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Abstract/Summary 
Machine learning is a modern set of methods in data analysis that can be 
used to give better predictions. We report findings from our research that 
employs machine learning to predict land values using parcel-level 
transactions in Kansas. The emphasis is on predicting the variation in land 
values across fields rather than predicting the variation in land values over 
time. The presentation will compare the predictive ability of machine learning 
techniques to traditional methods and also discuss which characteristics of 
the parcel (soil, climate, proximity to urban areas, etc.) provide the greatest 
predictive ability. 
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OUR OBJECTIVE

Improve understanding of variations in land values across
different parcels at a particular point in time.
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WHY PREDICT LAND VALUES?

� Inform land purchasing decisions
� Government buy-out programs (e.g., CRP) could

differentiate payments by land quality in order to reduce
expenditures
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ZILLOW LISTING

Public Owner  NEW

1729 Houston
St,
Manhattan, KS
66502
5 beds · 3 baths · 3,620 sqft

 FOR SALE

$189,900
Est. Mortgage

$674/mo

Get pre-
approved
Listed by:

This 3620 square foot single family
home has 5 bedrooms and 3.0
bathrooms. It is located at 1729
Houston St Manhattan, Kansas.

Source: http://www.zillow.com/
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ZESTIMATE

Zestimate Details
Add seller comment

 
Zestimate 

$193,418
+$0  Last 30 days

Zestimate range

$184K $228K

Rent Zestimate 

Unavailable
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ACREVALUE BY GRANULAR

“AcreValue aggregates and analyzes terabytes of data about
soils, climate, crop rotations, taxes, interest rates, and corn
prices to calculate the estimated value of an individual field.
With its map-based web interface, AcreValue provides easy
access to this data with a simple click on a field. AcreValue is
currently available in all U.S. states except Alaska, Hawaii,
Alabama, and Florida. Estimated values are currently available
in Iowa, Illinois, Indiana, and Minnesota.”
Source: https://www.acrevalue.com/about/
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� Two examples of AcreValue Reports
� Note: We make no endorsement or critique of the services

provided by AcreValue.
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PARCEL (PVD)

� Sales between 1985 and 2015.
� Only dryland parcels
� Drop: No Parcel ID, Acres ≤ 35, Sold within same month,

Not arms-length.
� 22,768 unique parcels.
� Price Per Acre = (Sale Price - Total Improvements)/Total

Acres.
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CLIMATE (PRISM)

� Source: PRISM gridded data
� April-September precipitation
� Extreme heat (degree days above 30 degrees C)
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SOILS

� Know the soil types associated with each parcel
� Collect information related to those soil types from

SSURGO by NRCS
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COMMUTE TIME TO URBAN AREAS

� Source: Google Maps Distance Matrix API
� Match Populated Areas with Parcels.
� Populated areas with population of 10k, 20k, 40k, 50k,

100k, 200k, 500k, and 1m.

Motivation Data Methods Preliminary Results Future Extensions

� CPI to deflate land values
� Calculate average percent difference in price for each year

compared to 2015
� Adjust all prices to 2015 levels
� Similarly, adjust all prices to 4th quarter



Motivation Data Methods Preliminary Results Future Extensions

HEDONIC MODEL

ln(PricePerAcre)i = f (xi) + εi

� xi: characteristics of parcel i
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ASSESSING THE MODEL

� Step 1: Train the model by taking a portion of the data to
fit the model

� Step 2: Test the model by seeing how well it predicts a new
sample of data that was not used in training
(out-of-sample prediction)
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METHODS OF MODELING THE DATA

� Regression
� Ridge Regression
� Lasso
� Random Forest
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INTERPRETABILITY VERSUS FLEXIBILITY

� Regression is easy to interpret, but may not predict well
with complex nonlinear relationships

� A Random Forest is difficult to interpret, but allows
complex nonlinear relationships between several variables
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COEFFICIENTS FROM SIMPLE REGRESSION

� Another inch of precipitation increases land value by 3%
� A 10% increase in slope decreases land value 0.6%
� A 10% increase in soil organic carbon increases land value

by 1.7%
� Effect of soil water holding capacity seems to be captured

mostly by soil organic carbon
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COEFFICIENTS FROM SIMPLE REGRESSION - CONT’D

� Greater bulk density (more susceptible to compaction)
decreases land value

� Having no commute time to 50k city increases value of
land by 85% compared to commute 1 hour or greater

� Each minute less of commute time increases value by 1.4%.
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MOST IMPORTANT SOIL PREDICTORS SELECTED BY

LASSO (NO PARTICULAR ORDER)

� Slope
� Soil Organic Carbon
� Bulk Density
� Cation-exchange capacity
� Low pH
� Sandy soils
� NCCPI (National Commodity Crop Productivity Index)

Rating
� Root zone depth
� Non-irrigated capability classification
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MOST IMPORTANT SOIL PREDICTORS INDICATED BY

RANDOM FOREST (ORDER OF IMPORTANCE)

1. Slope
2. Soil Organic Carbon
3. Saturated Hydraulic Conductivity (Ksat)
4. Percent Silt
5. NCCPI Rating
6. Soil water holding capacity
7. Organic matter
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MEDIAN ABSOLUTE ERRORS OF PREDICTION

OLS Ridge LASSO Random Forest

0.433 0.435 0.436 0.420
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FUTURE EXTENSIONS

� Region-specific models
� Use average sales of nearby parcels (or parcels with similar

soil) as explanatory variable
� Include additional explanatory variables
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BASIS (AGMANAGER.INFO)

� Corn & Wheat.
� 1998 to 2015.
� Calculate 3 year moving

average.
−0.25

0.00
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    Basis
($/Bushel)

Basis in 2015
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MILL LEVIES (PVD)

� County level mill levies.
� 1987 to 2015.
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OIL & GAS (KGS & EIA)

� County level annual
production.

� Location of the
wells.

� 3 different well
types; Oil, Gas, Oil
& Gas.

� Number of wells in
buffer (around
parcel).
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HYDROLOGICAL (KGS)

� Section level data.
� Depth to water, saturated thickness, hydraulic

conductivity
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WATER RIGHTS (WRIS)

� Merge with location of parcel and authorized place of use
(not perfect)

� Authorized Inches per Acre, Seniority of water right
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CONCLUSION

� In current application, little benefits from machine learning
algorithms

� Benefits from machine learning may be larger as we make
more localized predictions

� Lot of other factors affect value of land for a particular
individual that we cannot model
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OPEN QUESTIONS

� What type of information is of greatest benefit?
� How small do prediction errors have to become in order

for predictions to be meaningful?
� Can we open up the “black box”?
� How can the results be shared in a meaningful way?
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