collection occurred 

immediately after a large precipitation event. Thus, it is possible the organic nitrogen 

source of nitrate was a result of runoff. Increased nitrogen isotope composition in 1G-S 

indicates an  increased influence of organic nitrogen sources, but could also suggest more 

prevalent microbiological activity coinciding with a decrease in dissolved oxygen (1998 

= 5.6 mg O2 L−1, fall 2016 = 1.4 mg O2 L−1), although the groundwater was not strictly 

anoxic when sampled in 2016. Dissolved organic carbon can serve as a mechanism 

driving microbial activity and denitrification, and within Well 1G-S, DOC increased from 

1998 (2.9 mg C L−1) to 2016 (10.2 mg C L−1). Such increases indicate nitrogen from 

feedlot manure had little influence on samples collected in 1998, or yet to be in operation. 

Under anoxic conditions (DO < 0.5 mg O2 L−1), reduction of nitrate becomes favorable 

when concentrations are above 0.5 mg N L−1 [63]. It is possible recharge from high 

dissolved oxygen in canal water may prevent conditions from becoming anoxic at this 

site, and without canal leakage, denitrification could be higher. 



35 
 

Well 1L-D, located near North Platte River, had a water table approximately 2 m 

below the surface. This well had the largest 1998 (10.2‰) to 2016 (1.1‰) decrease in 

δ15N-NO3
−, although DO (1998 = 0.1 mg O2 L−1, 2016 = 0.4 mg O2 L−1) indicated 

consistent anoxic conditions. Slightly higher 1998 concentrations of NO3-N and DOC, 

coupled with lower DO in 1998, may explain the larger δ15N-NO3
− value. From further 

examination of δ15N-NO3
− versus 1/[NO3

−] and δ15N-NO3
−

 versus ln[NO3
−], mixing 

analyses (Figure B3) were inconclusive as to whether mixing of high- and low-[NO3
−] 

groundwater or denitrification were factors influencing groundwater nitrate in the Dutch 

Flats area [64]. 

 
Figure 2.8. Comparison of [NO3

−] and δ15N-NO3
−

 for 1998 and 2016 field data. Far right 
data points are from Well 1G-S and suggest organic nitrogen source. 

2.4.6. Analysis of Other Relevant Environmental Variables  

Potential changes in relevant environmental variables were evaluated for time 

periods prior to the 1998 and 2016 studies (i.e., before and after the USGS study). 

Variables associated with recharge (precipitation and Interstate Canal discharge) and 

nitrate (planted corn area and fertilizer loads) were analyzed for statistically significant 
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differences between the two time periods. Precipitation records used were from the 

Western Regional Airport in Scottsbluff, NE [38]. Annual volume of water diverted into 

the Interstate Canal was from a gage station approximately 1.6 km downstream of 

Whalen Diversion Dam in Wyoming [65]. Planted corn area and fertilizer loads are both 

estimates for Scotts Bluff County [66,67]. Due to limited fertilizer application data, two 

time periods, each 13 years, were compared from 1987 to 1999, and 2000 to 2012. All 

other variables were compared over 17-year periods prior to and after the completion of 

the 1990s USGS study. Datasets were determined to follow a normal distribution, and a 

two-sample t-test was used to evaluate statistically significant differences between two 

time periods for each variable (Table 2.4).  

Besides precipitation (p = 0.11), each environmental variable was determined to 

be significantly different when comparing the two time periods. Both Interstate Canal 

discharge and fertilizer loads exhibited a reduction, while planted corn area increased 

between the time periods. The inverse relationship between planted corn area and 

fertilizer loads is interesting and perhaps suggests an improvement in fertilizer 

application management, or possibly higher uncertainties associated with county level 

fertilizer estimates. The reduction in discharge from the canal may be attributed to the 

change in irrigation management practices. 
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Table 2.4. Summary of statistical analysis evaluating variables potentially influencing 
groundwater quantity and quality. p-values were determined from two-sample t-tests. 

Variable Mean (±std) Mean (±std) p-value Year: 1983–1999 Year: 2000–2016 
Precipitation (mm) 431 (±97) 370 (±118) 0.11 

Interstate Canal Discharge 
(km3/year) 0.52 (±0.08) 0.44 (±0.08) 0.007 * 

Planted Corn Area 
(hectares) 29,471 (±2568) 34,217 (±2608) <0.001 * 

 Year: 1987–1999 Year: 2000–2012  

Fertilizer Loads (kg) 11,503,061 
(±1,150,187) 

9,540,057 
(±1,222,507) <0.001 * 

Note: * Statistically significant difference between two time periods (α = 0.05). 
2.4.7. Further Discussion  

Since the previous 1990s study, numerous environmental variables related to 

groundwater nitrate contamination have undergone changes, including shifts in irrigation 

practices and canal management. Center pivot irrigated area has increased an estimated 

270% from 1999 to 2017 within Dutch Flats. Much of the increase has occurred on fields 

previously irrigated by furrow systems, although there has likely been an increase in 

overall irrigated acres as well. Scotts Bluff County total irrigated area statistics from the 

National Agricultural Statistics Service [68,69] estimated an increase in irrigated area 

over a similar time period (1997 = 70,075 hectares; 2012 = 80,611 hectares). A 

significant difference in the means was found when comparing volumes diverted into the 

Interstate Canal from 1983–1999 to 2000–2016. While precipitation also displayed 

decreasing trends, statistical analysis did not find a significant difference over the same 

period. With more efficient irrigation methods, less precipitation, and decreased canal 

discharge, a decrease in recharge rates would be expected. Although seven of the eight 

wells did have decreased recharge rates, the mean recharge rates from the two studies 
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were not significantly different. This may be attributed to insufficient time passing 

between the two sampling periods. 

Groundwater denitrification still does not appear to be a major process affecting 

nitrate attenuation in Dutch Flats since the previous study. Nitrate data collected in 2016 

and compared to a small subset of results from the previous study identified a large 

scatter in data. Three 2016 samples (two from the same well) had high nitrate 

concentrations, making it difficult to compare trends from the two small datasets. 

Additional analysis of long-term nitrate data collected by the NPNRD suggests [NO3
−] 

have decreased in most wells between 1998 and 2016. Further, two variables related to 

nitrogen inputs were evaluated during this study: hectares of planted corn and estimated 

fertilizer loads. The two variables showed significant differences in their means; planted 

corn area has increased, while fertilizer loads have decreased since the previous study.  

Decreased recharge rates were hypothesized to have reduced nitrate 

concentrations in the Dutch Flats area. However, trends from this study suggest that: (1) 

improved irrigation efficiency and changes to canal management have yet to significantly 

influence recharge rates in Dutch Flats; and (2) [NO3
−] are currently decreasing as a 

result of a combination of variables, perhaps including improved nitrogen management 

practices. The second point is further suggested by a significant increase in planted corn 

area, yet significant decrease in estimated fertilizer application in Scotts Bluff County. In 

other words, it is possible other variables beyond irrigation practice and canal 

management are currently driving the decreasing trends in groundwater [NO3
−], 

consistent with other studies that emphasize the need to improve both water and nitrogen 

management in agricultural production [12,13,70,71]. It should be noted, however, that, 
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while this study was unable to detect a significant reduction in recharge rates, limitations 

and uncertainties associated with groundwater age-dating and recharge calculations may 

make it difficult to identify a small but meaningful decrease. If future research were 

performed in a similar manner and found decreased recharge rates compared to this 

study, an even greater reduction in groundwater [NO3
−] is likely to be observed.  

It is noteworthy that an estimated increase in irrigated area from 1997 to 2012 is 

being supplemented by a decrease in annual volume of water diverted into the Interstate 

Canal, with little indication of increased groundwater withdrawals. Without increased 

precipitation, these trends, nonetheless, serve as potential evidence of the extent at which 

irrigation efficiency has improved. Simply put, it is possible less water is being applied to 

fields regionally, even with increases in irrigated area. 

An interesting dynamic to consider is the high leakage potential from canals in 

this region, and their association with diluting groundwater [NO3
−]. If future efforts are 

made to improve irrigation efficiency through lining canals, less artificial recharge will 

be supplied to the region. Ultimately, this could result in a declining water table 

elevation, where it has been found artificial recharge is important in restoring aquifer 

storage and improving groundwater quality [72]. Further, it is unknown how the impact 

these water management improvements may have on groundwater [NO3
−]. For instance, 

less nitrate might leach below the root zone with continued advancements in irrigation 

efficiency, however, less artificial recharge from low-[NO3
−] canal water would be 

present to dilute groundwater [NO3
−]. 
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2.5. Conclusions 

The study area, known locally as the Dutch Flats, has undergone changes in 

numerous variables influencing groundwater attributes, on timescales similar to those of 

groundwater movement through the aquifer. This study exemplifies the ability to use 

intensive snapshot sampling, coupled with long-term continuous data, to evaluate 

groundwater trends. Varying results in both recharge and [NO3
−] from this study promote 

supplementary, and possibly more expansive investigations in the Dutch Flats area. It is 

possible more time is required to observe changes in groundwater recharge rates. 

Accounting for lag time through the vadose and saturated zones, some portions of the 

aquifer may have yet to reflect how changes in environmental variables will impact 

groundwater quantity and quality. Future resampling in the study area would be 

beneficial, though carefully-designed long-term monitoring and/or sampling from more 

wells would offer a better comparison to the more comprehensive 1990s survey. With a 

vast dataset of nitrate data available through the NPNRD, additional analysis could be 

beneficial in the identification of variables within Dutch Flats most strongly related to 

groundwater [NO3
−]. Existence of the long-term nitrate dataset, coupled with 

groundwater age-dating to establish a range of lag times, makes for an opportune setting 

for additional analytics such as machine learning algorithms or classification techniques.  
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CHAPTER 3: APPLYING MACHINE LEARNING DATA ANALYTICS TO 

EVALUATE NITRATE-RELATED VARIABLES IN A SHALLOW AQUIFER 

 

3.1. Introduction  

Nitrate is the most common contaminant in groundwater, and in Nebraska there 

are many locations with nitrate concentrations ([NO3
-]) near or above the 10 mg N L-1 

primary drinking water standard set by the U.S. Environmental Protection Agency 

(USEPA). Groundwater is the primary drinking water source for 80% of Nebraskans, and 

as populations decline in rural communities, the cost to relocate wells or treat 

groundwater increases on a per household basis. The prevalence of aquifer impairment 

has resulted in widespread efforts to characterize and manage groundwater quality. 

Growing concern over groundwater management in Nebraska led to the 

establishment of 23 Natural Resources Districts (NRD). Since their founding in 1972, 

NRDs have accumulated substantial datasets characterizing groundwater quality through 

extensive monitoring well networks. The North Platte Natural Resources District 

(NPNRD), in western Nebraska, has collected thousands of nitrate samples dating back to 

1979. While these data are used to determine aquifer degradation and establish 

groundwater management areas, spatial and temporal variability of groundwater [NO3
-] 

has made it difficult to synthesize water-quality information, identify trends, and/or 

directly link groundwater [NO3
-] to governing environmental (e.g., management) 

variables. Determining variables with the greatest impact on groundwater [NO3
-] will 

assist watershed managers in identifying the most efficient management practices to 

implement.  
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For this study, data from the NPNRD was refined to focus on groundwater [NO3
-] 

within the Dutch Flats area (Figure 1). Dutch Flats was the site of an intensive evaluation 

in a concurrent study (Wells et al., 2018), where the long-term NPNRD nitrate dataset 

and groundwater samples collected in 2016 were analyzed for a direct comparison to a 

previous U.S. Geological Survey (USGS) study from 1995 to 1999 (Böhlke et al., 2007, 

Verstraeten et al., 2001a, 2001b). References to the 1995 to 1999 study will be stated 

throughout this text as the “1990s study.”  

