The Annals of Applied Statistics

2020, Vol. 14, No. 4, 1651-1675
https://doi.org/10.1214/20-A0AS 1371

© Institute of Mathematical Statistics, 2020

DATA FUSION MODEL FOR SPECIATED NITROGEN TO IDENTIFY
ENVIRONMENTAL DRIVERS AND IMPROVE ESTIMATION OF NITROGEN
IN LAKES

BY ERIN M. SCHLIEP!", SARAH M. COLLINSZ, SHIRLEY ROJAS-SALAZAR!T,
NoAH R. LOTTIG># AND EMILY H. STANLEY?$

1Department of Statistics, University of Missouri, *schliepe@missouri.edu; T srnw3@mail. missouri.edu
2Department of Zoology and Physiology, University of Wyoming, sarah.collins @uwyo.edu
3 Center for Limnology, University of Wisconsin, inrlottig@wisrc. edu; §ehstanley@wisc. edu

Concentrations of nitrogen provide a critical metric for understanding
ecosystem function and water quality in lakes. However, varying approaches
for quantifying nitrogen concentrations may bias the comparison of water
quality across lakes and regions. Different measurements of total nitrogen ex-
ist based on its composition (e.g., organic versus inorganic, dissolved versus
particulate), which we refer to as nitrogen species. Fortunately, measurements
of multiple nitrogen species are often collected and can, therefore, be lever-
aged together to inform our understanding of the controls on total nitrogen in
lakes. We develop a multivariate hierarchical statistical model that fuses spe-
ciated nitrogen measurements, obtained across multiple methods of reporting,
in order to improve our estimates of total nitrogen. The model accounts for
lower detection limits and measurement error that vary across lake, species
and observation. By modeling speciated nitrogen, as opposed to previous ef-
forts that mostly consider only total nitrogen, we obtain more resolved infer-
ence with regard to differences in sources of nitrogen and their relationship
with complex environmental drivers. We illustrate the inferential benefits of
our model using speciated nitrogen data from the LAke GeOSpatial and tem-
poral database (LAGOS).

1. Introduction. Water quality in freshwater ecosystems is often controlled by the avail-
ability of nutrients. Historically, most research focused on phosphorus as the foremost control
on primary production in lakes (Schindler et al. (2008), Schindler (2012)), but recent stud-
ies have highlighted a critical role for nitrogen (N) in shaping ecosystem function and water
quality (Paerl et al. (2016), Harpole et al. (2011)). Both the amount and the form in which
N occurs is significant, as the inorganic forms of this nutrient (defined below) have been
associated with the formation of toxin-forming algal blooms (Glibert et al. (2016), Gobler
et al. (2016)). While it has become apparent that understanding the sources and cycling of N
is imperative for characterizing and managing lake water quality, several factors have made
this task challenging. First, the total quantity of nitrogen (total nitrogen or TN) in lake water
can be broken down into several forms (e.g., organic vs. inorganic, dissolved vs. particulate,
hereafter referred to as N “species”); each species may have different sources, and there are
complex environmental processes (referred to as drivers) of the sources of and transforma-
tions between species (Wetzel (2001)). Second, different measurement methods with varying
detection limits can be used to “observe” TN (Saunders et al. (2017), Stow et al. (2018))
which can lead to potential biases when compared across time and lakes. Finally, there is
dramatic variation in nutrient levels among lakes (Read et al. (2015)) as well as lake and wa-
tershed characteristics across continental scales (Hill et al. (2018)), necessitating macroscale
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studies to develop a generalized understanding of controls on TN. We address these chal-
lenges by developing a multivariate hierarchical model that can be used to simultaneously
evaluate environmental drivers of multiple species of nitrogen in lakes across continental
scales and can accommodate complex data that include different measurement methods, data
sources and detection limits.

Measurable nitrogen species in lakes include total nitrogen (TN), total kjeldahl nitrogen
(TKN), ammonium (NHy4) and nitrate-nitrite (NO;NO3). Letting DOPN denote dissolved
organic and particulate nitrogen, which is never measured directly, TN can be decomposed
as

(D) TN = DOPN + NH4 + NO,NO3,
where
) TKN = DOPN + NHy.

The two common measurement methods for TN include: (i) directly measured TN data and
(i1) TN calculated from the sum of TKN and NO,NOs3. To our knowledge, neither the dis-
tinction between these methods nor the fusion of measurements of multiple subspecies of
nitrogen have been accounted for in a statistical model-based framework.

A number of landscape characteristics (Table 1) can influence the delivery of TN from
land to lake ecosystems, and these processes vary dramatically across the United States (Read
et al. (2015), Collins et al. (2017)). Variables that are broadly structured over space, such as
climate or agriculture, can influence the magnitude of N sources and transport through wa-
tersheds (Chen et al. (2015)). Local characteristics, such as lake depth, can also have a strong
influence on nutrient concentrations in lakes at continental scales (Read et al. (2015)). Exam-
ples of these broad and local characteristics are shown spatially in Figure 12 of Appendix B.
Collectively, we refer to these environmental characteristics as possible environmental drivers
of nitrogen which are often treated as covariates in a statistical regression model.

The effects of environmental drivers might influence each N species differently. For ex-
ample, row-crop agriculture is likely to have a strong relationship with NO;NOs3 due to per-
vasive fertilizer use and susceptibility of soils to leach nitrate to receiving streams and lakes
(Cameron, Di and Moir (2013), Dorioz and Ferhi (1994)). Whereas previous analyses with
continental or subcontinental data have developed relationships between only total nitrogen
and important environmental drivers (e.g., Knoll et al. (2015), Read et al. (2015), Collins
et al. (2017)) or the relationships between the species but not the environment (e.g., Wu
et al. (2017)), our model allows for both nitrogen species-specific relationships with these
environmental drivers and possible dependence between species. Understanding potentially
synergistic or contradictory relationships between each N species and environmental driver

TABLE 1
Environmental drivers of lake nutrients at the lake or regional scale

Region-specific baseflow
runoff
atmospheric nitrogen deposition
watershed land use (% row crop, % forest, % wetland)

Lake-specific lake area
maximum depth
lake-to-watershed area ratio
measures of lake connectivity
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will give additional insight into our understanding of N dynamics and could be useful for
management.

