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Abstract
A hedonic model was employed to examine factors that influence the resale price of row
crop planters on the used machinery market. Planter sale data from 2016 to 2018 were
utilized to conduct the analysis. Results suggested that the primary factors impacting
planter resale prices were make, age, condition, planter configuration, row number, and
row spacing. As a function of age (depreciation), planter values were generally determined
to decrease at a decreasing rate. Finally, it was determined that there was a significant
interaction between the variables make and age, suggesting that different planter makes
depreciate differently.

Keywords: auction prices; hedonic modeling; machinery depreciation; planter components

Introduction

It is hard to overstate the importance of a planter to row crop production. The timing of
when the planter is used, its size and efficiency, and its utilization of available technology
impact yield from the moment the seed is placed in the ground (Nafziger 1994; De Bruin
and Pederson 2008; Van Roekel and Coulter 2011). Optimal planter use has a significant
impact on farm profitability during planting, which has led to increased producer demand
for quality and reliable planting equipment.

Due to mechanization in modern US production agriculture and the scale/size of
row crop production, research and development have led to major planter technology
advancements over recent years (USDA 2018; Schnitkey 2004a; 2004b). Like all agricul-
tural equipment, planters have trended toward larger machines with row numbers ranging
from 1 to 48 units that can cover 120 feet with a single pass. However, with innovative
technology and increased planter size, has come higher sale prices. Considering that
machinery expenses make up approximately 40% of total crop expenses, additional scru-
tiny is being applied to the planter purchasing decision (Ibendahl 2015). Agricultural
machines have also become highly customizable, giving producers the ability to purchase
equipment with features most important for their operations. This also makes buying a
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planter on the resale market a complex decision, as a planter is not a homogenous machine
for all crop farms. Customizable components include frame configuration, drive systems,
row units, seed delivery systems, row cleaners, fertilizer and pesticide options, and many
others (Wehrspann 2010). Overall, this customization has led to highly differentiated
products on the used machinery market, causing a large number of planter specific,
economic, seasonal, and spatial factors to drive prices.

Popular press articles and private industry research have recently noted shortcomings
in available information and data relating to agricultural planter markets (Mowitz 2018).
This has caused market inefficiencies where consumers do not have full knowledge or
confidence in what is for sale, thereby hurting sale price due to the associated risk involved.
Overall, technological advancements, improved agronomic knowledge, lack of relevant
scientific literature, and market complaints are only a few justifications for further
economic research relating to agricultural planter resale prices.

The research presented in this work adds to the existing literature by addressing the
issues mentioned above. By doing so, these findings can potentially benefit buyers and
sellers in the used machinery market directly and impact future economic research with
respect to machinery. Fundamental planter components, economic factors, spatial aspects,
seasonality factors, type of sale, and other variables were explored to determine their
impact on planter values. The overall objectives for this study were to: (1) identify the
primary factors that impact planter sale price on the resale market; (2) evaluate the impact
of age and condition on planter values; and (3) determine if these factors are similar, or
different, across planter makes and sale types.

Data

Data relating to finalized sales were collected from a multitude of auction companies and
machinery dealers for sales occurring from 2016 to the middle of 2018. The results were
then compiled in Machinery Pete’s “Auction Price Data” database where they were
sourced for this research (Machinery Pete 2018). The planter data set initially consisted
of 2,818 observations and included information for the final sale price, make, model,
manufacturing year, hours of use, condition, sale date, sale type, city and state of sale,
and a specs column where auctioneers entered information they deemed relevant.
Extensive data cleaning was required, including removing all observations that did not
include the manufacturing year and/or make of the machinery, as well as observations
listed as “Other” sale type. Characteristics that were listed in the specs column were pulled
out manually to create additional factors for comparison across planters.

