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Abstract Groundwater quality is a concern in alluvial aquifers that underlie agricultural areas, such as in
the San Joaquin Valley of California. Shallow domestic wells (less than 150 m deep) in agricultural areas are
often contaminated by nitrate. Agricultural and rural nitrate sources include dairy manure, synthetic fertil-
izers, and septic waste. Knowledge of the relative proportion that each of these sources contributes to
nitrate concentration in individual wells can aid future regulatory and land management decisions. We
show that nitrogen and oxygen isotopes of nitrate, boron isotopes, and iodine concentrations are a useful,
novel combination of groundwater tracers to differentiate between manure, fertilizers, septic waste, and
natural sources of nitrate. Furthermore, in this work, we develop a new Bayesian mixing model in which
these isotopic and elemental tracers were used to estimate the probability distribution of the fractional con-
tributions of manure, fertilizers, septic waste, and natural sources to the nitrate concentration found in an
individual well. The approach was applied to 56 nitrate-impacted private domestic wells located in the San
Joaquin Valley. Model analysis found that some domestic wells were clearly dominated by the manure
source and suggests evidence for majority contributions from either the septic or fertilizer source for other
wells. But, predictions of fractional contributions for septic and fertilizer sources were often of similar magni-
tude, perhaps because modeled uncertainty about the fraction of each was large. For validation of the
Bayesian model, fractional estimates were compared to surrounding land use and estimated source contri-
butions were broadly consistent with nearby land use types.

1. Introduction

Nitrate contamination of shallow groundwater is a major problem in many agricultural areas of the United
States [Dubrovsky et al., 2010] and around the world [Wongsanit et al., 2015; Gu et al., 2013; Ghiglieri et al.,
2009; Mattern et al., 2009]. Nitrate is a naturally occurring form of nitrogen and is necessary for plant growth,
however, animal manure and synthetic fertilizers applied in excess to plant uptake can cause nitrate to leach
to groundwater [Canter, 1997]. In addition, poorly maintained septic systems, high septic system density in
rural and peri-urban areas, or leaky sewer piping in urban areas can be a significant source of nitrate leach-
ing [Viers et al., 2012; Bremer and Harter, 2012; Wakida and Lerner, 2005]. Two studies of domestic wells in
the San Joaquin Valley, an intensively farmed region of California, have found between 40 and 50% of sam-
pled wells exceeded the recommended drinking water standard for nitrate concentration (some wells as
high as 5–6 times the standard) [Lockhart et al., 2013; CSWRCB, 2013]. Drinking water with a nitrate concen-
tration above the drinking water standard has been linked to negative health effects including miscarriage,
low blood oxygen levels in infants, and cancer [Ward et al., 2005; ATSDR, 2013].

The diffuse, nonpoint source loading of groundwater with nitrate across diverse and heterogeneous agricul-
tural, peri-urban, and even urban landscapes [Kourakos et al., 2012] pose a particular challenge to identifying
the actual nitrate sources in impacted wells, whether for regulatory compliance or land use management. In
this paper, we propose and evaluate the use of two traditional source tracers (nitrogen and oxygen isotopes
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of nitrate) in combination with two novel source tracers (boron isotopes and iodine) as part of a new Bayes-
ian mixing model approach not before employed in groundwater contamination studies, to quantify the
potential contributing sources to contaminated well water composed of an unknown mixture of groundwa-
ter nitrate sources.

Many studies, typically qualitative in nature, have used nitrogen or a combination of nitrogen and oxygen
isotopes of nitrate to determine the likely source(s) of nitrate in groundwater [Kreitler, 1979; Amberger and
Schmidt, 1987; Wassenaar, 1995; Panno et al., 2001; Widory et al., 2004, 2005; Past�en-Zapata et al., 2014]. The
source signatures of nitrate derived from synthetic fertilizer, human or animal waste, uncultivated (natural)
soils, and atmospheric deposition are generally distinct with the combination of both nitrogen and oxygen
isotopes of nitrate, though overlap of the ranges does occur [Kendall, 1998; Kendall et al., 2007]. Nitrogen
isotopes of nitrate are subject to fractionation and obscuring of the original source isotopic composition
due to denitrifcation and/or nitrification of organic nitrogen compounds [Kendall, 1998; Panno et al., 2001].

Boron isotopes can potentially decrease uncertainty in nitrate source signatures as an additional comigrat-
ing source tracer of nitrate [Xue et al., 2009]. The major benefit of boron isotopes in the context of nitrate
source determination is that d11B values are mostly distinct for human and animal waste [Widory et al.,
2004]. The unique d11B values found in septic waste and wastewater of human origin is due to the use of
sodium perborate (NaBO3) in household cleaning products [Raymond and Butterwick, 1992] and this signa-
ture has been shown to remain intact through waste water treatment processes [Vengosh et al., 1994].
Boron isotopes have been used to trace injected treated wastewater at a site in El Paso, Texas [Bassett et al.,
1995] and treated wastewater recharged through spreading basins in Israel [Vengosh et al., 1994]. A combi-
nation of boron and nitrate isotopic signatures has been successfully used as groundwater nitrate tracers
for multiple nitrate sources in two studies in France [Widory et al., 2004, 2005] and one in Nevada, United
States [Seiler, 2005]. Boron isotopes are not affected by denitrification, but other processes can affect boron
isotope values: boron species can be absorbed to clays or certain minerals, released by dissolution within
the aquifer matrix, or can be affected by mineral precipitation in extremely saline environments [Bassett
et al., 1995; Widory et al., 2005].

Iodine is a potentially significant tracer to identify groundwater nitrate because it is used on dairies as a dis-
infectant, found in human urine, and absent any marine influences, background iodine levels in groundwa-
ter are expected to be low. Background levels of iodine in groundwater not influenced by marine sources
are generally expected to be less than 10 lg/L [Zhang et al., 2013]. Iodine has been measured in septic
waste at concentrations above the background level (between 30 and 40 lg/L) [Panno et al., 2005]. Iodine
in dairy waste can have even greater concentrations: measurements of iodine in groundwater from a set of
monitoring wells with dairy corral and lagoon source areas in the San Joaquin Valley, California were as
high as 355 lg/L (T. Harter and K. M. Ransom, University of California Davis, unpublished dairy monitoring
well data). Iodine as iodide ion (I2) has been shown to have very little sorption to sediments and geologic
materials in batch and column experiments [Hu et al., 2012]. Iodine has been used in combination with oth-
er halides to qualitatively determine likely sodium and chloride sources to groundwater in Illinois, USA
[Panno et al., 2006], and likely sources of nitrate to groundwater in northeastern Mexico [Past�en-Zapata
et al., 2014].

Beyond geochemical characterization, isotopic and elemental tracers in water samples can be used in math-
ematical mixing models to quantify the fractional source contributions from multiple contamination sour-
ces. Mixing models rely on known or approximated concentrations of conservative tracers within each
source as a source signature. These signatures are then compared with tracer concentrations in the sampled
mixture by mass balance or graphical techniques. Variability is expected in the source signatures as well as
in multiple measurements of the mixture sample. Overlap and variation of tracer compositions from differ-
ent sources have been listed as major problems in the use of isotopes as tracers in mixing models [Kendall
et al., 2007].

Previous studies have used deterministic mass-balance mixing techniques in conjunction with isotopic trac-
ers to infer the potential contribution of nitrate sources to surface water and/or groundwater [Deutsch et al.,
2006; Voss et al., 2006; Accoe et al., 2008], but it can be cumbersome to account for variability in the source
signatures, especially for three or four-source models. A 2001 study derived formulas to estimate the vari-
ance of calculated source fractional contributions using the variance of the source isotopic ratios; however,
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these estimates require the variance of the mixture sample (known or estimated) [Phillips and Gregg, 2001].
Bayesian methods, in contrast, allow for the incorporation of source signature variability in the model struc-
ture and do not require multiple measurements of the mixture sample.

