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Abstract

Contamination is a looming threat to U.S. water resources, but the inconsistency of data

collection across studies and agencies has made it difficult to identify effective treatments

or resolutions. In many areas, the available water quality datasets are compatible with

standard regression analysis; however, they cannot be integrated with other data sources to

directly investigate those mechanisms. Here we develop an approach for connecting data

with mismatched spatial resolutions and leverage it to integrate decades of Kansas ambient

water monitoring with best management practice data. Our method builds upon the existing

krige-and-regress framework by fitting a model of similar structure to spatio-temporal krig-

ing; cubic splines fit via gamma generalized additive models to adjust for the non-negative

and nonlinear characteristics present in ambient monitoring data. Applying this model

to Kansas monitoring and best management practice data, we identify several candidate

practices associated with nutrient reduction. These findings demonstrate the potential of

spatially connected water data in advancing understanding of nonpoint source pollution and

informing targeted best management practices at the subwatershed level.
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Introduction

Nutrient and sediment contamination are persistent threats to water quality across the

U.S. Great Plains1 2 3. Much of this contamination originates from nonpoint source (NPS)

pollution, chemical and physical pollutants transported from agricultural fields into surface

waters through runoff and erosion1. Best management practices (BMPs) are interventions

designed to reduce NPS pollution and control erosion; however, the direct effect of individual

BMPs on NPS pollution loads is unclear4. The Kansas Department of Health and Environ-

ment (KDHE) has amassed 58 years (1967–2025) of ambient water monitoring data, which

could uncover relationships between BMPs and NPS pollution if paired with the Kansas

Department of Agriculture’s (KDA) best management practice implementation records. De-

spite this opportunity, the two datasets cannot be directly integrated, because they were

collected at incompatible spatial resolutions5, with the ambient monitoring occurring at

individual station locations and BMP implementation collected at the subwatershed level.

This difference in spatial resolution is known as spatial misalignment and is well doc-

umented in spatial statistics as part of the change-of-support problem6. To connect these

misaligned data sets, they must be harmonized to a common spatial support. This is achieved

by downscaling areal support to point support, upscaling point support to areal support, or

interpolating areal data across mismatched boundaries7. The longevity of the Kansas ambi-

ent water data facilitates spatial interpolation of point observations and subsequent upscaling

to the subwatershed level. The standard method for spatial interpolation of point data is

kriging, which is the best linear unbiased predictor (BLUP) for unobserved spatial locations

under the assumption of stationarity6. The predicted values (referred to as the kriged obser-
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vations) can be aggregated to areal support and used in regression analysis, a process called

krige-and-regress8.

Under the assumptions of the general linear model, krige-and-regress provides lower bias

coefficient estimation than the maximum likelihood estimator for spatially misaligned ran-

dom variables8. The Kansas ambient monitoring data exhibits characteristics of non-normal

and non-linear processes — violations of the assumptions behind the general linear model

that existing krige-and-regress method cannot accommodate8. Beyond these constraints,

kriging is computationally prohibitive given the sample size of the Kansas monitoring records,

necessitating an approximation capable of handling non-Gaussian and nonlinear spatial

data7. To address these limitations, we develop a framework based on cubic smoothing

splines, fit via generalized additive models for distributional flexitivity, as a computationally

efficient method of spatial interpolation similar in structure to spatio-temporal kriging. In

the next section, we establish ontology and review existing methods which will become the

foundation of our framework for our model we call spline-based psuedo-kriging. With this

model as a substitute for kriging, we proceed with the krige-and-regress procedure to iden-

tify the most likely best management practices associated with total maximum daily load

(TMDL) station delistings across the state of Kansas.
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Figure 1.1: Ammonia (left) and phosphorous (right) are two of the many analytes measured
through the Kansas Department of Health and Environment’s ambient monitoring database
that present characteristics of non-linear and non-normal data generating processes.
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Methods

