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Abstract 

This paper presents direct evidence on the impact of a specific extension program, aimed at promoting the 

adoption of varieties resistant to the soybean cyst nematode (SCN), specifically the Iowa State University 

SCN-Resistant Soybean Variety Trials (ISU-SCN). We use two data sources: the ISU-SCN data, and a rich 

proprietary dataset on farmers’ seed purchases. Combining these data, we estimate the value to farmers and 

seed companies of the availability of SCN-resistant varieties and the associated variety trials that provide 

information on their performance. Factoring in the scope and diffusion of extension information, we define 

the region and time for the analysis as Iowa and Illinois, 2011-2016. Farmers’ seed choices are specified in 

a discrete choice framework, and we employ a one-level nested logit model to estimate seed demand. Using 

these demand estimates, we find farmers’ willingness-to-pay (WTP) for the SCN-resistant varieties to be 

1.64 dollars per acre. Also, the WTP for being tested by ISU-SCN is 1.38 dollars per acre, and when they 

performed above the median in terms of yield (SCN control), the additional WTP from the performance 

information is estimated at 1.34 (0.41) dollars per acre. Using counterfactual analyses, over the period and 

region of analysis, the total surplus associated with the existence of, and information about, SCN resistance 

trait is estimated to be about 233 million dollars, 60.5% of which is captured by seed suppliers and 39.5% 

is held by farmers.  

Keywords: Agricultural Extension, Nested Logit, Seed Market, Soybean Cyst Nematode resistant varieties, 
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1 Introduction 

Agricultural extension has long been regarded as an important public service, especially as it relates to 

technology adoption. Although the significance of extension is widely recognized, empirical evidence on 

the magnitude of its economic impact is usually inferred indirectly from estimated links between extension 

activities and farms’ performance or agricultural productivity (Dinar, Karagiannis, and Tzouvelekas 2007; 

Maffioli et al. 2011; Genius et al. 2013; Jin and Huffman 2016). Studies that provide some direct evidence 

are mostly limited to ex ante analyses based on stated preference surveys (Ajayi 2006; Uddin, Gao, and 

Mamun-Ur-Rashid 2016). In this paper, we provide direct econometric evidence on the impact of a specific 

extension program, spanning more than two decades, aimed at promoting the adoption of varieties resistant 

to the soybean cyst nematode (SCN), specifically the Iowa State University SCN-Resistant Soybean Variety 

Trials (ISU-SCN). Our analysis is rooted in a structural seed demand model, which is estimated by lever-

aging two large and detailed datasets.  

The soybean cyst nematode is the most harmful pest to soybean yield in North America (Wrather et 

al. 2001; Koenning and Wrather 2010; Allen et al. 2017). This plant parasite (a microscopic roundworm) 

feeds on soybean roots and can result in damages that have serious repercussion on production (yields are 

lower because fewer pods develop on infected plants). Recommended management practices to deal with 

this pest include crop rotation with nonhost plants (such as corn), and, crucially, the adoption of SCN-

resistant varieties. Such varieties have been developed over time by including certain breeding lines (the 

source of resistance) into the breeding program for commercial varieties. Not all SCN-resistant varieties 

are equally effective. Resistance is provided by several genes, and it is understood that SCN-resistant vari-

eties can vary a lot in the degree of resistance they possess (and, of course, in their agronomic performance) 

(Tylka 2012). The ISU-SCN program has evaluated hundreds of SCN-resistant varieties each year for the 

last two decades, providing the most comprehensive set of SCN-resistant soybean variety trials. The key 

role of the ISU-SCN program is to gather seed varieties which contain germplasms resistant to SCN, and 

report their performances in carefully structured field experiments. Results from these variety trials have 

been widely circulated by ISU extension and soybean producer associations. 



3 

 

The question we pose in this study is: can we econometrically estimate the value, to farmers and seed 

companies, of the availability of SCN-resistant varieties, and the associated variety trials that provide in-

formation on their performance?     

Our empirical analysis relies on two unique data sources. The first source is the extensive ISU-SCN 

variety trials, which span the period 1997-2016. Over this period, ISU-SCN has tested a large number of 

commercially available SCN-resistant varieties (about 125 soybean varieties per year). Performance metrics 

from field trials, carried out annually at nine locations in Iowa, include yield rate and SCN population 

density. Results from these trials have been diffused broadly. Importantly, in addition to being freely acces-

sible online, starting from 2010 these results have been directly mailed to Iowa and northern Illinois farmers 

as a supplement to the ubiquitous magazine “Iowa Farmer Today.” The second data source is a large pro-

prietary dataset of plot-level seed purchases, by a representative sample of soybean farmers, collected by 

Kynetec USA, Inc. (hereafter, Kynetec). These data provide variety-level estimates of adoption of soybean 

varieties, and are available to us from 1995 to 2016. By merging these two sources of data, we can assess 

how information about SCN resistance affects observed seed purchases by farmers.  

The methodology we apply relies on estimating a discrete-choice model of farmers’ soybean seed de-

mand, along the lines of the framework developed by Ciliberto, Moschini, and Perry (2019). Given the 

nature of the research question addressed here, however, the seed demand model will need to be specified 

at a much more disaggregated level, namely at the individual variety level. Because the diffusion of ISU-

SCN information has been greatest since 2010, with Iowa and Illinois having the largest exposure, we focus 

on farmers’ choices over the years 2011 to 2016 in these two states. The analysis is carried out at the market 

level, where markets are identified by crop reporting districts (CRD) and the year (Iowa and Illinois are 

composed of 18 CRDs). Individual soybean varieties are the “inside goods,” and the observed acreage of 

corn grown provides our measure of the “outside option” needed to define the market size. Specifically, we 

use a one-level nested logit model, which maintains that, on a given plot, there is higher substitutability 

between soybean varieties than between soybeans and corn varieties. Our estimation procedure, based on 

Berry (1994), handles standard endogeneity concerns relating to price by the use of instrumental variables. 
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Furthermore, we control for the effects of other potentially confounding factors, such as the product life 

cycle of commercial varieties.  

Based on the demand estimation, we separately calculate farmers’ willingness-to-pay (WTP) for the 

SCN resistance trait and extension information of tested SCN-resistant varieties. The extension information 

is specified by three factors: i) being tested, ii) being tested and performed above median yield within the 

test sample, and iii) being tested and performed above median SCN control within the test samples. The 

total WTP provides a first-order approximation to the total surplus produced by the innovation (i.e., SCN 

resistance) and extension information. Also, using the observed price premia with respect to SCN resistance 

and extension information, we disentangle the total surplus into the net returns of farmers and the revenue 

change of seed suppliers. Our results from the demand estimation reveal that the WTP for the SCN re-

sistance is $1.64 per acre and WTP for being tested by ISU-SCN is $1.38 per acre. Additionally, when a 

tested SCN-resistant variety performed above yield median, extra WTP is found to be $1.34 per acre. Sim-

ilarly, added WTP from the information that the tested seed performed above the median of SCN control is 

estimated as $0.41 per acre. By multiplying WTPs to their corresponding acres, the total surplus of SCN 

resistance is calculated to be $125.66 million in Iowa and Illinois during 2011-2016, and the total surplus 

of ISU-SCN is measured as $112.67 million. Upon controlling for the impact of genetically engineered 

traits on seed prices, we find that SCN-resistant varieties command an average seed price premium of about 

$1.23 per acre. Based on that, we find that seed suppliers capture about 75% of the estimated surplus from 

SCN resistance, whereas farmers retain about 25% of this surplus. For the surplus from ISU-SCN, about 

57.8% is captured by seed suppliers and 42.2% is held by farmers.  

Additionally, a more structural welfare estimation is conducted. Specifically, we consider two coun-

terfactual scenarios; 1) in absence of SCN resistance trait and associated extension program (ISU-SCN), 2) 

in absence of ISU-SCN only. Through a hedonic price regression, prices for the counterfactual markets are 

predicted. The predicted prices are plugged into the estimated demand system. Using the property of the 

discrete-choice model, we derive the inclusive values of the choice set that farmers face, implying the wel-

fare level of farmers. Through the difference of the inclusive values from two scenarios (with and without 
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ISU-SCN), the welfare gains of farmers are estimated. Further, the counterfactual demands with predicted 

prices allow us to calculate the net revenue change of seed suppliers. In consequence, over the period and 

region of this study, the counterfactual analysis uncovers $232.78 million of total welfare gains from SCN 

resistance together with ISU-SCN, with seed suppliers capturing 60% of this surplus and farmers obtaining 

40%.  

2 Literature Review 

Here we review two related but distinct lines of research: technology adoption, and the economic value of 

extension. The value of SCN-resistant varieties to farmers (and society) arises from two sources: innovation 

in the seed breeding industry, which has generated commercial varieties resistant to SCN, and the ISU-SCN 

extension activities, which have conducted extensive test to verify the effectiveness of individual varieties’ 

resistance and have disseminated the associated information. Relevant literature includes studies on tech-

nology adoption, that sheds light on the realization of economic benefits from innovations, and studies on 

the economic value of extension programs.  

2.1 Technology Adoption  

The literature on technology adoption mostly explores farmers’ behavior. Specifically, in our case, the new 

technology of interest is a new seed product. 

First, we consider studies with recent advances in consumer demand analysis, which are based on 

discrete choice modeling. For a general demand analysis, Berry (1994) and Berry, Levinsohn, and Pakes 

(1995, henceforth BLP) present a framework for demand estimation in a differentiated product market. In 

particular, using a nested logit, Berry (1994) shows how discrete choice modeling can make aggregate data 

tractable for demand estimation. BLP (1995) additionally include individual heterogeneity by using random 

coefficients, which is known as random coefficient model or mixed logit. Nevo (2000, 2001) shows how 

individual level data can reinforce the richness of BLP method. Specifically, Nevo (2001) exploits demo-
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graphic information to account for individual consumer’s heterogeneity. When explaining different substi-

tution patterns among different groups of consumers in the ready-to-eat cereal market, the individual de-

mographic information is used for the specification of random coefficients for heterogeneous preferences. 

In our study, although the ideal case would be using the individual farmer’s information, the data we rely 

on do not contain it. Thus, we follow Berry (1994)’s market-level analysis to estimate seed demand with 

extension information. 