Recently, Bayesian isotope mixing models based on mass-balance have been developed to estimate the
contributions of multiple sources of nitrate contamination to drinking water springs in Paris, France [El
Gaouzi et al., 2013], to surface waters in Flanders, Belgium [Xue et al., 2012], and to the Baltic Sea [Korth
et al., 2014]. These three studies use the statistical computing program R (R Core Team, 2015, R: A language
and environment for statistical computing, R Foundation for Statistical Computing, Vienna, Austria, http://
www.R-project.org/) and a special package called SIAR (Stable Isotope Analysis in R, Andrew Parnell and
Andrew Jackson, 2013, https://CRAN.R-project.org/package5siar), originally developed for ecological food-
web studies, which requires the source isotope values to be initially assigned a Gaussian distribution [Parnell
et al., 2010]. Elemental tracers have been used in conjunction with Bayesian methods to quantify the contri-
bution of different sources to surface water contamination of Lake Tahoe [Massoudieh and Kayhanian,
2013]. Massoudieh and Kayhanian [2013] developed a unique and flexible model design in the computing
language C11. Mixing models, Bayesian or deterministic, have not been developed to address the ground-
water nitrate issue in the San Joaquin Valley, California.

In this work, a Bayesian mass-balance mixing model was developed with nitrogen and oxygen isotopes of
nitrate, boron isotopes, and iodine concentration to determine the fractional contribution of manure, septic,
fertilizer, and natural sources (as nitrate leached from uncultivated soils) to groundwater nitrate concentra-
tions. The proposed approach was employed on water samples from nitrate-impaired domestic wells of the
San Joaquin Valley, sampled as part of our previous research [Lockhart et al., 2013]. This is the first joint
application of nitrogen and oxygen isotopes of nitrate, boron isotopes, and iodine to identify sources of
groundwater nitrate. We also developed a novel approach to the Bayesian mixing model. Our model was fit-
ted using the program JAGS (Martyn Plummer, 2003, JAGS: A program for analysis of Bayesian graphical
models using Gibbs sampling), a general-purpose computational Bayesian tool which can be accessed
through the R statistical language. The model syntax employed in JAGS gives the user considerable flexibili-
ty in specifying the form of the mixing model as well as the priors for source tracer values and fractional
contributions. This Bayesian approach provides useful information and constraints on potential nitrate sour-
ces in regions with highly diverse land use patterns where nitrate contamination is a major issue, but
detailed information about well depth, water age, and well source areas may be lacking.

2. Methods

2.1. Project Area
The San Joaquin Valley (SJV), California, is a large topographic and structural basin bounded to the east by
the Sierra Nevada mountains, to the west by the Coast Ranges, to the north by the Sacramento-San Joaquin
Delta, and to the south by the Tehachapi Mountains. The SJV is the southern and larger half of the Central
Valley, California. It is approximately 400 km long and 95 km wide at its widest section between Kettleman
City and Porterville. Alluvium from the Sierra Nevada Mountains and the Coast Ranges fills the upper por-
tion of the SJV basin. The main geomorphic features in the SJV are alluvial plains and fans, lake beds, river
flood plains and channels, and foothills along the east and west edges [Croft and Gordon, 1968]. The north-
ern part of the SJV, the San Joaquin Basin, is drained by the San Joaquin River (which flows southwestward
from the Sierra Nevada mountains and then turns northwestward along the axis of the SJV) and its tributar-
ies. In the southern portion of the SJV, the Kings, Kaweah, Kern, and Tule Rivers drain to the semiterminal
Tulare Lake Basin [Faunt, 2009].

Water bearing units in the SJV are unconsolidated continental, lacustrine, and marsh deposits of Tertiary to
recent age that reach a maximum depth of approximately 915 m below ground surface (bgs) at the valley
trough. Below the unconsolidated deposits are consolidated Tertiary marine rocks that generally do not
yield fresh water (sandstone, siltstone, and shale) and that overlie the pre-Tertiary metamorphic and igne-
ous rocks of the basement complex [Croft and Gordon, 1968]. Spring 2011 depth to groundwater (dtw) in
the northern portion of the SJV near the cities of Stockton and Merced ranges from approximately 30 to
60 m along the eastern edge of the valley to approximately 3 to 15 m along the western edge.
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Regional groundwater flow in the northern SJV is therefore predominately to the northeast. In the southern
portion of the SJV, near the cities of Fresno and Tulare, regional groundwater flow is predominately to the
southwest, with Spring 2011 dtw ranging from 6 to 15 m along the eastern edge and increasing up to 67 m
near the boundary between Fresno and Kings counties (California Department of Water Resources, Ground-
water Information Center Interactive Map Application, Spring 2011 Depth to Water Color Ramp, https://gis.
water.ca.gov/app/gicima/). Agricultural irrigation in the study area has increased vertical groundwater flow
which affects local groundwater systems and may result in a recharge-to-well scenario where groundwater
along a lateral flow path is pumped and reapplied to the surface [Phillips et al., 2007].

2.2. Field and Chemical Methods
This study is based on a subset of groundwater chemistry data collected from 200 private domestic wells in
Stanislaus, Merced, Tulare, and Kings counties [Lockhart et al., 2013]. All wells were located on the valley
floor. The well water sample collection field procedure is described in Lockhart et al. [2013]. At the time of
initial sample collection (2010–2011), well water samples were analyzed for many constituents including
nitrate as nitrogen (NO3-N), boron, iodine, and nitrogen and oxygen isotopes of nitrate. For the purposes of
this study, water for boron isotope analysis was collected and stored for analysis at a later date (see below
for further details).

Well water samples for nitrate, boron, and iodine concentration analysis were field filtered with a 0.45
micron filter and collected in a 250 mL clear plastic Nalgene bottle. Nitrate as NO3-N and boron analysis
were performed by UC Davis Analytical Laboratory using the Cadmium Reduction Flow Injection Method,
Standard Method 4500-NO3-N I [Clesceri et al., 1998] and Inductively Coupled Plasma Atomic Emission Spec-
trometry (ICP-AES) according to the United States Environmental Protection Agency Standard Method 200.7
for soluble elements in water samples [U.S. EPA, 2001], respectively. See Lockhart et al. [2013] for further
description of the nitrate quality control procedures. Water used for boron analysis was acidified in the labo-
ratory to pH< 2 with 1:1 HNO3 (nitric acid) prior to analysis. Iodine concentrations were measured at the
Interdisciplinary Center for Plasma Mass Spectrometry at the University of California at Davis (ICPMS.UCDavi-
s.edu) using an Agilent 7500CE inductively coupled plasma mass spectrometer (ICP-MS, Agilent Technolo-
gies, Palo Alto, CA). An unacidified aliquot of each sample was analyzed directly for total dissolved iodine.
The samples were introduced using a MicroMist Nebulizer (Glass Expansion 4 Barlows Landing Rd., Unit 2A
Pocasset, MA 02559) into a temperature controlled spray chamber with He as the Collision Cell gas. For cali-
bration purposes, instrument standard for iodine was diluted daily using 18.2 Mohm-cm water and Ricca
Chemical Company 0.0100N Iodine (Ricca Chemical Company, Arlington, TX 76012) to 0.318, 0.625, 1.27,
12.7, 63.5, 127, and 254 ppb. A quality control standard consisting of Ricca Chemical Iodine was diluted to
127 ppb, and analyzed every 12th sample as a quality control measure.