2.1 Data

The Kansas Department of Health and Environment (KDHE) has operated a state-wide

ambient water monitoring program since 1967. The longevity and information density of this

data is startling as it has been carefully maintained by KDHE throughout the programs ex-

istence. Wherever a monitoring station appears in the database one can see an image of over

half a century of water quality trends, trials, and tribulations — although not always a clear

picture due to the messy nature of highly tenured data collection programs. Additionally,

the Kansas Department of Agriculture (KDA), Division of Conservation operates cost-share

program aimed at natural resource protection, erosion control, and nonpoint source (NPS)

pollution reduction. Since 2004, KDA has maintained records of all cost-shared BMP imple-

mentations within the Cost Share Information Management System (CSIMS). The database

was developed with the intent to be used in detailed analyses for both state and academic

applications, resulting in 1,404 unique covariates being recorded across 47,958 observations.

Despite many of these covariates being tracked for brief one or two year periods, the mass of

information within CSIMS presents numerous opportunities for post-hoc analyses of BMPs.

KDA, KDHE, and the Kansas Water Institute made the decision in early 2025 to analyze

these two datasets side-by-side in hopes to uncover the possible magnitude and direction of

BMP effects on NPS pollution.

The ambient data was restricted to 16 analytes of concern for water quality and reduced

to 538,813 complete observations after removal of erroneous entries (Figure 2.1). Yearly
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sampling frequency fluctuates substantially across the full monitoring record but stabilizes

between 2004 and 2024, the period of record for the best management practice data and

thus the interval selected for analysis (Figure 2.1). The spatial distribution of the samples

is concentrated in eastern Kansas, following the major Kansas stream network (Figure 2.2).

Gaps in spatial sampling east of the 98th parallel are consistent with incomplete spatial

coverage and may be considered missing completely at random (Figure 2.3). Missing samples

west of the parallel appear associated with discontinuities in the stream network and potential

resource constraints on the sampling effort; we treat these as missing at random and missing

not at random respectively (Figure 2.4).

The data from CSIMS was extracted on June 13, 2025, and contains 21,044 complete

observations after screening for missing values, with 108 unique BMPs recorded state-wide.

The cleaning and manual validation of CSIMS is an ongoing effort that is outside the scope

of this analysis, leading us to focus on addressing direct barriers to modeling. Some of

the practices are duplicates with differing codes due to changes in naming convention or

one-off implementations with similar impact to more frequently observed practices, creating

instances of perfect collinearity and 0 degrees of freedom. To resolve these issues, many

of these practices were consolidated in consultation with subject matter experts. CSIMS

is recorded at the subwatershed level where practice implementation occurred, while the

ambient monitoring stations are tracked as discrete points with no specified areal support.

The temporal range of CSIMS spans from 2004 through June of 2025, slightly exceeding

the upper bound of the ambient monitoring record, but as CSIMS is the target spatial

support, this presents no temporal challenges. Given that each monitoring station falls within

a subwatershed, but not every subwatershed contains a station, and spatial missingness

is present throughout the study region, we require a method that addresses both spatial

misalignment and interpolation.
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Figure 2.1: (Left) Sampling frequency by analyte. (Right) Sampling frequency by year.

Figure 2.2: (Left) The spatial frequency distribution of ambient monitoring samples across
the full study duration (1967–2025). (Right) The distribution of monitoring stations closely
follows the structure of the Kansas major stream network.

2.2 Kriging

The method of kriging produces optimal predictions for a given random variable at un-

observed locations by estimating the spatial covariance structure for observations within the

same domain. Generally, kriging assumes spatial observations arise from a constant mean

Gaussian process and uses a variogram to estimate the covariance. Kriging is, at its core, the

BLUP for any given spatial covariance structure under the assumption of stationarity and

thus exactly comparable to any other method producing the same estimate6. This charac-

teristic has led to many discussions, simulations, and proofs of Gaussian process regression

6



Figure 2.3: Western Kansas (west of 99°W). Spatial missingness in this area may be con-
sidered to follow a completely random process since, across the steam network, the gaps in
sampling appear somewhat uniformly.