In agriculture, technology adoption often entails choices of newly introduced seed products. There are 

several studies applying discrete choice modeling in this specific adoption context. Useche, Barham, and 

Foltz (2009) introduce a trait-based adoption model. Their work provides a specification of how agricultural 

technology adoption can be combined with the BLP-style demand analysis. Using farm survey data, Useche, 

Barham, and Foltz (2009) estimate corn seed demand. In particular, like Nevo (2001), they exploit demo-

graphic information of farmers when applying a multinomial mixed logit model to examine the shadow 

price of GE corn traits which are categorized by four groups: herbicide tolerant (Ht), insect resistant (Bt), 

Ht-Bt mixed, and non-GE. Their paper provides a good guide on how to apply the BLP approach to agri-

cultural adoption. However, their survey data cover only two years, 2003 and 2004, in Minnesota and Wis-

consin, and the price of corn seed is assumed to be exogenous. As the seed market in the United States is 

highly concentrated, the price is likely to be endogenous, and ignoring this feature can induce the estimated 

price coefficient to be biased. Ciliberto, Moschini, and Perry (2019) show that instrumental variable proce-

dure along the lines suggested by BLP work well in this market, and we also adopt this approach. The 

details are discussed in the following paragraph. Based on the trait-based adoption model from Useche, 

Barham, and Foltz (2009), Useche, Barham, and Foltz (2012) discuss how discrete choice modeling can be 

applied to a learning model. Albeit their discussion is mainly about the modeling of learning and dynamics 

in technology adoption, it is worth to see how they specify the information update process in the discrete 

choice setting. Reckoning on different information sets between farmers, Useche, Barham, and Foltz (2012) 

provide an extensive discussion about advantages and challenges of trait-based approach as well as how it 

helps a deeper understanding of agricultural adoption. 
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Ciliberto, Moschini, and Perry (2019), who provide the underlying framework of our study, construct 

a discrete choice model to evaluate GE seeds in the United States. They study the economic benefits from 

corn and soybean seed innovations in the United States during the period 1996 to 2011. In their study, a 

nested logit model is used to allow for a flexible substitution pattern between different crops and traits. For 

the nesting structure, two level nests are constructed to specify substitution effects between different groups. 

The upper level nest is composed of the set of inside options for planting corn or soybeans and the outside 

option of which farmers plant any crop other than corn or soybeans, or do not plant. The lower level nest is 

partitioned by two inside options cultivating corn and cultivating soybeans. For the specification of discrete 

choices in the inside options, Ciliberto, Moschini, and Perry (2019) define product lines by combination of 

four components: crop (corn or soybeans), parent company, brand, and presence of GE traits. Importantly, 

for the identification strategy, they take advantage of the fact that seed traits are predetermined and largely 

exogenous to pricing decisions. Based on this rationale, Ciliberto, Moschini, and Perry (2019) make use of 

the total number of competing products with particular crop-trait configurations for their instrumental var-

iables. In our study, we define a product by variety, which is more specific identity of seeds. However, their 

identification strategy still applies. Hence, we use similar instrumental variables to Ciliberto, Moschini, and 

Perry (2019). 

The role of information is another important part when analyzing technology adoption. Our study is 

especially focused on the effect of extension information while the existing literature on the value of infor-

mation in technology adoption is about learning and experience. Notwithstanding differences in information 

type, the literature studies how information and knowledge of farmers can be combined in an economic 

model. Ghadim and Pannell (1999) conceptually explain adoption of new technology through a dynamic 

decision-making process of farmers. Specifically, they define the value of information as the present value 

of future gains from information of new seeds. The gains consist of two kinds, improved skills from the 

current trial and reduced risk in the future. In a similar perspective, Ma and Shi (2015) study the U.S. 

soybean seed market and show that farmers’ adoption pattern can be better explained using forward-looking 

model which assumes farmers are using Bayesian learning. The two studies emphasize the importance of a 
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dynamic framework when explaining farmers’ technology adoption. More precisely, the role of information 

and knowledge becomes effective in the dynamic process in the two studies. For an empirical analysis, 

balanced panel data is usually needed. For example, Ma and Shi (2015) exploit a panel data to run a simu-

lated GMM to estimate their model parameters. However, we use an unbalanced panel data set in this study. 

To account for the dynamics of popularity which reflect the adoption and dispersion process, we instead 

use product life cycle. Namely, using the age of seeds, their age group dummy is used to allow for the 

general dynamics.  

2.2 Economic Value of Extension 

In a pioneering work, Huffman (1977) presents some evidence that investments in education and extension 

can enhance allocative efficiency for U.S. Corn Belt farmers. Based on changes in nitrogen fertilizer con-

sumption in a five-year time interval, a gap between optimal use and actual use is explained by an adjust-

ment coefficient, which implies a degree of allocative efficiency. Specifically, the adjustment coefficient is 

projected on education, extension service, and land size. For the measure of extension, Huffman (1977) 

uses the amount of contacts between agricultural extension agents and farmers to quantify information 

supply. 

Birkhaeuser, Evenson, and Feder (1991) provide an extensive review of modern agricultural extension 

and its economic impact. In particular, they compare rates of returns from agricultural extension in several 

countries, which are estimated by previous studies. Importantly, Birkhaeuser, Evenson, and Feder (1991) 

point out potential endogeneity issues when contacts and visits from extension are used. Including Huffman 

(1977), many early studies have exploited the contacts and visits from extension as a factor of extension 

measure (Perraton, Jamison, and Orivel 1981; Cotlear 1986). Regarding the use of these measures, Birkhae-

user et al. (1991) underline the issue of farmer-initiated contacts. For example, if observed extension con-

tacts were mainly made by more efficient farmers, the extension impact would be overestimated because 

the treated group is biased to be more efficient farmers. In the same context, Anderson and Feder (2007) 
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additionally mention a second form of endogeneity bias in farm-specific extension variables, which is at-

tributed to the selective choice by extension staffs. They recommend using statistical procedures such as 

instrumental variables or 2SLS, 3SLS when the endogeneity issues are concerned. In our study, information 

diffusion does not rely on visits and contacts from extension, so this concern does not apply. In our setting, 

a related issue is that, due to limited experimental capabilities, the extension activity of interest can only 

test a subset of seeds among all available SCN-resistant varieties. The question that then arises is whether 

this introduces a selection effect. If the ISU-SCN selects popular products in the market, the estimated 

extension effect measured by the seed demand response may be biased (a typical reverse causality problem). 

We will address this problem in the context of the identification discussion.  

A great deal of literature provides indirect evidence on the economic value of extension through im-

proved productivities attributable to extension programs. One line of studies makes use of estimation tech-

nique for production frontier (Dinar, Karagiannis, and Tzouvelekas 2007; Jin and Huffman 2016). Dinar, 

Karagiannis, and Tzouvelekas (2007) use a nonneutral stochastic frontier model to separately estimate di-

rect and indirect contribution of extension to the productivity change. Specifically, direct contribution is 

defined as a change in the production frontier by the extension and indirect contribution is defined as a 

reduction in technical inefficiency by the extension. Through the estimation results from Cretan farmers, 

the authors highlight the interaction between extension and socio-economic and demographic features of 

farmers. Similarly, Jin and Huffman (2016) apply a stochastic frontier approach to estimate productivity 

gains from extension and agricultural R&D investment. While Dinar, Karagiannis, and Tzouvelekas (2007) 

exploit micro-level observations of 265 farmers in the 1995-1996 crop year, Jin and Huffman (2016) use 

U.S. state-level observations with a relatively longer time period of 1970-2004. In particular, they find the 

internal rate of returns from narrowly defined agricultural and natural resource extension is over 100 percent. 

The evidence on the effect of extension found by the two studies shed light on the role of extension as a 

production input. Reflecting this feature, we define the SCN resistance proven by the ISU-SCN as a product 

attribute in our analysis.  
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Another line of studies focuses on the productivity changes attributable to extension through produc-

tion estimation (Genius et al. 2013; Maffioli et al. 2011). Both studies show the importance of accounting 

for the dynamics which crucially influence the efficacy of extension. Genius et al. (2013) investigate the 

contribution of extension on information transmission across farmers in irrigation technology adoption. In 

particular, they not only use the extension visits but also make use of distances between farmer and exten-

sion, and between farmers and adopters. For the farmers’ learning process, Genius et al. (2013) employ a 

duration model in which farmers are assumed to decide whether to continue learning or to stop gathering 

information and adopt a new technology to maximize their expected discounted profits. Based on the theo-

retical model, they estimate model parameters using maximum likelihood estimation for the case of olive-

growing Cretan farmers. They find that the social learning between farmers can be as impactful as direct 

effect from extension personnel. Maffioli et al (2011) use a five-year panel data for Argentinian grape farm-

ers interacting with an extension program designed to help improving quality and quantity of production. 

Intriguingly, the authors find negative effect of extension on yield and positive effect of extension on prod-

uct quality. As their data do not contain demographic information, the treatment effect of extension is sim-

plified by an indicator variable, which is one after a farmer has participated in the extension, and zero 

otherwise. Averaging treatment effects across all years after the treatment can obscure underlying dynamics. 

For this reason, the authors introduce several lagged treatment dummies and find the adaptation period 

would exist, suggesting a fadeout of negative yield after the extension treatment. In our study, we introduce 

a similar indicator variable to explain the product attribute generated by the ISU-SCN extension program, 

which is one once the product is tested as a SCN-resistant seed by ISU-SCN, and zero otherwise. Since the 

indicator variable is mingled with a product characteristic, we cannot follow Maffioli et al. (2011) inasmuch 

as other factors in the market also affect at the same time. Rather, we include the product’s age dummy 

variables to allow for the dynamics in product life cycle.  

More direct evidence on the economic value of extension are commonly found by WTP of farmers to 

extension. Holloway and Ehui (2001) propose a method to estimate WTP for extension visitation from 

market participation data in the Ethiopian highlands. By estimating a probit model for farmers’ entry to an 
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emerging market, the authors measure the cost-saving effect (or effective price change) made by extension 

visitation, which is used to calculate farmers’ WTP. Although Holloway and Ehui (2001) provide an ap-

proach to estimate WTP by observed data, their work relies on strong assumptions for individual behavior: 

independence across households and independence across time periods. Another, and more common, ap-

proach to estimate WTP for extension is contingent valuation method (Swallow and Mazzotta 2004; Roe, 

Haab, and Sohngen 2004). As noted by Swallow and Mazzotta (2004), however, the stated-preference ap-

proaches have been controversial because of the discrepancy between WTP in stated-preferences and in 

real choices (see Diamond and Hausman 1994; Hausman 2012). In this respect, our ex post approach, based 

on data about actual farmers’ choices, can be an attractive alternative to evaluate extension program. 

3 Data 

The analysis in this study is mainly based on two data sources: extension information for SCN resistance 

(henceforth, ISU-SCN data), and plot-level seed purchase data collected by Kynetec (an agricultural survey 

company). In this section, we first introduce the background of SCN and how the ISU-SCN data are gen-

erated and circulated. Then, the seed purchase data are summarized to show how we define essential notions 

for our analysis such as market, brand, product, and product life-cycle. As the ISU-SCN provides SCN-

resistance information in a variety level,1 two data sets are merged by variety name which uniquely identi-

fies individual seed product. At the end of this section, descriptive statistics for the merged data set are 

presented. 

