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/ Problem Statement \

Pre§ently, the allocation of funds IS informed via
bgsm quantitative techniques in coordination
with expert knowledge. This Creates significant
burden on the s.u.bject Mmatter experts and leaves
large vulnerabilities for process breakdown
shgu!d these experts vacate their positions

Existing and common techniqu .

es for assessing

pollution reduction that:

putational efficienc
QProduces easily interpretable resul)t/s

ideal practices at specific | '
. . ocations '
( Objective \ NPS pollution  reduction focys fc?r: O?etalrrg:,
c?};re'ﬂp a modeling framework for Informing %:l_ﬁteerr;lms,t IC'tSyStemS 204 Smulation models?.
mal practice | . opularity of these j j '
Practice  implementation for NPS attributed  to  their abtiﬁt(;hmctlges M

fuse the
fundamentally S€parated data sources for NPS

1ﬁ]ollution and BMP implementation. However
€s€ methods are often cumbersome to,

iImplement Computationally ineffici
| , y Inefficient, and
Inherent uncertainty quantification. ack

/

Current
At present, the models can
show  point predictions
across pre-specified Space
and time, gas well as
produce intervg| estimates
Map A shows the expected
distribution of TKN given
that expenditure on
relevant waste tfreatment
practices s reduced to
| less than $100 on average
for each HUC  those

practices have been
Implemented in previously
Map B shows the samé
€Xpected distribution but

with the max reasonable
eXxpenditure  on those
practices.

Expected

Due tc_) the size and
Complexity of the data these
Models take significant time

to run assess, and
: , tune. The
CXxpected result il be 3

strong answer on th

. e best
rnodelmg option for
Implementation into a KDA
dashboard tog| for optimal

funding of BMPs. The intent
IS 1o allow KDA
to

IS controlled by the duration

of model checki '
n
continues g ge Wh'gs

experimenta| process.
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Al KDA/DOC CSIMS Data 1

BMP implementation data is recorded in extreme detail via the Cost-
Share and Information Management System (CSIMS) database. The
data is spatially organized at the 12-digit hydrologic unit code (HUC)
(sub watershed) level and recorded temporally from 2004 to 2025.

This database has never been queried and tabled prior to this study
and represents a serious challenge from a data cleaning standpoint.
Due to the constantly changing nature of conservation practices, some

practices have been aggregated to larger categories to avoid “single-

Qse” practices creating problems during the modeling process. /

Al KDHE Ambient Quality Data )

NPS pollution tracking comes from a long-term surveillance data set
provided by KDHE. The data is spatially organized at the 8-digit HUC
(subbasin) level and recorded temporally from 1967 to 2024.

The data is comprehensive but incomplete; some pollutants were not
tracked until much later in the data as compared to others. Pollutant
loads are averaged across space and time to allow for fusion with
CSIMS data. All data recorded prior to CSIMS tracking (2004) is

Qonsidered as a historic reference. /

Middle Neosho Subbasin

Spatial variability is considered between

|
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/ Methods \\f -

To correct for spatial mis-alignment the dollars spent
per practice in the CSIMS data is averaged per year,
at the 8-digit HUC level. To consider temporal effects
a 1-year lag is introduced. This assumes that |
practices influence pollutant loads long after /!
iImplementation rather than immediately.
The data is then fit to three spatio-temporal models
to assess performance within the study objectives %,
and determine which will be implemented in a final
Qashboard product. /
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€ Geographical Gaussian
Process Regression |

n ~ GP(m(x), k(x,x’))

4 Multi-scale Geographically
Weighted Regression

Yis) = XPis) T €

Vst = ) TNs)B + 5T+ €

4 |

/" Gaussian Markov
Random Field

Noev =V ~ MVN(”» Z)
S0 {i,j}eE |

o

=ag) + VB €
Exploratory analyses have been Y(st) OB (O

performed at each spatial resolution

-

29 =

“‘queen” nearest neighbors, but further
research would be needed to confirm if
this is the most effective assumption.
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to check assumptions, coordinate
with subject matter experts, and build
a repository for integration with a
state government dashboard tool.

Currently, yearly aggregations occur
at the HUC-8 level, inserting the
assumption that averages are
representative of the entire HUC. A
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The use of dollars spent on
practices as a predictor is useful
to homogenize the units of

Herbaceous Weed Control, Caney Subbasin
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measure for each practice,
however more biologically ¢
significant  units can be ¢

leveraged depending on the
specific practice. While this isn’t |
a feature of current results it is a {;
feature of the model framework.
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possible expansion to this framework
could consider the issue of year-
over-year variance.
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   𝒚   ( 𝒔 ) = 𝑿  𝜷   ( 𝒔 ) + 𝝐


   𝒚   (  𝒔 , 𝒕 ) =  𝜶   ( 𝒔 ) +  𝜼   ( 𝒔 ) ′ 𝜷 +  𝝓   ( 𝒔 ) ′ 𝝉 + 𝝐


  𝜼 ∼ G P  (  m  ( x ) , k  (  x ,  x ′ ) )


   𝒚   (  𝒔 , 𝒕 ) =  𝜶   ( 𝒔 ) +  𝜸   ( 𝒔 ) ′ 𝜷 + 𝝐


   𝜼  𝒗 ∈ 𝑽 ≡ 𝜸 ∼ M V N  (  𝝁 , 𝚺 )


   𝚺  𝒊 , 𝒋  − 𝟏 ≠ 0 ⇔ { i , j } ∉ E