Wells et al. (2018) found that identification of groundwater [NO3
-] trends was 

challenging when using basic statistical analyses. As with many groundwater datasets, 

available [NO3
-] were not available over regular time-steps (e.g., annually) and/or had 

relatively few samples collected over the previous 2-3 decades, making it difficult to 

compare one year to the next and apply time series analysis. Additionally, groundwater 

[NO3
-] is driven by a wide range of non-linear/interactive processes, which challenges the 

use of traditional statistical models that require the selection of a model’s functional 

form. Thus, Wells et al. (2018) concluded that advanced statistical analysis approaches 

(e.g., statistical machine learning) that are well-suited to handle non-linear environmental 

data should be applied to further investigate this intensively-studied site.  

Data mining may apply statistical machine learning by using algorithms to assess 

and identify complex relationships between variables. Random Forest, for example, is a 

machine learning data-analysis method that has been effective in analyzing large datasets, 

sometimes referred to as “big data” (Baudron et al., 2013, Grimm et al., 2008, Jones and 

Linder, 2015, Peters et al., 2007, Rahmati et al., 2016, Rodriguez-Galiano et al., 2012, 

2014, Wiesmeier et al., 2011), where outliers and non-parametric distributions may 
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inhibit performance in other analyses. This method also has benefits of valuing predictors 

that may be otherwise overshadowed in less comprehensive modeling techniques. As 

Random Forest learns a dataset, arbitrary subsets of predictors are assessed throughout 

the process, where at times, highly correlated variables are left out. This condition coaxes 

Random Forest into assessing weaker predictors in the model.  

Since Random Forest is a relatively new method for data analysis, its potential 

applications in water-quality studies are still being explored. Recent studies have utilized 

Random Forest for modeling [NO3
-] in aquifers (Anning et al., 2012, Nolan et al., 2014, 

Ouedraogo et al., 2017, Rodriguez-Galiano et al., 2014, Wheeler et al., 2015). Random 

Forest has been found to accurately predict groundwater [NO3
-] in unconsolidated 

aquifers (Rodriguez-Galiano et al., 2014, Wheeler et al., 2015). Rodriguez-Galiano et al. 

(2014) used Random Forest to evaluate nitrate pollution in an agricultural region of 

southern Spain. The study investigated 24 predictors, identifying a relatively low-cost 

parameter (i.e., electrical conductivity) as the most important variable in predicting 

groundwater [NO3
-]. Another comprehensive study in Iowa assembled a large dataset to 

evaluate the exposure of private well users to nitrate contamination throughout the state 

(Wheeler et al., 2015). A dataset of over 34,000 observations and nearly 300 predictors 

were compiled for the study, with well depth having the largest influence on groundwater 

[NO3
-] in private wells. These observations are consistent with basic hydrogeological 

theory and observations, where specific conductance is generally higher (relative to 

background conditions) in agricultural areas, and nitrate contamination is commonly 

higher in shallow aquifers or shallow parts of aquifers than in deeper locations. 
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The Central Valley of California has also been the focus of several data-driven 

studies, where machine learning has been used to model [NO3
-] and evaluate variable 

importance using various techniques (Nolan et al., 2014, 2015, Ransom et al., 2017). 

Random Forest was found capable for modeling groundwater [NO3
-] (Nolan et al., 2014), 

though Nolan et al. (2015) suggested groundwater age would be a beneficial predictor for 

improving model performance in the region. While the importance of groundwater transit 

time has been acknowledged in Random Forest modeling of [NO3
-], studies have 

primarily used alternative variables as a proxy for estimating groundwater lag. Wheeler et 

al. (2015) evaluated time-sensitive variables based on their importance in the model. 

These predictors were used to approximate groundwater lag, with a goal of estimating 

cancer risk from modeled historical drinking water [NO3
-]. Lag was estimated in the 

study by relating the importance of temporally dependent variables, such as agricultural 

land use and county-level fertilizer, to the sample date. For instance, nitrogen inputs from 

1978 to 1990 were found more important in the model compared to inputs from 1992 to 

2006, suggesting decadal travel times were a realistic estimate. Depth to screen midpoint 

and perforated interval have also been used as a substitute for groundwater age (Nolan et 

al., 2014), where these variables were identified as fairly important predictors. Although 

Ransom et al. (2017) did not use Random Forest, their investigation used an alternative 

machine learning method in boosted regression tree modeling. Their study explored the 

use of groundwater age and reduction-oxidation models to create a three-dimensional 

representation of the Central Valley Aquifer. Results were unclear as to whether 

groundwater age or reduction-oxidation conditions played a larger role; however, it was 



52 
 

found these two predictors improved model performance over the previous Central 

Valley models.  

This study is a unique application of the wide range of Random Forest 

capabilities. While other studies have recognized the importance of groundwater transit 

time through bulk lag times (i.e., applying a single lag time value to many data) or 

groundwater age proxies (e.g., using well depth as a proxy for travel time), none have 

utilized Random Forest to estimate a distinct travel time at each well. Additionally, 

studies often overlook the importance of considering vadose zone transport when 

modeling groundwater [NO3
-]. However, Gerber et al. (2018) investigated the use of 

environmental tracers to estimate vadose zone transport and found this an important 

component for improving hydrogeologic models and nitrate predictions. The objective of 

this study is to implement a data-driven modeling-based approach to estimate vadose and 

saturated zone transport rates, in addition to interpreting long-term groundwater [NO3
-] 

data sampled by the NPNRD (NEDNR, 2016). In other words, Random Forest will be 

used as a tool to (1) estimate lag time through the vadose and saturated zones by 

identifying optimal transport rates, and (2) determine variables with governing influences 

on Dutch Flats groundwater [NO3
-]. This study will also (3) validate Random Forest 

results through direct comparisons to the Dutch Flats hydrogeologic understanding 

developed in previous groundwater studies (Böhlke et al., 2007, Wells et al., 2018). From 

the second and third objectives, this study will evaluate the legitimacy of applying 

Random Forest as a means of supplementary analysis to larger physical models, and/or 

substituting intensive hydrogeologic field investigations. 
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3.2. Methods 

3.2.1. Site Description 

The Dutch Flats area is situated on the Nebraska side of the Nebraska-Wyoming 

border (Figure 3.1). Several previous studies in the Dutch Flats area have investigated 

groundwater characteristics and provided thorough site descriptions of the semi-arid 

region (Babcock et al., 1951, Böhlke et al., 2007, Verstraeten et al., 2001a, 2001b). 

Located within the NPNRD, the roughly 540 km2 area incorporates parts of Sioux (52%) 

and Scotts Bluff (48%) Counties. The Dutch Flats area sits upon an alluvial aquifer 

characterized by unconsolidated deposits of predominantly sand and gravel, with the base 

of aquifer largely consisting of consolidated deposits of the Brule Formation (Verstraeten 

et al., 1995). Supplemental irrigation water, or water not derived from the North Platte 

River, is typically pumped from the alluvial aquifer, or water-bearing units of the Brule 

Formation.  

Approximately 53.5% of Dutch Flats is agriculture, with the majority 

concentrated south of the Interstate Canal (Homer et al., 2015). Agricultural land use 

represents 47% and 4% of Scotts Bluff and Sioux Counties, respectively. The 

combination of intense agriculture and low annual precipitation have producers in Dutch 

Flats relying on a network of irrigation canals to supply water to the region. From 1908 to 

2016, mean rain and snowfall of 390 mm and 1021 mm, respectively, was observed at the 

nearby Western Regional Airport in Scottsbluff, NE (NOAA, 2017).  
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Figure 3.1. Dutch Flats study area overlain by surface elevation Digital Elevation Model. 
Depending on data availability, multiple wells (well nest) or single wells may be found at 

each monitoring well location. 

While some groundwater is withdrawn, Scotts Bluff County irrigation is typically 

supplied from surface water sources and has been estimated to deliver between 84.4% to 

98.6% of the water from 1985 to 2010 (Maupin et al., 2014). Canals carry water, often 

derived from the North Platte River, to fields throughout the study area. High leakage 

from these canals provide a source of artificial groundwater recharge to the region. 

Previous studies have investigated the leakage potential of canals in the region (Ball et 

al., 2006, Harvey and Sibray, 2001, Hobza and Andersen, 2010, Luckey and Cannia, 

2006). A study by Luckey and Cannia (2006) estimated between 40% to 50% of canal 

water is lost during conveyance. Larger canals in Dutch Flats include the Mitchell-
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Gering, Tri-State, and Interstate Canals, with the latter holding the largest water right of 

44.5 m3/s per year. (NEDNR, 2009). The 1990s study investigated both spatial and 

temporal influences from canals in the Dutch Flats (Verstraeten et al., 2001a, 2001b), 

with results later analyzed by Böhlke et al. (2007). Canals were found to dilute 

groundwater [NO3
-] near canals with low-[NO3

-] (e.g., [NO3
-] < 0.06 mg N L-1 in 1997) 

canal water during irrigation season. Tritium-helium age-dating was used to determine 

apparent groundwater age and recharge rates. It was noted that wells near canals 

displayed recharge rates influenced by local canal leakage. Regional wells far from the 

canals suggested that shallow wells were mostly influenced by local irrigation practices, 

while deeper wells were impacted by both localized irrigation and canal leakage.  

The NPNRD has a large monitoring well network consisting of 797 wells, with 

327 of them nested. Nested wells are drilled and constructed such that screen intervals 

represent shallow groundwater at the water table (screen length = 6.1 m), intermediate 

aquifer depths (screen length = 1.5 m), and deep groundwater (screen length = 1.5 m) 

near the base of the unconfined aquifer. This study incorporated 162 monitoring wells 

sampled and maintained by the NPNRD within Dutch Flats.  

Influenced by both regulatory and economic incentives, the Dutch Flats area has 

undergone a notable shift in irrigation practices in the last two decades. From 1999 to 

2017, center pivot irrigated area has increased by approximately 270%. While some of 

the increase is, in part, due to an increase in the overall irrigated area, the majority has 

occurred on fields previously irrigated by furrow irrigation (Figure C1). Conventional 

furrow irrigation has an estimated application efficiency of 45% to 65%, compared to 

center pivot sprinklers at 75% to 85% (Irmak et al., 2011). As related to groundwater 
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recharge rates, a shift in irrigation practice was hypothesized to decrease groundwater 

[NO3
-] in that less nitrate would leach beneath the root zone, as well as longer residence 

times could promote greater nitrate reduction. Other long-term changes to the landscape 

have included statistically significant reductions in mean fertilizer application rates 

(1987–1999 vs. 2000–2012) and volume of water diverted into the Interstate Canal 

(1983–1999 vs. 2000–2016), and an increase in area of planted corn (1983–1999 vs. 