3.1 Background: SCN and Extension Information 

The SCN (Heterodera glycines Ichinohe) has been reported to be the most damaging pathogen of soybean 

in North America for more than two decades (Wrather et al. 2001; Koenning and Wrather 2010; Allen et 

al. 2017).  In the United States, the SCN was first discovered in New Hanover County of North Carolina in 

 
1 When it comes to defining a product in seed market, the variety is the finest level identifying commercial seeds. 

Each variety belongs to a brand, and each brand is owned by a parent company.  
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1954 and is currently found in more than 25 states (Tylka and Marett 2014, 2017).  This plant parasite (a 

microscopic roundworm) feeds on soybean roots and can retard plant growth, causing a serious yield loss. 

Because the visual symptoms of SCN damage are hard to observed, farmers may not be fully cognizant of 

the problem they face, and a major focus of agricultural extension in this setting has indeed been that of 

improving farmers’ awareness by providing objective information. Two recommended strategies to control 

this pest are (i) crop rotation with nonhost plants (such as corn), and, crucially, (ii) the adoption and rotation 

of SCN-resistant varieties (Niblack, 2005).  Such resistant cultivars have been developed over time by 

including certain resistant lines (the source of resistance) into the breeding program of commercial varieties. 

This process is lengthy and notoriously difficult, due to the complex and polygenic nature of SCN resistance. 

There is also the concern that resistant varieties may experience a yield penalty when the pest pressure is 

low. As a result, there exists a considerable variation of the SCN resistance between SCN-resistant varieties, 

and yield performance and SCN population suppression can vary a lot depending on the seed choice as well 

as land condition and other agronomic factors (Tylka 2012).  

Iowa State University conducts the most comprehensive SCN-resistant variety trials among similar 

extension programs in the United States (Staton 2013). In the ISU-SCN, information for extension is pro-

cured from field experiments on SCN-resistant varieties, carried out annually at up to 9 locations in Iowa. 

After the harvest, the experiment records yield rates, and collects the soil samples from the experimental 

fields to count the SCN density (eggs/100cc), a measure of the effectiveness of SCN resistance for the given 

variety. Consequently, the ISU-SCN’s report displays SCN-resistant varieties with their SCN-resistance 

source and field performances (including yield rate and SCN density after harvest).2 Starting in 1997, their 

annual summary reports have been posted online to be freely accessible and diffused broadly. In the last 

two decades, about 125 different varieties each year have been documented. Importantly, since 2010, the 

reports have been directly mailed in the post-harvest season to (mainly) Iowa and northern Illinois farmers 

as a supplement to the magazine of Iowa Farmer Today. This weekly periodical is distributed free of charge 

 
2 All varieties are SCN-resistant, in the report, except for a few SCN-susceptible varieties which are used as 

“controls.” See Appendix B for more detailed explanation about the ISU-SCN data.  
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to 70,000 farm owners and operators in and around Iowa.  

Reflecting on the diffusion of extension information, we define the region and time for the study as 

Iowa and Illinois after 2010, the top 2 soybean producing states in the United States as well as encompassing 

most farmers receiving Iowa Farmer Today.3 As the seed purchase data we draw on are available up to 2016, 

we investigate Iowa and Illinois from 2011 to 2016.  

3.2 Seed Purchase Data 

For seed purchase observations, we use two proprietary datasets (TraitTrak) for corn and soybeans, which 

are collected by the agricultural survey company Kynetec USA, Inc. These farm-level datasets provide rich 

information on plot-level seed purchases such as price, seed trait, variety, brand, parent company, quantity 

purchased, and projected acres. The Kynetec data are available from 1995 to 2016 for corn and from 1996 

to 2016 for soybeans. Based on the information diffusion from ISU-SCN, we mainly exploit the data after 

2010. Notwithstanding, observations prior to 2010 are also used to allow for the product life cycle (this 

issue will be discussed further in sub-subsection 3.2.4). Importantly, the datasets are designed to be a rep-

resentative sample at the crop reporting district (CRD)4. Kynetec data have an average of 537 farmers (ac-

counting for an average of 2,731 plot-level seed purchase observations) every year in Iowa and Illinois 

during 2011-2016.   

3.2.1 Market definition 

We define a market in terms of time-region combination, following Berry, Levinsohn, and Pakes (1995) 

and Ciliberto, Moschini, and Perry (2019). The area of our study, Iowa and Illinois, contains 18 CRDs (9 

CRDs for each state) and the study period, from 2011 to 2016, is chosen for reasons discussed in the fore-

going.  

As noted in Ciliberto, Moschini, and Perry (2019), defining the potential market size is necessary. In 

 
3 In Appendix D, we show the synthetic control analysis to verify the relative effectiveness of the direct-mail in 

the study region, Iowa and Illinois, to the adjacent 20 CRDs. The relative effectiveness lends support to the validity 

of the area of this study.  
4 CRDs are aggregates of counties, as defined by National Agricultural Statistics Service (NASS) of the U.S. 

Department of Agriculture (USDA).  
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our study, the ideal market size would be the number of acres that are potentially arable for soybeans. In 

fact, the cropland size in Iowa and Illinois has been almost constant the last 20 years5 and corn and soybeans 

are taking more than 80% of the cropland in Iowa and Illinois6. Hence, we assume total acres planted by 

corn and soybeans as the potential market size. More precisely, in the empirical analysis, cropping corn is 

regarded as an outside option that farmers can choose, which can be thought of like crop rotation.  

3.2.2 Brands 

The supply structure of each soybean seed is specified by three levels: parent company, brand, variety. 

There are five predominant companies in the U.S. soybean market. We categorize all seed products into six 

groups which are the big five companies, plus local & regional companies. A brand is a sub-company of 

the parent company and 106 brands are observed in Illinois and Iowa during 2011-2016. Table 1 shows the 

average annual market shares for each brand which takes above 1% share. Brands with less than 1% share 

are defined by ‘company name-others.’ For example, ‘Local & Regional Companies-others’ indicates prod-

ucts that do not belong to the big five companies and have less than 1% average annual market share. As a 

result, we get eighteen brands. From Table 1, we can see the relations between major parent companies 

and brands. In particular, the two most prominent brands from Dupont and Monsanto, Pioneer and Asgrow 

Seed Company, take more than half of the market share. This fact implies that there may exist significant 

market power owned by a few companies. As the market power can be used for pricing, we should allow 

for potentially endogenous prices. This issue will be elaborated in subsection 4.3. 

3.2.3 Product and seed trait 

Farmers can choose only one seed product in a given plot, so the product is a choice unit in this study. 

Particularly, in the discrete choice model that we employ for the empirical analysis, the choice set must 

satisfy three characteristics: mutually exclusive, exhaustive, and finite number of alternatives (Train, 2009). 

 
5 USDA census data (quinquennial survey) show the average size of cropland from 1997 to 2017 is respectively 

23.96 million acres and 26.80 million acres in Illinois and Iowa. The standard deviation is only 0.23 for Illinois and 

0.62 for Iowa. 
6 According to the USDA NASS, in 2017, corn and soybeans take 87.4% of cropland (44.9% for corn and 42.5% 

for soybeans) in Illinois. In Iowa, 83.5% of cropland is used for the two crops (47.8% for corn and 35.7% for soybean). 
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As long as the three conditions are satisfied, any way of product definition can technically work. We define 

products at the variety level. In total, we have 2,635 varieties in the markets of interest. The reason that we 

particularly use varieties for the individual choice unit is that the extension information that we study is 

provided in a variety unit. Thus, if we use other product definitions such as a combination of brand and 

seed trait, as in Ciliberto, Moschini, and Perry (2019), the product and extension information become in-

compatible.  

Because our analysis is carried out at the variety level, we also need to account for the product life 

cycle, i.e., the age of individual varieties sold to farmers. The product life cycle will be discussed further in 

section 3.2.4. Because we rely on the Kynetec dataset to identify varietys’ first commercialized year, we 

need enough lagged years to capture more precisely the commercialization timing for each product.  

A major trend in the soybean industry over the last two decades has been the adoption of glyphosate 

tolerant (GT) varieties, that is, genetically engineered (GE) varieties that can withstand over-the-top appli-

cation of the broad spectrum herbicide glyphosate. Remarkably, there has been a rapid transformation of 

the U.S. soybean industry from conventional seeds to the GE seeds since the commercialization of GE 

soybeans in 1996. Starting from 2010, the share of U.S. soybean acres planted with GT seeds has plateaued 

at around 93%.7 This big shift in the industry provides an additional rationale by which we have to exclude 

years earlier than 2011 in our research. To be specific, during the GE adoption phase, it is likely that a 

choice of SCN-resistant variety could happen not because of ISU-SCN but because of GE trait. As shown 

in Figure 1, the region in this study follows a similar GE adoption trend of the entire United States. The 

first several columns of Table 2 display annual averages of product numbers per CRD in 1996-2016, which 

are composed of two seed traits (GE and non-GE). The table also presents how many of them are proven 

as SCN-resistant by ISU-SCN. The pattern in Table 2 suggests that adoption of SCN-resistant seeds has 

happened concomitantly with the diffusion of varieties with the GT trait. However, we note that in the time 

period studied in this paper (2011-2016) the adoption of soybean GT varieties had already reached a plateau, 

 
7 USDA, Economic Research Service data from the 2002 ERS report (https://www.ers.usda.gov/web-

docs/charts/58020/biotechcrops_d.html?v=0). 

https://www.ers.usda.gov/webdocs/charts/58020/biotechcrops_d.html?v=0
https://www.ers.usda.gov/webdocs/charts/58020/biotechcrops_d.html?v=0
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hence this issue should not affect our analysis.  

3.2.4 Product life cycle 

It is known that newly released seed varieties tend to have a relatively short life cycle, and they are contin-

ually supplanted, in the marketplace, by improved varieties produced by seed companies’ breeding pro-

grams (e.g., Magnier, Kalaitzandonakes, and Miller 2010). Without taking the product life cycle into ac-

count, our estimates for extension effect would be biased. Suppose that a variety is tested by ISU-SCN in 

its young age, its increase in demand could be attributed to just being emerged as time goes rather than the 

effect of extension information. Figure 2 shows the product life cycle. Specifically, the graph shows the 

pattern between product age and average market share of products that have the age. The ‘age’ is defined 

by years from the commercialized point to observed purchase year for each variety.8 From Figure 2, we 

can see decreasing trends along with the productage. Contemplating on the remarkable changes in the pat-

tern, we can also categorize varieties by a substantive three age phases instead of by every age; young (1 ≤

age ≤ 4), middle (4 < age ≤ 8), and old (8 < age). 