We develop the model using data from LAGOS-NE v.1.087.3,! a lake water quality
database that assimilated and harmonized lake nutrient data from 87 agency, university, tribal
and citizen monitoring programs and includes different methods for measurement and detec-
tion levels (Soranno et al. (2015a), Soranno et al. (2017), Soranno and Cheruvelil (2017)).
We also use auxiliary data from the United States Geological Survey (USGS) Standard Ref-
erence Sample Project? and North-Temperate Lakes Long Term Ecological Research (LTER)
program? to quantify the specific measurement errors for each species of nitrogen. Included
in LAGOS-NE are N species data from several thousand lakes across a 17-state region in
the Northeastern and Midwestern United States, providing a unique opportunity to examine
drivers of different N species at a broad spatial extent with heterogeneous land use, climate
and lake characteristics. A detailed description of the LAGOS-NE data used in this analysis
as well as the auxiliary data is provided in Section 3.

The process of building LAGOS-NE included a QA/QC procedure intended to harmo-
nize data from different sampling programs so, they can be compared over space and time
(Soranno et al. (2015a)), but different methods of quantifying total nitrogen exist across sam-
pling programs, including both directly measured and calculated TN. While an in-depth anal-
ysis showed that these methods generate comparable results (Stanley et al. (2019b)), sampling
bias might exist. For the LAGOS-NE lakes used in this analysis, Figure 1 shows the median
annual reported value of total N for the years 1980-2012 as well as the method used to report
total N, either measured or calculated. The method of reporting varies across LAGOS-NE

500 1000 15000ug/L
O TN Measured
v TN Calculated

FI1G. 1. Median observations of TN across LAGOS-NE by method of reporting (measured or calculated) showing
state and regional variation and clustering in both N concentration (ug/L) and method.

IData from LAGOS-NE are available at https://lagoslakes.org/products/data-products/. See the LAGOSNE R
package to load and use the data (Stachelek and Oliver (2017)).

2Data from the USGS Standard Reference Sample Project are available at https://bgs.usgs.gov/srs/.

3Data from the North-Temperate Lakes Long Term Ecological Research program are available at https:/lter.
limnology.wisc.edu/.
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FIG. 2.  Median observations of TN by method of reporting (measured or calculated) for the state of Minnesota
showing a north-south gradient in N concentration (jg/L).

and has strong state and regional bias toward calculated TN in high-nutrient lakes in the up-
per Midwest and measured TN in low-nutrient lakes in the Northeast. Figure 2 provides an
enhanced view of the nutrient data and reporting method for the state of Minnesota. Lakes in
northern Minnesota tend to have low nitrogen concentrations compared to those in the south.
Both methods of reporting are present in Minnesota; however, measured TN appears to be
favored in the north, whereas the two methods are more equally favored in the central and
southern portion of the state. Another common difference among sampling programs is that
the lower limit of detection for nitrogen is highly variable or often unreported (Stow et al.
(2018)). In addition, both the detection limit and measurement error for the different species
of nitrogen (e.g., organic versus inorganic) can vary (Saunders et al. (2017)). Most inferential
models developed to understand drivers of lake TN fail to include any information about de-
tection limits for individual observations despite their potential importance (e.g., Oliver et al.
(2017), Wagner and Schliep (2018)). Models that accommodate these technical differences
among programs (i.e., measured vs. calculated, detection limits and measurement error) will
enhance our understanding of the patterns and drivers of lake water quality but, as of yet,
have not been widely used.

The challenge of modeling data from different sources is common in environmental and
ecological applications where observations may be obtained from a combination of ground-
level data (e.g., field data, monitoring stations) and remote-sensing data (e.g., satellites, Li-
DAR). In addition, these data sources might vary in terms of the type of data collected, such
as species presence/absence data or abundance and the spatial and/or temporal resolution of
the data product (e.g., point-level data, areal-unit data). To leverage the information provided
from mismatched data sources, types and scales, data fusion approaches (e.g., Fuentes and
Raftery (2005), Pacifici et al. (2017), Hilker et al. (2009)) and statistical downscalers (e.g.,
Guillas et al. (2008), Berrocal, Gelfand and Holland (2010)) have been proposed. Modifi-
cations and extensions of joint distribution models have also been developed that account
for different data types (including censored data) as well as heterogeneous sampling efforts
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(e.g., generalized joint attribute models, Clark et al. (2017)). The variability in data collection
might exist due to variations in plot sizes, search times or gear type, each of which can greatly
influence inference and prediction if not accounted for in the model.

Our work borrows ideas from Rundel et al. (2015), who propose a multivariate statistical
model for air quality metrics using data from three ground monitoring station networks and
gridded computer model data. The data from these four sources include various measure-
ments of speciated and total particulate matter (PM> 5). Their multilevel model specification
using latent processes ensures that total PM is equal to the sum of its components (which,
like in LAGOS, is not necessarily true in the observed data) and allows for variability in mea-
surement error from the different sources and variable type. Their work directly models the
spatial variability of PM, s and its speciated components using spatially dependent processes,
as opposed to modeling the variability by regressing on auxiliary explanatory variables. Im-
portantly, they are not tasked with incorporating lower detection limits in their model nor
interested in understanding the variability in environmental drivers of the variables of inter-
est.

The remainder of this article is organized as follows. In Section 2 we develop the statistical
data-fusion model for total nitrogen that addresses the challenges of multiple methods for
obtaining TN and speciated nitrogen observations as well as the variability in lower detection
limits and measurement error. For comparison, an analogous univariate model for TN is also
presented. Model inference is obtained in a Bayesian framework; details of which are given in
Section 2. The speciated nitrogen model is applied to the LAGOS-NE data from the 17 state
region of the northeast United States in Section 3. Inference from the multivariate model
is presented and compared to that from the univariate model. Section 4 concludes with a
discussion and directions for further research.

2. Speciated nitrogen model specification. The four measurable quantities of speciated
nitrogen in lakes include TN, TKN, NH4 and NO,NO3. Due to the variability in observers
making the measurements of speciated nitrogen at each lake, all four measurements are rarely
reported simultaneously. As shown in (1) and (2), each measurable quantity can be written
as a linear combination of the three distinct species: DOPN, NHy, and NO,NO3. From a
modeling perspective, by decomposing TN into these three nonnegative components, we can
ensure the proper inequalities between the variables are held. In particular, TKN > NHy4,
TN > TKN and TN > NO,;NOs3. Due to measurement error, which includes human error
in reporting, these inequalities are often violated in the reported speciated nitrogen data in
LAGOS. For reference, in the data used in our analysis, 1%, 6% and 15% of lakes have
observations that violate the three inequalities, respectively, and no identifiable patterns of
these violations were detected.