2000–2016). Precipitation was also evaluated, and though the mean has decreased over a 

similar time period, it was not statistically significant. The hypothesis was investigated by 

Wells et al. (2018), and while statistically insignificant, an estimated 88% of wells 

decreased in recharge rates. Nitrogen isotopes of nitrate found little change in 

biogeochemical processes, though groundwater [NO3
-] exhibited promising decreasing 

trends from 1998 to 2016.  

3.2.2. Random Forest Modeling Framework 

Random Forests are created by combining hundreds of individual decision trees 

into one model ensemble, or “forest.” In Random Forest, Classification and Regression 

Trees (CART) are used as the sub-model (Breiman, 1984). CART are grown through 

partitioning predictors (i.e., independent variables) with the goal of creating a 

homogenous outcome, or a grouping of similar observations, referred to as the response 

variable. Predictors represent site-specific variables (e.g., precipitation, vadose zone 

thickness, well depth, etc.) that may impact the response variable (referred to as [NO3
-] 

hereafter). For each tree, a random bootstrapped sample is extracted from the dataset 

(Efron, 1979), as well as random subset of predictors to consider fitting at each split. 

Thus, each tree is grown from a bootstrap sample and random subset of predictors, 
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making trees random and grown independent of the others. Observations not used as 

bootstrap samples are termed out-of-bag data (OOB). When building a tree, all [NO3
-] 

from the bootstrap sample are categorized into terminal nodes, such that each node is 

averaged and yields a predicted [NO3
-]. The performance and mean squared error (MSE) 

of a Random Forest model is evaluated by comparing the observed [NO3
-] of the OOB 

data to the average predicted [NO3
-] from the forest. 

3.2.3. Random Forest Application 

Observations of [NO3
-] and predictors were compiled into a single dataset. A 

Random Forest model was fit to these data using five-fold cross validation (Hastie et al., 

2009). The full dataset was randomly shuffled and split into five-folds, where four-folds 

were used to build the model (training data), and one-fold was held out (testing data). The 

maximum and minimum of the [NO3
-] and each predictor were determined and placed 

into each fold for training models to eliminate the potential for extrapolation during 

validation. Each fold was used as training data four times, and testing data once. This 

process was repeated five times to create a total of 25 models and is a similar approach to 

a study by Nelson et al. (2018).   

 The four-folds designated to build the model underwent a nested five-fold cross 

validation, as specified in the trainControl function within caret (Classification and 

Regression Training) package (Kuhn, 2008), and managed the methods used by the train 

function. Tuning parameter mtry is the number of variables the model randomly selects at 

each split and is chosen based upon the optimal number of variables resulting in the best 

model performance. The nested cross validation was used to optimize parameter mtry. 

Once mtry is selected, all training data are used to build the forest. The train function, 
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using the rf method, fit models and built the Random Forest, consisting of 500 trees by 

default. 

To evaluate model performance, Nash-Sutcliffe Efficiency (NSE), permutation 

importance, and partial dependence were quantified. NSE was used to assess model 

performance (Equation (1)). NSE indicates the degree to which observed and predicted 

values deviate from a 1:1 line, and ranges from negative infinity to 1.  

𝑁𝑁𝑁𝑁𝑁𝑁 = 1 −  �
∑ �𝑌𝑌𝑖𝑖𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�
2𝑛𝑛

𝑖𝑖=1

∑ �𝑌𝑌𝑖𝑖𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚�
2𝑛𝑛

𝑖𝑖=1

� (1) 

where 𝑛𝑛 is the number of observations,  𝑌𝑌𝑖𝑖𝑜𝑜𝑜𝑜𝑜𝑜 is the ith observation ([NO3
-]), 𝑌𝑌𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 is the 

ith prediction from the Random Forest model, and 𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is the mean of observations 𝑖𝑖 

through 𝑛𝑛. Values from negative infinity to 0 suggest the mean of the observed [NO3
-] 

serve as a better predictor than the model. When NSE = 0, model predictions are as 

accurate as the mean observed [NO3
-]. From 0, larger NSE values indicate a model’s 

predictive ability improves, until NSE = 1, where observations and predictions are 

equivalent, and a 1:1 line is achieved. NSE was calculated for both the training and 

testing data.  

OOB data from the training dataset may be used to evaluate both permutation 

importance, referred to in the rest of this text as variable importance, and partial 

dependence. Variable importance uses percent increase in mean squared error (%incMSE) 

to describe predictive power of each predictor in the model. During this process, a single 

predictor is permuted, or shuffled in the dataset. Therefore, each observed [NO3
-] has the 

same relationship between itself and all predictors, except one permuted variable. The 
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%incMSE of a variable is determined by comparing the permuted OOB MSE to 

unpermuted OOB MSE. Important predictors will result in a large MSE increase, while 

permuting a variable of minor importance does little to impact a model’s performance, 

resulting in only a slight variation in MSE. Partial dependence curves serve as a graphical 

representation of the relationship between [NO3
-] and predictors. Each plot considers the 

significance of other variables, since predictions of [NO3
-] are influenced by several 

predictors when building each tree. In these models, the y-axis of a partial dependence 

plot represents the average of the OOB predicted [NO3
-] at a specific x-value of each 

predictor.  

3.2.4. Variables and Project Setup 

The data from 15 predictors were collected and analyzed (Table 3.1). Spatial 

variables were manipulated using ArcGIS 10.4. The nitrate dataset for the entire NPNRD 

had 10,676 observations from 1979 to 2014, and was downloaded from the Quality-

Assessed Agrichemical Contaminant Database for Nebraska Groundwater (NEDNR, 

2016). Spatial locations for each well were included in the original nitrate dataset, and 

imported into GIS. Wells were clipped to the Dutch Flats model area, resulting in 2,829 

nitrate observations from 214 wells. In order to have an accurate vadose zone thickness, 

only wells with a corresponding depth to groundwater record, of which the most recent 

record was used, were selected (2,651 observations from 172 wells). Over this period, 

several wells were sampled more frequently than others (e.g., monthly sampling, over a 

short period of record), especially during a USGS National Water-Quality Assessment 

(NAQWA) study from 1995 to 1999. In order to prevent those wells from dominating the 

training and testing of the model, annual median [NO3
-] was calculated for each well and 
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used in the dataset. The dataset was further manipulated such that each median nitrate 

observation had 15 complementary predictors (Table 3.1). After incorporating all data, 

including limited records of dissolved oxygen (DO), the final dataset was 1,049 [NO3
-] 

observations from 162 wells sampled between 1993 and 2013. 

Table 3.1. List of the 15 predictors used for Random Forest evaluation. 

Predictor Predictor Type Source 
Center Pivot Irrigated Area Dynamic NAIP; NAPP; Landsat-1,5, 7, 8;* 
Interstate Canal Discharge Dynamic USBR (2018) 

Area of Planted Corn  Dynamic NASS (2018) 
Precipitation Dynamic NOAA (2017) 

Available Water Capacity Static NRCS (2018) 

Dissolved Oxygen Static C. Hudson, Personal 
Communication (2018) 

Distance from a Major Canal Static USGS (2012);* 
Distance from a Minor Canal Static USGS (2012);* 

Bottom Screen Static NEDNR (2016) 
Saturated Hydraulic 

Conductivity Static NRCS (2018) 

Saturated Thickness Static T. Preston, Personal 
Communication (2017);* 

Saturated Zone Travel 
Distance Static NEDNR (2016),* 

Surface Elevation (DEM) Static NEDNR (1997) 
Total Travel Time Static NEDNR (2016);* 

Vadose Zone Thickness Static 
T. Preston, Personal 

Communication (2017); A. Young, 
Personal Communication (2016) 

*Signifies data requiring further analysis to yield calculated values.  

While Random Forest can be used as a predictive model (i.e., to predict 

historical/future [NO3
-] or aquifer vulnerability), this study used it to evaluate variables 

driving [NO3
-] in Dutch Flats groundwater. For instance, electrical conductivity has been 

found as a strong predictor of [NO3
-] (Rodriguez-Galiano et al., 2014); however, 

conductivity does not inherently increase or decrease [NO3
-]. Thus, variables such as this 

were neglected from the model. Predictors were divided into two categories; static and 
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dynamic (Table 3.1). Static predictors are those that either do not change over the period 

of record, or annual records were limited. While DO, for example, would generally 

experience slight annual variations, data was not available to assign each nitrate sample a 

unique value. Further, nitrate isotopic composition and DO collected in the 1990s and 

Wells et al. (2018) studies did not indicate any major changes to biogeochemical 

processes over nearly two decades. Total travel time was considered a static predictor in 

this dataset, and was used to link nitrate sampling year to a dynamic predictor value. 

Dynamic predictors were defined in this study as data that change temporally. 

Therefore, each annual median [NO3
-] was assigned a lagged dynamic value to represent 

the difference between the time of a particular surface activity (e.g., timing of a particular 

irrigation practice) and the time when groundwater sampling occurred. Dynamic 

predictors were available from 1946 to 2013 and included annual precipitation, Interstate 

Canal discharge, area under center pivot sprinklers, and area of planted corn (Figure 3.2). 

Dynamic predictors were included to assess their ability to optimize Random Forest 

groundwater modeling and determine an appropriate lag time. Lag times were based on 

the vertical travel distance through both the vadose and saturated zones. Area of planted 

corn was included as a proxy for fertilizer data, which was unavailable prior to 1987. 

However, analysis suggests there has been decreasing fertilizer application per planted 

hectare, while area of planted corn has increased in recent decades (Wells et al., 2018). 

There was a likely trade-off in using this proxy; we were able to extend the period of 

record back to 1946, allowing for analysis of a wider range of lag times in the model, but 

might have sacrificed some accuracy in recent decades when nitrogen management may 

have improved. Wells et al. (2018), also interested in how changes to water resources 
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management impacted Dutch Flats groundwater quantity, calculated recharge rates. 

Though mean recharge rate decreased from 1998 to 2016, it was determined their 

differences were not significantly different. Variable analysis and rationale for their 

inclusion in this model may be referenced in Appendix C. 

 
Figure 3.2. Time series plots of all four dynamic predictors from 1946 to 2013 

3.2.5. Vadose and Saturated Zone Analysis  

A range of transport rates through both the vadose and saturated zones were 

estimated from 3H/3He age-dating samples collected in the Dutch Flats area in both 1998 

(Verstraeten et al., 2001b)  and 2016 (Wells et al., 2018). Due to the influence of canals 

on both intermediate and deep samples (Böhlke et al., 2007), only shallow well recharge 

rates were used to estimate vadose zone travel time. The mean (x̅ = 0.38 m/yr) and 

standard deviation (σ = ±0.23 m/yr) of both the 1998 (n=7) and 2016 (n=2) shallow 
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recharge rates were calculated. Using x̅ ±1σ, a range of recharge rates from 0.15 to 0.61 

m/yr was converted to a transport rate (𝑡𝑡𝑟𝑟) using Equation 2.  