3.3 Extension Effect and Descriptive Statistics 

In this subsection, descriptive statistics for the consolidated data set are presented. Before that, let us explain 

how the two data sources are combined and how we define the extension effect. As mentioned before, the 

ISU-SCN dataset is merged to the Kynetec data at the variety level. To be specific, ISU-SCN has tested 

1,904 varieties (1,798 for SCN-resistant varieties and 106 for non-resistant varieties) from 1997 to 2015, 

averagely 136.5 varieties (125 for the SCN-resistant and 11.5 for the non-resistant) per year in the same 

period. As demonstrated in Table 2, not all tested varieties are observed in the seed purchase data, but only 

666 SCN-resistant varieties, proven by ISU-SCN, are observed in 1997-2016; in our study period of 2011-

2016, 417 SCN-resistant varieties are observed. The never observed SCN-resistant varieties can be under-

stood as experimental varieties or less profitable varieties in the list of ISU-SCN.  

 
8 To procure the commercialized year of soybean variety, we check not only Iowa and Illinois but also all avail-

able regions in the Kynetec data, which encompasses 32 states. 
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In this study, we consider two distinct levels of information concerning SCN resistance “attributes” of 

observed soybean varieties. First, whether a variety is indeed SCN-resistant, which essentially means that 

it carries genes associated with resistance, from the use of resistant lines in the breeding program. Whereas 

we assemble information from various extension publications,9 we treat this as common knowledge as this 

information is known to seed companies themselves and conceivably conveyed to buyers (farmers) by seed 

sales agents. The second attribute is whether a particular SCN-resistant variety was tested by the ISU-SCN 

program, and the performance metrics resulting from the field trials. Whereas whether or not a soybean 

variety embeds SCN-resistance in its genome may be taken as representing the underlying raw value of 

innovation, the performance metrics produced and disseminated by the ISU-SCN program can be taken as 

representing the true value-added of extension. Figure 3 provides an overview of our data structure. In the 

time and region of this study, we observe seed purchases for 2,705 distinct varieties, among which 1,257 

are SCN-resistant. Within these SCN-resistant varieties, 417 varieties are found in the set of varieties tested 

by ISU-SCN. Additionally, Figure 4 exhibits the trends of market shares for SCN-resistant varieties and 

tested SCN-resistant varieties. The consistent increasing trend of the tested SCN-resistant varieties implies 

the significance of this extension. Noticeably, around forty percent of market share is taken by the tested 

SCN-resistant products in our study period, 2011-2016. More precisely, Table 3 exposes average and stand-

ard deviation of market share for the tested varieties, obtained from observed market shares in 18 CRDs, 

by year and seed trait.  

In this article, seed prices are represented as expenditure per acre. Table 4 reports the nominal average 

prices for groups by (seed trait, being tested by ISU-SCN). While GE products are generally about $10/acre 

more expensive than non-GE products, SCN resistance proven by ISU-SCN does not appear to command 

such large price premiums. The simple average difference tells us the overall price premium of SCN re-

sistance proven by ISU-SCN is $2.33/acre for non-GE and $1.01/acre for GE.  

 
9 In addition to performing field trials on a subset of SCN-resistant varieties, ISU-SCN has endeavor to compile 

and distribute annually a list of all available SCN-resistant varieties through their so-called “PM-1649” publication 

(titled “Soybean cyst nematode-resistant soybean varieties for Iowa.”) We total list of all SCN-resistant varieties that 

we have assembled by combining all extension information, over the period 1997-2016, contains 6,912 varieties.  
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4 Model 

In this section, we provide a conceptual model and its econometric specification to address the impact of 

SCN information on the soybean seed market. The consumers in the market are soybean farmers and the 

suppliers are seed companies. 

4.1 Farmers’ profit and seed demand 

Given a plot 𝑖, in market 𝑚, the farmer is assumed to choose the seed variety 𝑗 that provides the largest 

expected profit. 10 Ciliberto, Moschini, and Perry (2019) show that two reasonable properties of the per-

acre production technology are particularly useful: constant returns to scale, and fixed proportion between 

land and seed. Given that, the per-acre expected profit from planting variety 𝑗 in plot 𝑖 can be expressed as:  

 (1) 𝜋𝑖𝑗𝑚
∗ = 𝜋𝑖𝑗𝑚(𝑟, 𝑤; 𝐼𝑗) − 𝑝𝑗𝑚  

where 𝑟 is the (deflated) expected output price, 𝑤 is the vector of (deflated) prices of all inputs other than 

seeds and land, and 𝑝𝑗 is the (deflated) price of seed variety 𝑗 (where price is expressed on a per-acre ba-

sis).11  Note that the per-acre profit function 𝜋𝑖𝑗𝑚(𝑟, 𝑤; 𝐼𝑗) is specific to both the variety being planted as 

well as the plot. In particular, this profit function will depend on the attributes of variety 𝑗 (including the 

presence of the GT trait, and the variety’s SCN resistance attributes; to emphasize this point, the function 

is conditional on 𝐼𝑗, the set of relevant information pertaining to the variety. Note also that the linearity of 

the payoff function in equation (1), which will be very convenient in the econometric specification below, 

is a direct consequence of the fixed proportion condition between seed and land.  

Farmers’ seed choice, in this context, can then be represented by a standard discrete choice problem. 

Given that  𝐽𝑚 varieties are available in market 𝑚, the farmer’s profit-maximizing choice entails solving  

 
10 As our framework is built on Ciliberto, Moschini, and Perry (2019), their terminology and notation are used 

whenever possible, with few modifications. 
11 In the empirical application, nominal prices are deflated by the’crop sector index for price paid’, which is 

provided by USDA. 2011 is used for the base-year. For example, in 2016, the price index is 106.8. Then, observed 

netprice should be normalized by netprice * (100/106.8). (Source: https://quickstats.nass.usda.gov/results/86B90D9D-

3495-3144-BE46-5915EBC7E629?pivot=short_desc) 

https://quickstats.nass.usda.gov/results/86B90D9D-3495-3144-BE46-5915EBC7E629?pivot=short_desc
https://quickstats.nass.usda.gov/results/86B90D9D-3495-3144-BE46-5915EBC7E629?pivot=short_desc
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 (2) 
max

𝑗
 𝜋𝑖𝑗𝑚

∗ ,    𝑗 ∈ {0,1, … , 𝐽𝑚} 

where 𝑗 = 0 is the outside option (e.g., growing corn) .  

4.2 Econometric Specification: Nested logit 

To make this model operational, we need to parameterize the per-acre profit function in equation (1). We 

represent this function in terms of observable and unobservable components as follows:  

 
(3) 𝜋𝑖𝑗𝑚

∗ = 𝛾 ⋅ 𝑧𝑗 + 𝛽1 ⋅ 𝑥𝑗 + 𝛽2 ⋅ 𝕀𝑗𝑡[𝑚]
tested + 𝛽3 ⋅ 𝕀𝑗𝑡[𝑚]

y-top50
+ 𝛽4 ⋅ 𝕀𝑗𝑡[𝑚]

s-top50
+ 𝛼 ⋅ 𝑝𝑗𝑚 

                       +𝜉𝑡[𝑚] + 𝜉𝑙[𝑚] + 𝜉𝑏[𝑗] + 𝑎𝑗𝑡[𝑚] + 𝜉𝑗𝑚 + 휀𝑖𝑗𝑚 

where a set of fixed effects is introduced to control for variables that affect the per-acre profit but are un-

observed: specifically, the dummy variables 𝜉𝑡[𝑚], 𝜉𝑙[𝑚], 𝜉𝑏[𝑗], and 𝑎𝑗𝑡[𝑚] represent the time (year), region 

(CRD), brand, and variety’s age fixed effects. Furthermore, equation (3) includes variables that capture 

variety 𝑗-th’s attribute:  𝑧𝑗 is a dummy variable for GE seed, 𝑥𝑗 is a dummy for SCN-resistant variety, and 

𝕀𝑗𝑡[𝑚]
tested is an indicator function which is 1 if the product had been tested by ISU-SCN at the point of market 

𝑚, and 0 otherwise. Additionally, we include two indicator variables that code for the performance of a 

tested variety in the ISC-SCN trials. Specifically, 𝕀𝑗𝑡[𝑚]
y-top50

  is an indicator variable that takes value 1 if the 

variety in question performed better than 50th percentile in terms of yield (value 0 otherwise), and 𝕀𝑗𝑡[𝑚]
s-top50

 

is an indicator variable that takes value 1 if the variety performed better than 50th percentile in terms of 

SCN density (a metric of SCN resistance), and 0 otherwise.12 The term 𝜉𝑗𝑚 captures all other product-mar-

ket specific components that are unobserved, and 𝛾, 𝛽1, 𝛽2, 𝛽3, 𝛽4, and 𝛼 are parameters to estimated. Fi-

nally, the term  휀𝑖𝑗𝑚 represents elements that are specific to plot i but are unobservable to the researcher 

(they are known to the farmer making the choice). 

 
12 The performance metrics are defined by an average of ratios of a specific performance (yield or SCN density) 

to the mean performance of the control group (non-resistant varieties). Check Appendix B for additional explanation. 

In Appendix C, several empirical specifications are tried for robustness check, contemplating on various possibile 

ways to reflect extension information. 
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In what follows it will be convenient, following standard practice, to represent with 𝛿𝑗𝑚 all terms in 

equation (3) that are common to all plots in the same market and planted with the same variety. That is, 𝛿𝑗𝑚 

represents the mean expected per-acre profit of variety 𝑗 in market 𝑚. Hence, per-acre profit can be alter-

natively written as: 

 
(4) 𝜋𝑖𝑗𝑚

∗ = 𝛿𝑗𝑚 + 휀𝑖𝑗𝑚  

From the problem in (3), and the structure in (4), the choice of variety 𝑗 means that 

 (5) 휀𝑖𝑗𝑚 − 휀𝑖𝑘𝑚 ≥ 𝛿𝑘𝑚 − 𝛿𝑗𝑚    ∀𝑘 ∈ {0, 1, … , 𝐽𝑚}.  

Assuming that the unobserved terms 휀𝑖𝑗𝑚  are identically and independently drawn from a Type I Extreme 

Value (TIEV) distribution, choice probabilities (which we will estimate by market shares) then take the 

familiar logit structure (Train, 2009):   

 (6) 𝑠𝑗𝑚 ≡ Pr(𝜋𝑖𝑗𝑚
∗ ≥  𝜋𝑖𝑘𝑚

∗ , ∀𝑘 ≠ 𝑗) =
exp(𝛿𝑗𝑚)

∑ exp(𝛿𝑘𝑚)𝑘
. 