The data posed some initial challenges related to inconsistencies in the specifications
provided where some observations were highly descriptive with information relating to
seed systems, meters, drive systems, fold types, monitors, and more. Additionally, there
were gaps in the data relating to the total number of row units and/or the spacing on
the rows where full information was not included in the sales description. In those cases,
necessary data for either row number or row spacing were sourced from online sale cata-
logs and machinery operator manuals based on make and model of the planter. Other data
were provided with no specifications relating to the planter, limiting the number of
components studied. This is relevant, as one would hypothesize that the presence or
absence of certain features, such as precision plant technology, tracks, etc., could poten-
tially affect the final sale price. Lastly, the lack of variables relating to acres covered, or
hours of use, is unfortunate as other studies have found significant results relating to this
depreciation factor (Cross and Perry 1995). In this study, the condition ratings of excellent,
good, and fair are all that was available to capture use and wear on the machines.
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A total of 847 observations were available for analysis, with descriptive observations for
sales occurring across 29 states (Figure 1) and the prominent US production areas.
Descriptive statistics for the pooled data are presented in Table 1. Group means based
on individual makes and row units are summarized in Tables 2 and 3. The models included
variables relating to the manufacturer, age, condition, planter structure, sale type, season-
ality, and macroeconomic factors to best estimate the primary objective of identifying
factors that influence planter resale price.

Based on economic and agronomic principles and market trends, expectations were
made about the relationship between the explanatory variables and sale price in the base
model. When compared to the variable Other makes (grouping of White, Great Plains,
Monosem, Peaque, IHC, and Wil-Rich), coefficients for John Deere, Case IH, and
Kinze were expected to be highly significant with positive coefficients as seen with previous
research related to tractors. Age and age2 were both expected to impact values and have
negative coefficients as seen in prior literature (Diekmann, Roe, and Batte 2008). Naturally,
planters in better condition should sell for higher prices, so positive coefficients were antic-
ipated for planters in excellent and good condition, as compared to those in fair condition.
Planters with a split row structure are likely to sell at higher price levels due to the
increased number of planter components, structural complexity, and increased demand
from crop producers in recent years (Mowitz 2017). Conversely, planters with a twin
row structure are likely to see lower prices as they are not highly demanded and their
use is almost primarily in the Southern United States.

Row spacing and row number both speak to the planter’s size and were expected to
have an impact on sale price. Planters with row spacing at 30” were expected to bring
higher prices as that is a common row spacing for corn today and discounts are likely
for lower row spacings. The variable for row spacing> 30” is expected to be negative
due to these spacing’s no longer being a common practice where yield is not maximized
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Figure 1. Planter data distribution by state.
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Table 1. Planter data distribution and summary statistics

Variables Definition # of Obs. Mean SD

Independent

Price Final Sale Price ($) 847 39,626 33,085

Dependent

Make

JohnDeere = 1 if John Deere is the make 497 0.59 0.49

CaseIH = 1 if Case IH is the make 112 0.13 0.33

Kinze = 1 if Kinze is the make 179 0.21 0.41

Other = 1 if make is not John Deere, Case IH, or Kinze 60 0.07 0.25

Usage factors

Age Total years since manufacturing 847 11.04 6.82

Cond_Exc = 1 if condition is excellent 73 0.09 0.28

Cond_Good = 1 if condition is good 749 0.88 0.32

Cond_Fair = 1 if condition is Fair 25 0.03 0.17

Specifications

Conv_Row = 1 if planter has a conventional structure 631 0.74 0.42

Split_Row = 1 if planter has a split row structure 209 0.25 0.43

Twin_Row = 1 if planter has twin row spacing and structure 7 0.01 0.10

Row0to10 = 1 if total number of row units is 10 or less 109 0.13 0.34

Row12to16 = 1 if total number of row units is 12 to 16 247 0.29 0.45

Row18to22 = 1 if total number of row units is 18 to 22 304 0.36 0.48

Row24Plus = 1 if total number of row units is 24 or more 187 0.22 0.42

CRS_Nar = 1 if row spacing for corn is 30" 49 0.06 0.23

CRS_30 = 1 if row spacing for corn is< 30" 776 0.92 0.28

CRS_Wide = 1 if row spacing for corn is> 30" 22 0.03 0.16

Sale type

Sale_Onl = 1 if the sale occurred online 178 0.21 0.41

Sale_Cons = 1 if the sale was for consignmnet 326 0.38 0.49

Sale_Farm = 1 if the sale occurred on farm 279 0.33 0.47

Sale_Deal = 1 if the sale occurred at a dealership 64 0.08 0.26

Region of sale

Reg_Nor = 1 if the sale was in the Northern Region 10 0.01 0.11

Reg_Mid = 1 if the sale was in the Midwest Region 788 0.93 0.25

Reg_Sou = 1 if the sale was in the Southern Region 34 0.04 0.20

Reg_West = 1 if the sale was in the Western Region 15 0.02 0.13

(Continued)
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Table 1. (Continued )