𝑡𝑡𝑟𝑟 =  
𝑅𝑅
𝜃𝜃

 (2) 

where R is the upper and lower range of recharge rates and 𝜃𝜃 for this case is the vadose 

zone mobile water content. Throughout the text, vadose zone transport rates will be 

abbreviated as 𝑡𝑡𝑟𝑟𝑟𝑟, while saturated zone transport rates will be 𝑡𝑡𝑟𝑟𝑟𝑟. A mobile water 

content of 0.13 was previously calibrated using a vertical transport model in the Dutch 

Flats area (Liao et al., 2012). Slightly expanding the range of vadose zone transport rate 

values, a range of 1.0 to 4.75 m/yr was used in the model. Vertical transport rates in the 

vadose zone were stepped by 0.25 m/yr from 1.0 to 4.75 m/yr, ultimately including 16 

vadose zone transport rates to evaluate. Equation 3 is generically given below, and was 

used to calculate the travel time (𝜏𝜏) through both the vadose and saturated zones.  

𝜏𝜏 =
𝑧𝑧
𝑡𝑡𝑟𝑟

 (3) 

where 𝜏𝜏 is either vadose zone (𝜏𝜏𝑢𝑢) or saturated zone (𝜏𝜏𝑠𝑠) travel time, and z is the vadose 

zone thickness (𝑧𝑧𝑢𝑢) or distance from the water table to well mid-screen (𝑧𝑧𝑠𝑠). Though 

Equations 2 and 3 do not consider horizontal groundwater flow, they are believed to 

sufficiently model shallow groundwater ages, where groundwater is more likely to follow 

a linear age gradient. The use of these simple equations are also suggested to sufficiently 

estimate groundwater ages in wedge-shaped aquifers (Cook and Böhlke, 2000), where 

Böhlke et al. (2007) found a linear model adequately fit their data in the Dutch Flats area. 

Nonetheless, saturated zone transport rates and travel times calculated from Equations 2 

and 3 should be considered “apparent” vertical transport rates. 
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Mean (x̅ = 0.84 m/yr) and standard deviation (σ = ±0.73 m/yr) of all shallow, 

intermediate, and deep well recharge rates were included in identifying a range of 

saturated zone recharge rates from 0.10 to 1.57 m/yr. A total of 35 and 8 recharge rates 

were used from the 1990s and Wells et al. (2018) studies, respectively. Equation 2 was 

used to calculate saturated zone transport rates, where this time 𝜃𝜃 was porosity and set to 

0.35 (Böhlke et al., 2007). From 0.25 to 4.5 m/yr, saturated zone transport rates were 

again stepped by 0.25 m/yr, thus including 18 unique saturated zone transport rates to 

analyze.   

A travel time of 𝜏𝜏𝑢𝑢 and 𝜏𝜏𝑠𝑠 was calculated for each well based on 𝑧𝑧𝑢𝑢 and 𝑧𝑧𝑠𝑠, 

respectively. A unique total travel time 𝜏𝜏𝑡𝑡, was then calculated for each well, with respect 

to the selected transport rate: 

𝜏𝜏𝑡𝑡 =  𝜏𝜏𝑢𝑢 +  𝜏𝜏𝑠𝑠 (4) 

The total travel time calculated above was used to lag dynamic predictors relative to the 

nitrate sample date. For instance, a nitrate sample collected in 2010 with a 20-year total 

travel time (e.g., 𝜏𝜏𝑢𝑢 = 10 yrs and 𝜏𝜏𝑠𝑠 = 10 yrs) would be assigned the 1990 values for 

precipitation (450 mm), Interstate Canal discharge (0.4 km3/yr), center pivot irrigated 

area (2484 hectares), and area of planted corn (8905 hectares). 

A total of 288 unique transport rate combinations (corresponding to different 

combinations of the 16 vadose and 18 saturated zone transport rates) joined into a dataset 

of 302,112 observations was evaluated to determine the optimal rate resulting in the 

maximum testing NSE from the model. To decrease runtime, Random Forest models 

were parallel processed through a Holland Computing Center (HCC) cluster at the 

University of Nebraska-Lincoln (Appendix D). With high uncertainty and small 
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differences in NSE values, ten transport rate combinations (the five top performing 

models, plus four transport rate combinations of high and low transport rates, and one 

intermediate transport rate combination) were then selected out for further evaluation of 

variable importance and partial dependence. 

3.3. Results and Discussion:  

This research addressed a relatively unexplored use of Random Forest, which was 

to identify optimal lag time based on varying transport rate combinations through the 

vadose and saturated zones. Random Forest was also used in a more traditional approach 

to relate the influence of several environmental variables on groundwater [NO3
-], where 

results were compared and contrasted to previous hydrogeologic studies in the Dutch 

Flats area. Results and discussion are organized into four subsections, as follows: 

I. Optimizing Transport Rate Based on Nash-Sutcliff Efficiencies (NSE) 

o The first approach to identify optimal lag times was to run Random Forest 

using a wide range of potential transport rate combinations (288 total 

combinations of vadose and saturated zone transport rates) and test 

whether certain transport rate combination(s) would have substantially 

higher NSE. It was theorized that if an optimal lag time was identified, 

Random Forest performance would improve as it could more accurately 

model the relationship between dynamic predictors and [NO3
-]. 

II. Evaluating Variable Importance of Ten Transport Rate Combinations Further 

Analyzed 

o Based on ten selected transport rate combinations (i.e., results from ten 

Random Forest models) we evaluated the influence of dynamic predictors 
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in the models, and the potential value of dynamic predictors for 

identifying optimal transport rates, or lag times. 

III. Optimizing Transport Rate Based on the Relative Importance of the Total 

Travel Time Variable 

o Results from the previous section found one predictor, total travel time, 

had wide-ranging outcomes for the ten selected transport rate 

combinations. Concluding dynamic predictors were ineffective in this 

model and using only static predictors, we evaluated the capability of 

using total travel time to select an optimal transport rate from the 288 

vadose and saturated zone transport rate combinations. 

IV. Hydrogeologic Analysis of Model 

o From former comprehensive site investigations, hydrogeologic conditions 

have been well defined in the Dutch Flats area. Utilizing variable 

importance and partial dependence plots, we compared modeled results to 

findings from the previous studies.  

3.3.1. Optimizing Transport Rate Based on Nash-Sutcliff Efficiencies (NSE)  

Nash-Sutcliffe Efficiency was used to assess model performance. With a five-fold 

cross validation, repeated five times, 25 models were built for each of the 288 transport 

rate combinations. The median training and testing NSE for the 25 models of each 

transport rate combination was calculated, with testing NSE used to quantify the top 

transport rate combination. Testing NSE was used in this analysis because compared to 

the NSE from training data, it is more rigorous and better represents model performance 

when applied broadly across the study area. Median training NSE ranged from 0.82 to 
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0.91, while testing NSE ranged from 0.54 to 0.62 (Figure 3.3). The transport rate 

combination with the highest NSE had a vadose zone transport rate of 4 m/yr and 

saturated zone transport rate of 0.5 m/yr. The top five performing models are presented in 

Table 3.2. Generally, vadose zone transport rates for the top performing models were on 

the upper end of the 1 m/yr to 4.75 m/yr input range, with a mean of 3.7 m/yr. The top 

performing saturated zone transport rates varied between the 0.25 m/yr to 4.5 m/yr limit. 

As displayed by Figure 3.3, maximum and minimum testing NSE values were dispersed, 

with no obvious pattern separating certain ranges of transport rate combinations from 

others.   

 
Figure 3.3. Heat map of testing NSE results from 288 vadose and saturated zone 

transport rate combinations. Testing NSE in this figure is the median of all 25 model 
outputs from each of the 288 transport rate combinations. 

Median total travel times were also determined for each dataset. Three of the top 

performing transport rate combinations identified very short total travel times (Table 3.2). 

With a fairly small range in NSE between the highest and lowest performing models, it is 
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difficult to say with certainty that this approach offered conclusive results regarding the 

use of Random Forest to determine optimal groundwater lag time. Nonetheless, the top 

five performing transport rate combinations based on testing NSE were selected for 

further analysis of variable importance and partial dependence. Due to the variability of 

transport rate combination results, five additional transport rate combinations were 

evaluated; four focused on evaluating the range extremes, and a mid-range of both the 

vadose and saturated zone transport rates (Table 3.2).  

Table 3.2. Summary of the ten vadose and saturated zone transport rates evaluated and 
sorted by testing NSE. Testing NSE values are from the top performing transport rates 

and range extremes, including range midpoints. 

 Vadose Zone 
Transport 

Rate (m/yr) 

Sat. Zone 
Transport 

Rate (m/yr) 

Test 
NSE 

[NO3-] 
Observations 

Total Travel Time (yrs)** 
 Mean (±1σ) Median  

Five Top-
Performing 
Transport 

Rates 

4 0.5 0.623 878 19.9 (± 15.8) 11.3 
2 0.5 0.622 861 21.6 (± 15.0) 16.5 

3.75 4 0.617 1049 6 (± 3.7) 5.4 
4 3.5 0.617 1049 6.3 (±4.1) 5.7 

4.5 3 0.616 1049 6.7 (± 4.7) 5.7 

Evaluating 
Range 

Extremes 

4.75 4.5 0.608 1049 5.1 (± 3.2) 4.6 
2.75 2.25 0.599 1049 9.6 (± 6.3) 8.5 

1 4.5 0.570 1049 12.6 (± 7.7) 10.8 
1 0.25 0.559 607 26.7 (± 13.3) 20.6 

4.75 0.25 0.548 664 21.3 (± 15.0) 14.9 
 

Variation in NSE amongst the 288 runs could be attributed to the number of 

observations available for the model to evaluate, rather than dynamic predictors 

improving the model. Due to data limitations prior to 1946, observations with lag times 

indicating a surface activity year before 1946 would be excluded from the model. Wells 

with a large vadose zone and/or depth to mid-screen (often associated with lower [NO3
-]) 

and slow transport rates would be excluded from the dataset. For instance, transport rates 

at the lower end of the range (e.g., 𝑡𝑡𝑟𝑟𝑟𝑟= 1 m/yr, 𝑡𝑡𝑟𝑟𝑟𝑟= 0.25 m/yr) have 607 observations. 

High transport rates (e.g., 𝑡𝑡𝑟𝑟𝑟𝑟= 4.75 m/yr, 𝑡𝑡𝑟𝑟𝑟𝑟= 4.5 m/yr) have all 1,049 observations. 
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3.3.2. Evaluating Variable Importance of Ten Transport Rate Combinations Further 

Analyzed 

Variable importance, expressed as %incMSE, evaluates the individual relationship 

between a predictor and the response variable. Predictors with the largest %incMSE are 

suggested by the model to have the largest influence on Dutch Flats groundwater [NO3
-]. 

Figure 3.4 plots variable importance for the ten transport rate combinations shown in 

Table 3.2. Negative values for %incMSE signify variables where [NO3
-] were better 

predicted after randomly permuting the variable. For the ten transport rate combinations 

evaluated, surface elevation had the highest median %incMSE (27.5%), with this predictor 

perhaps associated with locations of agricultural activity throughout the Dutch Flats. 