Samples for nitrogen and oxygen isotopes of nitrate were filtered in the field with a 0.45 micron filter and
collected in 60 mL wide mouth screw-cap HDPE bottles and stored frozen for later analysis. Nitrogen and
oxygen isotopes of nitrate were analyzed at the Menlo Park U.S. Geological Survey Stable Isotope Laborato-
ry using the denitrifier method [Sigman et al., 2001; Casciotti et al., 2002]. d15N and d18O values are calculat-
ed relative to the Air and VSMOW standards, respectively. Precision of this method based on repeat
standard measurements is 0.3& for d15N and 0.8& for d18O. All samples were prepared and analyzed in
duplicate on the same day, and then analyzed a third time or more until the precisions of replicate analysis
met laboratory QAQC criteria of 0.8& for d15N and 1.5& for d18O. After completing reanalysis of any sam-
ples not meeting those criteria, the average standard deviation for replicate analyses of samples from this
study was 0.2& for d15N and 0.8& for d18O.

Well water samples for boron isotope analysis were collected at the time of initial well sampling (2010–
2011) from 157 wells and stored for later analysis. Well water samples for boron isotopes were filtered in
the field with a 0.45 micron filter and collected in 2 - 1 L clear plastic Nalgene bottles. Nonacidified well
water samples were stored in a dark room at room temperature. Of the 157 wells with stored sample water,
56 wells had nitrate concentrations above the drinking water standard of 10 mg/L NO3-N and boron con-
centrations above the reporting limit of 0.02 mg/L. These 56 samples were selected for boron isotope analy-
sis and the study is based on this subset of wells.

In order to obtain accurate and precise boron isotopic composition data, boron must first be separated
from the matrix elements of the groundwater samples prior to analysis. Boron chemical separation was
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performed at Lawrence Livermore National Laboratory, Livermore, CA, using an ion-exchange technique
and a boron-specific ion exchange resin, Amberlite IRA 743. [Eppich et al., 2011]. This method is described in
detail by Eppich et al [2011], and is adapted from previously developed methods [Kiss, 1988; Leeman et al.,
1991; Lemarchand et al., 2002; Guerrot et al., 2011]. Chemically separated boron was dissolved in approxi-
mately 3 mL of 2% HNO3 and stored in polyethylene tubes prior to isotope analysis. In addition to the 56
well water samples, Italian groundwater boron standards IAEA-B-2 and IAEA-B-3 [Gonfiantini et al., 2003]
were also chemically separated in order to verify the boron chemical separation procedure.

Boron isotopic composition measurements were performed using a Thermo Neptune Plus inductively cou-
pled plasma mass spectrometer (MC-ICPMS) in the Department of Earth and Planetary Sciences at the Uni-
versity of California-Davis. A standard-sample-standard bracketing routine, utilizing the boron isotopic
standard NIST SRM 951 (at 100 ppb), was used to correct for instrumental mass bias [Lemarchand et al.,
2002; Guerrot et al., 2011]. Samples were diluted, where needed, to match the 11B signal intensity of the
SRM 951 solution. See supporting information Text S1 for further explanation of boron isotope analytical
and quality control procedures.

2.3. Landuse Analysis
In order to detect potential relationships between predicted nitrate source(s) for each well and relevant
land use types, land use around each well was classified as percent of total area for 13 land use groups with-
in a 2.4 km radius circular buffer. A circular buffer was chosen as an approximation of the well source area
due to unknown local groundwater flow direction and other conditions that can affect the source area such
as hydraulic conductivity, groundwater gradient, recharge rate, and well construction characteristics [Horn
and Harter, 2009]. We further justify the use of a circular well buffer as approximate source area with the
assumption that land use surrounding wells is autocorrelated and this has been shown for urban land use
up to a distance of 8 km for other wells within our study region [Johnson and Belitz, 2009]. The buffer radius
was calculated based on an assumed hydraulic conductivity of 30.5 m/d, hydraulic gradient of 0.001, and
recharge rate of 0.3 m/yr [see Lockhart et al., 2013, for details] and is assumed to be the reasonable maxi-
mum length of the source area.

Land use/land cover from approximately the 1990s was used based on the approximate age of domestic
well water in the study area compared to the time of sample collection for the study wells (2010–2011). A
different set of domestic wells sampled as a part of a dairy monitoring project in the same counties as the
study wells was analyzed for tritium/helium age. Each well pumped at least some modern (since 1950)
water indicating recharge after the commencement of atmospheric nuclear testing in the 1950s. The calcu-
lated mean groundwater age of the modern water component ranged from 19 to >60 years (with corre-
sponding recharge years of 1989–1948) (B. K. Esser, Lawrence Livermore National Laboratory, unpublished
data, 2013). Well nitrate levels in the study area therefore reflect cumulative land use impacts over the past
two to six decades. In order to account for at least the youngest difference between groundwater age and
time of sampling (approximately 20 years), the California Augmented Multisource Landcover (CAML) map
for the year 1990 (A. D. Hollander, Information Center for the Environment, University of California, Davis)
was used. The 1990 CAML map is a compilation of data from several sources ranging in date from 1988 to
1995 including the: California Department of Conservation Farmland Mapping and Monitoring Program
(FMMP), the United States Geological Surveys (USGS) National Land Cover Data set (NLCD) (1992), California
Department of Forestry and Fire Protection Fire and Resource Assessment Program Multisource Landcover
Layers (MSLC), and the California Department of Water Resources (DWR) Land Use Survey. The 1990 CAML
map is the most accurate and detailed historical land use data set available for the SJV at this time. For the
purpose of this study, the land use categories from the CAML map were reclassified into 13 groups based
on similarity in land use/crop type: natural (uncultivated land) and water, citrus and subtropical, tree fruit,
nuts, cotton, field crops, forage crops, alfalfa and pasture, confined animal feeding operation (CAFO, here
mostly dairies), vegetables and berries, grapes, urban, and peri-urban (see supporting information Table S3
for original crop and land use types included in grouped categories).

2.4. Statistical Methods
The statistical mixing model was based on mass balance equations from Accoe et al. [2008], where the iso-
tope value for each well is assumed to be the sum of the fractional source contribution of the nitrate source
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to the well multiplied by the isotope signature in that source, for each source of nitrate to the well. An equa-
tion for iodine of the same form is also included.

d15Nmixture5
X4

source51

fsource � d15Nsource1�N; (1)

d18Omixture5
X4

source51

fsource � d18Osource1�O; (2)

d11Bmixture5
X4

source51

fsource � d11Bsource1�B; (3)

Imixture5
X4

source51

fsource � Isource1�I; (4)

where � is a Gaussian error term, unique to each well, reflecting stochastic variation in the tracer value. In
the model, the mass balance equations were used together in matrix form in order to share information
about source signatures across wells. The matrix equation for the mixing model comes from Massoudieh
and Kayhanian [2013] and can be written:

C5YF1E (5)

where C is a m x 56 matrix of m measured tracers in 56 wells, Y is a m x n matrix of m tracer signatures in n
sources, F is a n x 56 matrix of fractional contributions to each well for each of the n sources, and E is a m x
56 matrix of errors for each tracer/well combination. In contrast to typical linear models, both F and Y in
equation (5) are unknown and must be estimated. Statistical identification of F and Y is aided by the fact
that the fractions in each column of F must add to one, and by use of informative prior distributions for the
source tracer signatures in Y.

In contrast to deterministic models, Bayesian models assume that fractional contributions and tracer signa-
tures vary probabilistically. Bayesian models incorporate previous knowledge about each of these parame-
ters by the assignment of a ‘‘prior’’ probability distribution that reflects the current state of knowledge of
the parameter. Prior distributions can be either ‘‘non-informative’’ (high-variance, wide, or flat distributions)
or ‘‘informative’’ (lower variance, less wide, more specific structure) depending on the available information
or model design. Bayesian models combine the prior probability distributions for each parameter, the
observations, and an assumed error structure via Bayes’ Theorem to estimate a ‘‘posterior’’ distribution for
each parameter. Posterior distributions can be thought of as prior distributions updated by the observations
[Stauffer, 2008; Ryan, 2009]. In the present case, the posteriors cannot be solved for directly and are estimat-
ed via Markov Chain Monte Carlo (MCMC) simulation.

