EEEEEEEEEEEEEEEEEEEEEEEE
OOOOOOOOOOO

Modeling Soil Test Phosphorus and
Potassium Calibration Data

John Filippi?, Luke Gatiboni, Greg Buol, John Spargo, Carl Bolster, Megan Bourns,
Adrian Correndo, Huijie Gan, Daniel Kaiser, Emma Matcham, Kelly Nelson,
Nathan Nelson, Deanna Osmond, Md. Rasel Parvej, Vaughn Reed, Amy Shober,
Rajveer Singh, Jared Spackman, Matt Yost, Nathan Slaton

TPostdoctoral Researcher, UADA & NCSU

SERA-6, MASTPAWG, and NRSP11

June 2026



Relative Crop Yield (%)

Phosphorus and potassium fertilizer recommendations are
based on:

Soil test correlation Soil test calibration
|dentify the critical soil test value (CSTV) Estimate the fertilizer-nutrient rate required to
achieve optimal yield across soil test values (STVs)
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Why test soil test calibration frameworks?

e Relatively few soil test calibration frameworks for estimating fertilizer-nutrient requirements
have been published

* The strengths and limitations of calibration frameworks have rarely been evaluated

e Calibration frameworks present some methodological challenges:
 Multicollinearity among predictor variables in regression-based approaches
* Discontinuous recommendation functions in class-based methods

* Limited flexibility for incorporating uncertainty and risk preferences

® The lack of a standardized calibration framework creates challenges for improving soil test-
based fertilizer recommendations
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Objectives

(i) Evaluate how soil test calibration frameworks influence
estimated fertilizer-P and -K rate recommendations

(ii) Identify a calibration framework suitable for implementationin
the FRST decision-support tool
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Dataset selection for modeling fertilizer-nutrient rate

Representation across geographic regions (nine U.S. states), crops (corn and soybean ), nutrients (P and K), and
soil test extractants (Mehlich-1 and -3, Olsen, and Bray-1)

# site- STV range CSTV

Dataset -

1 Mehlich-3 K soybean 45 46-353 94
2 Mehlich-1 K soybean 41 16-196 46
3 Olsen P corn 35 3-31 5.0
4 Bray-1P corn 25 2-59 11
5 Mehlich-3 K corn 134 37-592 70

Fertilizer-P and -K application rates ranged from 0 to 75 kg P ha™
and 0 to 224 kg K ha™

Source: Bourns et al., 2025; Lyons et al., 2021; Mallarino & Blackmer, 1992; Mallarino et al., 2009; Parvej et al., 2018; Popp et al., 2020; Williams et al., 2018
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Dataset preparation

Input trial data

Trial’s mean Fertilizer-K Absolute
STK applicationrates | cropyield
(mg kg™) (kg Kha™) (kg ha™)

Two-step calibration framework

Trial’s mean STK | Optimal fertilizer-K rate
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Modeling approaches for fertilizer-nutrient rate estimation

Two-step calibration framework

Quantile regression

Declining sigmoidal
quantile regression

Process

* Fit declining sigmoidal
model

* Estimate fertilizer-nutrient
requirement at
T= 0.5 (median)
T=0.9 (upper-bound)

&
i
3
1
Output

Continuous fertilizer
recommendation curve

STCI

Process

* Define STV class intervals

* Calculate the median
fertilizer-nutrientrate in
each interval

Fertilizer rate

STV

|

Output

Stepwise fertilizer
recommendation by class
interval
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Soil test class-interval

CART

Classification and
Regression Tree

Process

* Build a regression tree using
recursive partitioning

e Identify STV thresholds that
best explain fertilizer-
nutrient rate variation

e Calculate the median
fertilizer-nutrient rate within
each STV threshold

|

Yes No

STV=b?
[re-r] ¢ §
|m-n?| Rate =R,

Output

Stepwise fertilizer
recommendation by STV
threshold

Single-step calibration framework

ENET
Elastic Net Regression

Process

* Modelrelative yield as a
function of STV and
fertilizer-nutrient
application rates