However, as noted originally by Debreu (1960), the multinomial logit model enforces unrealistic sub-

stitution patterns. For example, suppose that one soybean variety becomes unavailable. Then, it is more 

likely that farmers would find an alternative soybean product rather than seed corn to replace the discon-

tinued product. Counterintuitively, the multinomial logit assumes that all seeds including even other crops 

(corn in our case) have a proportional increase in their chance to be chosen based on their prior probability 

to be used. To avoid this issue, we apply one-level nesting structure (see Figure 5).13 As discussed in the 

previous section, we consider only two crops pertaining to farmers’ choice based on the fact that these two 

crops take most of the farmland in Iowa and Illinois. To be specific, farmers first choose either outside 

option (corn) or inside option (soybeans). Once the inside option is chosen, the farmers select a specific 

seed variety to farm. Through the nesting structure, the unrealistic substitution pattern is mitigated and we 

can check how much closely soybean varieties substitute each other in the estimation. 

 
13 Saved soybean seeds are also included in the outside option as they are not tradable goods in the market. About 

1.68% of soybean farmland per market are observed to use the saved seeds.  
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Now we explain how the nesting structure is embedded and shown up in our econometric specification. 

With the one-level nesting structure, the equation (3) needs additional specification in its plot-specific un-

observed component, 휀𝑖𝑗𝑚. Now that individual choices are grouped by inside option and outside option, 

we denote the exclusive groups by 𝑔 ∈ {0,1} . 𝑔 = 0 means a farmer chooses the outside option while 𝑔 =

1 if she chooses the inside option. The unobserved component can be specified by two terms; 

 (7) 휀𝑖𝑗𝑚 = 𝑣𝑖𝑔𝑚 + (1 − 𝜎)𝑣𝑖𝑗𝑚   

where 𝑣𝑖𝑗𝑚 is independent and identically distributed by the TIEV distribution and 𝑣𝑖𝑔𝑚 is a common to all 

varieties in the group. The 𝜎 ∈ [0,1] stands for the group correlation between varieties within the inside 

option group. Then, 휀𝑖𝑗𝑚 again follows the TIEV distribution (Cardell, 1997). In particular, 𝜎 is a key piece 

for the nesting structure. The bigger 𝜎 the stronger correlation exists between the varieties within the group. 

That is, if 𝜎 is significantly high, the nesting structure becomes compelling and farmers tend to stay in the 

inside option, when switching to another choice. By contrast, if 𝜎 is close to zero the model reduces to the 

simple logit.  

Similar to the equation (6), we can derive a closed-form choice probability with the nesting structure 

(see Train 2009 for the derivation). In market 𝑚, the conditional share of variety 𝑗 which is one of the inside 

options is  

 (8) 𝑠𝑗|𝑔1𝑚 =
exp (

𝛿𝑗𝑚

1 − 𝜎)

∑ exp (
𝛿𝑘𝑚

1 − 𝜎)𝑘∈𝐽𝑔1𝑚

 

where 𝐽𝑔1𝑚 is the set of soybean products in market 𝑚. Without loss of generality, we assume the outside 

option has a zero mean expected profit (𝛿0𝑚 = 0, resulting in 𝜋𝑖0𝑚
∗ = 휀𝑖0𝑚.14 The probabilities of choosing 

the inside option (𝑠𝑔1𝑚), and outside option (𝑠0𝑚), are respectively  

 
14 As the mean value of outside option is a reference point, the value itself does not affect the comparison between 

alternatives. 
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 (9) 

𝑠𝑔1𝑚 =
[∑ exp (

𝛿𝑘𝑚
1 − 𝜎)𝑘∈𝐽𝑔1𝑚

]
(1−𝜎)

1 + [∑ exp (
𝛿𝑘𝑚

1 − 𝜎
)𝑘∈𝐽𝑔1𝑚

]
(1−𝜎)

, and  

𝑠0𝑚 =
1

1 + [∑ exp (
𝛿𝑘𝑚

1 − 𝜎
)𝑘∈𝐽𝑔1𝑚

]
(1−𝜎)

 

Then, the unconditional probability of choosing a soybean variety 𝑗 is  

 (10) 
𝑠𝑗𝑚 = 𝑠𝑗|𝑔1𝑚 ⋅ 𝑠𝑔1𝑚 =  

exp (
𝛿𝑗𝑚

1 − 𝜎
)

[∑ exp (
𝛿𝑘𝑚

1 − 𝜎)𝑘∈𝐽𝑔1𝑚
]

𝜎

⋅ {1 + [∑ exp (
𝛿𝑘𝑚

1 − 𝜎)𝑘∈𝐽𝑔1𝑚
]

(1−𝜎)

}

. 

Log ratio of probabilities gives a relatively simple formula (Berry, 1994):  

 

(11) ln(𝑠𝑗𝑚) − ln(𝑠0𝑚) = 𝛿𝑗𝑚 + 𝜎 ln(𝑠𝑗|𝑔1𝑚)  

 =  𝛾 ⋅ 𝑧𝑗 + 𝛽1 ⋅ 𝑥𝑗 + 𝛽2 ⋅ 𝕀𝑗𝑡[𝑚]
tested + 𝛽3 ⋅ 𝕀𝑗𝑡[𝑚]

y-top50
+ 𝛽4 ⋅ 𝕀𝑗𝑡[𝑚]

s-top50
+ 𝛼 ⋅ 𝑝𝑗𝑚 

     +𝜉𝑡[𝑚] + 𝜉𝑙[𝑚] + 𝜉𝑏[𝑗] + 𝑎𝑗𝑡[𝑚] + 𝜎 ln(𝑠𝑗|𝑔1𝑚) + 𝜉𝑗𝑚.  

Equation (11) can be estimated as such. Alternatively, we can follow Nevo (2000, 2001) and utilize 

product fixed effects (i.e., variety fixed effects here).15 With the aid of variety fixed effects, the foregoing 

model can be expressed by two equations that can be estimated sequentially. In the first step, we estimate 

the equation (12);  

 

(12) ln(𝑠𝑗𝑚) − ln(𝑠0𝑚) = 𝜉𝑗 + 𝛽2 ⋅ 𝕀𝑗𝑡[𝑚]
tested + 𝛽3 ⋅ 𝕀𝑗𝑡[𝑚]

y-top50
+ 𝛽4 ⋅ 𝕀𝑗𝑡[𝑚]

s-top50
+ 𝛼 ⋅ 𝑝𝑗𝑚                                                           

                                   +𝑎𝑗𝑡[𝑚] + 𝜉𝑡[𝑚] + 𝜉𝑙[𝑚] + 𝜎 ln(𝑠𝑗|𝑔1𝑚) + 𝜉𝑗𝑚  

where 𝜉𝑗  represents the variety fixed effects. These terms capture all effects that are variety-specific and 

invariant over time and space (i.e., invariant across markets). Such effects include product attributes terms 

 
15 Some language clarification may be useful here. Nevo (2000, 2001) calls these “brand fixed effect” because 

in his applications products were essentially identified by brands. In this paper we use “brand” to identify an entity 

(e.g., Asgrow) belonging to a parent company (Monsanto in this case) that sells a number of varieties which presum-

ably share some underlying germplasm. Hence, Nevo’s brand fixed effect in our setting translate into variety fixed 

effects. 
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in equation (11), that is 𝑧𝑗 , 𝑥𝑗 and  𝜉𝑏[𝑗] , which are all absorbed to 𝜉𝑗. Note, however, that the fact of being 

tested by ISU-SCN, and the associated performance metrics, are not invariant over time—a variety can be 

present in the market before this information becomes available to farmers. Next, in the second step, the 

estimated fixed effects  𝜉𝑗 are regressed on the remaining observable variety attributes: 

 
(13) 𝜉𝑗 = �̃� ⋅ 𝑧𝑗 + 𝛽1 ⋅ 𝑥𝑗 + 𝜉𝑏[𝑗] + 𝑒𝑗  

where 𝑒𝑗 is an error term.   

4.3 Identification 

The key identification issue, in this setting, is related to the possible price endogeneity in equation (12) (and 

also the endogeneity of the conditional share appearing on the right-hand side of equation (12)). As shown 

in Table 1, the market is highly concentrated, products are differentiated by known attributes, and presum-

ably the observed seed variety prices display the equilibrium price choices of seed firms. In such a setting, 

one should expect a positive correlation between 𝜉𝑗𝑚 and 𝑝𝑗𝑚 in the equation (12). This is because the term 

capturing product and market-specific attributes of seed variety j, which is unobserved to the econometri-

cian, is arguably known to firms when they make their pricing decisions. Without controlling for this cor-

relation, the price coefficient 𝛼 would be biased. A distinct identification issue, noted earlier, arises from 

the possibility that the subset of varieties included in the ISU-SCN trials may have a systematic relation to 

market shares. In such a case, the extension effects, 𝛽2, 𝛽3 and 𝛽4, in equation (12) may be affected by 

reverse causality and be biased.  

4.3.1 Endogenous prices and instrumental variables 

For the identification of endogenous prices, we follow standard practice and assume that exogenous char-

acteristics of variety's location in the product space, as originally suggested by Bresnahan (1987) and ex-

emplified by Berry (1994) and BLP (1995). Specifically, we follow Ciliberto, Moschini, and Perry (2019) 

and use functions of the traits in competing varieties as our instrumental variables. They provide a detailed 

discussion of why the assumption of exogenous location in product space may be particularly reasonable 
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for the seed industry. This is because the introduction of new varieties, especially those embedding special 

traits, takes a long time, it is affected by stochastic elements, and is arguably largely exogenous to the firms’ 

pricing decisions (Ciliberto, Moschini, and Perry 2019, pp. 627-28).  

Because this study focuses on soybeans, for which we have only one GT trait, we end up using six 

instrumental variables; the number of competing products by variety, brand, and parent company, interacted 

with two underlying trait configurations: conventional and GT varieties. Nevo (2000) points out that if there 

are small variations of the products offered in different markets, the instrumental variables cannot show a 

meaningful variation between markets because of the brand dummy variable. In our study, as shown in 

Table 2, it seems there exist enough variations in products between markets.16  

4.3.2 Concerns on selective sample: a linear probability model 

Whether there has been a selective sampling for tested varieties must be assessed to alleviate the reverse 

causality concern. We examine this possibility by a linear probability model (LPM), regressing the likeli-

hood of being tested on the market share of a product with fixed effects for product age and brand. If the 

market share of the product in its tested year largely affects the likelihood of being tested, our empirical 

specification would be questionable. Particularly, the strong adoption trend of the tested SCN-resistant va-

rieties in Figure 4 would be rather explained by a biased sampling of ISU-SCN.  