For equation (5), a Dirichlet prior shared across the columns of F ensures that the fractional contributions
sum to one for each well. Background nitrate concentrations are typically less than 2 mg/L [Mueller and
Helsel, 1996]. Because nitrate concentrations in the samples (Table 1) are 5–20 times as large as this upper
bound, it is clear that other land use types and sources contribute more significantly. The highly hetero-
geneous land use in the study area and the seasonal changes in local groundwater flow directions due to
nearby large capacity irrigation or municipal well pumping further suggest that the prior distribution for
fractional contributions should give equal weights to dairy, septic, and fertilizer sources at the expense of
natural sources. Therefore, Dirichlet parameters (1, 1, 1, 1/3) were chosen. These yield prior mean fraction-
al contributions of 0.3 and prior variances of 0.05 for dairy waste, septic waste, and fertilizer; for natural
sources, the corresponding prior mean and variance are 0.1 and 0.02 (See supporting information Text S2
for details on Dirichlet mean and variance calculations). Ninety-five percent prior credibility intervals for
each of the four sources were calculated and are shown in Figure 2 as a visual representation of the
Dirichlet prior imposed on each well. Despite the low prior variance imposed by the choice of the Dirich-
let parameters, the selected parameters lead to wide credibility intervals for the prior case, which allows
for various degrees of mixing and the selection of a dominant source in the presence of strong evidence
in the tracer values.
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Either a Gamma or Student t-distribution was chosen to represent the prior probability density for each
tracer, for each source, based on values compiled from the literature or previous studies (Table 2, see sup-
porting information Text S2 for Gamma and Student t-probability equations). Initial model runs revealed
that posterior inferences were sensitive to choices of priors, and that uninformative priors yielded a poor fit

Table 1. Measured Tracer Values for Each Study Well (Including Boron Concentration Which Was Not Used as a Tracer) and Normalized
Central Tendencies of Source Fractional Contribution to Total Nitrate in Well Water Samples, for Each Source and Well.a Central Tenden-
cy Values Are Calculated as the Geometric Mean of All Realizations in Each Posterior Probability Distribution for the Fractional Contribu-
tion of Each Source in Each Well, That Are Then Normalized by Well

Well d15N d18O d11B I (lg/L) B (mg/L) NO3-N (mg/L) Manure Septic Fertilizer Natural

10-DOM 11.1 4.8 19.0 35.32 0.20 61.99 0.58 0.24 0.17 0.01
9-DOM 9.0 5.3 23.8 31.07 0.11 56.63 0.50 0.19 0.28 0.03
130-DOM 6.5 4.8 30.3 7.43 0.06 54.35 0.20 0.17 0.44 0.19
4-DOM 10.5 4.5 18.7 48.81 0.16 44.47 0.61 0.23 0.15 0.01
129-DOM 5.4 4.5 24.2 9.52 0.05 44.35 0.16 0.20 0.55 0.09
6-DOM 8.0 2.2 38.0 15.55 0.10 43.67 0.29 0.22 0.16 0.33
135-DOM 12.4 10.6 16.7 66.86 0.16 39.59 0.83 0.05 0.12 0.00
5-DOM 12.0 3.3 20.3 26.90 0.15 39.03 0.55 0.31 0.12 0.02
118-DOM 7.0 0.6 23.6 9.96 0.17 38.79 0.19 0.48 0.22 0.11
106-DOM 10.9 2.5 34.5 32.08 0.11 36.55 0.57 0.24 0.10 0.09
120-DOM 4.7 0.0 14.1 6.46 0.03 35.71 0.08 0.57 0.32 0.03
107-DOM 6.0 4.2 32.4 11.86 0.05 35.19 0.20 0.18 0.40 0.22
57-DOM 5.2 6.5 12.6 3.90 0.04 35.06 0.11 0.15 0.73 0.01
105-DOM 6.5 1.4 21.1 22.77 0.17 29.63 0.26 0.43 0.25 0.06
43-DOM 11.1 8.1 21.7 29.69 0.06 28.33 0.60 0.10 0.29 0.01
17-DAR 13.2 2.2 4.6 2.08 0.07 27.38 0.34 0.52 0.13 0.01
13-DOM 10.3 4.7 19.8 37.15 0.09 26.06 0.56 0.23 0.19 0.02
42-DOM 11.4 6.3 28.6 36.24 0.12 24.65 0.65 0.13 0.18 0.03
176-DOM 17.8 10.3 24.3 79.45 0.12 24.12 0.96 0.02 0.02 0.00
110-DOM 10.8 3.5 32.8 9.99 0.03 24.10 0.43 0.24 0.18 0.16
152-DOM 4.6 3.9 15.6 13.38 0.03 23.71 0.13 0.27 0.57 0.03
197-DOM 3.3 3.1 19.8 16.33 0.07 21.12 0.09 0.26 0.60 0.05
202-DOM 7.4 20.2 33.4 15.69 0.07 18.49 0.23 0.37 0.14 0.27
122-DOM 5.9 1.2 15.8 7.76 0.04 17.89 0.13 0.50 0.33 0.03
174-DOM 7.7 0.0 19.7 21.89 0.04 17.40 0.29 0.50 0.17 0.04
75-DOM 4.3 3.7 33.1 8.74 0.04 16.42 0.09 0.17 0.45 0.29
19-CSD 5.2 4.6 28.9 16.51 0.12 16.41 0.21 0.17 0.50 0.12
124-DOM 5.0 20.6 10.6 3.26 0.04 16.29 0.07 0.63 0.28 0.02
149-DOM 10.6 8.5 13.1 61.73 0.10 15.80 0.71 0.09 0.19 0.00
49-DAR 17.3 7.6 12.0 43.92 0.35 15.30 0.85 0.09 0.05 0.00
27-DOM 8.5 3.1 26.8 12.73 0.04 15.29 0.32 0.30 0.26 0.11
136-DOM 3.8 3.5 19.5 14.31 0.26 14.30 0.10 0.26 0.59 0.04
116-DOM 4.4 27.7 16.7 5.51 0.03 14.29 0.03 0.88 0.06 0.02
138-DOM 5.2 3.0 10.3 33.60 0.50 14.20 0.26 0.35 0.37 0.01
18-CSD 8.8 20.2 12.4 5.78 0.09 14.11 0.21 0.61 0.16 0.02
173-DOM 6.2 3.4 24.6 23.63 0.03 14.10 0.29 0.27 0.36 0.07
172-DOM 8.6 2.1 19.4 12.22 0.04 14.00 0.30 0.44 0.22 0.04
68-DOM 13.4 5.1 17.8 13.94 0.03 13.82 0.56 0.25 0.17 0.02
115-DOM 5.3 23.0 10.9 4.02 0.02 13.79 0.06 0.77 0.15 0.02
198-DOM 5.0 2.9 13.9 12.39 0.03 13.79 0.14 0.35 0.49 0.02
113-DOM 5.4 1.8 18.0 8.69 0.04 13.69 0.13 0.42 0.40 0.05
133-DOM 8.0 2.6 23.6 18.62 0.06 13.50 0.33 0.36 0.26 0.06
195-DOM 7.5 2.5 39.4 12.69 0.68 12.49 0.23 0.18 0.17 0.41
50-DOM 8.6 1.1 10.3 9.73 0.16 12.40 0.25 0.53 0.21 0.02
24-CSD 7.3 6.4 33.6 8.37 0.06 12.39 0.28 0.12 0.42 0.18
125-DOM 5.8 0.1 12.7 11.96 0.02 12.29 0.14 0.58 0.25 0.02
199-DOM 5.1 2.0 18.9 18.98 0.03 12.29 0.17 0.38 0.41 0.04
14-DOM 6.6 2.9 30.5 19.98 0.06 12.21 0.27 0.25 0.31 0.18
54-DOM 7.4 5.6 18.5 15.83 0.06 11.90 0.31 0.18 0.49 0.02
53-DOM 7.2 5.5 19.3 13.89 0.06 11.40 0.29 0.19 0.50 0.03
44-DOM 7.2 6.4 22.8 6.66 0.03 11.30 0.25 0.14 0.57 0.04
1-DOM 4.3 5.5 7.0 3.90 0.07 11.22 0.08 0.19 0.72 0.01
83-DOM 7.5 2.7 24.2 8.30 0.04 10.82 0.23 0.35 0.31 0.11
20-CSD 5.9 5.4 16.4 5.47 0.08 10.81 0.16 0.19 0.63 0.03
21-CSD 5.9 4.9 18.0 5.29 0.08 10.61 0.15 0.21 0.60 0.04
137-DOM 4.6 3.2 16.3 12.44 0.28 10.10 0.12 0.32 0.52 0.03