(a) (b)

Figure 2.4: (a) East-central Kansas (east of 98°W, 38.5°N–39.5°N). (b) South-central Kansas
(100°W–97°W, south of 38.5°N). Some of the regions appear to be missing sampling locations
due to random processes like the distance between streams or non-random processes such as
insufficient resources to build monitoring stations.
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Figure 2.5: Sampled points for ambient water monitoring in the Republican and Solomon
river basins, with subwatershed geometries overlayed. The points fall within subwatershed
boundaries but are incompatible for direct matching to the areas for inferential purposes.
Additionally, not all subwatershed areas have points within them to be matched with.
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(GPR) being identical to the method of kriging9. With this in mind, we proceed with our

discussion over kriging using the language of GPR and make all ontological distinctions be-

tween methods assuming their equivalent implementations through GPR. Kriging methods

are differentiated by their treatment of the mean; whether it is known and constant (sim-

ple kriging), unknown and constant (ordinary kriging), or unknown and variable (universal

kriging). Universal kriging is particularly useful for representing complex processes, such

as hydrologic flow, where variability may be spatially dominant, but the mean effect is de-

pendent on non-spatial covariates in the local environment10. These models can be further

characterized by the usage of external covariates to account for cross-correlation (cokrig-

ing) or the addition of temporal variables to account for joint covariance in space-time data

(spatio-temporal kriging)7. Spatio-temporal universal kriging retains the benefit of a para-

metric mean function while also accounting for non-constant temporal processes by treating

time as an additional dimension, rather than a separate process7. Additionally, while lag

effects are not directly modeled in spatio-temporal kriging models, universal kriging allows

their incorporation via the mean function7. This framework produces the BLUP at unob-

served locations for spatio-temporal data where the mean effect of the response variable is

best informed using non-spatial covariates and temporal lag effects, which addresses many

of the challenges posed by the Kansas ambient monitoring data.

Krige-and-regress, as described by Madsen et al. (2008), provides a framework for ap-

plying kriging to address spatial misalignment problems, assuming the misaligned data arise

from the same spatial process. This can be extended to account for spatial misalignment

across temporal records, wherein a spatio-temporal kriging model is used to perform spa-

tial interpolation at each time step. This allows regression analysis to be performed as

if both variables had been observed at the same resolution and temporal reference. The

purely spatial krige-and-regress has been shown to produce, for spatially misaligned data,

an estimator with lower bias than the maximum likelihood estimate; however, the results

from a spatio-temporal extension have not been formally established8. The assumptions of

the linear model (linearity, homoskedasticity, residual independence, and normality) must

be approximately met to obtain the krige-and-regress estimator and realize its inferential

9



benefits8. These assumptions are seemingly violated in the Kansas ambient monitoring

data, with the strong presence of non-linear and non-normal characteristics throughout. By

relaxing those assumptions to accommodate non-normal and non-linear processes, the spatio-

temporal krige-and-regress addresses the challenge of connecting Kansas ambient monitoring

data to BMP implementations.

While the problem of spatial alignment is addressed by krige-and-regress, of equal concern

is the computational cost incurred by the method of kriging. The best case for simple kriging

is cubic time scaling with sample size, but for spatio-temporal kriging this is multiplied by

cubic scaling of temporal record length (Table 2.1)7. This bottleneck is the primary moti-

vation behind the widespread application of GPR and low-rank Gaussian process methods,

which offer variable computational discounts to achieve the same kriging predictor. The

problems presented thus far, non-normality, non-linearity, and immense time complexity,

can be addressed simultaneously by using generalized additive models to fit cubic smoothing

splines to create a model similar to spatio-temporal kriging. With this modeling framework

we develop a non-normal, non-linear, and computationally efficient spline model, which we

refer to as spline-based psuedo-kriging (SBK), to act as a substitute for spatio-temporal

kriging in the spatio-temporal krige-and-regress framework.