Variables Definition # of Obs. Mean SD

Season of sale

Wint = 1 if the sale occurred in the winter season 309 0.36 0.48

Spring = 1 if the sale occurred in the spring season 341 0.40 0.49

Summ = 1 if the sale occurred in the summer season 120 0.14 0.35

Fall = 1 if the sale occurred in the fall season 77 0.09 0.29

Year of sale

Year_16 = 1 if the sale occurred in the 2016 sale year 331 0.24 0.49

Year_17 = 1 if the sale occurred in the 2017 sale year 364 0.43 0.50

Year_18 = 1 if the sale occurred in the 2018 sale year 152 0.18 0.38

Table 2. Group means for varying makes

Variable John Deere Case IH Kinze Other2

Independent

Price 43,414.29 36,671.12 34,903.93 27,773.58

Dependent

Usage factors

Age 11.52 8.56 11.60 10.02

Cond_Exc 0.10 0.07 0.06 0.1

Cond_Good 0.87 0.90 0.92 0.87

Cond_Fair 0.03 0.03 0.02 0.03

Specifications

Conv_Row 0.83 0.89 0.40 0.75

Split_Row 0.16 0.11 0.59 0.18

Twin_Row 0.01 – 0.01 0.07

Row0to10 0.10 0.12 0.15 0.15

Row12to16 0.29 0.25 0.33 0.33

Row18to22 0.35 0.40 0.28 0.28

Row24Plus 0.26 0.23 0.23 0.23

CRS_Nar 0.07 0.03 0.01 0.12

CRS_30 0.90 0.93 0.97 0.87

CRS_Wide 0.03 0.04 0.02 0.02

(Continued)
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(Lambert and Lowenberg-Deboer 2003). Larger planters with greater numbers of rows are
also expected to sell for higher prices, holding everything else constant.

Having information about sale type has the potential to provide additional perspectives
on planter values. Dealer sales were hypothesized to have lower sale values compared to
other sale types. This was primarily anticipated because of the competitive nature of the
other auction platforms. Location information also allowed for estimation of spatial factors
and prices were expected to be higher in the Midwest, which is the predominant growing
area for corn and soybeans. Spring was expected to have lower planter values than the
other three seasons due to spring planting workload and historical trends (Mowitz
2018). Year of sale was included in the analysis and can be utilized to capture macroeco-
nomic and profitability factors at that time.

Methods

A hedonic theoretical framework was employed utilizing the data described previously to
investigate the factors that drive the value of used row crop planters. The hedonic price
method, which was initially introduced by Griliches (1961) and further developed by
Rosen (1974), has become a popular approach and has been widely employed in modeling
the determinants of agricultural land values (Pates et al. 2020; Delbecq, Kuethe, and

Table 2. (Continued )

Variable John Deere Case IH Kinze Other2

Sale type

Sale_Onl 0.22 0.28 0.13 0.22

Sale_Cons 0.33 0.38 0.51 0.45

Sale_Farm 0.34 0.30 0.32 0.32

Sale_Deal 0.10 0.04 0.04 0.02

Region of sale

Reg_Nor 0.92 0.94 0.96 0.03

Reg_Mid 0.01 – 0.02 0.9

Reg_Sou 0.05 0.03 0.02 0.07

Reg_West 0.02 0.04 – –

Season of sale

Wint 0.37 0.41 0.33 0.35

Spring 0.41 0.32 0.42 0.47

Summ 0.13 0.12 0.19 0.17

Fall 0.10 0.15 0.06 0.02

Year of sale

Year_16 0.39 0.33 0.41 0.45

Year_17 0.42 0.54 0.40 0.38

Year_18 0.19 0.13 0.19 0.17
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Table 3. Group means for row number groupings