The purpose of this analysis is to build a model that leverages the information across all
measurements of speciated nitrogen in order to: (i) better estimate total nitrogen and (ii) make
more resolved inference with regard to the environmental drivers of speciated nitrogen. To
this end, we propose a multivariate hierarchical statistical model for the three species: DOPN,
NHy4 and NO;NO3. The model will allow for dependence between speciated nitrogen concen-
trations and account for the variability in method of reported TN (measured vs. calculated)
across the landscape and the associated error in observations. In addition, each of the measur-
able variables is subject to a detection limit which is lake specific. That is, for each variable
and each lake there is a lower bound on the detectable value for that variable. This detection
information will be incorporated into the multivariate statistical model for speciated nitrogen.
We will compare our multivariate model to the customary univariate model for total nitrogen,
which neglects to differentiate between method of reporting TN, and highlight the differences
between the two models in terms of estimating total nitrogen and inferring about important
environmental drivers.
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2.1. Multivariate hierarchical data-fusion model for speciated nitrogen. The multivari-
ate model is specified hierarchically following the traditional form

[data|process, parameters][process|parameters][parameters].

Here, [data|process, parameters] denotes the data model which will incorporate measure-
ment error and detection limits of the measurable speciated nitrogen, given the process and
parameters. The process model [process|parameters] captures the true latent process of the
distribution of speciated nitrogen and their dependencies. Lastly, [parameters] denotes the
distribution for all model parameters that specify the data model and process of speciated
nitrogen. Given this hierarchical specification, model inference is commonly obtained in a
Bayesian framework.

Process model. We begin by specifying the process model for speciated nitrogen given
parameters. Let Y; denote the vector of latent variables for lake i where Y; = (DOPN;,
NH4 ;, NO;NO3 ;)". We model these variables jointly on the log-scale to account for right
skewness in the variables and to ensure nonnegative values of speciated nitrogen. In addition,
the joint-model specification allows for possible dependence between these species of nitro-
gen at the lake level. We refer to Y; as the vector of true values of speciated nitrogen for lake
i. Given the parameters B and X, the process model is specified as

3) log(Y;) ~MVN(BX;, X),

where X; is a length p vector of lake specific covariates, B is a 3 x p matrix of coefficients
and X is a 3 x 3 matrix capturing the dependence in the latent variables within lake and vari-
ability across lake that is not accounted for by the regression. Importantly, this process-model
specification enables resolved species-specific inference, both in terms of the environmental
drivers of nitrogen through the parameter matrix B and the unexplained variability in nitrogen
across lake through the covariance matrix X.

Data model. Next, given the process and parameters, we specify the data model. We begin
with a general form for the model and then specify modifications important to our application.
Let r denote replicate observation for lake i, where r = 1,..., R; with R; equalling the
number of observations. Then, define Z;(,) as the vector of measurable speciated nitrogen
data, where Z;) = (TN;(), TKN; (), NH4 (), NO2NO3 (). Recall from (1) and (2) that
TN; and TKN; are composed of the distinct elements of the process model, Y;, and that
DOPN; is never measured directly, only as a component of both TN; and TKN;. Let 9; =
(mi1, iz, i3, nia)’ be the vector of the true values of the measurable variables for lake i. That
is, mi1, N2, Ni3 and n;4 are the true values of TN;, TKN;, NH4 ; and NO,NO3 ;, respectively.
Then, 5; can be written as a linear combination of the unique elements of Y; according to the
matrix M, such that

nil 1 1 1 '
m2| |1 1 0 }{’1
ns] |0 1 0 Y’_2 ’
Ni4 0 0 1 '

n;, = MYl

Then, the data model can be written as
“4) Zirj =Mij + €

where €;(;); denotes the measurement error for lake i, species j and replicate r. Here, a typ-
ical measurement error model would assume conditional independence across species and
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replicate given 3;. Marginally, dependence between replicate observations of speciated ni-
trogen are captured through the shared 7;;. A common choice for the measurement error
specification is an independent normal-error model €;(; ~ N (0, tj2) where the variance, 72,
is species-specific. Note that, under this specification of conditional independence and within
the Bayesian framework, we can easily account for missing speciated data. For example,
missing values can be treated as parameters in the model and estimated within the Markov
chain Monte Carlo sampling algorithm discussed in Section 2.3.

Our analysis of nitrogen concentration in lakes using LAGOS-NE requires three mod-
ifications to this general model. First, we model the observables, Z;();, on the log-scale
since exploratory data analysis found measurement error to be multiplicative rather than
additive. That is, the measurement error for speciated nitrogen concentrations, TN, TKN,
NH4 and NO,;NO3, appeared to scale with observed quantities (see Appendix A). Therefore,
Zi(r)j = (10g(TN; (1)), 10g(TKN; (), log(NHy ;(r)), log(NO2NO3 ;()))" and ; = log(MY;).

Second, the observables, Z; (), are subject to a lower detection limit, and these need to be
accounted for in the model so not to bias our estimates of TN when leveraging information
across the speciated measurements. The detection limits for the observable speciated nitrogen
variables vary by lake, species and replicate. Note that the variability across replicate accounts
for possible changes in technologies used to collect the data at a given lake through time.
Let L;(); denote the detection limit for lake i, species j and replicate r, which are fixed
and known, and given on the log-scale. Nitrogen species concentrations above the detection
limit can be observed with measurement error. Concentration levels below the detection limit
cannot be observed and are, typically, reported as O or the value of the detection limit. Under
the assumption of independent and normally distributed errors, we can account for these
lower detection limits by rewriting (4) as

T (zigyjnij, sz’ Lit;)
)

= f(zigryji migs TH) O HONE (L 51 pig, o3) 0= B,

where f(z; 1, T°) is the probability density function of a normal random variable with mean
n and variance 72 and F(L; n, 72) is its cumulative distribution function. Here, / (zigj >
L;);] is an indicator variable equalling 1 when z;(;); is above the detection limit, O other-
wise. Importantly, this density gives probability mass to values less than L;();.

Third, we need to account for possible nonnormal measurement error distributions. Based
on our exploratory data analysis using auxiliary data (see Appendix A), the ¢-distribution
is a more appropriate specification for the measurement error model for speciated nitrogen,
as it allows for heavier tails. Under the generalized three parameter location-scale family
t-distribution, we can write €;(); ~ (0, ‘L'J-Z, v;). This assumes a location parameter equal

to O for each species, species-specific scale and degrees of freedom parameters, rjg and v;,
respectively. The data model in (5) is now written
2 . 2 I[zZi(r)j>Lirj]
F@ijlnij. T2 vjs Ligyg) = f @iy jsnmij. T2 vj) 070
© . 2 1=11zi¢ryj>Li(r) ]
XF(Li(r)j,Tlij,Tj,vj) ,
where f(z; n, T2, v) is the probability density function of a r-distributed random variable with
location parameter 7, scale parameter 72 and degrees of freedom v. Here, F(L; n, T2, v) is
its cumulative distribution function.