Simple kriging O(n3) Spatio-temporal kriging O(n3t3)

n Operations Est. Time Operations Est. Time

100 1.00× 106 333 µs 1.25× 108 41.7 ms
200 8.00× 106 2.7 ms 1.00× 109 333 ms

1,000 1.00× 109 333 ms 1.25× 1011 41.67 s
2,000 8.00× 109 2.7 s 1.00× 1012 5.56 min
10,000 1.00× 1012 5.6 min 1.25× 1014 11.57 hr
20,000 8.00× 1012 44.4 min 1.00× 1015 92.59 hr

Table 2.1: Computational complexity and estimated wall-clock time for simple kriging O(n3)
and Spatio-Temporal Kriging O(n3t3) as a function of the number of spatial observations n,
with t = 5 time steps. Wall-clock estimates apply the leading constant of Cholesky decom-
position (1

3
n3) and assume one nanosecond per floating-point operation.

10



2.3 Spline approximation

Smoothing splines are estimates of functions separated into intervals, often defined by

observed data. Spline interpolation optimizes the placement of interval boundaries, referred

to as knots, to model complex processes by balancing proximity to observations and smooth-

ness of the estimated function11. The result is an estimate analogous to polynomial regression

with improved flexibility to local variability12. Just as with polynomial regression, individ-

ual splines each form a basis function: mathematical functions that transform covariates13.

Basis functions map inputs to a target function space, thus when applied to a covariate they

are a method for taking a variable from one domain to another (e.g. projecting geographic

coordinates onto a spline surface)13. Cubic splines have been shown to be effective approxi-

mators for the various kriging methods due to this property of forming basis functions and

mapping covariates to new domains, although at the direct cost of kriging variance7;14. The

cubic spline can be thought of as a piecewise function composed from third order polynomials

joined to form a smooth curve15.

Cubic splines are limited to one-dimensional predictors, a problem for the two-dimensional

spatial coordinates found in the Kansas datasets16. Thin-plate splines, a multi-dimensional

extension of cubic splines, correct for this limitation while retaining all of the benefits of

cubic splines described above12. The use of cubic splines with temporal data runs the risk

of introducing spurious or artificial seasonal patterns17. These distortions in temporal signal

can be prevented by constraining knots to capture periodicity17. Placing this constraint on

a cubic spline creates what is known as a cyclic cubic spline, which serves as an estimator of

periodic means in temporal data17. In this framework, the thin-plate spline and cyclic cubic

spline form separate spatial and temporal bases respectively. To construct a spatio-temporal

basis function, the thin-plate and cyclic cubic splines are joined with a Kronecker (tensor)

product18. Spatio-temporal basis functions are often formed via these tensor products due

to their convenient representations of spatio-temporal covariance matrices, ability to scale

mismatched units to the same joint process, and computational efficiency15;18.
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A natural framework for fitting smoothing splines to data is to incorporate them as the

functional bases in additive models (Eq. 2.1), a special case of the linear model that includes

smooth terms as linear predictors15.

yi = β0 +

p∑
j=1

fj(xij) + ϵi, ϵi ∼ N(0, σ2I). (2.1)

Similarly, generalized additive models insert smooth terms into the generalized linear model

architecture, expanding on the additive model by relaxing the distributional assumption on

the data generating process to account for any exponential family distribution with expected

value µ and scale parameter ϕ (Eq. 2.2)15. The expected value of the response, y, is modeled

as the linear combination of parametric fixed effects and the summation of p smooth functions

of predictors, with the canonical link, g(·), used to map the model to the scale of µ (Eq.

2.3)15.

yi ∼ EF(µi, ϕ), (2.2)

g(µi) = β0 +
l∑

k=1

βkxik +

p∑
j=1

fj(xij). (2.3)

Generalized additive models, when fit with smoothing spline bases, account for non-linear

characteristics present in the Kansas ambient monitoring data, although the smoothing spline

coefficients lack any immediate parametric interpretation. Together these components yield a

method for developing a spatio-temporal covariance structure, analogous to spatio-temporal

kriging, from a set of computationally efficient basis functions. Additionally, the ability

to incorporate any exponential family distribution in the assumed data generating process

addresses a wide range of response distributions encountered in water quality monitoring.