Variable 0–10 12–14 16–22 22�

Independent

Price 17,396.51 28,712.25 39,263.31 67,589.25

Dependent

Make

JohnDeere 0.47 0.58 0.57 0.7

CaseIH 0.12 0.11 0.15 0.14

Kinze 0.33 0.23 0.23 0.09

Other 0.08 0.08 0.06 0.07

Usage factors

Age 15.00 12.59 10.21 8.02

Cond_Exc 0.07 0.06 0.07 0.16

Cond_Good 0.84 0.90 0.92 0.83

Cond_Fair 0.08 0.04 0.01 0.01

Specifications

Conv_Row 0.65 0.73 0.64 0.98

Split_Row 0.35 0.25 0.36 0.01

Twin_Row – 0.02 0.01 0.01

CRS_Nar 0.01 0.02 0.01 0.22

CRS_30 0.88 0.94 0.99 0.78

CRS_Wide 0.11 0.04 – –

Sale type

Sale_Onl 0.21 0.25 0.19 0.19

Sale_Cons 0.46 0.33 0.42 0.35

Sale_Farm 0.29 0.35 0.30 0.37

Sale_Deal 0.04 0.07 0.08 0.1

Region of sale

Reg_Nor 0.06 – 0.01 –

Reg_Mid 0.89 0.91 0.93 0.98

Reg_Sou 0.03 0.07 0.04 0.01

Reg_West 0.02 0.02 0.02 0.01

Season of sale

Wint 0.31 0.41 0.41 0.27

Spring 0.46 0.34 0.40 0.45

(Continued)
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Borchers 2014; Dillard et al. 2013; Zhang and Nickerson 2015), commodities
(Ethridge and Davis 1982), hay (Peake et al. 2019; McCullock et al. 2014), and cattle
(Martinez et al. 2021; Parish et al. 2018; Burdine et al. 2014). Even before the development
of hedonic analysis, factors affecting machinery prices were explored under different theo-
retical and empirical models. Factors such as horsepower and engine type were used to
develop price indices explaining 88–96% of the variation in tractor price in 1963
(Fettig 1963). Duality theory was employed to establish that input/output price ratios
and interest rates impacted machinery values (Leblanc and Hrubovcak 1985).

Previous literature has also revealed the need to continue hedonic research relating to
agricultural machinery to ensure accuracy in utilized indices. These factors, paired with the
complaints in the industry about inconsistent data collection and consumer knowledge,
continue to support research relating to machinery markets (Mowitz 2018). Hours of
use, age, make, sale timing, location, and sale method have been found to impact tractor
values in previous work (Diekman, Roe, and Batte 2008). Outside factors such as net farm
income and interest rates have also been shown to affect machinery expenditures
(Osbourne and Saghaian 2013) and Wang et al. (2013) established the importance of
quality on values. However, specific factors relating to agricultural planting equipment
prices have not been analyzed in detail. Therefore, the extent of physical machinery
components and the extent of outside factors such as commodity prices or sale location
have not been explored in relation to planter prices, which lends itself well to the hedonic
approach employed in this paper.

The empirical hedonic price model used herein is specified as a linear combination of
planter attributes and location characteristics that were defined previously. Under the
hedonic price model, planter price is a differentiated product with a bundle of technolo-
gies, size and location characteristics, and implicit prices can be estimated based on each
characteristic. The planter-specific characteristics include age and row setup. Various sale
characteristics such as online, consignment, and auction were considered. Additional vari-
ables for region, season, and year of sale are also considered in the model. Equation 1
shows the hedonic regression model implemented:

ln Vi� � � β0 � βLLi � βWW i � βAAi � βUUi � βMMi � εi (1)

The hedonic regression is formed with the log-linear specification. Because there is no clear
theoretical guideline for the correct functional form for hedonic pricing models, a semi-log
is preferred as a more flexible form with unobserved attributes or presence of measurement
error (Borchers et al. 2014). This is a common transformation and has the added benefit of
reducing heteroscedasticity. The estimated regression estimated is defined as:

Table 3. (Continued )

Variable 0–10 12–14 16–22 22�
Summ 0.17 0.17 0.10 0.15

Fall 0.06 0.08 0.09 0.13

Year of sale

Year_16 0.42 0.34 0.40 0.42

Year_17 0.39 0.49 0.39 0.44

Year_18 0.19 0.17 0.21 0.14
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ln planterpricei
� �� β0 � β1JohnDeerei � β2CaseIHi � β3Kinze:i

�β4Age:i � β5Age2i � β6Cond Exci � β7Cond Goodi
� β8SplitRowi

� β9TwinRowi

� β11Row18 to 22i � β12Row24Plusi � β13CRS30i � β14CRSWidei

� β15SaleOnli � β16SaleConsi � β17SaleFarmi
� β18RegMid

� β19RegSoui � β20RegWesti � β21Winti � β22Summi � β23Falli
� β24Year 17i � β25Year 18i � εi

(2)

The dependent variable in this study is the planter sale price. The variable Age was
transformed under the hypothesis that a quadratic relationship between Age and final sale
price might exist. Additionally, row number was broken into four groupings (Table 3) to
test for a nonlinear relationship between the row number explanatory variable and
sale price. These groupings were determined by plotting the residuals pertaining to the
variable row number. The pattern of the residuals suggested natural breaks at the row
numbers 12, 16, and 24 with linearity between the breaks. Finally, the model was run using
Huber/White robust standard errors to handle heteroskedastic issues that were found in
the data set.