Parameter model. 'To complete the hierarchical model, we specify prior distributions to each
of the model parameters. The parameters include the coefficient parameters, the covariance
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matrix and the measurement error variances. For example, independent normal prior distri-
butions could be assigned to each coefficient parameter in B, and a conjugate and noninfor-
mative inverse-Wishart distribution could be used for the covariance matrix, X. Lastly, for a
normal error distribution for €;(,;, a prior distribution is required for each rjz. Under the -
distribution an additional prior could be assigned to each v;; however, this parameter is fixed
in most cases. Different values of v; might be considered to assess the sensitivity to the prior
assumption.

An important facet of this hierarchical multivariate model specification is that we are
leveraging observations of multiples species across multiple reporting methods (measured
vs. calculated) to inform our estimation of TN. Unless each species is observed perfectly
(i.e., without any type of measurement error), observations of TN will not equate to the sum
of its observed components. Additionally, each measurable species in the vector Z; ;) is con-
tributing to the estimate of true TN which is equal to 213:1 Y;;. Thus, we would like species
that are observed with high precision to be more influential in estimating TN and those ob-
served less precisely to be less influential. The species-specific measurement error variances,
r}, control nonlinearly the relative influence of observations of species j in estimating TN.
Therefore, a priori scientific information regarding measurement error for the speciated nitro-
gen (e.g., through the use of auxiliary data used in calibration) is valuable to aid in specifying
appropriate models for €; ;.

2.2. Univariate model for total nitrogen. We will compare the estimates from our hier-
archical data-fusion model of speciated nitrogen to those from the more common univariate
models for total nitrogen. Most univariate regression models for TN consider only one ob-
servation of TN per lake which is usually taken as either the median value or possibly the
most recent observation. In order to objectively compare the two models, we will specify
the univariate model similarly to the multivariate data fusion model presented above. That
is, we will specify our univariate model hierarchically to allow for multiple replicates and to
quantify the unexplained variability in TN across lake not accounted for by the regression.

Two modifications are required for the univariate model for TN. First, we will not differ-
entiate between the two methods of reported TN and, therefore, assume we have replicate
observations of TN with independent and identically distributed measurement error. Second,
we will not incorporate lower detection limits into the data model since this is not possible
when incorporating both methods of reporting. Thus, the detected differences between the
two models can be attributed to the fusion of the speciated nitrogen data and the incorpora-
tion of lower detection limits, both of which are novel to this work.

As with the multivariate model, we will model TN using a latent variable regression model.
Specifically, let Zi () denote the rth observation of log(TN) for lake i where ~ denotes data
and parameters of the univariate model and are analogous to those in the multivariate model
above. Here,

Ziy =i + &0,
where 7]; = log(f/}) and 171 is the true latent value of TN for lake i modeled as
log(¥;) ~ N(X} B, 5.

Here, ﬁ will capture the relationship between TN and the environmental covariates and &2
accounts for the variation between lakes not accounted for by the covariates. Analogous to
above, independent normal prior distributions will be assigned to § and an inverse gamma
distribution to &2. We will employ the same measurement error distribution model for )
as in the multivariate case, with hyperparameters 2 and ¥ under the t-distribution.
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2.3. Model inference. Inference for the speciated-nitrogen model is obtained in a
Bayesian framework. Samples from the full posterior distribution are obtained using Markov
chain Monte Carlo and a hybrid Metropolis-within-Gibbs sampling algorithm. Specifically,
both B and X (and B and &2) can be sampled directly from their full posterior distribu-
tions. Samples of the latent process, Y, require a Metropolis—Hastings sampling algorithm.
A similar Metropolis-within-Gibbs sampling algorithm was employed for fitting the univari-
ate model for total nitrogen.

Inference includes full posterior distributions of Y;. That is, the distributions of the true
values of DOPN, NH4 and NO,NOs for each lake as well as estimates of the covariance
between these three speciated nitrogen forms. From the fitted model we can also use com-
position sampling to obtain full posterior distributions of TN as well as the proportion of
dissolved inorganic nitrogen for each lake. Importantly, estimates of TN, computed as the
sum of DOPN, NH4 and NO,NOs, are ensured to adhere to the proper inequalities between
the speciated nitrogen and TN. Posterior-mean estimates of these quantities as well as esti-
mates of uncertainty can be shown for all lakes, regardless of method of reporting.

Additionally, the data-fusion model can be compared to the univariate model based on pos-
terior mean and standard deviation estimates for TN. Differences in the parameter estimates
of B and X as well as B and &2 can also be investigated across species and model.

3. Modeling TN across the northeast US.

3.1. Speciated nitrogen data. The lake data used in this analysis are available from
LAGOS-NE v. 1.087.3. which contains data for over 50,000 lakes in the study regions. Ni-
trogen data, however, are only available for approximately 2500 lakes. To minimize possible
temporal variation and seasonality in speciated nitrogen, we limited our analysis to observa-
tions obtained during the late summer months (July, August, September) between 1980 and
2012. Nitrogen is most commonly observed during summer months to avoid freezing and
semifreezing conditions, and the later summer months have less annual variation in nitro-
gen concentration (Wetzel (2001)). For each lake, we included all observations of speciated
nitrogen that were collected within five years of the most recent observation.

We limited the window of time between observations to justify the assumptions of replicate
observations of speciated nitrogen, since temporal trends in nutrient concentrations as well
as methodological changes in measurement over time could introduce additional uncertainty
into the model (see Section 4 for further discussion).

Following the data requirements above, our analysis was conducted using speciated ni-
trogen data from 2305 lakes across the 17-state region of LAGOS-NE. The total number of
speciated nitrogen observations across all lakes was 7496. The number of measurements ob-
tained for each lake and species varied greatly due to sampling methods and are reported in
Table 2. Of the 2305 lakes, 1602 had only one reported observation of speciated nitrogen and
338 had two. The maximum number of replicate measurements was 149. Some lakes never
had direct measurements of TN and, therefore, always report calculated TN, whereas others
never had measurements of TKN and always report measured TN. In addition, some replicate
measurements of total nitrogen for a lake contained a combination of the two methods of
reporting (e.g, some measured and some calculated). In general, the number of replicates was
greater for lakes where TN was measured compared to those where TN was calculated. Of the
745 lakes having one or more observation of measured TN, 27% had five or more replicates.
Conversely, only 4% of the 1560 lakes with only calculated TN had five or more replicates.
For the univariate model we did not differentiate between method of reporting TN.