We now present the SBK modeling framework, which accounts for non-normal and non-

linear processes in spatio-temporal krige-and-regress problems with substantially reduced

computational expense.

12



2.4 Spline-based psuedo-kriging

To account for strict non-negativity, our model assumes a gamma-distributed response,

(Eq. 2.4).

f(yi; λi, α) =
1

Γ(α)

(
α

λi

)α

yα−1
i exp

(
−αyi

λi

)
, yi > 0. (2.4)

The expected value is modeled as a linear combination of the parametric components, and

the tensor product of the smoothing spline bases for spatial and temporal effects to form an

approximate spatio-temporal covariance structure (Eq. 2.5). We choose a thin-plate spline

and cyclic cubic spline basis for the spatial and temporal variables respectively, (Eq. 2.6).

λi = exp

[
β0 +

J∑
j=2

β1γij + g(s1i, s2i, δi)

]
, (2.5)

g(s1, s2, δi) =

K1∑
k=1

K2∑
m=1

ηkm tk(s1, s2) cm(δi), (2.6)

ĝ = argmin
g

[
− ℓ(λi; yi) +

1

2
(ν1 S1(g) + ν2 S2(g))

]
. (2.7)

S1(g) =

∫∫ [(
∂2g

∂s21

)2

+ 2

(
∂2g

∂s1 ∂s2

)2

+

(
∂2g

∂s22

)2
]
ds1 ds2, (2.8)

S2(g) =

∫ (
∂2g

∂ δ2

)2

d δ. (2.9)

Spline coefficients were estimated via penalized regression (Eq. 2.8), quantity and location of

knots for the smoothing splines were determined by generalized cross validation. All analyses

were implemented using R19; these estimation procedures are available through the ‘mgcv‘

package20.
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2.5 Model fitting and evaluation

In addition to SBK, we fit a multiple linear regression (MLR) and spatio-temporal

kriging model using the same covariates. The models were compared using holdout data

partitioned to match the spatial missingness structure (Figure 2.6). Two analytes, total

phosphorous and total suspended solids, were chosen as responses for model fitting to main-

tain consistency with our final analysis of BMP effects. Due to the substantial computational

cost of kriging, the models were initially fit using a subset of the total study area, the Solomon

River basin. The MLR and SBK models were then fit to the full study area using the same

partitioning approach for a large-scale comparison. Prediction intervals over the holdout

data were obtained via posterior predictive simulation and used to estimate mean coverage.

To compare our method with the krige-and-regress framework, the SBK model and a

universal kriging model were fit to the unpartitioned Solomon River basin data. To emulate

a crude implementation of the krige-and-regress model in the presence of temporal data, the

universal kriging model was fit to each year individually with the model equation in 2.10.

E[yi] = β0 + s1i + s2i + δ. (2.10)

Total phosphorous and total suspended solids were used as the response variable for modeling

in order to focus inference on a string of station delistings in the Solomon River basin for

those two analytes during 2022. A prediction surface was obtained for each model from 2020

to 2022, classified to subwatersheds by majority rule, and averaged within each subwatershed.

The predictions for the universal kriging model were fit to the linear mixed model with a

cyclic cubic spline to account for day-to-day effects in (2.11).

yi = β0 + b0l + β1cij + β2γik + ηmcm(δi) + ϵijk,

ϵijk ∼ N(0, σ2), b0l ∼ N(0, σ2
b ).

(2.11)

14



For the SBK predictions, we fit a gamma distributed generalized linear mixed model which

is formed by applying the likelihood in (2.4) to the model equation of (2.11). Least squares

(LS) means were computed for each BMP coefficient in the two mixed models, along with

80% confidence intervals.