* Predict fertilizer-nutrient
rate for target relative yield
(e.g., 95%)

Predicted fertilizer
recommendation surface



Results

Overall, all frameworks predicted declining fertilizer-nutrient
requirements with increasing STV; however, the magnitude and
pattern of decline varied among approaches and datasets

John Filippi | SERA-6, MASTPAWG, & NRSP11 2026




Quantile regression (nonlinear declining sigmoidal quantile regression)

Mehlich-3 K soybean Mehlich-1 K soybean Olsen P corn Bray-1 P corn Mehlich-3 K corn
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Advantages Limitations
* The 0.5 and 0.9 quantiles represent the median and upper * The model’s performance depends on the dataset structure

bound of the fertilizer-nutrient requirement « Data processing to determine the optimal fertilizer-nutrient
* Provides a continuous function to estimate fertilizer-nutrient rate
rate across STVs

* Provides a range of fertilizer-nutrient rates at the same STV

John Filippi | SERA-6, MASTPAWG, & NRSP11 2026




STCI (Soil Test Class-Interval)

Mehlich-3 K soybean Mehlich-1 K soybean Olsen P corn Bray-1 P corn Mehlich-3 K corn
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Advantages Limitations
* Transparent and assumption-free summary of data * Requires predefined soil test class boundaries
* Computationally simple and easy to communicate with end * Stepwise behavior (sensitive to the number and distribution
users of the observations)
* Canreduce the influence of scatter observations (e.g., Olsen * Data processing to determine the optimal fertilizer-nutrient
P corn) rate
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CART (Classification and Regression Tree)

Mehlich-3 K soybean Mehlich-1 K soybean Olsen P corn Bray-1 P corn Mehlich-3 K corn
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Advantages Limitations
» Effective at capturing changes in fertilizer-nutrient * Stepwise behavior may oversimplify nutrient response
requirements patterns
* Easyto communicate with end users * Data processing to determine the optimal fertilizer-nutrient
rate
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ENET (Elastic Net Regression)

Mehlich-3 K soybean Mehlich-1 K soybean Olsen P corn Bray-1 P corn Mehlich-3 K corn
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Advantages Limitations
* Use of the full experimental dataset without requiring prior * Limiting applicability in datasets lacking observations at low
estimation of an optimal fertilizer-nutrient rate STVs

* Dual solutions for achieving a target RY
* Training the end-users to interpret the response surface

John Filippi | SERA-6, MASTPAWG, & NRSP11 2026




At agronomically relevant STVs, how different are the recommendations?
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At agronomically relevant STVs, how different are the recommendations?
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Ratio between the estimated fertilizer-nutrient rates and the
estimated amount of nutrient removed by grain

Olsen P corn Mehlich-3 K corn
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 Ratio =1.0(red line): fertilizer input equals nutrient removal
 Suboptimal STV (below CSTV): fertilizer requirements exceed crop nutrient removal

« Above CSTV: fertilizer requirements approach or fall below crop nutrient removal
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Conclusions

o Calibration framework selection is a major source of variability in fertilizer recommendations

o All frameworks have strengths and limitations that may support or constrain their application for soil test
calibration

o Quantile regression produced the most consistent and agronomically interpretable
recommendations.
- Continuous recommendation curve
- Agronomically realistic fertilizer-nutrient recommendations
- Flexible recommendations for different risk preferences (t=0.5and t=0.9)
- Potential application for variable-rate nutrient management

o FRST implementation:
- Quantile regression as the primary calibration framework
- Soil Test Class-Interval (STCI) as a complementary framework
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Future efforts to address

o Economic optimization
o Multi-year trial integration
o Additional crop response functions

o Probability-of-response metrics

John Filippi | SERA-6, MASTPAWG, & NRSP11 2026




@UNIVEIBI'IY
A 4

Universityofldaho

University of Nevada, Reno
g5 OLLEGE o
AGRICULTURE ,,,,, ‘
;IM APPLIED SCIENCES
UtahStateUnlverslty