Precipitation was indicated as the least important predictor, with a median %incMSE of -

1.5% (Figure 3.4). Overall, results indicate that selecting the top performing transport rate 

combinations did not have a large influence on variable importance, where, with 

exception to total travel time, variable importance did not heavily fluctuate with respect 

to its associated transport rate combination (Figure 3.4).  

Analysis of variable importance suggests Random Forest had difficulty 

identifying dynamic data as effective predictors. In each of the ten transport rate 

combinations evaluated, the four dynamic predictors consistently ranked among the four 

lowest predictors, and there is a distinct cutoff between the static and dynamic predictors. 

While all four dynamic predictors represent processes that influence groundwater [NO3
-] 

differently, precipitation, for example, likely has a much larger influence on [NO3
-] than 

supported by the model.  
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Figure 3.4. Boxplot of the %IncMSE from the ten transport rate combinations further 

analyzed for variable importance. Each boxplot has ten points representing the median 
%IncMSE from the 25 models (five-fold cross validation, repeated 5 times) created for 

each transport rate combination. **Denotes dynamic predictors 

 
  It is also recognized that groundwater [NO3

-] may represent a mixture of 

groundwater ages and may be difficult to connect back to a single year event. Time series 

with large scatter in the data likely further inhibit Random Forest from adequately 

evaluating these predictors. For instance, as displayed by Figure 3.2, precipitation and 

Interstate Canal discharge have large annual variability, which could limit Random Forest 

from picking out an ideal lag time. Variable importance for precipitation further suggests 

this concept, where randomly assigning a precipitation value to a nitrate observation 

yields similar results. Interestingly, center pivot irrigated area had the largest %incMSE of 

all dynamic predictors, where this variable also had the most distinct time series pattern. 

Thus, it could be suggested from the results that in order for Random Forest to properly 
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utilize dynamic predictors in modeling groundwater [NO3
-], dynamic predictors require 

fairly low scatter, unique patterns, over an ideally large range of values. Perhaps with a 

stronger dynamic predictor, Random Forest could have better results evaluating these 

variables, where intuitively, refined predictors would improve model performance. For 

example, detailed fertilizer application data, if available, would be a beneficial predictor 

to improve conclusions related to the inability of Random Forest to model the 

relationship between dynamic predictors and [NO3
-]. Further, Random Forest may not 

have the capabilities for evaluating dynamically changing predictors in groundwater 

nitrate, at least not at the spatial resolution used in this analysis. As Random Forest 

evaluates predictors, annual changes to a variable may impact individual wells 

differently. Due to a lack of greater spatial resolution available for dynamic predictors, 

values in the dataset were only at a regional resolution. If increased spatial resolution was 

available, such that individual wells could be linked to more specific dynamic values over 

time, it is possible they could be adequately applied to Random Forest modeling of 

groundwater [NO3
-].  

Thus, results from this analysis suggest that (1) the dynamic data included in the 

model did little to improve performance, and (2) Random Forest was not able to properly 

relate these four dynamic predictors to [NO3
-] such that a realistic transport rate 

combination could identify a reasonable lag time. It is likely the influence of these 

dynamic predictors are dampened as nitrate is transported from the surface to wells such 

that data-driven approaches may find it difficult to sort through noise to identify 

relationships. 
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3.3.3. Optimizing Transport Rate Based On the Relative Importance of the Total Travel 

Time Variable 

It was noted from the results of the ten transport rate combinations displayed in 

Figure 3.4 that the largest variation in %incMSE occurred in total travel time, with a 

difference of 18.4% between the upper and lower values. While this variable did not fall 

under the dynamic data category, each well does have a unique total travel time 

dependent on the transport rate combination, vadose zone thickness, and distance traveled 

through the saturated zone at each well. It is believed total travel time and [NO3
-] are 

directly related, in that shorter travel times are linked to high [NO3
-], and long travel 

times to low [NO3
-]. This trend was also observed in the analysis of apparent 

groundwater age and [NO3
-] by other Dutch Flats studies (Böhlke et al., 2007, Wells et 

al., 2018). For further analysis, all four dynamic predictors were removed, with total 

travel time used as the variable to assess lag time. With 11 predictors, 288 runs were 

performed over the previous ranges of vadose and saturated transport rates. However, 

instead of using testing NSE to identify optimal transport rates, the largest %incMSE in 

total travel time was used. Total travel time was used because of both the known 

relationship between this variable and [NO3
-], as well as the variation in total travel time 

%incMSE determined in Figure 3.4. 

The second analysis without dynamic predictors had a median training NSE of 

0.70 for each transport rate combination, and testing NSE values range from 0.59 to 0.60. 

Less variation in NSE from the second analysis likely reflects a lack in annual variability 

with the removal of dynamic predictors. Utilizing variable importance to evaluate 

transport rate combinations, %incMSE of total travel time ranged from 20.6 to 31.5%. The 
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largest %incMSE was associated with vadose and saturated zone transport rates of 3.5 

m/yr and 3.75 m/yr, respectively. Figure 3.5 displays the modeled relationship between 

transport rates and total travel time, where larger transport rates appear to indicate total 

travel time with a higher variable importance. Variation between transport rate 

combination and largest %incMSE could be attributed to inconsistencies in recharge 

throughout the region. For example, areas of slower transport rates could represent 

recharge further from canals, whereas fast transport rates are indicative of high inputs 

from artificial recharge. 

 
Figure 3.5. Heat map of %incMSE (median from 25 models) from variable 

importance of total travel time for each of the 288 transport rate combinations evaluated. 
 

Figure 3.6 shows variable importance plots from the transport rate combination of 

3.5 m/yr (vadose zone) and 3.75 m/yr (saturated zone). Within this transport rate 

combination, total travel time was identified as the most important predictor (median 
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%incMSE = 31.5%). The least important predictor was available water capacity (median 

%incMSE = 20.6%). Converting the vadose (3.5 m/yr) and saturated zone (3.75 m/yr) 

transport rates to a recharge rate yielded values of 0.46 m/yr and 1.31 m/yr, respectively. 

Both rates compare favorably with recharge rates calculated in the area from the previous 

1990s and 2016 Dutch Flats studies. A mean recharge rate of 0.38 m/yr (n = 9) for 

shallow wells (believed to more accurately represent vadose zone conditions) was 

determined from the 1998 and 2016 calculated recharge rates. However, when only 

looking at rates from just 1998, shallow wells had a mean recharge rate of 0.45 m/yr (n = 

7).  

 
Figure 3.6. Plot from secondary analysis exploring variable importance of the transport 

rate combination with the largest median %incMSE in total travel time (𝑡𝑡𝑟𝑟𝑣𝑣= 3.5 m/yr; 𝑡𝑡𝑟𝑟𝑠𝑠= 
3.75 m/yr). Each point is from one of 25 Random Forest models run for this evaluation. 
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The overall mean recharge rates from the 1990s and Wells et al. (2018) studies, 

including shallow, intermediate, and deep wells, was 0.84 m/yr. While 1.31 m/yr appears 

high for the saturated zone, it is not unreasonable and is in the 80th percentile of all 43 

Dutch Flats area calculated recharge rates. Additionally, intermediate wells were 

estimated using an exponential equation in the 1990s and Wells et al. (2018) studies, 

where a mean recharge rate of 1.27 m/yr was calculated (n = 13). Looking at this 

recharge rate, Random Forest, again, appears to have selected a value consistent with 

calculated recharge rates from the previous studies. The results from this follow up 

analysis suggest that even in a complex system such as the Dutch Flats, Random Forest 

was able to identify reasonable transport rates for both vadose and saturated zones, and it 

is possible this method offers an inexpensive (i.e., compared to groundwater age-dating 

across a large monitoring network) and accurate technique for estimating lag time from 

historical monitoring data.  

3.3.4. Hydrogeologic Analysis of Model 

From a hydrogeological perspective, Random Forest appears to function well 

based on what is known about the Dutch Flats area, with exception of the poor 

performance of dynamic predictors. Within this section, partial dependence plots, 

supplemented by further analysis of variable importance plots, were utilized to evaluate 

the model outputs. Partial dependence plots assess the impact a single predictor has on 

[NO3
-] in the model, with respect to other predictors in the model. Plots display a range 

over which changes in predictors and [NO3
-] are related, as shown by changes in slope, 

and where they are unrelated. Lines on each plot represent the median predicted [NO3
-] 

from all 25 models for each predictor value. Within each model, 50 partial dependence 
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values are calculated for every predictor. The ribbon around the lines is the maximum 

and minimum predicted [NO3
-] at that specific value. Tick marks at the base of each plot 

are the predictor observations used to train models. Partial dependence plots were created 

for each of the ten transport rate combinations further analyzed (Table 3.2), and are 

provided in Appendix E. Histograms for individual predictors from each of the ten 

transport rate combinations and the total travel time analysis, as well as predicted versus 

observed plots for testing and training data, may be referenced in Appendix F and 

Appendix G, respectively. Random Forest was able to predict [NO3
-] fairly well, though 

appeared to struggle with concentrations greater than approximately 20 mg N L-1.  

Overall, each plot from all ten analyses were similar (excluding total travel time), and 

differences are likely the result of having a differing number of observations in each run. 

After removing the four dynamic predictors for the second analysis, plots were again 

comparable, though slightly less variability in maximum and minimum predictions were 

observed. The partial dependence plot from the secondary transport rate analysis with the 

largest total travel time %incMSE (𝑡𝑡𝑟𝑟𝑟𝑟= 3.5 m/yr; 𝑡𝑡𝑟𝑟𝑟𝑟= 3.75 m/yr) is provided in Figure 

3.7 below.   

The inability for Random Forest to evaluate dynamic predictors was first 

suggested by variable importance plots (Figure 3.4), and further displayed in the partial 

dependence plots (Appendix E). Over the range of each dynamic predictor, only minor 

changes in slope were observed, though background knowledge in hydrogeologic 

processes suggest changes in slope should be observed in some of these plots. For 

instance, an increase in precipitation should result in increased [NO3
-], yet the partial 

dependence plots showed a nearly flat line over the range of explanatory values.  
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Figures 3.5 and 3.6 were further analyzed to compare Random Forest modeling to 

what is known about the hydrogeological relationships in the Dutch Flats (Böhlke et al., 

2007, Wells et al., 2018), and assess the ability of Random Forest to be applied in 

complex environments. Overall, trends observed in partial dependence plots are fairly 

consistent with findings from the 1990s and Wells et al. (2018) studies. An octothorpe 

within parentheses represents the variable importance rank from Figure 3.6. Predictors 

such as DO (#3), depth to bottom screen (#9) and saturated zone travel distance (#8) have 

partial dependence plots similar to what is expected in groundwater settings. The second 

most important predictor was vadose zone thickness, displaying a slightly unexpected 

pattern, though at vadose zone depths greater than 8 m, the plot is closer to what is 

expected for groundwater [NO3
-]. While it is possible that descriptive features used to 

evaluate soil characteristics (i.e., available water capacity (#11) and saturated hydraulic 

conductivity (#10)) have little influence on Dutch Flats groundwater [NO3
-], a lack of 

both spatial variability and resolution could limit the ability of Random Forest to 

adequately evaluate these variables.  