To explore the potential interaction between the variables, make and Age, the base
model was slightly modified. First, an interaction model was estimated using all 847 obser-
vations. The interaction model largely included the same variables as the base model, but
the Age and Age2 variables were interacted with the various makes. For the models applied
to individual makes, dummy variables representing makes were dropped and no interac-
tions were included; the model was ran separately for John Deere (497), Case IH (112), and
Kinze (179).

Results and discussion

Hedonic modeling and STATA software were employed to analyze final agricultural
planter sale prices on the used machinery market (StataCorp 2017). In Figure 2, a box
and whisker plot was used to demonstrate the distribution of sale prices for all observations
as well as for the three primary machinery makes. The mean price across all sale obser-
vations was $39,626.19, which was less than the mean value for the market leader
John Deere ($43,413.29), but larger than the means for all other makes. Figure 2 provides
a simple visual representation of the impact of make on resale price, and regression esti-
mates were found to tell a similar story.

The results and estimated coefficients for the base hedonic model are displayed in
Table 4. Overall, the model was a good fit for the cross-sectional data with an R2 exceeding
80%. The model was tested for potential multicollinearity (variance of inflation factor) and
specification error (link test), but results did not suggest reason for concern. John Deer,
CaseIH, and Kinze had higher sale values than other manufacturers at the 90% level, with
John Deere and Kinze having larger impact magnitudes. Not surprisingly, planters in excel-
lent and good condition saw higher prices. And, Age and Age2 were significant and
suggested planters depreciated at a decreasing rate. Split row configuration, all row number
groupings, 30” row spacing, >30” row spacing, winter season, and the 2018 sale year were
also significant in explaining planter prices. Results also support a stepwise relationship
between price and row numbers. It was determined that the impact of row number
on price was relative to the size grouping through individual t-tests (t = −2.44, p= 0.008;
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t= 2.893, p= 0.002; t= 5.37, p=< 0.001). These results also suggest that the marginal
impact of an additional row unit is higher for larger planters. This could be influenced
by planters being more technologically advanced at a larger size, paired with the decision
by producers to upsize, creating more demand for larger planters.

A majority of the expected relationships between the variables were confirmed, with the
exception of those pertaining to row spacing. Results suggest that when compared to
planters with row spacings <30”, 30” and >30” row spacings have a negative effect on
a planter’s value. This is potentially driven by the fact that when row spacings are
narrower, there is more steel and technology in a given area than a planter at the same
width with 30” or >30” rows. Another potential explanation is recent agronomic research
showing potential yield benefits from narrow row spacings compared to 30” which is
increasing producer demand for these types of planters (Lambert and Lowenberg-
Deboer 2003).

The results for the interaction model can be seen in Table 5 where the fit and significant
variables were comparable to the base model results. The inclusion of the interaction terms
relating to make and Age is supported by the results where all four interaction variables
(JDAge, CIHAge, KinAge, and OthAge) were highly significant at the 1% level. It was
further determined through t-tests that JDAge, CIHAge, and KinAge are all significantly
different from one another (t= 17.14, p< 0.001; t= 11.15, p< 0.001; t= 5.52,
p< 0.001). This could not be said for these three interactions in relation to OthAge which
could be a result of data limitations from a small sample size. Overall, these results suggest
varying depreciation exists among planters of different makes, and these findings are
consistent with previous research relating to other types of agricultural machinery
(Perry and Nixon 1991; Cross and Perry 1995). More specifically, results shown in
Figure 3 suggest that Case IH planter values are most negatively impacted by Age when
compared to John Deere and Kinze. Somewhat surprisingly, Kinzes retained their value

Figure 2. Planter final sale price by make.
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Table 4. Hedonic regression results for base model

R2= 0.8086 ln (Price)

Constant 9.99*** (0.295)

Make

JohnDeere 0.432*** (0.060)

CaseIH 0.116* (0.070)