Detection limits vary by species and method of reporting. The median and maximum de-
tection limit values used in our analyses are given in Table 2 for each observable species.
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TABLE 2
The total number of observations of each species and the number of those below their detection limit as well as
the median and maximum detection limits (jug/L) across lakes

# Observed # Below DL Median DL Maximum DL
TN 4936 36 84 100
TKN 2560 11 100 100
NHy4 7496 2173 10 25.8
NO;NO;3 7496 3543 10 50

The numbers of observations below the detection limit are also given in Table 2. In the
dataset, observations below the detection limit are typically reported as O, the value of the
detection limit, or something in-between (e.g., half the detection limit). TN and TKN are
rarely below their detection limits, whereas 29% and 47% of the observations of NH4 and
NO;,NOs3 are below their detection limits, respectively. Recall that observations of speciated
nitrogen below the detection limit are still informative when estimating TN under the model
specified in Section 2.1. This information, however, was not included in the univariate model
introduced in Section 2.2.

The covariates included in the model consist of known drivers of lake nutrients at the
individual-lake or regional scale and were obtained from LAGOS-NE GEO v. 1.05. Region-
specific variables were calculated at the hydrologic unit code-8 watershed scale and include
measures of hydrology (baseflow, runoff), atmospheric N deposition and watershed land use
(row crop, forest and wetland categories). Lake-specific variables include lake area, maxi-
mum depth as well as lake-to-watershed area ratio as a proxy for water residence time. We
also included a variable describing connectivity class (described in detail in Fergus et al.
(2017)): this characterizes whether a lake is isolated or the farthest upstream feature of a wa-
tershed (Isolated/headwater treated as the base case), if it has an inlet stream (DR stream) or
if it has both lakes and streams above it in the watershed (DR lake/stream). Each of these co-
variates have been shown to be related to TN concentrations in freshwater ecosystems (e.g.,
Knoll et al. (2015), Read et al. (2015), Soranno et al. (2015b), Collins et al. (2017)).

3.2. Priordistributions and model fitting. Prior distributions were assigned to each of the
model parameters. Independent, diffuse normal prior distributions with mean 0 and variance
10* were assigned to all coefficient parameters in B and B. The covariance matrix, ¥ was
assigned a noninformative inverse-Wishart distribution with degrees of freedom equal to 7
and an identity scale matrix and &2 was assigned an inverse-Gamma prior with shape equal
to 7 and scale equal to 1. These hyperprior values result in a fairly noninformative prior
distribution for the residual variance of log(Y;).

Using auxiliary data collected by the USGS Standard Reference Sample Project and the
North-Temperate Lakes LTER network, we conducted exploratory data analysis to inform the
distributive assumptions of measurement error for speciated nitrogen. These data provided
multiple reported measurements of total nitrogen as well as speciated nitrogen in which esti-
mates of measurement error could be obtained. As a result of our exploratory analysis (details
of which are given in Appendix A), we modeled measurement error using ¢-distributions. The
auxiliary data provided estimates of the species-specific scale and degrees of parameter of the
distributions which were obtained using maximum-likelihood estimation and numerical op-
timization. Whereas hyperprior distributions could also be assigned to the scale and degrees
of freedom parameters of the measurement error variance, we opted to fix these parameters
in our analyses using the empirical estimates. The scale and degrees of freedom parameter
for TN, TKN, NH4 and NO,NOj3 are given in Table 3. A discussion of the sensitivity of the
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TABLE 3
Maximum likelihood estimates of the parameters of the
t-distribution for TN, TKN, NHy and NO,NO3
obtained using numerical optimization

scale df
TN 0.04 1.0
TKN 0.05 1.1
NHy 0.07 0.7
NO,;NO3 0.03 1.2

model with respect to these values is also provided in Appendix A). The same ¢-distribution
specification for measurement error of TN was assumed in the univariate model.

Markov chain Monte Carlo was run for 200,000 iterations for both the multivariate data-
fusion model and the univariate model. The first 20% of each chain were discarded as burn-in.
To reduce dependence, every 20th iteration of each chain was retained for posterior inference.
No issues of convergence were detected using standard diagnostics.

3.3. Model inference. The mean and 95% credible interval of the posterior distributions
of the coefficient parameters are given in Table 4 for each species, DOPN, NH4 and NO;NOs.
Covariates that are significant, as deemed by their 95% credible intervals not including zero,
are shown in bold. In addition, covariates that show opposing significant effects on the species
of nitrogen are indicated with a *. For full comparison the last column of Table 4 gives the
coefficient estimates of the univariate model for TN.

Previous regression models for total nitrogen have identified important environmental
drivers (e.g., percent row crop or lake depth); however, there has been no consideration of
how these drivers relate to the different components of TN. The relationships between the
environmental drivers and speciated nitrogen concentration appear to vary in both magni-
tude and direction. Additionally, these varying relationships appear to differ across species in
comparison with TN. For example, we see DOPN and NHy significantly decrease with an in-
crease in runoff, as does TN in the univariate model, whereas NO, N3 significantly increases.
These same discrepancies between speciated nitrogen and total nitrogen in the multivariate
and univariate model are also seen in relation to maximum depth. NH4 has a significant neg-
ative relationship with total atmospheric N deposition, while both DOPN and TN have a
positive relationship with this variable. Collins et al. (2017) detected a negative relationship
between total nitrogen and lake-watershed ratio, which our univariate model also identified.
Our multivariate data fusion model discerned a significant negative relationship with lake-
watershed ratio for only NO,NO3. We detected a negative relationship with percent forest,
and this was consistent across all three species. This aligns with the results of Collins et al.
(2017) who also detected a negative relationship between TN and percent forest. Lastly, we
identified a positive relationship between the dissolved inorganic species, NH4 and NO,NO3,
and the indicator variable for lakes having both lakes and streams upstream in the watershed
(DR-LakeStream) which is likely the result of pervasive fertilizer use and the flow of water
with high nitrate concentration downstream.