A number of predictors demonstrated the influence of leaking canals in the 

region, consistent with findings from Böhlke et al. (2007). Distance from both major (#7) 

and minor canals (#6) demonstrated the tendency for [NO3
-] to rise with increasing 

distance from canals, such that leaking canals are suggested to dilute [NO3
-]. The 

influence from canals is possibly reflected in other predictors, such as surface elevation 

(#5). Generally, the plot shows that increasing surface elevation corresponds to 

decreasing [NO3
-], with a large dip occurring around 1275 m. The pattern could possibly 

be explained through further exploration of canal surface elevations. For example, the 
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mean Interstate Canal surface elevation is 1285 m (± 2.6 m) in Dutch Flats, which occurs 

near the large dip in groundwater [NO3
-] of the partial dependence plot. Beyond 1285 m, 

only three wells are located at a greater elevation where the flat line is observed. 

Saturated Thickness (#4) could represent a similar relationship, where the aquifer tends to 

be deepest near the North Platte River, and decrease in thickness moving north and south 

of the river. The top ranked predictor, total travel time, reflects groundwater [NO3
-] 

patterns previously discussed by Böhlke et al. (2007) and Wells et al. (2018), where 

[NO3
-] decrease with increasing travel time. The plot also shows a distinct break, where 

groundwater [NO3
-] are greater over a total travel time range from 0 to 7 years, and 

considerably lower from total travel times greater than 7 years. 
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Figure 3.7. Partial dependence plot from analysis of transport rates with the largest median %incMSE of total travel time (𝑡𝑡𝑟𝑟𝑟𝑟 = 

3.5 m/yr; 𝑡𝑡𝑟𝑟𝑟𝑟= 3.75 m/yr). Tick marks on each plot represent predictor observations used to train models. 
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3.4. Conclusions  

The Dutch Flats area consists of large variations in [NO3
-] throughout a relatively 

small region in western Nebraska. With numerous variables likely influencing 

groundwater [NO3
-], trends were further evaluated with Random Forest, a powerful 

machine-learning data analysis tool. A long-term dataset of [NO3
-] provided for an 

opportune setting to apply this data mining approach. More specifically, Random Forest 

was used to (1) estimate groundwater transport rates and lag time, (2) assess variables 

with the largest influence on Dutch Flats groundwater [NO3
-], and (3) evaluate results 

compared to previous field surveys in the region.  

The first objective involved coupling a dataset consisting of eleven static and four 

dynamic predictors, where Random Forest NSE values from 288 transport rate 

combinations failed to estimate a reasonable vadose and saturated zone transport rate. 

While Random Forest struggled to model dynamic predictors, applying a similar practice 

in alternative locations could prove useful in further investigating this technique, 

especially with stronger dynamic predictors whose relationship with nitrate is not 

dampened during vadose and saturated zone transport. With a secondary dataset of only 

the static predictors, an alternative approach to estimate transport rates showed potential 

for success by assessing variable importance of the total travel time predictor. This 

analysis identified a vadose and saturated zone transport rate combination consistent with 

rates estimated by 3H/3He age-dating in the 1990s and 2016 study.  

For the second objective, Random Forest was used to rank variables from weakest 

to strongest predictors of Dutch Flats groundwater [NO3
-]. Random Forest identified total 
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travel time as the most important predictor, followed by vadose zone thickness and 

dissolved oxygen, respectively.  

Partial dependence plots, supplemented by variable importance, were used in the 

third objective to compare Random Forest results to previous field investigations. Results 

were largely consistent with previous findings, where canal influence, for example, 

displayed patterns similar to those identified in the 1990s and Wells et al. (2018) Dutch 

Flats studies. Findings show Random Forest has promise as an alternative approach for 

water managers to evaluate hydrogeologic settings. Further, the study exemplifies the 

ability for using Random Forest as a supplementary analysis to large-scale physical 

models to recognize important variables to incorporate. 

The Dutch Flats area has high spatial and temporal variations in water inputs, 

making this an interesting area to test a relatively novel approach with respect to the 

application of Random Forest in a complex system. The overall success of this study 

suggests Random Forest has the capability to both identify reasonable transport rates (and 

lag time), and to a certain degree, accurately identify variables influencing groundwater 

[NO3
-]. Even so, limitations were identified when using dynamic predictors to model 

groundwater [NO3
-] and future studies may need to further assess the proper conditions 

for their application in data driven analyses.  
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APPENDICES 

Appendix A – Results from iNoble Version 2.2 workbook developed by the International Atomic Energy Agency 
(IAEA) to model groundwater age from 2016 samples.  

Model Constraints Name He (cm3STP/g) Erorr Ne (cm3STP/g) Erorr Ar (cm3STP/g) Erorr 
CE (Aeschbach) T, Ex-A, F or R varied 1C-D 6.1E-08 1.2E-09 2.0E-07 4.0E-09 0.00035 7.1E-06 
CE (Aeschbach) T, Ex-A, F or R varied 1C-M 7.5E-08 1.5E-09 3.1E-07 6.1E-09 0.00041 8.3E-06 
CE (Aeschbach) T, Ex-A, F or R varied 1E-D 7.3E-08 1.5E-09 2.1E-07 4.1E-09 0.00037 7.3E-06 
CE (Aeschbach) T, Ex-A, F or R varied 1E-M 5.1E-08 1.0E-09 2.1E-07 4.2E-09 0.00036 7.2E-06 
CE (Aeschbach) T, Ex-A, F or R varied 1E-S 5.3E-08 1.1E-09 2.3E-07 4.5E-09 0.00038 7.6E-06 
CE (Aeschbach) T, Ex-A, F or R varied 1G-I 4.8E-08 9.6E-10 1.8E-07 3.7E-09 0.00034 6.8E-06 
CE (Aeschbach) T, Ex-A, F or R varied 1G-I 4.6E-08 9.2E-10 1.8E-07 3.6E-09 0.00034 6.9E-06 
CE (Aeschbach) T, Ex-A, F or R varied 1L-D 1.2E-07 2.5E-09 1.8E-07 3.5E-09 0.00036 7.3E-06 
CE (Aeschbach) T, Ex-A, F or R varied 2D-D 6.2E-08 1.2E-09 2.0E-07 4.1E-09 0.00036 7.1E-06 
CE (Aeschbach) T, Ex-A, F or R varied 2D-M 4.6E-08 9.1E-10 1.8E-07 3.7E-09 0.00032 6.4E-06 
CE (Aeschbach) T, Ex-A, F or R varied 2D-S 4.8E-08 9.5E-10 2.0E-07 4.1E-09 0.00036 7.2E-06 

 

Name Kr (cm3STP/g) Erorr Xe (cm3STP/g) Erorr 3He/4He (uncorrected) Erorr Altitude (m) Temp 
1C-D 8.3E-08 1.7E-09 1.1E-08 2.2E-10 1.3E-06 2.0E-08 1248.2 18.2 
1C-M 9.0E-08 1.8E-09 1.2E-08 2.3E-10 1.4E-06 2.0E-08 1248.2 19.6 
1E-D 8.3E-08 1.7E-09 1.1E-08 2.2E-10 4.1E-06 2.0E-08 1240.9 15.2 
1E-M 8.5E-08 1.7E-09 1.1E-08 2.2E-10 2.0E-06 2.0E-08 1240.9 15.1 
1E-S 8.7E-08 1.7E-09 1.2E-08 2.3E-10 1.5E-06 2.0E-08 1240.9 14.3 
1G-I 8.0E-08 1.6E-09 1.1E-08 2.1E-10 1.4E-06 2.0E-08 1219.6 12.7 
1G-I 8.1E-08 1.6E-09 1.1E-08 2.2E-10 1.4E-06 2.0E-08 1222.3 14.9 
1L-D 9.0E-08 1.8E-09 1.3E-08 2.5E-10 7.7E-07 2.0E-08 1211.9 12.5 
2D-D 8.2E-08 1.6E-09 1.0E-08 2.1E-10 1.8E-06 2.0E-08 1247.7 17.3 
2D-M 7.4E-08 1.5E-09 9.6E-09 1.9E-10 1.9E-06 2.0E-08 1247.7 17.1 
2D-S 8.3E-08 1.7E-09 1.2E-08 2.3E-10 1.5E-06 2.0E-08 1247.7 15.8 
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Name Salinity 
(permil) Sampling Date 

Noble Gas 
Extraction 

Date 
Tritium (TU) 

Tritium 
Error 
(TU) 

NGT Error 
Excess 

Air 
(cc/kg) 

Error 

1C-D 0 8/17/2016 4/5/2017 5.0 0.3 14.0 0.4 232.2 5.2 
1C-M 0 8/17/2016 3/1/2017 5.6 0.3 11.3 0.2 18.5 0.6 
1E-D 0 8/16/2016 4/6/2017 7.1 0.5 14.3 0.3 185.4 3.6 
1E-M 0 8/16/2016 4/5/2017 6.1 0.3 15.6 0.3 278.1 7.8 
1E-S 0 8/16/2016 4/5/2017 7.1 0.4 10.8 0.3 39.1 1.0 
1G-I 0 4/18/2016 4/5/2017 7.1 0.2 10.9 0.1 0.8 0.0 
1G-I 0 10/12/2016 3/1/2017 6.7 0.4 9.6 0.1 0.4 0.0 
1L-D 0 8/17/2016 4/6/2017 6.9 0.2 6.5 0.2 0.0 0.0 
2D-D 0 8/16/2016 4/5/2017 6.3 0.2 16.1 0.4 175.2 6.1 
2D-M 0 8/16/2016 4/5/2017 5.1 0.3 13.9 0.3 1.4 0.0 
2D-S 0 8/16/2016 4/6/2017 6.2 0.2 10.6 0.2 33.5 0.4 

 

Name Sum(Chi^2) F values Terrigenic 
4He Error [3He]trit (TU) Error T-3He age (Years) Error 3He/4He corrected Error 

1C-D 2.1 0.8 1.4E-08 2.0E-09 4.9 2.3 12.0 4.4 1.3E-06 2E-08 
1C-M 2.3 0.3 4.1E-10 1.9E-09 0.5 1.2 1.5 2.9 1.4E-06 2E-08 
1E-D 0.6 0.8 2.4E-08 2.0E-09 92.2 2.9 47.0 1.2 4.0E-06 2E-08 
1E-M 3.0 0.8 1.6E-09 2.3E-09 13.7 1.9 20.9 1.7 2.0E-06 2E-08 
1E-S 1.8 0.7 1.3E-10 1.6E-09 2.2 1.1 4.9 1.9 1.5E-06 2E-08 
1G-I 8.0 0.2 4.7E-09 9.6E-10 2.8 1.7 5.9 3.1 1.4E-06 2E-08 
1G-I 3.8 0.3 4.1E-09 9.2E-10 2.3 1.5 5.3 3.0 1.4E-06 2E-08 
1L-D 3.6 0.0 8.3E-08 2.5E-09 14.5 2.3 20.2 2.0 7.6E-07 2E-08 
2D-D 4.4 0.8 1.3E-08 2.2E-09 17.8 2.0 23.9 1.6 1.8E-06 2E-08 
2D-M 9.7 0.3 1.5E-09 9.1E-10 11.0 1.3 20.5 1.6 1.9E-06 2E-08 
2D-S 0.2 0.8 2.8E-10 1.3E-09 2.2 0.9 5.4 1.7 1.5E-06 2E-08 
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Appendix B – Chapter 2 Additional Information  

Table B1. Nitrate data from current study, North Platte Natural Resources District, and 
Nebraska Agricultural Contaminant Database. This dataset was used to create 

comparisons in Table 2.3 and Figure 2.6. 