aWells are sorted by nitrate concentration in decreasing order.
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of the model to the observations. Therefore, it was necessary to constrain the prior densities around the
bulk of the literature values. These informative priors caused any lack of fit to be shared equally across all
four tracers (see supporting information Figure S3 for goodness of fit plot). Ten degrees of freedom (imply-
ing low prior variances) were used for all tracers modeled with t-distribution priors in order to give the mod-
el less latitude to shift posterior distributions away from the priors. For both distribution types, the mean
was set at or near the empirical mean value (the median value when only a range was available). For the
Gamma distribution, a rate was chosen based on the empirical mean and in order to ensure a reasonable
prior variance. For the t-distribution, a scale was chosen based on the model’s sensitivity to the prior, where
priors with high sensitivity were given a scale of 1 in order to make them more restrictive. Priors modeled
with a t-distribution that did not display high sensitivity were assigned a scale parameter that ensured cov-
erage over the entire range of literature values. See Figures 6–9 for histograms of literature or previous
study values and the corresponding prior probability distribution for each tracer in each source.

Bayesian models require the use of a ‘‘likelihood’’ function, typically in the form of a probability density func-
tion. The likelihood function here is based on a Gaussian distribution of errors around expected tracer val-
ues for each well. The Gaussian distribution permits the linear form of equations (1)–(4), derived from mass
balances. Gaussian errors seem reasonable for all tracers except iodine, which has a heavy upper tail. We
understand mass balances in the tracers’ conventional units of measurement (as opposed to log-scale units)
to be an essential feature of the model, and are therefore willing to accept a less-than-ideal error distribu-
tion for iodine.

MCMC methods were used to infer the marginal posterior distributions for each source fractional contribu-
tion, for each source and each well. MCMC is a simulation technique in which a long Markov chain is con-
structed in order to sample from the (unknown) posterior distribution. MCMC was performed using the
Gibbs sampler JAGS (Martyn Plummer, 2003, JAGS: A program for analysis of Bayesian graphical models
using Gibbs sampling). JAGS was run from within the statistical computing program, R (R Core Team, 2015,
R: A language and environment for statistical computing, R Foundation for Statistical Computing, Vienna,

Table 2. Reference Articles and Data Sets Used to Characterize Tracers in Nitrate Sourcesa

Tracer in Nitrate Source Reference Values for Prior Probability Densities Type of Prior

d15N-NO3 dairy manure Groundwater monitoring well samples from wells on SJV dairies
with corral or lagoon source areas [Young et al., 2013]

Gamma

d15N-NO3 synthetic fertilizer Literature values [Vit�oria et al., 2004; Mariotti and L�etolle, 1977;
Shearer et al., 1974; Kreitler, 1979; Freyer and Aly, 1974;
Heaton, 1986; Wassenaar, 1995; Fogg et al., 1998]

Student-t

d15N-NO3 septic waste Literature values [Aravena et al., 1993; Fogg et al., 1998] Gamma
d15N-NO3 natural sources (dissolved inorganic

nitrogen as nitrate in natural soils)
Literature values (given as range only) [Kendall, 1998] Student-t

d18O-NO3 dairy manure Groundwater monitoring well samples from wells on SJV dairies
with corral or lagoon source areas [Young et al., 2013]

Student-t

d18O-NO3 synthetic fertilizer Literature Values [Vit�oria et al., 2004; Amberger and Schmidt, 1987] Student-t
d18O-NO3 septic waste Literature values [Aravena et al., 1993; Panno et al., 2005] Student-t
d18O-NO3 natural sources (dissolved inorganic

nitrate in natural soils)
Literature values (given as range only) [Kendall et al., 2007] Student-t

d11B dairy manure Literature Values [Widory et al., 2004, 2005; Bassett et al., 1995; Komor, 1997] Student-t
d11B synthetic fertilizer Literature values [Komor, 1997; Vengosh et al., 1999; Accoe et al., 2008;

Tirez et al., 2010; Widory et al., 2005; Chetelat and Gaillardet, 2005]
Student-t

d11B septic waste Literature values [Widory et al., 2004, 2005; Bassett et al., 1995; Leenhouts et al., 1998;
Vengosh et al., 1999; Seiler, 2005; Accoe et al., 2008; Barth, 1998; Chetelat and Gaillardet, 2005]

Student-t

d11B natural sources (boron in groundwater
samples with nitrate below drinking
water standard)

Literature values (given as range only)b [Eppich et al., 2012] Student-t

Iodine dairy manure Groundwater monitoring well samples from wells on SJV dairies with corral or lagoon
source areas (T. Harter and K. M. Ransom, University of California Davis, unpublished
dairy monitoring well data) and Literature values [Panno et al., 2005]

Gamma

Iodine synthetic fertilizer Literature values [Panno et al., 2005] Gamma
Iodine septic waste Literature values [Panno et al., 2005; U.S. Department of Health and Human Services, 2004] Gamma
Iodine natural sources Literature values (given as range only) [Zhang et al., 2013] Gamma

aThe Gamma distribution was chosen as the prior probability density for tracers that are either highly unlikely to exhibit negative values in the source (d15N in manure and septic
waste due to ammonia volatilization) or where negative values are impossible (iodine concentrations in all four sources).

bd11B measured in groundwater samples from San Diego County, with NO3-N< 10 mg/L.
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Austria, http://www.R-project.org/), using the package rjags (Martyn Plummer, 2015, rjags: Bayesian Graphi-
cal Models using MCMC, R package version 3-15, http://CRAN.R-project.org/package5rjags).

In early experimental runs, we learned that the Markov chains mixed slowly: successive samples from the
posterior distribution were correlated even at large lags, and therefore long chains were required for reli-
able estimation. For inference, two chains were run, both with an adaptive phase of 10 million iterations in
which the sampler adjusted parameters in order to achieve efficient sampling (e.g., step size). Then, the first
10 million samples of both chains were discarded as the burn-in period (the period before the model con-
verges and proper mixing of the chains can be assumed). After burn-in, each chain was sampled 10 million
times with a thinning rate of 20,000 in order to produce 500 well-mixed realizations per chain. These realiza-
tions were then combined, for a total of 1000 posterior samples of each parameter. Posterior probability dis-
tributions, traceplots, and autocorrelation plots were inspected to verify proper mixing of chains and lack of
autocorrelation. Final model run time was approximately 8 h on a Intel Core I-5 4670 processor with 16 GB
of 1600 MHz DDR3 RAM.

The central tendency of the fractional contribution for each source to each well was calculated from the
posterior realizations as the geometric mean of all the realizations for each fractional contribution and
source combination, normalized by well [Aitchison et al., 2003]. The central tendency gives a single estimate
of the fractional contribution from each source to each well’s total nitrate value. Central tendencies were
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Madera

Merced
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Stanislaus

Counties

Nitrate-N (mg/L)
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Figure 1. Study wells color coded by nitrate concentration.
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mapped in order to examine potential
regional trends and also compared
graphically to land use surrounding
each well. We emphasize that, in this
work, the land use information near
each well was not used as prior infor-
mation, but instead as a validation
tool.