The posterior mean and credible interval of the entries of the covariance matrix, X, are
given in Table 5. The diagonal elements show that the variability in speciated nitrogen not
accounted for by the regression is relatively small for DOPN and NH4 compared to NO;NOs.
These estimates, however, tend to scale with speciated nitrogen concentration as NO;NO3
tends to be considerably larger than DOPN and NHy. In addition, the residual covariance
between DOPN and NHy and between NH4 and NO;NOs are significantly positive with



TABLE 4

Posterior mean and 95% credible interval for the coefficient parameters of B and B That is, the coefficients for DOPN, NHy and NO;NO3 in the multivariate model and for TN in
the univariate model. bold signifies significant effects based on the 95% credible intervals, and * identifies covariates with opposing significant effects on speciated nitrogen

variables

Multivariate model

Univariate model

Covariate DOPN NHy NO;NO3 TN

Intercept 7.18 (7.08,7.29) 3.57 (3.27,3.86) 1.21 (0.62,1.79) 7.14 (7.03,7.26)
Baseflow —0.05 (-0.07, —0.02) —0.16 (-0.22, —0.10) -0.25 (-0.37, —-0.13) —0.06 (—0.08, —0.04)
* Runoff —0.28 (—0.30, —0.26) —0.13 (-0.20, —0.07) 0.78 (0.65, 0.93) —0.23 (—0.25, —0.20)
* Total N deposition 0.05 (0.03,0.07) —0.17 (-0.23, —0.10) 0.12 (—0.01, 0.25) 0.05 (0.02,0.07)

% Row crop 0.38 (0.25,0.51) 0.37 (0.00,0.73) 2.88 (2.20,3.57) 0.68 (0.54, 0.82)

% Forest —0.67 (-0.78, —0.57) —0.73 (-1.02, —0.43) -2.19 (-2.78, —1.61) —0.73 (-0.85, —0.62)
% Wetland —0.06 (—0.25,0.12) —0.82 (-1.35, -0.31) —2.33 (-3.44, -1.19) —0.16 (—0.35,0.04)
Lake area 0.00 (—0.02,0.02) 0.02 (—0.02,0.07) —0.11 (-0.21, —0.02) 0.00 (—0.01, 0.02)

* Max depth —0.29 (-0.32, —0.26) —0.25 (-0.34, —0.17) 0.19 (0.03, 0.35) —0.26 (—0.29, —0.23)
Lake-watershed ratio 0.02 (0.00,0.03) 0.00 (—0.04, 0.05) —0.42 (-0.51, —0.33) —0.04 (—0.06, —0.02)
DR stream 0.07 (0.01, 0.12) 0.16 (0.00, 0.32) 0.23 (—0.11,0.55) 0.05 (—0.01,0.11)
DR lake/stream 0.06 (0.00,0.11) 0.36 (0.19, 0.54) 0.89 (0.52,1.23) 0.09 (0.03, 0.15)
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TABLE 5
Posterior mean and 95% credible interval for the entries of X

DOPN NHy4 NO;NO3
DOPN 0.18 (0.17,0.19)
NH4 0.08 (0.06,0.11) 1.34 (1.21, 1.47)
NO,;NO3 0.02 (—0.03,0.07) 1.19 (1.00, 1.36) 4.88 (4.41,5.35)

correlation estimates 0.17 and 0.46, respectively. The posterior mean estimate of the variance
parameter &2 in the univariate model for TN was 0.22 with credible interval (0.20, 0.23).
This indicates that the variability in TN concentration between lakes not accounted for by the
covariates is smaller than for the speciated components NH4 and NO,NOj3 and similar to that
of DOPN.

Posterior mean and standard deviation estimates of TN for the lakes in Minnesota are
shown in Figure 3. In general, TN is high in the southern part of the state and decreases as
you go north. As expected, the posterior standard deviation estimates scale with TN. Maps of
the posterior mean and standard deviation estimates of TN for all lakes used in the analysis
are included in Figures 13 and 14 of Appendix B.

We investigated the distribution of the percentage of dissolved inorganic nitrogen, com-
puted as (NH4 + NO,>NO3) /TN, across the region due to its important ecological impacts
discussed in Section 1. Note that these estimates can only be obtained from the multivari-
ate speciated nitrogen model. The posterior mean estimates of dissolved inorganic nitro-
gen for the lakes in Minnesota are shown in Figure 4 (see Figure 15 of Appendix B for all
lakes). Large values of dissolved inorganic nitrogen relative to total nitrogen appear scattered
throughout the state with clusters in the south-central, and north-central regions. The percent
of dissolved inorganic nitrogen was small in much of the western and northeastern part of the
state. The variability in percent dissolved inorganic nitrogen can be mostly attributed to the
varying relationships between the species of nitrogen and the environmental factors. For ex-
ample, both low baseflow values and high percentage of wetland area tend to result in a lower
percentage of dissolved inorganic nitrogen. Additionally, a high percentage of dissolved inor-
ganic nitrogen was estimated when the lake-to-watershed ratio was low. Lastly, we found that

0 500 1000 15000ug/L
O TN Measured
v TN Calculated

50 100 2000 pg/L
O TN Measured
v TN Calculated

FI1G. 3. Posterior mean (left) and standard deviation (right) estimates of total nitrogen (TN) in each lake, re-
ported in ug/L, for the state of Minnesota.
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FIG. 4. Posterior mean percentage of dissolved inorganic nitrogen, computed as (NHq + NO,NO3) /TN, in
each lake for the state of Minnesota.

the percent of dissolved inorganic nitrogen was significantly less in isolated and headwater
lakes than in lakes with inlet streams or those having lakes or streams feeding into them from
upstream.

3.4. Model comparison and validation. We compared our posterior distributions of TN
from our proposed multivariate data fusion model to those of the univariate model for TN.
Boxplots of the posterior estimates of the mean, standard deviation, and coefficient of vari-
ation for TN for both models and methods of reporting are shown in Figure 5. Overall, the
posterior mean estimates of TN (Figure 5, left) from the univariate and multivariate models
are similar, and estimates are greater for lakes where TN was calculated. This is due to the
regional bias in method of reporting, where the calculated method is more prevalent in the
high nutrient lakes of the upper Midwest and the measured method is more common in the
low nutrient lakes of the Northeast. The posterior standard deviations of TN in Figure 5 (mid-
dle) for the two models and methods of reporting show greater uncertainty for lakes using the
calculated approach which could be attributed to both uncertainty scaling with the mean and
the fact that these lakes tended to have fewer number of replication observations. To address

500

2000
I

-
'

iLEE:

50 100 200

1500
I

- -
'

LR EIRE

. o

1000
I
10 20

500
I

Posterior mean estimates of TN (ug/L)
5

'

'
I ' ' '
. - ' ' ' o
. - -

2

'
.