BRIGHAM YOUNG
UNIVERSITY

COLORADO STATE
UNIVERSITY

UNIVERSITY OF CALIFORNIA

NM IZ.Z\L

STATE
ARIZONA

!‘n,’ PennState

LIy

0

& 2
2

&) Cornell University
NN
2Eo A

UCONN

UNIVERSITY OF CONNECTICUT

M UNIVERSITY OF MINNESOTA UMLC:_I\I/CEEAII{\J SSTATTE
SRR ONIVERS or WV()MIN\L/} W!;%&QH%M PURDUE
SOUTH DAKOTA e
STATE UNIVERSITY UNIVERSITY OF 0
I I!:AITAI NMQAI.S THE OHIO STAfE UNIVERSITY
Nebra[%lg)]an Sl[ %ﬂ;@‘;‘;g}ﬁhm‘s WestVirginiaUniversity.
{JOI\\IYOE?{TSI?%E Thanks to our sponsors:
USDA ) Q.
USDAJ.c  58-8070-8-016
KANSAS STATE oy eeortr e

UNIVERSITY EJS/DA_ 0 NRCS
69-3A75-17-45 —U
NR203A7500010C00C

NR233A750011G016

@ University of Missouri

gg RUTGERS

University of
New Hampshire

The University of Vermont

SITYor
@?IFARWARE

@UN[VERSITY OF
% MARYLAND

- e BMIUSDA  National Institute of Food and Agriculture
UNIVERSITY —_——
U.S. DEPARTMENT OF AGRICULTURE
F0N North
U DIVISION OF AGRICULTURE VQ“;/V oc A::(terica
f RESEARCH & EXTENSION
rsity of Arkansas System
USDA
BA. =
T
Al &M
AP LSS FFAR’ FAR I ROCK RIVER
FOUNDATION FOR S LABORATORY, INC.
L AGRONOMIC RESEARCH AGRICULTURAL ANALYSIS
LOUISIANA STATE UNIVERSITY ||| Plant

\\‘ /(/ Nutrition

Canada

NIVERSITY
l?JfGUEII}H

Collaborating Universities, Agencies, and Organizations

WASHINGTON STATE

VIRGINIA
TECH

% University of
Kentucky

INSTITUTE OF
AGRICULTURE

uuuuuuuuuuuuuuuuuuuuuu

=y

MISSISSIPPI STATE

UNIVERSITY

BAUBURN

NC STATE
UNIVERSITY

CLEMS@N

U N ILY ERS I TY

/MY UNIVERSITY OF

i1l GEORGIA

UNIVERSITY of

UF FLORIDA

A‘I;} UPR

Recinto Universitario de Mayage:



	Slide 1: Modeling Soil Test Phosphorus and Potassium Calibration Data
	Slide 2: Phosphorus and potassium fertilizer recommendations are based on:
	Slide 3: Why test soil test calibration frameworks?
	Slide 4
	Slide 5: Dataset selection for modeling fertilizer-nutrient rate
	Slide 6: Dataset preparation
	Slide 7: Modeling approaches for fertilizer-nutrient rate estimation
	Slide 8
	Slide 9: Quantile regression (nonlinear declining sigmoidal quantile regression)
	Slide 10: STCI (Soil Test Class-Interval)
	Slide 11: CART (Classification and Regression Tree)
	Slide 12: ENET (Elastic Net Regression)
	Slide 13: At agronomically relevant STVs, how different are the recommendations?
	Slide 14: At agronomically relevant STVs, how different are the recommendations?
	Slide 15: Ratio between the estimated fertilizer-nutrient rates and the estimated amount of nutrient removed by grain
	Slide 16: Conclusions
	Slide 17: Future efforts to address
	Slide 18: Collaborating Universities, Agencies, and Organizations