When estimating the LPM, data for all available time periods (1997-2016) are used. The reason we 

include all the past tests is that the extension impact we define can come from the period prior to 2011. 

Thus, it is important to test this issue with all observed tested varieties.17 Let 𝑆𝐶𝑁𝑡 denote the set of varieties 

that are known to be SCN-resistant as of year t, and let  𝐷𝑗𝑡 be an indicator variable for being tested or not 

(1 or 0) by ISU-SCN in year 𝑡. The LPM is then specified as follows. 

 
16 The table 2 only shows the average number of varieties by seed trait per market, but we can see considerable 

magnitude of change. Furthermore, the standard deviation of the number of varieties for each seed trait for all markets 

we study turns out that 25.37 for GT trait, and 7.86 for conventional trait.  
17 We find 2,021 SCN-resistant varieties in 1997-2016, using several sources: PM-1649, ISU-SCN, and green-

house testing conducted in University of Minnesota (source: https://www.maes.umn.edu/publications/field-crop-

trials/soybean). It turned out that 667 varieties are tested by ISU-SCN within the comprehensive SCN-resistant group.  

https://www.maes.umn.edu/publications/field-crop-trials/soybean
https://www.maes.umn.edu/publications/field-crop-trials/soybean
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 (14) 𝐷𝑗𝑡 = 𝜌 ⋅ �̅�𝑗𝑡 + 휁𝑡 + 휁𝑏[𝑗] + 𝑣𝑗𝑡,  𝑗 ∈  𝑆𝐶𝑁𝑡 

where  �̅�𝑗𝑡 is the average (soybean seed) market share of variety 𝑗 at time 𝑡, 휁𝑡 and 휁𝑏[𝑗] are, respec-

tively, time effects and brand fixed effects, and 𝑣𝑗𝑡 is an error term. Note that individual observation is 

identified by a year-variety level instead of a market-variety level, because the selection of the tested variety 

is not separately made for each region. The average market share (percentage), �̅�𝑗𝑡 , is obtained by 

1

18
Σ𝑟=1

18 𝑠𝑗𝑟𝑡, where 𝑟 stands for the CRD index.  

The coefficient of our interest is 𝜌. The column (1) – (3) in Table 5 reports the OLS results with a 

different set of fixed effects. In all three models, we found negative and insignificant estimates for 𝜌. The 

number of observations in column (3) is smaller than column (1) and (2) because some singleton values are 

dropped when introducing brand fixed effects. In addition to the entire sample, we also consider the regres-

sion in (14) when the average market shares are computed on Iowa markets only, on the possibility that 

perhaps ISU-SCN selected variety relate to own state market shares ((columns (4) and (5) of Table 5). 

Although the sign of estimated  𝜌 is positive in the models with Iowa only, the estimated parameter is 

insignificant and very small. We conclude that there is no particular selection pattern in ISU-SCN samples 

vis-à-vis market shares.   

5 Estimation                                              

5.1 Demand Estimation 

Table 6 reports estimation results for the two-step representation of the model (i.e., using variety-specific 

fixed effects). Note that, in the “step 2” of Table 6, the total observations are 1,390, the number of variety 

fixed effects applied in “step 1.” In this table, we report results from OLS estimation, for comparison pur-

poses for the purpose of assessing the effect of the instrumental variable procedure we implement. Because 

most likely OLS estimates are plagued by price endogeneity, the price coefficient is not significantly dif-

ferent than zero (and it has the wrong sign). Conversely, two stage least squared (2SLS) estimates rely on 
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instrumental variables for the endogenous prices and conditional market shares, ln(𝑠𝑗|𝑔1𝑚). The need for 

the latter, which arises from the nested logit specification, is that ln(𝑠𝑗|𝑔1𝑚) would be correlated with 𝜉𝑗𝑚 

if our dependent variable, ln(𝑠𝑗𝑚) − ln(𝑠0𝑚), had a correlation with 𝜉𝑗𝑚. In the first stage regression, the 

aforementioned six instrumental variables are used. The column (2) of Table 6–step2 presents estimated 

parameters for the 2SLS. We note that, in this case, the estimated price coefficient has the expected negative 

sign, which suggests that the instrumental variables are effective. From now on, we focus on the 2SLS 

results.  

To make the estimates more instructive, mean own-price elasticity and cross-price elasticity are also 

provided at the bottom of Table 6–step1. Specifically, the own-price elasticity (for 𝑗 ≠ 0) can be obtained 

by (for notational simplicity we drop the market subscripts) 

 (15) 

𝜕𝑠𝑗

𝜕𝑝𝑗

𝑝𝑗

𝑠𝑗
 = 𝛼 ⋅ 𝑝𝑗 [

1

1 − 𝜎
− (

𝜎

1 − 𝜎
)

𝑠𝑗

𝑠0
− 𝑠𝑗]. 

Cross-price elasticity within the nest (inside options, soybeans) is calculated by 

 (16) 

𝜕𝑠𝑗

𝜕𝑝𝑘

𝑝𝑘

𝑠𝑗
 = −𝛼 ⋅ 𝑝𝑘 [(

𝜎

1 − 𝜎
)

𝑠𝑘

𝑠0
− 𝑠𝑘]     for  𝑗, 𝑘 ∈ {1, 2, … , 𝐽}. 

Cross-price elasticity across the nest (i.e., inside option and outside option) is calculated by  

 (17) 
𝜕𝑠0

𝜕𝑝𝑗

𝑝𝑗

𝑠0
 = −𝛼 ⋅ 𝑝𝑗𝑠𝑗    for  𝑗 ∈ {1, 2, … , 𝐽}. 

The own-price elasticity is found to be around -12.39, which indicated that individual seed demand 

functions are quite elastic. This is not surprising, considering that we are modeling demand at the very fine 

variety level. Cross-price elasticity within the nest is about 0.107, and cross-price elasticity across the nest 

is about 0.0001. This shows that, consistent with the motivation for the nested model specification, a farmer 

moving away from a given soybean variety is much more likely to purchase another soybean variety, rather 

than using the outside option (corn).  

For space reason, the estimated age fixed effects included in equation (12) are not reported in Table 6.  

Instead, these fixed effects are illustrated in Figure 6. As expected, we find the product age fixed effects 
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tend to more significantly positive for the relatively new products, implying a short product lifecycle of 

individual variety. This finding is consistent with the observed product lifecycle pattern documented earlier 

in Figure 2.  

5.2 Welfare Analysis 

5.2.1 Willingness-to-pay and surplus calculation 

Based on the demand estimation, we measure welfare changes attributable to the product attribute of interest: 

SCN resistance per se, and the information produced by the ISU-SCN program. First of all, we can calculate 

the (marginal) willingness-to-pay (WTP) for SCN resistance by −𝛽1/𝛼 (Train, 2009) In a similar way, the 

WTP for information provided by ISU-SCN can be calculated by −𝛽2/𝛼, −𝛽3/𝛼  and −𝛽4/𝛼. Our esti-

mates in Table 6 tell us farmers’ WTP for SCN resistance is $1.64 per acre. The WTP for SCN-resistant 

seeds which are tested by ISU-SCN is $1.39 per acre additional to the WTP for SCN resistance, and when 

they performed above median in terms of yield (SCN control) within the tested, extra WTP by the perfor-

mance information is $1.34 ($0.41) per acre.  For a comparison purpose, we note that the model’s estimates 

imply a WTP for the GT trait of $7.87 per acre.  

Figure 7 provides a simplified representation of how the estimated WTP can be understood as imply-

ing a shift in farmers’ seed demand, and how surplus measures can be derived in this setting. Here, the 

attribute of being SCN-resistant shifts the average demand for variety j from  𝐷𝑗
0 to 𝐷𝑗

1; furthermore, infor-

mation arising from the variety being tested by ISU-SCN shift the seed demand from 𝐷𝑗
1 to 𝐷𝑗

2. Of course, 

if the test gives a positive signal on the performance of the product, the move from 𝐷𝑗
1 to 𝐷𝑗

2 will be bigger, 

as we have found additional WTPs for the top 50% group in terms of performances. This demand shift can 

be combined with quantity to measure the surplus change, which is the first-order approximation to the total 

surplus created by SCN resistance and ISU-SCN information. To be specific, the multiplication of WTP for 

information (or product characteristic) and corresponding acres planted by the seeds provides an approxi-

mate welfare measure for the effect of the ISU-SCN program. The caveat of this approach is to require a 
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premise of which the number of acres planted by tested seeds (or SCN-resistant varieties) would have been 

the same even if they had not been tested by ISU-SCN. Because this information and SCN resistance do 

not affect agricultural practice (unlike the GT trait, for example), this assumption appears tenable to some 

degree.  

Over the six years of the study (2011-2016), in Iowa and Illinois, we find that SCN resistance has 

brought about a total surplus of $125.66 million. So, on average, each market (CRD-year) has obtained 

about 1.16 million dollars for the surplus. Note that this value does not include the surplus of SCN resistance 

which is generated through the extension information. For the total surplus from ISU-SCN information, we 

calculate (𝑊𝑇𝑃𝑡𝑒𝑠𝑡𝑒𝑑 × 𝑎𝑐𝑟𝑒𝑠𝑡𝑒𝑠𝑡𝑒𝑑) + (𝑊𝑇𝑃𝑦𝑖𝑒𝑙𝑑
𝑡𝑜𝑝50

× 𝑎𝑐𝑟𝑒𝑠𝑦𝑖𝑒𝑙𝑑
𝑡𝑜𝑝50

) + (𝑊𝑇𝑃𝑆𝐶𝑁
𝑡𝑜𝑝50

× 𝑎𝑐𝑟𝑒𝑠𝑆𝐶𝑁
𝑡𝑜𝑝50

) , which 

is equal to $112.67 million.  