0
I

Posterior standard deviation estimates of TN (ug/L)

Posterior coefficient of variation estimates of TN
0.00 005 0.10 0.5 020 025 030 0.35

Univariate Multivariate Univariate Multivariate Univariate Multivariate Univariate Multivariate Univariate Multivariate Univariate Multivariate
TN Measured TN Calculated TN Measured TN Calculated TN Measured TN Calculated

F1G. 5. Comparison of posterior mean, standard deviation and coefficient of variation estimates of TN between
the univariate and multivariate models, aggregated by method of TN reporting. (left) Boxplots of the posterior
mean estimates of TN. (middle) Boxplots of the posterior standard deviations of TN. (right) Boxplots of the poste-
rior coefficients of variation of TN.
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FI1G. 6. Boxplots of the posterior coefficient of variation of TN for lakes with four or fewer observations for the
univariate and multivariate models, aggregated by method of TN reporting.

these causes, we computed the posterior coefficient of variation as the ratio of the posterior
standard deviation of TN relative to the posterior mean of TN for each lake (Figure 5, right).
The median coefficients of variation are similar between the two methods of reporting, al-
though measured TN has a heavier lower tail. The coefficients of variation are slightly lower
for the multivariate model than the univariate model for both methods of reporting. Using
only the lakes with four or fewer replicate observations, Figure 6 compares the coefficient of
variation of TN across the two methods and models and found the relationships between the
two methods of reporting to be very similar. Therefore, the difference between the distribu-
tions of the coefficients of variation in Figure 5 can be largely attributed to the greater number
of replicate observations for lakes with TN measured. Importantly, of the lakes with fewer
observations, the coefficient of variation of TN for the multivariate model was lower than
the univariate model under both the measured and calculated methods. Thus, the multivari-
ate data fusion model that incorporated observations of speciated nitrogen and accounted for
the dependence between species can increase precision in the estimation of TN when fewer
observations are available.

While the primary focus of this work was inferential, we used cross-validation to assess
the predictive performance of our model in terms of bias and uncertainty quantification. We
used 20% of the lakes as a validation set and fitted the model using the remaining 80%. The
validation set contained 461 lakes and a total of 1530 speciated nitrogen observations. Due to
unknown and possibly significant measurement error in reported TN, replicate observations,
lower detection levels and no “true” value, we cannot assess the model using traditional
metrics, such as root MSE. Instead, we relied on exploratory analysis and investigated the
predictive performance graphically. Posterior predictive distributions of TN were obtained
for the hold-out lakes using composition sampling. That is, we obtained posterior predictive
distributions of }; ¥;; for each lake i. Figure 7 shows the posterior mean of the distribution
of TN for each lake plotted against the median reported value of TN. Note that the number
of observations in the validation set varied across lakes, ranging from one to 41, and some
TN values from the calculated method, of which the median was taken, were computed using
speciated nitrogen observations at or below their level of detection. For both methods of
reporting, there is no indication of bias in these predictions of TN. Using the 95% posterior
predictive intervals for TN, we also computed empirical coverage to assess our estimates of
uncertainty. Importantly, these posterior predictive intervals are for the true TN for each lake,
>_; Yij, and do not contain the additional uncertainty to account for error in measurement.
Overall, 88% of the reported values of TN were captured by their predictive distribution.
Additionally, 84% of the lakes had all of their observations of TN contained in the predictive
interval, and 92% captured one or more of the reported values. Therefore, our multivariate
model accurately captures uncertainty in TN.
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FIG. 7. Mean of the posterior predictive distribution of TN for each lake vs. the median of the reported values,
distinguished by method of reporting. Note that some calculated TN values shown were computed using speciated
nitrogen observations at or below their level of detection.

Figure 8 shows the posterior mean of speciated nitrogen, TKN, NH4 and NO;NO3, for
each lake plotted against the median reported value. Due to the variation in how observations
below the detection limit are reported, only those lakes with a median reported value above
the maximum detection limit are shown for each species. Overall, the model is able to predict
TKN well out of sample. The model captures the general trend for NH4 and NO,NO3, but
the prediction error is much larger for these species compared to TN and TKN. This poor pre-
dictive performance is not surprising due to the large amount of variation between lakes not
accounted for by the covariates for NH4 and NO,;NOs, as indicated by the posterior estimates
of X in Table 5. In addition, information about NO,NO3 is only obtained from speciated ob-
servations of NO,NO3 and TN, whereas TN, TKN and NH4 can leverage information from
three or more speciated nitrogen observations due to their decompositions in (1) and (2). The
method of reporting doesn’t appear to result in any systematic over or under prediction for
these species.
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4. Discussion. We developed a multivariate statistical model that combined measure-
ments of speciated nitrogen data to inform estimates of total nitrogen in lakes across con-
tinental scales. The model addressed the significant challenges posed by the data collec-
tion of lake nitrogen. Importantly, our model was able to fuse speciated nitrogen data
obtained from multiple methods of reporting (direct vs. calculated) while accounting for
lower detection limits that varied across species, lake and replicate observation. Due to the
strong regional bias toward calculated TN in high-nutrient lakes in the upper Midwest and
measured TN in low-nutrient lakes in the Northeast, failing to account for this variabil-
ity would have resulted in biased estimates of TN and its environmental drivers. In addi-
tion, auxiliary data from the USGS and LTER were able to inform the measurement error
distributions which were essential for leveraging multiple observations of speciated nitro-
gen.

The multivariate model was specified hierarchically, where the process level captured the
true (latent) levels of speciated nitrogen. These latent processes, which sum to total nitrogen,
enabled resolved inference with regard to identifying important environmental drivers of ni-
trogen. The model provided specifies-specific estimates of the relationships between nitrogen
and lake- and region-specific covariates as well as captured dependence between the latent
processes not accounted for by the covariates. Importantly, the variability in nitrogen con-
centration not accounted for by the regression was also species-specific. This species level
inference is not available using the customary models for TN.

The comparison between the univariate model for TN and the proposed multivariate model
indicated that the models resulted in similar estimates of TN across the region. Estimates of
uncertainty from the univariate model were slightly larger than the multivariate data fusion
model for both methods of reporting. Lastly, we detected a difference in the coefficient of
variation estimates between lakes with TN measured vs. those with TN calculated; however,
the difference could be primarily attributed to the fact that lakes where TN was calculated
had fewer replicate observations.

A meaningful result of this analysis was the identification of nitrogen species-specific rela-
tionships with environmental drivers and unexplained variation, suggesting that this modeling
approach will help us infer processes shaping the nitrogen cycle at broad scales and identify
additional sources of variation. Even though we do not have data about transformations be-
tween species within lakes, future databases that include other important water metrics (e.g.,
pH) may be helpful in understanding the effects on these species. The data-fusion approach
for modeling nitrogen using speciated data will become particularly critical as we extend the
LAGOS-NE database to the continental US.