15



Figure 2.6: Out-of-sample validation was performed by using the a temporal split (not
pictures) and two spatial partitions above to check the capability of models to maintain
callibration in the presence of the missing data geometries naturally present in the Kansas
data. The uniform partition was built with a 50% removal of all spatial locations uniformly
spread across the state to emulate data missing completely at random. The block partition
removed the central 30% of locations to emulate data missing not at random.
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Results

Table 3.1 provides an analysis of the SBK model’s callibration when compared to MLR

and spatio-temporal kriging. The SBK model showed the lowest mean coverage for all

partitions, as well as the least absolute distance from the prediction interval width (0.95)

for the temporal (Solomon: 0.960, Kansas: 0.948) and grid (Solomon: 0.948, Kansas: 0.958)

paritions. For the central partition it maintained the lowest absolute distance Notably,

the MLR and spatio-temporal kriging models performed similarly on average across each

partition within the Solomon River basin.

Solomon River Basin Full Kansas Data
Partition MLR ST-Kriging SBK MLR SBK
Total Phosphorus
Temporal 0.972 0.972 0.960 0.972 0.957
Grid 0.966 0.967 0.948 0.978 0.958
Central 0.974 0.972 0.948 0.988 0.912
Total Suspended Solids
Temporal 0.979 0.978 0.966 0.973 0.949
Grid 0.970 0.970 0.952 0.980 0.961
Central 0.973 0.973 0.954 0.985 0.960

Table 3.1: Out-of-sample mean prediction interval coverage, by partition and water-quality
constituent, for the reduced (Solomon River basin) and full (Kansas) study areas.

The LS mean intervals for BMP effects on phosphorus in figure 3.1 shows high uncer-

tainty propogating throughout the mean estimates. One candidate practice for phospho-

rous, which we defined as neither interval bounds crossing zero, was identified for krige-

and-regress (On farm trial, µ̂ = 0.00855, 80%CI [0.00265, 0.01444]) and two were found

for SBK (On farm trial, µ̂ = −0.14026, 80%CI [−0.24154,−0.03898]; irrigation group

17



µ̂ = 0.06555, 80%CI [0.00151, 0.12959]). For total suspended solids the mean intervals

for krige-and-regress appear to have the same high uncertainty as with phosphorous; by

comparison, the SBK intervals are shifted further away from zero (Figure 3.2). One TSS

practice for krige-and-regress (On farm trial, µ̂ = 0.53448, 80%CI [0.16593, 0.90303]) was

beyond zero, while three candidates for SBK (Onsite wastewater system, µ̂ = 0.05683,

80%CI [0.00324, 0.11041], sediment reduction group, µ̂ = 0.07971, 80%CI [0.02776, 0.13166],

waterway group, µ̂ = 0.04505, 80%CI [0.00416, 0.08593]) were identified. Table 3.2 sum-

marises those BMP 80% confidence intervals isolated for their signal clarity.

Best Management Practice Analyte Estimate SE Lower CI Upper CI
Krige-and-regress
On Farm Trial Phos. 0.00855 0.00231 0.00265 0.01444
On Farm Trial TSS 0.53448 0.14451 0.16593 0.90303
Spline-based psuedo-kriging
On Farm Trial Phos. -0.14026 0.03449 -0.24154 -0.03898
Irrigation Group Phos. 0.06555 0.02679 0.00151 0.12959
OnSite Wastewater System TSS 0.05683 0.02222 0.00324 0.11041
Sediment Reduction Group TSS 0.07971 0.02203 0.02776 0.13166
Waterway Group TSS 0.04505 0.01675 0.00416 0.08593

Table 3.2: Least squares means for the effect of best management practices on nonpoint
source pollution with 80% confidence interval upper bounds below 0 or lower bounds above
0. Spline-based psuedo-kriging estimates were log transformed to match scale with the krige-
and-regress means.
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Figure 3.1: Least squares means with 80% confidence intervals for the effect of best man-
agement practices on phosphorus loads from 2020–2022 in the Solomon River basin.