3. Results

The 56 domestic wells used for this
study are broadly distributed through-
out the four counties investigated,
with highest nitrate values found near
dairies in Merced and Stanislaus coun-
ties (Figure 1). Table 1 lists the wells,
their associated nitrate value, and the
measured value of each tracer as well
as the measured value for boron con-
centration, which was not used as a
tracer. The model is based on these
56 wells. Previous analysis of d15N-
NO3 and d18O-NO3 in the full suite of
200 domestic wells did not find signif-
icant evidence for denitrification in
the wells as a whole and this is based
on a combination of high d15N-NO3

values also associated with high
nitrate values and a scattered rela-
tionship between d15N-NO3 and d18O-
NO3 [Young et al., 2013]. In addition,
estimated oxygen reduction rates for
the Central Eastern SJV, which
includes the northern portion of our
study area are low (median rate of
0.12 mg L21 yr21) [Green et al., 2016]
and dissolved oxygen content in our

study wells with a measurement was above 5 mg/L on average. We therefore do not expect significant
denitrification within the shallow aquifer of our study region and consider the nitrate isotope data reliable
indicators of original nitrate source.

Ninety-five percent posterior credibility intervals for fractional source contributions are shown in Figures 2
and 3. The credibility intervals for fractional source contributions are mostly wide, with some extending
nearly the entire 0–1 range. Credibility intervals for different sources tend to overlap, especially for septic
and fertilizer. Credibility intervals for the manure source are generally much narrower than for septic and
fertilizer, and there are several wells for which the manure interval has little or no overlap with intervals for
other sources (4-DOM, 135-DOM, 42-DOM, 176-DOM, 149-DOM, 49-DAR). Credibility intervals for the natural
source are generally wider than the manure source, but more narrow than fertilizer and septic.

Calculated central tendency values for each well can be found in Table 1. Central tendency values and rel-
evant land use fractions were plotted on scatterplots to check for relationships between estimated frac-
tional contributions and land use (Figure 4). Wells surrounded by higher proportions of CAFO land use
and forage crops (to which dairy manure may be applied) appear to also have greater central tendency
values for manure, while wells surrounded by greater proportions of citrus and subtropical crops and nut
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Figure 2. 95% credibility intervals for fractional source contributions by well and
source. The first plot is the prior case example, shown to illustrate the prior credi-
bility intervals imposed on each well. Below the prior case example, wells are
sorted by measured nitrate concentration (as in Table 1), in descending order (first
28 wells are shown). The dot is the mean for each source.
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crops appear to have high central ten-
dency values for fertilizer. Peri-urban
land use surrounding wells appears to
be negatively correlated with central
tendency values for septic waste. Cen-
tral tendency values were plotted as
pie charts for each well on a map and
examined for regional trends (Figure
5). Several potential trends stand out
on the figure: a grouping of wells with
larger predicted manure fractions
between the cities of Patterson, Tur-
lock, Newman, and Hilmar, corre-
sponding to a region with a high
density of dairies; wells with a domi-
nant fertilizer fraction along the east-
ern edge of Tulare County near Orosi
and Woodlake, corresponding to a
region with long-standing citrus and
tree-fruit cultivation; and several wells
with high septic fractions near large
urban centers such as well 120-DOM
north of Visalia and wells 115-DOM
and 116-DOM east of Tulare city.

Posterior probability densities of
source tracer signatures are shown in
Figures 6–9 superimposed over the
prior probability densities and com-
piled tracer values used to define the
prior densities. Posteriors are typically
concentrated within the range of prior
values, except for d18O in fertilizer,
where the posterior shifts noticeably
to lower values (Figure 7). The posteri-
or for d11B in natural sources spans
the approximate range of the prior;

however, the posterior has a noteworthy increase in the median value (approximately 25& for the prior
versus 45& for the posterior). Posteriors for d15N and d18O in manure as well as d15N in septic are notice-
ably more narrow than the respective priors. All posteriors were unimodal except for iodine in manure,
which is bimodal with modes at approximately 55 and 80 lg/L. The Gaussian error model for iodine meas-
urements does not appear to negatively affect inferences, as the posteriors for iodine are relatively well-
behaved.

4. Discussion

We chose parameters of the Dirichlet prior that implied equal fractional contributions for manure, septic,
and fertilizer, with lower expected contributions from natural sources. This implemented our hypothesis
that the model should not favor one source over the others (except to down weight natural sources) prior
to confronting actual tracer values. The Dirichlet parameters further implied low prior variances for the frac-
tional contributions. We found that low prior variances led to better mixing of Markov Chains. This is likely
because high Dirichlet variance gives the model the flexibility to interpret slight differences in tracer values
as evidence for one dominant source, even though those values for a single tracer may be within the over-
lapping range for two different sources. Mixing of multiple nitrate sources seems to be inherent to the
hydrogeological processes that generated the measured tracer values in these wells; in contradiction to
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Figure 3. 95% credibility intervals for fractional source contributions by well and
source. Wells are sorted by measured nitrate concentration (as in Table 1), in
descending order (last 28 wells are shown). The dot is the mean for each source.
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this, large Dirichlet variances appeared to disfavor mixing of multiple sources. The Dirichlet parameters we
finally chose were flexible, in that prior credibility intervals for mixing fractions were wide enough to accom-
modate various amounts of mixing (see Figure 2, ‘‘Prior Case’’), yet the prior parameters allowed one source
to dominate if the empirical evidence was strong.

As with the prior credibility intervals, the posterior credibility intervals for fractional contributions of differ-
ent sources are also wide, with considerable overlap in many cases, indicating potentially similar contribu-
tions from each of septic, fertilizer, and/or manure. Posterior credibility intervals characterize our degree of
uncertainty about estimated source fractions, with wider intervals indicating more uncertainty about the
true value. In particular, as made apparent from the wide and often overlapping credibility intervals for sep-
tic and fertilizer, our ability to distinguish these two sources is limited, using the current set of tracers (see
below for further discussion). To a limited degree, the significant overlap may also indicate that somewhat
similar proportions of synthetic fertilizer and septic waste may contribute to the pumped groundwater in
domestic wells. We believe the overlapping credibility intervals faithfully represent uncertainty that is inher-
ent in the use of this set of tracers.
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Figure 4. Calculated central tendency values and land use fractions, by well, for relevant source-land use comparisons. Central tendency values are calculated as the geometric mean of
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The evidence embedded in the water quality data was sufficiently strong in some cases to clearly identify
one source as the majority contributor, mainly the manure source. This is the case for wells 4-DOM, 135-
DOM, 42-DOM, 176-DOM, 149-DOM, and 49-DAR which all have d15N values above 10&, have iodine con-
centrations among the highest 6 values for all wells in this study, and tend to have d11B values above or
near 20& (all of these tracer values are within or specific to the signature profiles for manure, see Table 1).
In the current model, the manure contribution of these wells can be described with relative certainty.

Normalized central tendency values were plotted on a map of the study area and two regional trends are
apparent (Figure 5). The first and most apparent trend is the grouping of wells with a larger central tenden-
cy value for manure in the Stanislaus and Merced County region near the city of Hilmar and Turlock (west
of Livingston and east of Newman). These include five of the six wells listed in the previous paragraph (4-
DOM, 135-DOM, 42-DOM, 176-DOM, and 149-DOM) and five additional wells (43-DOM, 10-DOM, 13-DOM, 9-
DOM, and 5-DOM). Each well listed has a normalized manure central tendency value above 0.5 and very
strong evidence in the tracer values for a manure nitrate source. In terms of land use, these 10 wells are
located in a region with very dense CAFO farming and each of these wells has dairy corrals and manure
storage lagoons located within 2.4 km in all directions of the well. Wells with a greater amount of CAFO
land use and/or forage crops (forage crops grown for dairy feed are typically irrigated with liquid manure
from dairy lagoons) nearby appear to have greater predicted contributions from manure nitrate (Figure 4).
It is therefore very likely that the well source area for each of these wells is affected by a dairy corral, manure
storage lagoon, or liquid manure applied to forage crops on dairy lands.