TN concentrations in the vast majority of lakes in the LAGOS-NE domain are temporally
stationary (Oliver et al. (2017)). Further, decomposition of the components of variation in
lake nutrients revealed that, while local (i.e., ecosystem-specific) temporal variation may ex-
ist for some lakes, the spatial variability is much greater than temporal variability within a
macroscale extent using the LAGOS data (Soranno et al. (2019)). It is reasonable to assume
that the distribution of speciated nitrogen is changing in time due to changes in environ-
ment (e.g., land use changes, changes in climate) and the interaction between lake nitro-
gen and other hydrologic processes. Addressing these changes in a model-based framework
is challenging due to the lack of long-term data for a sufficient number of lakes (Stanley
et al. (2019a)). The temporal variability in data collection alone makes this a challenging
task since the LAGOS database is the compilation of extremely diverse public and private
monitoring programs. Future model development includes investigating possible temporal
variability within and across nitrogen species using data collected in a more limited number
of lakes.
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While the data fusion model developed here is very dataset and application specific,
the idea of incorporating multiple sources, data types and sampling regimes easily ex-
tend to broad scientific areas. The needs of statistical models that appropriately account
for the various methods of data collection and facets thereof are becoming increasingly
more common as rich datasets are being compiled from a multitude of sources and pro-
grams.

APPENDIX A: DISTRIBUTIVE ASSUMPTIONS FOR MODELING MEASUREMENT
ERROR

Data from the United States Geological Survey (USGS) Standard Reference Sample
Project and the North-Temperate Lakes Long-Term Ecological Research network (LTER)
were used to quantify the measurement error distributions for each species of nitrogen. Re-
call that the overall goal of this analysis was to leverage multiple observations of speciated
nitrogen to improve the estimation of total nitrogen in lakes. In general, when aggregating
(or averaging over) multiple measurements of total nitrogen, it is important to know the
amount of uncertainty in each observation. As preliminary data analyses, we investigated
the uncertainty in speciated nitrogen observations using the compilation of USGS and LTER
data.

The USGS nitrogen data consist of measured values of TN, TKN and NO,NO3 for a col-
lection of routine water samples as part of lab certification efforts for analyzing USGS water
chemistry samples. These measurements were made by 86 water chemistry labs that partic-
ipated in the project. The LTER data are derived from uniform collection and measurement
methods of water from a set of 11 Wisconsin lakes over a period of 30 years. Sampling and
measurement details, along with data access, are available on the North Temperate Lakes
LTER web page (https://Iter.limnology.wisc.edu/).

The total number of speciated nitrogen observations from the two sources were 700, 172,
245 and 1099 for TN, TKN, NH4 and NO,NOs3, respectively. Importantly, these samples
span the range of species-specific nitrogen concentrations observed in the LAGOS data. Each
water sample for which speciated nitrogen was measured also included a “most probable
value,” which we considered the true value. Using the observed and frue values for each
sample and species, we estimated the measurement error for the different species of nitro-
gen.

Initial investigations detected that measurement error was multiplicative rather than ad-
ditive, suggesting a transformation. Therefore, the measurement error analysis was con-
ducted on the log-transformed data. Histograms of the measurement error on the log
scale are given in Figure 9 for each of the species. From our analyses we did not de-
tect statistically significant bias for any of the species; however, the distributions appeared
to be heavy-tailed. Additionally, given a water sample, our analysis of the multivariate
residuals did not detect significant dependence between the different species of nitro-
gen.

Normal quantile-quantile plots shown in Figure 10 identify the extreme low and high val-
ues of measurement error for each species, which indicated that normally-distributed mea-
surement error random variables (e.g., €;(); in (4)) were not appropriate for these data. From
these analyses we proposed using independent ¢-distributions for the measurement error for
each species, although other heavy-tailed distributions could be considered (e.g., Cauchy,
Laplace).

Using the USGS and LTER speciated nitrogen data, we used maximum-likelihood esti-
mation and numerical optimization methods to estimate the scale and degrees of freedom
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FI1G. 9. Histograms of measurement error, calculated as observed minus true values on the log-scale, for TN,
TKN, NHy and NO;NO3, indicating unbiased measurement error with extremely heavy tails.

parameters of the 7-distribution for each species. Note that the location parameter was as-
sumed to be 0 for each species. The parameter estimates for the distributions are given in
Table 3 of the main text. The quantile-quantile plots using the empirical estimates of the
t-distributions for each species are shown in Figure 11 and indicate that the tail behavior
is better captured by the heavy-tail distributions. There was no indication of a misspecified
t-distribution according to the Kolmogorov—Smirnov test for any of the speciated nitrogen
variables.
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F1G. 10. Quantile-quantile plots of the measurement error distributions of speciated nitrogen. The empirical
quantiles are shown relative to quantiles of the theoretical normal distribution indicating a lack of fit.
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FI1G. 11. Quantile-quantile plots of the measurement error distributions of speciated nitrogen. The empirical
quantiles are shown relative to quantiles of the t-distribution, parameterized using maximum likelihood estimates.

The empirical degrees of freedom estimates for the #-distributions for each of the speciated
nitrogen concentrations are close to 1, that is, the Cauchy distribution. We reconducted the
Kolmogorov—Smirnov test for each species setting the degrees of freedom parameter to 1,
while keeping the scale parameters set to their empirical estimates. Only the measurement
error of NHy significantly deviated from this specification, as this species has slightly heavier
tails. We assessed the sensitivity of the models as a function of these measurement error
parameters by refitting the multivariate and univariate models using degrees of freedom equal
to 1 for TN, TKN and NO;NO3 and 0.75 for NHy. No difference was detected between
the two specifications in terms of model inference or prediction. We retained the empirical
estimates given in Table 3 in our analysis, as these represent our best scientific judgement
regarding measurement error for speciated nitrogen.
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APPENDIX B: SUPPLEMENTARY FIGURES
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FIG. 12. (top) Percent row crop agriculture in the watershed, based on the individual lake watershed (IWS)
scale and (bottom) maximum lake depth, reported in m across LAGOS-NE.
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FI1G. 13.  Posterior mean estimates of total nitrogen (TN), reported in jug/L.
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FI1G. 14. Posterior standard deviation estimates of total nitrogen (TN) in each lake.
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FI1G. 15. Posterior mean percentage of dissolved inorganic nitrogen, computed as (NH4 + NO;NO3)) /TN, in
each lake.
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SUPPLEMENTARY MATERIAL

Supplement to “Data fusion model for speciated nitrogen to identify environmental
drivers and improve estimation of nitrogen in lakes” (DOI: 10.1214/20-AOAS1371SUPP;
.zip). The raw data, data formatted to fit the model, source code for the MCMC sampling
algorithm, and an R script to fit the multivariate speciated nitrogen model are included as
supplementary material (Schliep et al. (2020)).
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