Well ID 1990s [NO3
−] * 

(mg N L−1) 
2008 [NO3

−] 
(mg N L−1) 

2016 [NO3
−] 

(mg N L−1) 
10A-S 1.4 0.0 0.0 
10E-S 16.5 5.4 0.0 
10K-S 7.6 3.9 4.4 
10M-S 9.5 4.5 6.4 
10N-S 3.0 2.1 0.0 
1C-S 9.9 8.7 9.5 
1E-S 13.7 13.4 33.5 
1G-S 8.6 9.7 34.5 
1H-S 11.3 8.1 13.7 
1J-S 16.3 11.4 13.8 

1M-S 10.9 10.4 16.1 
1N-S 3.3 2.1 4.3 
2E-S 4.9 3.2 4.7 
2F-S 16.1 0.9 30.5 
2J-S 12.4 8.0 8.8 
3B-S 2.6 0.3 0.0 
3C-S 1.8 0.0 3.8 
3F-S 4.8 27.7 0.5 
4A-S 0.5 0.5 0.7 
5A-S 2.9 2.3 1.4 
5B-S 0.9 1.9 2.2 
5D-S 11.1 8.8 6.5 
5F-S 4.7 4.6 3.5 
5G-S 11.4 13.3 19.8 
6C-S 4.8 5.6 5.9 
6D-S 19.2 20.9 26.4 
6E-S 8.9 5.1 6.3 
6F-S 3.6 0.7 0.9 
6G-S 2.1 1.8 1.7 
6H-S 3.6 4.3 3.5 
6M-S 4.5 8.1 6.4 
6N-S 6.9 9.1 5.7 
7A-S 5.3 3.8 3.3 
7B-S 6.5 8.7 2.6 
7C-S 14.3 14.2 11.2 
7D-S 3.3 1.3 5.0 
7H-S 14.2 10.6 17.8 
8B-S 5.3 4.6 11.3 
8C-S 5.6 4.7 5.7 
8D-S 5.4 4.7 6.5 
8E-S 0.1 0.0 0.0 
8G-S 1.4 1.8 5.0 
9D-S 5.4 1.2 0.0 
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9E-S 9.6 8.7 6.4 
11D-M 2.7 2.3 2.2 
1C-M 3.0 4.8 5.7 
1E-M 9.0 7.1 4.6 
1G-M 9.6 4.0 7.1 
1H-M 4.0 3.1 3.5 
1J-M 7.8 9.2 4.0 
1M-M 11.9 5.9 12.9 
2C-M 2.3 1.6 2.3 
2D-M 5.0 1.9 1.3 
2F-M 19.8 12.1 21.4 
2J-M 9.4 8.9 4.7 
2L-M 4.8 4.8 1.4 
3C-M 1.1 1.3 0.9 
3E-M 7.9 10.0 9.2 
3F-M 6.2 12.1 0.0 
5B-M 0.9 0.6 0.6 
10A-D 3.6 6.5 9.4 
10E-D 5.2 5.1 4.1 
10K-D 5.0 5.3 6.2 
10M-D 9.4 5.9 7.6 
11A-D 4.8 3.9 4.2 
1C-D 2.4 3.0 4.3 
1E-D 2.3 3.6 3.1 
1G-D 8.9 4.0 6.2 
1L-D 4.9 6.3 1.1 
2C-D 2.8 2.4 1.9 
2D-D 1.4 1.2 1.4 
2F-D 3.1 3.1 3.8 
2L-D 1.6 1.3 1.0 
3B-D 1.2 0.5 0.3 
3C-D 1.2 1.1 1.6 
3E-D 3.7 3.7 3.9 
3F-D 11.5 5.7 4.7 
5B-D 0.9 0.8 0.6 
6G-D 6.2 1.3 2.0 
6H-D 0.1 0.9 0.6 
6M-D 2.4 1.1 1.4 
7A-D 1.9 1.7 1.7 
7C-D 5.8 9.4 5.7 
7D-D 3.7 3.3 4.1 
8D-D 5.7 5.4 8.1 
9D-D 2.8 3.1 3.1 
9E-D 5.5 4.6 3.4 

Note: * Value shown is from 1998 or 1999, or the average from the two years. 
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Figure B1. Comparison of groundwater dissolved oxygen (DO) in 2016 to 1998, 

where DO was mostly similar between both studies. 

 
Figure B2. Comparison of [NO3

−] in 2016 and 1998 to dissolved organic carbon 
(DOC). Large [NO3

−] and DOC at Well 1G-S are consistent with isotopes 
indicating high organic nitrogen source. 
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            (a)        (b) 

  
           (c)         (d) 

Figure B3. Evaluating whether δ15N-NO3
− suggests processes of mixing high- and low-

[NO3] groundwater in: (a) 1998; and (b) 2016; or groundwater denitrification in: (c) 
1998; and (d) 2016 [64]. Simple groundwater mixing nor denitrification were indicated 

from the composition of nitrogen isotopes throughout the Dutch Flats. 
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Appendix C – Random Forest Variable Analysis 

A brief summary of how each variable was evaluated is provided below. Dynamic 

predictors were downloaded and analyzed from 1946 (first year Interstate Canal 

discharge was available) to 2013 (last year of nitrate data available).  

Center Pivot Irrigated Area:  

Aerial imagery was used to digitize center pivot irrigated fields (Figure C1). High 

resolution imagery was 

utilized when available 

(NAIP, NAPP), with 

LANDSAT providing 

additional imagery for the 

analysis. Two years were 

identified as breaks (1999 

and 2003) in the data, and 

used to interpolate 

irrigated area before, 

between, and after the 

breaks. That is, years 

before the shift (<1999), 

during the major shift 

(1999 – 2003), and years 

following the major shift 

(>2003). Linear regression was used to estimate center pivot irrigated area for years that 

Figure C1: Visual comparison of 1999 center pivot 
irrigated fields to 2017. 
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were not digitized, providing a dynamic dataset for the study. Before the shift, center 

pivot fields were installed at approximately 138 hectares per year. During the largest 

conversion from furrow to center pivot, fields increased from 1999 – 2003 at a rate of 

883 hectares per year, followed by 518 hectares per year thereafter. In 1999 area under 

center pivot irrigation was approximately 3,830 hectares. As of 2017, irrigated hectares 

increased by nearly 270%, to 14,253 hectares. 

Rationale for Inclusion: Center pivot and furrow irrigated fields are believed to follow 

an inverse trend. In other words, as center pivot irrigated fields increase over time, the 

less efficient furrow irrigated fields will decrease. With this, it is believed that less nitrate 

will leach through the root zone with water application improvements. Thus, this variable 

was included to see if the model identified it as an important variable, such that lower 

[NO3
-] would be linked to larger areas of center pivot, or higher [NO3

-] with less center 

pivot irrigated area.  

 

Year Center Pivot 
Irrigated Hectares 

1975 429 
1990 2507 
1995 3015 
1999* 3830 
2001 5685 
2003* 7361 
2004* 7804 
2005* 8341 
2006* 8822 
2010* 10577 
2014* 13591 
2017 14253 

*Years with available High-Resolution 
imagery 
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Interstate Canal Discharge: 

Annual Interstate Canal discharge was retrieved from the Bureau of 

Reclamation’s Hydromet data archive (USBR, 2018). Data were downloaded, and 

records were converted from cm3/second to km3/year. Since unique annual values were 

available for each year over the period of record, this was a dynamic dataset. Datasets 

were also downloaded for both the Tri-State and Mitchell-Gering Canal, however, only 

an Interstate Canal discharge value was assigned to each nitrate observation. This 

approach was justified because it is unknown which canal influences a well, regardless of 

the distance for a canal. Further, annual canal discharge from the Tri-State and Mitchell-

Gering Canals were also compared to the Interstate Canal, in which it was determined 

canals follow similar annual trends. Each nitrate observation was assigned a lagged canal 

discharge value dependent on the optimally identified total travel time.  

Rationale for Inclusion: Due to the known influence of canal leakage on groundwater 

[NO3
-], annual volume of water diverted into the Interstate Canal was used as a dynamic 

predictor to investigate if the model could identify the influence of annually high or low 

stream diversions on groundwater [NO3
-]. 

Planted Corn Area:  

Due to the study area incorporating two counties, planted corn area was analyzed 

in three steps. First, the total annual planted area was downloaded from the USDA 

National Statistics Service (NASS) for both Scotts Bluff and Sioux Counties from 1946 

to 2015 (NASS, 2018). Second, the USDA-NASS georeferenced Cropland Data Layer 

was downloaded through Geospatial Data Gateway (https://gdg.sc.egov.usda.gov), and 

projected into ArcMap 10.4. From 2002 to 2015, estimated corn area was determined for 
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each year in the two respective counties. The area of planted corn was also determined 

for each county within the boundary of the Dutch Flats area. Next, a ratio of each year 

was estimated by comparing the area of planted corn for each county within Dutch Flats, 

to the planted corn area for the entirety of each county. Ratios were averaged from 2002 

to 2015, with the Dutch Flats county-level planted corn area having ratios of 0.18 (± 

0.01) and 0.77 (± 0.03) compared to total planted corn in Scotts Bluff and Sioux 

Counties, respectively. Third, estimated planted corn area within Dutch Flats from 1946 

to 2015 was predicted by multiplying each year of total county-level planted corn by the 

respective ratio and summing up areas.  

Rationale for Inclusion: This variable was used as a dynamic predictor, and was 

included as a proxy for the limited amount of long-term fertilizer data available since 

corn requires high fertilizer inputs. Statistical analysis of the long-term dataset suggested 

there has been a significant decrease in fertilizer application in Scotts Bluff County, while 

planted corn area has significantly increased. However, it is possible there are more 

uncertainties related to application surveys associated with fertilizer than planted corn 

area. 

Precipitation:  

Annual sums for precipitation were downloaded from the National Climatic Data 

Center of National Oceanic and Atmospheric Administration (NOAA) at the Scottsbluff 

W.B. Heilig Field Airport, NE US (NOAA, 2017).     

Rationale for Inclusion: With several years of consistent data, precipitation was used as 

a dynamic predictor, and lagged with respect to the sample collection date. Higher years 

of precipitation could potentially lead to increased leaching or fertilizer runoff.   
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Available Water Capacity and Saturated Hydraulic Conductivity: 

Available water capacity (AWC) and saturated hydraulic conductivity (K) were 

from Web Soil Survey, which is maintained by the U.S. Department of Agriculture 

(USDA) Natural Resources Conservation Service. Spatial data was downloaded from 

Geospatial Data Gateway (https://gdg.sc.egov.usda.gov). AWC is the amount of water 

that is retained by soil and available for plant uptake. Saturated hydraulic conductivity 

describes the movement of water through saturated soil. Data was retrieved for both 

Sioux and Scotts Bluff Counties, and evaluated with the Soil Data Viewer tool developed 

by NRCS. Values of each respective predictor were extracted to each well.  

