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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-

use” practices creating problems during the modeling process.

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 

considered as a historic reference.

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 

implementation 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 

dashboard product.
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Exploratory analyses have been 

performed at each spatial resolution 

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 

possible expansion to this framework 

could consider the issue of year-

over-year variance.

The use of dollars spent on 
practices as a predictor is useful 

to homogenize the units of 

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.

Spatial variability is considered between 

“queen” nearest neighbors, but further 

research would be needed to confirm if 

this is the most effective assumption.
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   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