Observed price premiums between SCN-resistant and other varieties provide a way to gauge how 

much surplus is captured by seed suppliers. This is useful as it helps us understand surplus distribution 

between farmers and seed suppliers. The (normalized) average price for SCN-resistant varieties is $52.98 

per acre, while the average price for non-SCN-resistant $51.27 per acre. This would imply a simple differ-

ence in average prices between the SCN-resistant and the non-resistant is $1.71 per acre, which is higher 

than the estimated WTP of farmers for the SCN resistance. However, the simple price difference does allow 

for critical product characteristic, GE trait. As displayed in the Table 4, the seed trait considerably changes 

prices. If the majority of market is taken by the GE seeds which do not show as much average price gap 

between the SCN-resistant and non-resistant as non-GE seeds, the pooled average price difference can be 

upward biased, because acres per product for non-GE seeds are much smaller than those for GE-seeds while 

all of them are equally weighted. In effect, Table 2 and Table 3 demonstrate this situation. Therefore, we 

use a weighted average of price differences based on seed traits, weighting by total acres for each seed trait 

(i.e., GE or non-GE). The resulting price premium for SCN resistance, accounting for the seed traits, is 

$1.23 per acre. Comparing this number to the WTP for SCN resistance, this would imply that about 75% 

of total surplus from SCN resistance is captured by seed suppliers’ revenues, and 25% is retained by farmers.  
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For the price premium of having the test information (i.e., just being tested), we find that average per-

acre price of the tested seeds is $0.97 higher than the untested SCN-resistant varieties. Within the tested, 

top 50% group in yield has an additional price premium of $1.36 per acre while top 50% group in SCN 

control has - $0.81 per acre. This implies that yield information drives additional price premium while SCN 

information does not. Using the price premia, we calculate (𝑃𝑟𝑖𝑐𝑒 𝑝𝑟𝑒𝑚𝑖𝑢𝑚𝑡𝑒𝑠𝑡𝑒𝑑 × 𝑎𝑐𝑟𝑒𝑠𝑡𝑒𝑠𝑡𝑒𝑑) +

(𝑃𝑟𝑖𝑐𝑒 𝑝𝑟𝑒𝑚𝑖𝑢𝑚𝑦𝑖𝑒𝑙𝑑
top50

× 𝑎𝑐𝑟𝑒𝑠𝑦𝑖𝑒𝑙𝑑
top50

) + (𝑃𝑟𝑖𝑐𝑒 𝑝𝑟𝑒𝑚𝑖𝑢𝑚𝑆𝐶𝑁
top50

× 𝑎𝑐𝑟𝑒𝑠𝑆𝐶𝑁
top50

)  to approximate the 

change in firm revenues, which is $65.10 million and 57.8% of the total surplus generated by ISU-SCN. In 

Table 8, the summary of surplus values is provided. 

5.2.1 Counterfactual analysis: structural approach to measure the welfare change 

Alternatively, we can use a more structural approach to compute the welfare change due to the SCN re-

sistance trait and ISU-SCN program. The counterfactual scenarios we consider are; 1) the case in which 

both the SCN resistance trait and the ISU-SCN program would not have existed, 2) only the ISU-SCN 

would not have provided the information of variety trials. For this kind of exercise, the key is to determine 

what soybean variety prices would have been observed in the counterfactual scenarios. The standard ap-

proach in the literature would be to assume model of competition to generate equilibrium prices, such as 

the common Nash-Bertrand competition model (Nevo 2001, Petrin 2002, Houde 2012). As discussed in 

Ciliberto, Moschini, and Perry (2019), however, this structural assumption is problematic in our setting 

because of the existence of (unobserved) cross-licensing arrangements in the seed industry, which could 

distort seed suppliers’ pricing decisions away from the standard Nash-Bertrand competition.  

To circumvent this issue, we rely on a reduced-form hedonic price approach, as in Hausman and Leon-

ard (2002). The reduced-form approach is valid if the factors explaining the price movement are exogenous. 

For example, in Ciliberto, Moschini, and Perry (2019), the exogenous timing of the first emergence of GE 

product in each market is used to measure the GE trait’s effect on seed prices. In this paper, we can claim a 

similar argument with the timing of being tested. The hedonic price regression is represented by 
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 (18) 

𝑝𝑗𝑚 = 𝜃2 ⋅ 𝕀𝑗𝑡[𝑚]
tested + 𝜃3 ⋅ 𝕀𝑗𝑡[𝑚]

y-top50
+ 𝜃4 ⋅ 𝕀𝑗𝑡[𝑚]

s-top50
+ 𝜙 ⋅ 𝑧𝑗 + 𝜃1 ⋅ 𝑥𝑗  

            + 휁𝑏[𝑗] + 휁𝑡[𝑚] + 휁𝑙[𝑚] + 𝑎𝑗𝑡[𝑚] + 𝜇𝑗𝑚  

where the 휁 terms denote fixed effects, and all other variables are defined as in equation (12) and (13). 

𝜃1, 𝜃2, 𝜃3, 𝜃4, and 𝜙1 are parameters to be estimated, and  𝜇𝑗𝑚 is an error term.  

Table 7 reports the estimated parameters of the hedonic price regression of the equation (18). From 

this table, it seems yield information is more directly affecting prices than SCN information. Relying on 

the hedonic price regression, we predict prices for three scenarios; one is the baseline situation, and the 

other two are counterfactual scenarios of which 1) SCN resistance trait had not been developed, implying 

an absence of ISU-SCN information as well, and 2) the ISU-SCN extension program had not existed. The 

predicted prices in the presence of ISU-SCN are given by:   

 

(19) �̂�𝑗𝑚 = 𝜃1 ⋅ 𝑥𝑗 + 𝜃2 ⋅ 𝕀𝑗𝑡[𝑚]
tested + 𝜃3 ⋅ 𝕀𝑗𝑡[𝑚]

y-top50
+ 𝜃4 ⋅ 𝕀𝑗𝑡[𝑚]

s-top50
+ �̂� ⋅ 𝑧𝑗  

            + 휁̂𝑏[𝑗] + 휁̂𝑡[𝑚] + 휁̂𝑙[𝑚] + �̂�𝑗𝑡[𝑚] 

The counterfactual prices in the absence of SCN resistance are given by:  

 
(20) �̃�𝑗𝑚 = �̃� ⋅ 𝑧𝑗 + 휁̃𝑏[𝑗] + 휁̃𝑡[𝑚] + 휁̃𝑙[𝑚] + �̃�𝑗𝑡[𝑚] 

Note that we drop all information variables about ISU-SCN as well as 𝜃1 ⋅ 𝑥𝑗 term. This is because the 

extension information we study is predicated on this technology actually being available. As a result, the 

counterfactual analysis gives us aggregate welfare gains from both SCN resistance and ISU-SCN.  The 

other counterfactual prices in the absence of ISU-SCN are:  

 
(21) �̃�𝑗𝑚 = �̃�1 ⋅ 𝑥𝑗 + �̃� ⋅ 𝑧𝑗 + 휁̃𝑏[𝑗] + 휁̃𝑡[𝑚] + 휁̃𝑙[𝑚] + �̃�𝑗𝑡[𝑚] 

These predicted prices are plugged into the estimated demand of equation (12) and (13). Since we have 

all other variable values and estimates for parameters, as shown in Table 6, we can obtain the predicted 

mean expected per-acre profit of product 𝑗 in market 𝑚, given any pair of 𝑗 and 𝑚 for each case (i.e., 𝛿𝑗𝑚 

for the presence of ISU-SCN and  𝛿𝑗𝑚 for the absence of ISU-SCN). It is important to be mindful that we 

do assume a counterfactual situation in which the functionality of seeds (i.e., SCN resistance) had been 
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unavailable rather than the SCN-resistant variety itself had been dropped in the choice set. A big premise 

for this way of simulation is that there might have existed very similar seeds without SCN resistance. 

Once predicted mean expected profits are obtained, we can calculate the aggregate value of the nests 

in the demand system, which is called the “inclusive value” (Björnerstedt and Verboven 2016), for the two 

compared cases. The inclusive values in our one-level nesting structure are defined as follows:  

 (22) 

𝐼𝑔𝑚 = (1 − 𝜎) ⋅ ln ∑ exp (
𝛿𝑗𝑚

1 − 𝜎
)

𝑗∈𝐽𝑔1𝑚

 

𝐼𝑚 = ln(1 + exp (𝐼𝑔𝑚)) 

where 𝐼𝑔𝑚 is the inclusive value of all soybeans (the nest for the inside option) in market 𝑚, and 𝐼𝑚 is the 

inclusive value for the entire choice set, including all soybeans and corn. By inserting 𝛿𝑗𝑚, and  𝛿𝑗𝑚, re-

spectively to equation (22), we can measure two predicted inclusive values for every market:  𝐼𝑚 and  𝐼𝑚. 

Then the net change of inclusive value stands for the farmers’ welfare change between the two scenarios, 

and it can be converted to the dollar terms by dividing by (– 𝛼). Namely, per-acre farmers’ welfare change 

from the ISU-SCN is given by  

 

(23) 
Ω𝑚 ≡

(𝐼𝑚 − 𝐼𝑚)

−𝛼
. 

Farmers’ surplus for market 𝑚 should be Ω𝑚 × (𝑡𝑜𝑡𝑎𝑙 𝑎𝑐𝑟𝑒𝑠𝑚), and, similarly, the total surplus change of 

farmers from the ISU-SCN is ∑ Ω𝑚 × (𝑡𝑜𝑡𝑎𝑙 𝑎𝑐𝑟𝑒𝑠𝑚)𝑚 . We find the surplus of farmers from ISU-SCN 

(SCN resistance and ISU-SCN) is $45.74 ($91.98) million.  

The predicted per-acre mean expected profits, 𝛿𝑗𝑚 and 𝛿𝑗𝑚, can also be used to estimate the seed sup-

pliers’ revenue change. Specifically, by entering 𝛿𝑗𝑚 and 𝛿𝑗𝑚, respectively, to the equation (14),  �̂�𝑗𝑚 and 

�̃�𝑗𝑚  are obtained for every 𝑗  and 𝑚 . Brand 𝑏 ’s revenue change due to the ISU-SCN can be written as 

Δ𝑅𝑏𝑚 ≡ 𝑎𝑐𝑟𝑒𝑠𝑚 × (∑ (�̃�𝑗𝑚 − �̂�𝑗𝑚)𝑗∈𝑏 ) ⋅ �̂�𝑗𝑚. Total revenue change of the entire soybean seed industry in 

Iowa and Illinois during 2011-2016 is ∑ ∑ Δ𝑅𝑏𝑚𝑏𝑚 , which is found to be $71.30 ($140.80) million, com-

pared to the absence of ISU-SCN (SCN-resistance and ISU-SCN). In consequence, both counterfactual 
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analyses tell that about 60% of welfare gains are captured by seed suppliers and farmers take 40%. More 

precisely, Figure 8 and Figure 9 exhibit the welfare distributions by each CRD for the two counterfactual 

analysis. The patterns shown in both figures look sensible as we can observe considerably bigger welfare 

gains mainly in the Iowa CRDs. In addition, using Table 8, we can compare the estimated welfare gains 

between two different approaches, i.e., surplus calculation and counterfactual analysis. It seems that the 

surplus calculation closely approximates total welfare gains although it gives a slightly different welfare 

distribution.  

6 Conclusion  

In this paper, we provide direct evidence on the value of innovation and associated extension information. 