Another notable regional trend is the larger central tendencies for fertilizer in three wells in the northern
portion of Tulare County near Orosi (57-DOM, 21-CSD, and 20-CSD, with normalized central tendency values
for fertilizer of 0.73, 0.60, and 0.63, respectively) and five wells in the eastern portion of the SJV in Tulare
County near Woodlake (wells 107-DOM, 54-DOM, 53-DOM, 44-DOM, and 24-CSD, with normalized central
tendency values for fertilizer of 0.40, 0.49, 0.50, 0.57, and 0.42, respectively). These nine wells are surrounded
by mostly citrus and subtropical crops (with over 40 percent of well buffers for each well as citrus and sub-
tropical). Wells surrounded by predominantly citrus and subtropical crops tend to have large estimated fer-
tilizer contributions (Figure 4). Therefore, it is likely that wells in this region are affected by excess nitrogen
fertilizers applied to these crops. The wells in this region with a predicted high nitrate contribution from fer-
tilizer generally had iodine concentrations less than 16 lg/L, d15N values less than 10&, d18O values greater
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than 5&, and d11B values less than 20& though this is not always the case. As an example, wells 107-DOM
and 24-CSD have d11B values greater than 30& and the flexibility allowed here highlights the usefulness of
the Bayesian aspect of the source tracers model.

Wells with high septic central tendency values appear to be located on the outskirts of urban centers. Sever-
al examples of this pattern are: three wells in Porterville (18-CSD, 50-DOM, and 105-DOM), two wells in
Tulare (115-DOM and 116-DOM), one well immediately north of Visalia (120-DOM), and three wells on the
south side of Livingston (125-DOM, 124-DOM, and 122-DOM) (Figure 5). All wells in this study were located
at homes or dairies that were not connected to a central sewage disposal system and therefore each have a
potential for contamination by septic waste due to preferential flow paths along the well gravel pack [Horn
and Harter, 2009]. Though, the likelihood that septic system waste affects a well depends on several varia-
bles including condition of the septic system, setback distance, and septic system density. Poorly main-
tained systems, too low a setback distance between the well and the septic system or high density of
systems increases the probability that septic waste will contaminate a well [Bremer and Harter, 2012]. In
addition, leaky sewer systems can be an important source of nitrate in urbanized or incorporated areas
[Viers et al., 2012]. The specific wells listed above are likely affected by a wastewater source as septic system
density tends to be high in the rural and unincorporated areas where these wells are located and due to
the proximity of potentially leaky sewer lines within the incorporated zones.

Results of the land use analysis show the percentage of peri-urban land use in well buffers appears to be
negatively correlated with septic central tendency values; however, no apparent correlation exists between
urban land use and septic values (Figure 4). The counterintuitive negative correlation between peri-urban
and septic is likely the result of a significant amount of manure or synthetic fertilizer applied to crop lands
immediately adjacent to farmstead residences. Peri-urban land use in this study is mostly the Department
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Figure 6. d15N-NO3 measured in dairy manure, septic waste, synthetic fertilizers, and natural sources (dissolved inorganic nitrogen as
nitrate in natural soils) as compiled from literature sources (green bars), prior probability density used in analysis (grey line), and posterior
probability density predicted by the model (red line). If no green bars are shown, values were given as a range only (Table 2).
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of Water Resources ‘‘farmstead residence’’ land use category (see supporting information), which appears to
only include the residence and surrounding landscape area and not the crop land typically associated with
such residences. Therefore, our model predicts a greater septic nitrate contribution for wells with fewer
farmstead residences nearby as areas with many farmstead residences are likely to have high manure and
fertilizer nitrate contributions. Alternatively, farmstead residences are more likely to occur further from
urban centers and wells with less farmstead residences nearby are more likely to have a greater amount of
urban land use near the well, which appears to include rural unincorporated areas with high septic system
density.

Two wells in areas of dense CAFO land use within Tulare County (17-DAR, located on a dairy, and 118-DOM)
had greater normalized central tendency values for septic (0.52 and 0.88, respectively) and lower central tenden-
cy values for manure (0.34 and 0.03, respectively). The septic source contribution predicted for these wells is
likely greater because both of these wells had iodine concentrations less than 10 lg/L and the posterior proba-
bility density for iodine in manure excludes the possibility of low iodine concentration dairy waste (less than 20
lg/L). The posterior density for iodine in dairy waste was noticeably shifted away from lower concentrations
incorporated in the prior, an effect known as ‘‘Bayesian learning,’’ in which empirical evidence overwhelms the
prior, concentrating posterior probability in a different range. The shift to higher posterior iodine concentrations
for dairy sources suggests that wells with higher iodine concentrations also tended to have measured values for
the other three tracers that were consistent with a manure signature. Well 17-DAR, more likely affected by septic
sources, had the lowest d11B value measured in the sample (4.6&), making manure sources unlikely. Well 118-
DOM had a d11B value (23.6&) that may indicate some manure contributions or may be due to septic waste
from a household not using soaps containing sodium perborate. While the model indicates that septic waste is
likely to be a dominant source of nitrate to this well, it does not exclude the possibility that 118-DOM is impact-
ed by manure from nearby dairies that may not use iodine disinfection products.
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Figure 7. d18O-NO3 measured in dairy manure, septic waste, synthetic fertilizers, and natural sources (dissolved inorganic nitrate in natural
soils) as compiled from literature sources (green bars), prior probability density used in analysis (grey line), and posterior probability densi-
ty predicted by the model (red line). If no green bars are shown, values were given as a range only (Table 2).
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Several wells do not have normalized central tendency values for the three main nitrate sources that appear
significantly different from the prior mean value (0.3). This is caused by a lack of evidence in the measured
tracer values for a dominant source, and may indicate even contributions from manure, septic, and fertilizer
sources. In other words, the chemical signature detected provides no strong evidence that the contributions
of various nitrate sources are different from the naively assumed contributions, based on a general notion
of the potential available sources.

It is important to keep in mind that the central tendencies (Figure 5) are useful to understand spatial trends,
but do not reflect the statistical range predicted by the model. We further point out that the contribution
from several types of nitrogen sources, particularly the contribution of natural sources to the nitrogen signa-
ture in a well, may be due to the presence of spatially adjacent, multiple sources within the source area
(recharge area) of a well; but it may also be due to changes in land use over time, as the water samples rep-
resent a mixed age of travel time. Within the study area, groundwater age tends to increase with depth,
with older water typically entering in the lower portion of the well screen and younger water the upper por-
tion of the well screen [Burow et al., 2007]. Partial contribution from natural sources may reflect older water
ages in the sample, from low nitrate recharge prior to intensive use of fertilizer as studies have shown that
the primary driver controlling groundwater nitrate concentrations over time within the Central Valley is agri-
cultural nitrogen loading [Landon et al., 2011; Viers et al., 2012]. Similarly, partial contributions from manure
sources may reflect younger fractions of the water sample associated with the large increase in animal herd
density and manure disposal at California dairies between the 1960s and the 2000s [Viers et al., 2012].

Posterior probability densities for values of the tracers in the sources can be considered secondary results
of the model. Most tracers show evidence of Bayesian learning, the posteriors having noticeably shifted or
concentrated mass, in comparison to the priors. The posterior for d18O values in fertilizer is something of an
extreme example: here the measured tracer values in wells seem almost incompatible with the prior
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distribution based on data from the literature (Table 1 and Figure 7). This disagreement between the mea-
sured well water values and the prior values for d18O could be due to the d18O values typically found in the
types of fertilizer used to define the priors versus the values in the types of fertilizer actually applied. The
prior for d18O in fertilizer nitrate was based on nitrate as nitrate fertilizer values and did not include values
for nitrate nitrified from ammonium fertilizers, which are much lower (between approximately 215 to 15&)
[Kendall et al., 2007]. Nitrate as nitrate fertilizer generally has high d18O values (between about 15 and 25&)
due to the incorporation of atmospheric oxygen (23&) in the fertilizer manufacturing process [Kendall et al.,
2007]. On the other hand, nitrate derived from subsurface nitrification of ammonium fertilizers within the
unsaturated zone has a lower d18O value due to the theoretical incorporation of one oxygen atom from air
and two from the surrounding soil water [Kendall et al., 2007].