Kinze 0.444*** (0.067)

Condition

Age −0.120*** (0.007)

Age2 0.001*** (0.000)

Cond_Exc 0.471*** (0.122)

Cond_Good 0.343*** (0.112)

Specifications

Split_Row 0.414*** (0.033)

Twin_Row 0.233 (0.207)

Row12to16 0.323*** (0.052)

Row18to22 0.469*** (0.052)

Row24Plus 0.872*** (0.062)

CRS_30 −0.200*** (0.071)

CRS_Wide −0.300** (0.145)

Sale type

Sale_Onl 0.022 (0.054)

Sale_Cons −0.078 (0.051)

Sale_Farm 0.045 (0.051)

Region of sale

Reg_Mid 0.203 (0.215)

Reg_Sou −0.033 (0.227)

Reg_West 0.222 (0.266)

Season of sale

Wint 0.130*** (0.033)

Summ 0.067 (0.046)

Fall 0.107*** (0.054)

Sale year

Year_17 0.049 (0.039)

Year_18 0.240*** (0.043)

*, **, and *** indicate statistical significance at the 90%, 95%, and 99% levels.
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Table 5. Hedonic regression results for base model with interaction terms

R2= 0.8154 ln (Price)

Constant 10.023*** (0.323)

Make and age interaction

JDAge −0.125*** (0.008)

CIHAge −0.145*** (0.010)

KinAge −0.100*** (0.007)

OthAge −0.124*** (0.013)

Make

JohnDeere 0.446*** (0.133)

CaseIH 0.295** (0.145)

Kinze 0.167 (0.141)

Condition

Age2 0.001*** (0.000)

Cond_Exc 0.480*** (0.114)

Cond_Good 0.347*** (0.107)

Specifications

Split_Row 0.426*** (0.033)

Twin_Row 0.205 (0.205)

Row12to16 0.293*** (0.051)

Row18to22 0.433*** (0.052)

Row24Plus 0.817*** (0.063)

CRS_30 −0.217*** (0.071)

CRS_Wide −0.309** (0.143)

Sale type

Sale_Onl 0.017 (0.052)

Sale_Cons −0.087* (0.049)

Sale_Farm 0.028 (0.049)

Region of sale

Reg_Mid 0.256 (0.195)

Reg_Sou 0.008 (0.209)

Reg_West 0.253 (0.251)

Season of sale

Wint 0.132*** (0.032)

Summ 0.062 (0.045)

Fall 0.108** (0.052)

(Continued)

Agricultural and Resource Economics Review 277

ht
tp

s:
//

do
i.o

rg
/1

0.
10

17
/a

ge
.2

02
2.

4 
Pu

bl
is

he
d 

on
lin

e 
by

 C
am

br
id

ge
 U

ni
ve

rs
ity

 P
re

ss

https://doi.org/10.1017/age.2022.4


better over time compared to John Deere, which could potentially be a factor of John Deere
planters having higher values at the time of manufacturing. This could also be a result of
the technology employed on the planters where it could be argued that Kinze’s may be
“simpler” than John Deere’s historically. This could also be compounded by a potential
niche market existing for these older or “simpler” Kinze planters.

When the model was run for the individual makes John Deere, Case IH, and Kinze, it
proved to be a good fit for the subsamples as well (Table 6) with R2 ranging from 0.81 to
0.85. The highest R2 value was found for John Deere. If this is representative of the true
ratio of John Deere planters on the market compared to other makes, it could also suggest
that buyers have comparable knowledge of the machine’s perceived value, limiting the
unexplained portion of the price variation. Regardless, explanatory power was quite high
for all three makes.

Similar variables were significant across the three makes which included those relating
to Age, condition, planter configuration, specifications, and the 2018 sale year. Signs were
generally consistent across makes with a few notable exceptions. Interestingly, the twin
row variable was significant for both John Deere and Kinze, but their coefficients were
opposite. This could be related to areas of focus in research and development by the manu-
facturers relative to the markets they are potentially targeting. Another interesting and
important finding from the individual regressions for different makes relates to the Age
and Age2 variables where the results potentially suggest that there is variable depreciation
based on the make. These findings are also consistent with results determined by the inter-
action model where the impact of age on sale price is dependent on the make of the planter.
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Figure 3. Interaction and quadratic relationship between make and age.