Figure 3.2: Least squares means with 80% confidence intervals for the effect of best manage-
ment practices on total suspended solid loads from 2020–2022 in the Solomon River basin.
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Discussion

Spatial misalignment between water monitoring and BMP data is a fundamental hazard

of their data generating process; it isn’t a case were better data collection is a reasonably

achievable solution. Our efforts were focused on developing an extension to the existing

krige-and-regress framework so that these misaligned data sources can be connected post-

hoc. The callibration seen in the SBK model affirms the model’s ability to consider the

data generating process in the presence of missing data without overestimating variance.

The drop in mean coverage seen in the full Kansas data central partition can be attributed

to the tendency of the model to catastrophically fail when faced with extreme information

gaps. This behavior was also observed with the south-western corner of the SBK predic-

tion surfaces, where there was no ambient montioring data collected and the surrounding

points contained high outlier values. The MLR and spatio-temporal kriging models having

similar out-of-sample callibration appears to be primarily the by-product of their shared

distributional assumption and strictly linear parameters. Despite both models equally over-

estimating the variance present in the data partitions there’s no evidence that MLR and

spatio-temporal kriging are inferentially analogous, they simply share predictive capacity

in this specific case. We recommend our SBK model in any instance where both of these

assumptions are violated, however it may be worthwhile for researchers to consider a normal

nonlinear model or generalized linear model if only one assumption is clearly violated.

Results from our regression analysis present a clear view of the outcome in replacing

kriging with the SBK model in krige-and-regress. The standard krige-and-regress frame-

work provides highly uncertain results when non-linear and non-mormal characteristics are
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present in the data. Recommending on farm trial as a candidate for increasing phosphorus

pollution does not significantly challenge intuition but is questionable when considering the

low prevalence of the practice in the Solomon River basin (1.67% of all practices imple-

mented between 2020 and 2022). The SBK and regress framework (SBK-R) presents more

scientifically consistent results with less obvious reliance on practice sample size (11.22% for

irrigation group, 10.50% for onsite wastewater system, 7.64% for sediment reduction, and

21.24% for waterway group). On farm trial changing signs based on model is a result we

lack a formal explanation for at this time, but it is suspected that this is a by-product of the

extreme uncertainty due to low sample size. Fitting both frameworks with total suspended

solids as a response was meant to investigate the nature of the both models in the presence of

delusive discrete data. The SBK-R candidate practices are both rational and certain enough

to consider for future investigation, which is how all candidate practices identified should

be treated. The unvertainty in all of these estimates and intervals is far too inconsistent to

treat any relationships identified as causal or even highly correlative.

The choice of 80% confidence intervals was meant to increase the potential pool of candi-

date practice given the low cost to type I error in selecting practice for further investigation.

Pushing the cutpoint for the dichotimization of candidate practices provided a striking result,

changing the uninformative results of the krige-and-regress framework to vastly overinfor-

mative. SBK-R showed a near resistance to this change, which could be attributable to the

differing response scales for the two methods, but is indicative of the LS means crossing

zero having no reasonable effect. The high uncertainty propogated throughout LS mean

estimates is very likely associated with the incomplete grouping of low sample size practices,

lack of auxillary data for large regions of missing data, as well as gaps in spatial records

for private landowners and facilities. These intervals could be tightened significantly and

used for stronger decision ruling if the previously discussed variance inflation problems are

addressed.

The spline-based psuedo-kriging model and subsequent SBK and regress framework

present promise in resolving the problem of spatial misalignment in water quality data.

Our results show that, in the presence of non-linearity and non-normality the SBK model is
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a more effective method for interpolating misaligned space than kriging or spatio-temporal

kriging. When using the predicted surface of SBK as the response for a regression model with

shared distribution, we have shown a more informative estimate of variance for identifying

candidate BMPs for change in NPS pollution. We thus recommend the use of our SBK-R

framework in all instances where the krige-and-regress framework would be appropriate but

the assumptions of linearity and normality have been clearly violated.
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