Reported fertilizer sales for the year 1991 within the four counties in which the study wells are located
report a greater amount of sales of nitrate fertilizers (by weight); however, ammonium fertilizers account for
approximately forty percent, by weight, of total nitrogen products sold (California Department of Food and
Agriculture, Fertilizing Materials Tonnage Report, January through December, 1991, http://www.cdfa.ca.gov/
is/ffldrs/Fertilizer_Tonnage.html). In order to calculate the total sales of each type of nitrogen fertilizer, we
split the reported weights for ammonium nitrate products evenly between the ammonium and nitrate cate-
gories and ignore the blood meal category and the category classified as other. Fertilizers purchased within
these counties may not necessarily be applied within the county. However, it is reasonable to assume that
the wells are affected by ammonium fertilizers or a mixture of nitrate and ammonium fertilizers. These
results are consistent with the findings in Young et al. [2013].

In this study, manure sources appeared to be well distinguished from septic and fertilizer sources, but the
latter sources were not readily distinguishable from one another. Prior values of boron isotopes in septic
and fertilizer largely overlap likely due to the use of the same boron containing minerals in fertilizers and
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household products [Vengosh et al., 1999]. In addition, boron as Borax (aka sodium borate) was reported as
being sold for agricultural use in California in 1992 (California Department of Food and Agriculture, Fertiliz-
ing Materials Tonnage Report, January through June 1992, https://www.cdfa.ca.gov/is/ffldrs/pdfs/1992_Ton-
nage.pdf). However, prior information for the values of the four selected tracers in septic waste and fertilizer
sources show a unique signature for both septic waste and fertilizer with septic waste having potentially
elevated d15N values and iodine concentration, while nitrate fertilizer is expected to have a highly elevated
d18O value. The posterior distributions for d15N and iodine in septic waste are more focused on the lower
values covered by the priors. Also, the posterior distribution for d18O in fertilizer shows a significant shift
toward lower values, making the posterior signatures of septic waste and fertilizer sources fairly similar. This
shift is likely due, as discussed above, to the application of a combination of ammonium and nitrate fertil-
izers, resulting in nitrate with a lower d18O value than that of pure nitrate fertilizers. Therefore, the fertilizer
source in the current model can be thought of as a mixed source in itself.

Given the current set of tracers, it is possible to tell the difference between septic waste and nitrate fertil-
izers, but not septic waste and ammonium fertilizers. However, if ammonium and nitrate fertilizers are
approximately evenly mixed, a unique signature for each of septic and fertilizer could still exist, with fertiliz-
er having slightly elevated d18O values as shown by our model output (Figure 7). Where the credibility inter-
vals for septic waste and fertilizer are wide and mostly overlap: either no single source dominates in its
contribution to the well water (septic and fertilizer sources are well mixed); or one source is in fact dominat-
ing in its contribution, but the analysis cannot identify that source with statistical significance. Mixing of fer-
tilizer and septic waste may be common in the rural unincorporated areas where the well water samples
were collected and our results indicate that, in general, we cannot currently differentiate fractional contribu-
tions from the two sources with a high degree of certainty.

This model design requires at least an equal number of tracers for the number of selected sources. Addi-
tional tracers such as sodium, chloride, pesticides expected to comigrate in the subsurface with fertilizer
leachate, or substances specific to septic waste such as personal care by-products or pharmaceuticals may
be added in order to improve model predictions. Specifically, an additional tracer with a unique signature
between ammonium fertilizer and septic waste could improve our ability to differentiate between these
two sources.

The majority of source tracer signatures were approximated based on literature values and this is consid-
ered the best possible approximation of end member tracer signatures, given the available resources, and
especially considering the degree of variability (both geographically and historically) in land use and agricul-
tural practices across the large study region. At the time of this study, there was no information on the
d15N, d18O, and d11B values, or iodine concentrations in septic waste, synthetic fertilizers, and natural sour-
ces specific to the SJV. There are also no d11B values in manure available that are specific to the SJV. Charac-
terizing study-area specific source tracer values in a region as diverse as the SJV would require a large-scale
study, but could potentially improve model predictions. In addition, information on type of nitrogen fertiliz-
er applied to crops and use of iodine containing disinfection products on dairies could improve the reliabili-
ty of the model’s prior source signatures.

This study does not account for nitrate in atmospheric deposition, a potentially important source of nitrate
to groundwater in some areas, though contributions are expected to be much lower than those of manure,
fertilizer, or septic waste [Viers et al., 2012]. Nitrate from atmospheric deposition was not selected over natu-
ral sources because atmospheric deposition is not a significant source of boron or iodine. The addition of at
least one more tracer would allow the incorporation of the atmospheric deposition source. Depending on
the selected tracer source signatures, the addition of a fifth nitrate source could improve or further obscure
the model fractional contribution predictions.

5. Conclusions

The Bayesian mixing model is a principled, data-driven way to provide objective insight about the probabili-
ty distribution of the fractional contribution of various nitrate sources to nitrate in an individual well. The
model makes explicit use of variability in end-member tracer measurements, allows for overlap between
source signatures, accounts for the uncertainty within those signatures in the model results, and includes
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the opportunity for updating our current knowledge about source tracer signatures via ‘‘Bayesian learning,’’
all distinct advantages of the Bayesian model approach over the deterministic approach.

Our model output shows the manure source to have the most distinctive signature in terms of the four
selected tracers, and we find manure is clearly the dominant source of overall nitrate to several study wells
in areas where dairy corrals and lagoons as well as manure-receiving forage fields play a prominent role in
the landscape. Septic and fertilizer waste were more difficult to distinguish though several wells seem domi-
nated by one or the other and the results were consistent with nearby land use types. Septic and fertilizer
waste may mix more often, or our ability to distinguish between the two could be affected by the applica-
tion of ammonium fertilizers which have tracer signatures similar to septic waste. Tracer values in distinct
types of the same general source (such as ammonium versus nitrate fertilizers) should be considered in
future studies. Fractionation of isotope signatures in the subsurface such as from denitrification or absorp-
tion of dissolved boron to the aquifer matrix can also further hamper our ability to distinguish sources.

In contrast to deterministic mixing models, the Bayesian analysis proposed here clearly identifies the degree
of uncertainty that remains in apportioning contributions from different nitrate sources to well nitrate, even
with the unique signatures from the four tracers selected here. For some wells, our analysis predicts near
equal mixing proportions for each of septic, fertilizer, and manure sources, with a high degree of uncertain-
ty. This could reflect true mixing, or a lack of information in the tracer values as sources were initially
assigned equal mixing proportions for each source (with the exception of natural, which was given a lower
initial mixing proportion). Equal mixing proportions for the three major sources of nitrate were initially
assigned to each well due to a lack of detailed site-specific information in each case.

Predictions could be improved by either better defining source tracer signatures for each source by analyz-
ing sources local to the study area, or by narrowing down potential source contributions to each well based
on site-specific investigations. Useful information could include well depth and detailed hydrogeologic
information to identify the actual well source area as opposed to relying on an approximated circular well
buffer, historical information on nearby fertilizer application types and rates (and specifically whether or not
those fertilizers contained boron), historical information on nearby manure applications (including solid
manure exported off dairies and applied to crops greater than 16 km from a dairy), use of iodine on nearby
dairies, amount of iodine in nearby septic waste, and historical and current information on use of sodium
perborate containing products in surrounding households. Future studies could improve upon our current
findings with further investigation into the sources of uncertainty listed here.
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