Table 5. (Continued )

R2= 0.8154 ln (Price)

Sale year

Year_17 0.055 (0.038)

Year_18 0.236*** (0.043)

*, **, and *** indicate statistical significance at the 90%, 95%, and 99% levels.
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Table 6. Hedonic regression results for individual manufacturers

John Deere Case IH Kinze

ln (Price) ln (Price) ln (Price)

R2 0.8486 0.8549 0.8053

Constant 10.408*** (0.197) 10.898*** (0.557) 12.049*** (0.299)

Use factors

Age −0.125*** (0.008) −0.226*** (0.038) −0.051*** (0.016)

Age2 0.001*** (0.000) 0.005*** (0.002) −0.001* (0.001)

Cond_Exc 0.598*** (0.132 0.417** (0.197) −0.661*** (0.249)

Cond_Good 0.433*** (0.119) 0.364** (0.170) −0.616** (0.239)

Specifications

Split_Row 0.348*** (0.045) 0.587*** (0.117) 0.436*** (0.071)

Twin_Row −0.404** (0.196) – 0.585*** (0.087)

Row12to16 0.301*** (0.076) 0.318** (0.160) 0.375*** (0.079)

Row18to22 0.551*** (0.079) 0.648*** (0.154) 0.234*** (0.078)

Row24Plus 0.908*** (0.087) 1.04*** (0.161) 0.338*** (0.130)

CRS_30 −0.227*** (0.082) −0.314 (0.204) −0.356** (0.140)

CRS_Wide −0.127 (0.208) −0.614** (0.244) −1.089** (0.229)

Sale type

Sale_Onl 0.015 (0.064) 0.030 (0.139) −0.086 (0.137)

Sale_Cons −0.038 (0.060) −0.096 (0.134) −0.327** (0.120)

Sale_Farm 0.075 (0.060) −0.140 (0.143) −0.199 (0.126)

Region of sale

Reg_Mid 0.138 (0.104) −0.035 (0.303) −0.344** (0.158)

Reg_Sou −0.069 (0.136) – −0.585*** (0.182)

Reg_West 0.171 (0.230) −0.234 (0.351) –

Season of sale

Wint 0.127*** (0.040) 0.006 (0.116) 0.112* (0.063)

Summ −0.085 (0.063) −0.058 (0.104) 0.185** (0.074)

Fall 0.068 (0.068) 0.215 (0.138) 0.045 (0.089)

Sale year

Year_17 0.102** (0.050) 0.126 (0.122) −0.001 (0.065)

Year_18 0.234*** (0.054) 0.429*** (0.151) 0.128* (0.077)

*, **, and *** indicate statistical significance at the 90%, 95%, and 99% levels.
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Age was significant at the 1% level for all three makes, and Age2 was significant at the
1% level for John Deere and Case IH and at the 10% level for Kinze. Their coefficients
suggest a quadratic relationship where John Deere and Case IH lost value at a decreasing
rate while surprisingly, Kinze lost value at an increasing rate. Another potential explana-
tion for this variable depreciation relates to demand and brand loyalty, where a recent
survey revealed that of the producers surveyed 75% confirmed that they are brand loyal
(Kanicki 2017). Therefore, demand could be higher for certain brands, which assist in the
retention of the machines value over time. It was also interesting that Kinze was the only
make that was sensitive to sale type and the region of sale.

Conclusions and implications

This work employed hedonic modeling to explore factors that impact planter values on the
used machinery market. Results suggest that the primary factors that impact planter resale
prices are make, Age, condition, planter configuration, row number, and row spacing.
Other factors that showed a significant impact in some cases relate to seasonality and sale
year. Surprisingly, sale types and sale location were not found to have a significant impact
that was consistent across the varying models in this study.

The other main findings of this research relate to interactive effects between variables
and planter values. The variables price and Age were found to have a quadratic relation for
planters where in most cases, the price decreases at a decreasing rate as planters get older.
Natural breaks were found relating to the row number at 12, 16, and 24, where graphically,
the relationship takes on a stepwise shape. Finally, through a model with a focus on inter-
action terms, it was determined that there is significant interaction between the variables
make and Age. The impact of Age on sale price was found to depend on the make of the
planter, and for John Deere, Case IH, and Kinze their impact was statistically different from
one another. In conclusion, the research conducted here offers highly encouraging
results that add to the existing literature and can serve as a base for future research
related to agriculture machinery prices on the used machinery market for agricultural
machinery.
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