Rationale for Inclusion (AWC): AWC influences water storage, and thus the amount of 

time that irrigated water will stay within the root zone. Lower values of AWC could 

influence leaching, as more nitrate may leach below the root zone before plants can 

assimilate the nutrients.  

Rationale for Inclusion (Saturated Hydraulic Conductivity): This study incorporated 

K to evaluate how the movement of water through saturated soils might impact [NO3
-] in 

the Dutch Flats area. Higher K would suggest water moves quicker through the soil, 

potentially transporting nitrate to groundwater at higher rates. 

Bottom Screen & Saturated Zone Travel Distance:  

Bottom screen depth was already within the nitrate dataset retrieved from the 

Quality-Assessed Agrichemical Contaminant Database (NEDNR, 2016). Saturated zone 

travel distance is the distance below the water table to the screen midpoint. If the screen 

crossed the water table, common for shallow wells, the saturated zone travel distance was 

the screen midpoint between the bottom screen and water table. In deeper wells, the 
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saturated zone travel distance value was found as the midpoint between the upper and 

lower screens. 

Rationale for Inclusion (Lower Screen): Well depth has been found an important 

variable in other Random Forest studies (Wheeler et al., 2015). This predictor is a factor 

of both vadose and saturated zone, and evaluates how traveling through both these zones 

impacts [NO3
-]. 

Rationale for Inclusion (Saturated Zone Travel Distance): Evaluates how the distance 

water travels from the water table to screen midpoint influences groundwater [NO3
-]. It is 

believed longer travel distances will have lower [NO3
-], as there is more time for 

biological processes to reduce concentrations.  

Surface Elevation (DEM), Vadose Zone Thickness, and Saturated Thickness: 

To estimate saturated thickness, wells were only selected for the Random Forest 

model if they had both a [NO3
-] and depth to groundwater value. Depth to groundwater 

records for the NPNRD (n = 49,765; 1929 – 2016) were retrieved from the University of 

Nebraska Conservation and Survey Division (CSD) (A. Young, Personal 

Communication, 2016). Depth to groundwater records from 2017 (n = 806) were also 

sent from the NPNRD GIS Coordinator (T. Preston, Personal Communication, 2017). 

Wells from the nitrate database were joined with the 2017 NPNRD monitoring well data. 

[NO3
-] that did not have a 2017 depth to groundwater value were checked with the CSD 

database for additional depth to groundwater records. Of the 2,829 nitrate samples in the 

Dutch Flats area, 2,651 samples had a well matching a depth to groundwater value from 

the 2017 monitoring well and/or CSD depth to groundwater dataset. Under the 
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assumption wells were in an unconfined aquifer, the most recent depth to groundwater 

record at a well nest’s shallow well was assigned to the entire well nest. 

Base of aquifer contours were acquired from NPNRD (T. Preston, Personal 

Communication, 2017). A 30 meter base of aquifer surface was interpolated using the 

Topo to Raster tool in ArcMap 10.4. A base of aquifer and 30 meter surface Digital 

Elevation Model (DEM) raster value were extracted to each well point, representing the 

surface elevation and base of aquifer elevation at each well. Depth to groundwater at each 

well was used to determine the water table elevation. This in turn was used to estimate 

saturated thickness of the aquifer by subtracting the interpolated base of aquifer elevation 

from the water table elevation. One well (8C-S) returned a negative aquifer thickness 

value. For this specific well, the saturated thickness was estimated by taking bottom of 

the well and subtracting it from the water table elevation, and assuming the bottom of the 

well was located at the top of the confining layer. The resulting saturated thickness was 

consistent with estimated thicknesses in the surrounding area.  

Rationale for Inclusion (Surface Elevation (DEM)): Due to varying landscape, surface 

elevation DEM was used to explore, in part, how moving further from the North Platte 

River (NPR) influenced groundwater [NO3
-]. Since the landscape generally slopes toward 

the river, locations of higher elevation would suggest a well is further from the NPR. This 

predictor may also assess the impact of canals at their respective elevations.  

Rationale for Inclusion (Vadose Zone Thickness): Vadose zone thickness has been 

previously used to evaluate how a quickly a contaminant may reach the water table, and 

was assessed by Rodriguez-Galiano et al. (2014). Vadose zone thickness may also play a 

role in nitrate storage in the unsaturated zone. 
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Rationale for Inclusion (Saturated Thickness): This variable is related to groundwater 

age distribution, and is included in the exponential equation (Vogel, 1967). 

Distance from major and minor canals:  

Canal spatial data was from the USGS National Hydrography Dataset (USGS, 

2012). The three largest canals were identified, based on canal discharge, in the Dutch 

Flats area as the Interstate, Tri-State, and Mitchell-Gering Canals. These canals were 

used to determine the “Distance from Major Canal” variable. Further analysis was 

conducted via aerial imagery to digitize lower order irrigation canals that were not in the 

NHD database. These canals were used to determine the “Distance from minor canal” 

variable. The Near tool in ArcMap 10.4 was used to calculate the distance each well was 

from the closest major canal and minor canal.  

Rationale for Inclusion: Interstate Canal discharge is a temporally dependent variable; 

however, the distance from major and minor canals was used to evaluate the spatial 

component of canals in the region. Due to the high leakage potential of these canals, the 

variable was included to evaluate the influence of a well’s proximity to canals in Dutch 

Flats on groundwater [NO3
-].  

 Dissolved Oxygen (DO):  

This dataset was sent directly from NPNRD (C. Hudson, Personal 

Communication, 2018). The dataset had several DO values, however, there was not a 

perfect 1:1 match between the collection of a nitrate sample, and the collection of DO. 

Therefore, each well’s record of DO was averaged. Thus, each well had a unique value 

with respect to other wells, but the same value applied to all the nitrate samples within 
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that well for each annual median [NO3
-]. Analysis of DO and isotopes of nitrate suggest 

there has not been a major change in denitrification within Dutch Flats from 1998 to 2016 

(Wells et al., 2018).  

Rationale for Inclusion: DO largely drives biological processes impacting groundwater 

[NO3
-], where it would be expected low DO would be associated with low [NO3

-], and 

high DO with higher [NO3
-].  

Total Travel Time:  

This variable was largely addressed within the thesis. Please reference sections 

3.2.5 and 3.3.3 for further information.  
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Appendix D – Random Forest script and Holland Computing Center cluster 
interface 
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Appendix E – Partial Dependence Plots  

 
Figure E1: Partial Dependence plot including 607 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 1.0 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.25 m/year. 
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Figure E2: Partial Dependence plot including 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 1.0 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 4.5 m/year. 
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Figure E3: Partial Dependence plot including 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 2.75 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 2.25 m/year. 
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Figure E4: Partial Dependence plot including 861 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 2 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.5 m/year. 
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Figure E5: Partial Dependence plot including 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 3.75 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠=4m/year. 
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Figure E6: Partial Dependence plot including 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 4.5 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 3 m/year. 
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Figure E7: Partial Dependence plot including 664 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 4.75 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.25 m/year. 
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Figure E8: Partial Dependence plot including 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 4.75 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 4.5 m/year. 
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Figure E9: Partial Dependence plot including 878 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 4 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.5 m/year. 
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Figure E10: Partial Dependence plot including 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 4 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 3.5 m/year. 
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Appendix F – Histograms for individual explanatory variables from each of the ten combinations further evaluated and 
total travel time analysis 

 
Figure F1: Explanatory variable distribution for 607 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 1.0 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.25 m/year. 
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Figure F2: Explanatory variable distribution for 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 1.0 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 4.5 m/year. 
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Figure F3: Explanatory variable distribution for 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 2.75 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 2.25 m/year. 
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Figure F4: Explanatory variable distribution for 861 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 2 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.5 m/year. 



 
117 

 
Figure F5: Explanatory variable distribution for 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 3.5 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 3.75 m/year. 
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Figure F6: Explanatory variable distribution for 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 3.75 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 4m/year. 
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Figure F7: Explanatory variable distribution for 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 4.5 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 3 m/year. 
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Figure F8: Explanatory variable distribution for 664 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 4.75 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.25 m/year. 
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Figure F9: Explanatory variable distribution for 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 4.75 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 4.5 m/year. 



 
122 

 
Figure F10: Explanatory variable distribution for 878 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 4 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.5 m/year. 
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Figure F11: Explanatory variable distribution for 1,049 observations at 𝑡𝑡𝑟𝑟𝑣𝑣= 4 m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 3.5 m/year
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Appendix G – Predicted vs. Observed plot for training and testing datasets.  

 
Figure G1: Predicted [NO3

-] vs. observed [NO3
-] for training and testing data at 𝑡𝑡𝑟𝑟𝑣𝑣= 1.0 

m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.25 m/year. 

 
Figure G2: Predicted [NO3

-] vs. observed [NO3
-] for training and testing data at 𝑡𝑡𝑟𝑟𝑣𝑣= 1.0 

m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 4.5 m/year. 
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Figure G3: Predicted [NO3

-] vs. observed [NO3
-] for training and testing data at 𝑡𝑡𝑟𝑟𝑣𝑣= 2.75 

m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 2.25 m/year. 

 
Figure G4: Predicted [NO3

-] vs. observed [NO3
-] for training and testing data at 𝑡𝑡𝑟𝑟𝑣𝑣= 2 

m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.5 m/year. 
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Figure G5: Predicted [NO3
-] vs. observed [NO3

-] for training and testing data at 𝑡𝑡𝑟𝑟𝑣𝑣= 3.5 
m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 3.75 m/year. 

 
Figure G6: Predicted [NO3

-] vs. observed [NO3
-] for training and testing data at 𝑡𝑡𝑟𝑟𝑣𝑣= 3.75 

m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 4m/year. 
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Figure G7: Predicted [NO3

-] vs. observed [NO3
-] for training and testing data at 𝑡𝑡𝑟𝑟𝑣𝑣= 4.5 

m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 3 m/year. 

 
Figure G8: Predicted [NO3

-] vs. observed [NO3
-] for training and testing data at 𝑡𝑡𝑟𝑟𝑣𝑣= 4.75 

m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.25 m/year. 



128 
 

 
Figure G9: Predicted [NO3

-] vs. observed [NO3
-] for training and testing data at 𝑡𝑡𝑟𝑟𝑣𝑣= 4.75 

m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 4.5 m/year. 

 
Figure G10: Predicted [NO3

-] vs. observed [NO3
-] for training and testing data at 𝑡𝑡𝑟𝑟𝑣𝑣= 4 

m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 0.5 m/year. 
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Figure G11: Predicted [NO3

-] vs. observed [NO3
-] for training and testing data at 𝑡𝑡𝑟𝑟𝑣𝑣= 4 

m/year and 𝑡𝑡𝑟𝑟𝑠𝑠= 3.5 m/year. 
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