In particular, we have studied the impact of SCN-resistant soybean varieties and the information produced 

by the ISU-SCN program. This study focuses on the time and region in which the dissemination of the 

relevant extension information has been greatest: Iowa and Illinois in 2011-2016. Through a discrete-choice 

seed demand model, we measure the WTP of farmers for the extension information and SCN resistance. 

The WTP for SCN resistance is estimated at $1.64 per acre. Also, the WTP for being tested by ISU-SCN is 

$1.38 per acre, and when they performed above the median in terms of yield (SCN control) within the tested, 

additional WTP from the performance information is measured as $1.34 ($0.41) per acre. The first-order 

surplus approximation using the WTPs tells us that about $125.66 million of surplus are brought from SCN 

resistance, and $112.67 million of surplus are added by ISU-SCN.  

Alternatively, combined with a hedonic price regression, the estimated demand model enables us to 

perform counterfactual analysis. We analyze two counterfactual scenarios: 1) the absence of both SCN 

resistance trait and ISU-SCN, 2) the absence of ISU-SCN only. Summarizing what we find in the counter-

factual analysis, total welfare gains from SCN resistance are $115.74 million and total welfare gains from 

ISU-SCN are $117.04 million. These results are reasonably close to the corresponding first-order surplus 

approximations ($125.66 million for SCN resistance and $112.67 million for ISU-SCN). In both counter-

factual analyses, we find that about 60% of total welfare gains are captured by seed suppliers and 40% by 



33 

 

farmers.  
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Figures and Tables 

Figures 

Figure 1. GT soybean adoption trend 

 

Note: For the U.S. adoption rates, we access the USDA Economic Research Service (ERS) data from the 

2002 ERS report (https://www.ers.usda.gov/webdocs/charts/58020/biotechcrops_d.html?v=0). For the 

Iowa and Illinois adoption rates, June Agricultural Survey as published in the NASS report Acreage (various 

years) is used (http://usda.mannlib.cornell.edu/MannUsda/..). However, the state-level adoption rates are 

available from 2000. So, for Iowa and Illinois in 1996-1999, we use the adoption rates that are obtained 

from the Kynetec data.  
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Figure 2. Product life cycle by seed trait in Iowa and Illinois, 2011-2016 

 

Note: The share is calculated by the portion of acres planted by varieties in the same age, given a market 

(year-CRD combination). Thus, we have eighteen observations of market share per each product age. The 

dashed red line illustrates the average market share of all the eighteen points in each product age. Addition-

ally, two types of plots denote respectively Iowa and Illinois, which are obtained by the averages of nine 

CRDs for every product age. 
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Figure 3. Relationship between the two data sources 

 

 
 

Note: The seed purchase data represent Iowa and Illinois in 2011-2016, and the values are the number of 

varieties.  
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Figure 4. Trends of market share for SCN-resistant seeds, tested SCN-resistant seeds (by ISU-SCN) 

 
 

Note: Each line shows a trend of average market share of 18 CRDs for one of the three groups: i) SCN-

resistant and tested by ISU-SCN a year ago, ii) SCN-resistant and tested group that cumulatively includes 

all the past period, iii) SCN-resistant group.  
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Figure 5. One-level nesting structure 
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Figure 6. Pattern of estimated product age fixed effects (from Table 6) 

 

  

 

Figure 7. Graphical illustration of demand response to SCN resistance and extension information 
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Figure 8. Estimated welfare change due to ISU-SCN by CRDs, 2011-2016 

 

 

Note: IA and IL respectively indicate Iowa and Illinois. N, S, W, E, and C stand for, respectively, north, 

south, west, east, and central. The welfare gains of the two groups, farmer and seed supplier, are stacked to 

show the total incremental welfare.  

 

 

Figure 9. Estimated welfare change due to both SCN resistant varieties and ISU-SCN information 

by CRDs, 2011-2016  
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Tables 

Table 1. Soybean seed market shares in Iowa and Illinois, 2011-2016 

Parent company Brand  Market share 

AgReliant LG Seeds 1.46% 

 Agreliant-others 1.03% 

Dow Agrosciences Prairie Brand 1.34% 

Mycogen 1.21% 

Agrosci-others 1.57% 

Dupont Pioneer 32.08% 

 Dupont-others 1.73% 

Monsanto Asgrow Seed Company 22.09% 

 Channel 3.83% 

 Kruger Seed 1.63% 

 Stone Seed Farms Inc. 1.14% 

 Monsanto-others 1.59% 

Syngenta Syngenta (NK Seeds and others) 8.72% 

Local & Regional 

Companies 

Beck’s Hybrids 3.23% 

Stine Seed Company 3.11% 

Growmark / FS 3.09% 

Dyna-Gro 1.71% 

Other-others 9.41% 

Source: Kynetec data 
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Table 2. The number of varieties per CRD and cumulative number of tested varieties by seed trait, 

1996-2016 in Iowa and Illinois 

Year 

Average number of varieties per market Cumulative number of 

tested varieties All Tested by ISU-SCN 

non-GE GE non-GE GE Non-GE GE 

1996 100.4 2.0     

1997 87.7 11.6     

1998 73.9 35.3     

1999 64.0 57.3     

2000 74.3 71.9     

2001 48.2 91.5 2.6 4.0 24 64 

2002 31.6 95.4 1.6 4.8 44 167 

2003 20.4 78.0 0.9 3.1 60 278 

2004 13.9 68.1 0.6 2.2 66 370 

2005 14.6 92.2 0.4 8.0 73 460 

2006 8.0 92.0 0.7 10.6 80 554 

2007 6.6 90.1 0.3 13.5 80 637 

2008 5.2 84.9 0.2 15.4 80 714 

2009 9.2 82.4 0.4 17.5 94 782 

2010 6.6 82.7 0.2 19.1 116 876 

2011 4.6 80.8 0.0 20.8 129 976 

2012 7.2 78.2 0.3 23.6 157 1,075 

2013 6.4 75.4 0.4 23.0 174 1,178 

2014 9.3 72.3 0.3 21.8 186 1,306 

2015 10.1 75.1 0.3 24.9 209 1,425 

2016 13.4 68.3 1.2 26.6 228 1,551 

Source: ISU-SCN data and Kynetec data 

Note: The table reports the number of varieties per market for each seed trait, which is an average over 18 

CRDs in a given year. ISU-SCN starts reporting seed trait after 2000, so both average and cumulative 

number of tested varieties are available after 2000. The number of tested SCN-resistant varieties which are 

reported prior to 2001 without seed trait information is 245.  
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Table 3. Statistics of market shares for the products tested by ISU-SCN, 2011-2016 in Iowa and Illi-

nois 

Year 

Market share of tested products 

non-GE GE 

Mean SD Mean SD 

2011 0.0% 0.0% 36.2% 12.4% 

2012 0.2% 0.8% 37.9% 12.8% 

2013 0.4% 1.5% 38.3% 16.5% 

2014 0.3% 1.0% 36.1% 15.1% 

2015 0.4% 0.9% 38.7% 14.3% 

2016 1.1% 1.9% 45.2% 16.3% 

Source: ISU-SCN data and Kynetec data 

 

 

 

 

Table 4. Average price by group  

Year 
All Tested by ISU-SCN Untested SCN-resistant 

non-GE GE non-GE GE non-GE GE non-GE GE 

2011 39.65 49.26  49.12 39.65 49.38 41.64 49.74 

2012 43.72 53.18 48.58 53.79 43.27 52.95 45.32 53.76 

2013 42.98 56.91 42.37 58.09 42.93 56.42 45.88 57.67 

2014 43.96 59.11 42.51 58.90 43.29 59.17 46.91 59.23 

2015 50.74 59.41 52.63 61.03 50.64 58.69 51.39 58.76 

2016 51.94 59.74 51.88 61.02 51.77 59.26 51.53 59.15 

Mean 45.50 56.27 47.59 56.99 45.26 55.98 47.11 56.39 

Source: ISU-SCN data and Kynetec data   

Note: This table reports the average prices for several product groups (GE or non-GE, and tested SCN-

resistant or not). Given a market (year-CRD combination), the average price for each group is calculated. 

Then, we average over 18 CRDs in the same year to get the average prices in the table.  
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Table 5. Linear probability model estimation results (1997-2016) 

𝐷𝑗𝑡  (1) (2) (3) (4) (5) 

�̅�𝑗𝑡  -0.00209  -0.00677  -0.00314  0.00722  0.00157   

 (0.00604)  (0.00622)  (0.00658)  (0.00679)  (0.00740)   

Constant  0.184*** 0.759*** 0.685*** 0.826*** 0.726***  

 (0.00368)  (0.0511)  (0.0482)  (0.0498)  (0.0489)   

Brand FE (155)   Y  Y 
 

Year FE  Y Y Y Y 
 

Region IA & IL IA & IL IA & IL IA IA  

N  13904 13904 13883 12378 12362 
 

Standard errors in parentheses 

* p<0.10 , ** p<0.05 , *** p<0.01  

Note: When applying brand fixed effects, some observations of local brand are dropped as they are observed 

only one time. This is why the number of observation becomes a little smaller when brand fixed effects are 

included. 
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Table 6. Estimated parameters of the demand model  
Step 1 Step 2 

 ln(𝑠𝑗𝑚/𝑠0𝑚)  OLS 2SLS 

𝛼 Price 0.000151  -0.0183*** 

 
 

(0.000130)  (0.00537)  

𝛽2 Tested by ISU-SCN -0.00413  0.0254  

  (0.00766)  (0.0190)  

𝛽3 Yield top 50% 0.00223  0.0246*  

  (0.00635)  (0.0148)  

𝛽4 SCN control top 50% -0.000322  0.00749  

  (0.00582)  (0.0137)  

𝜎 Nesting corr. 0.999*** 0.923*** 

 
 

(0.00107)  (0.0222)  

 Year FE Y Y 

 CRD FE Y Y 

 Product age FE Y Y 

 Variety FE Y Y 

 IVs (6)  Y 

Price elasticities 

Own-price: -12.39 

Cross-price within the inside option: 0.107 

Cross-price across the nests: 0.0001 

 N  7669  7669  

 Standard errors in parentheses 

 * p<0.10 , ** p<0.05 , *** p<0.01  
 

 

 Variety FE 2SLS –second step 

𝛾 GT trait 0.144*** (0.0145) 

𝛽1 SCN-resistant 0.0300*** (0.00841) 

 Brand fixed effects   

 Agreliant-others 0.00531  (0.0266) 

 Agrosci-others 0.100*** (0.0210) 

 Asgrow Seed Company 0.0170  (0.0151) 

 Beck’s Hybrids 0.0203  (0.0213) 

 Channel 0.0117  (0.0165) 

 Dupont-others -0.0311  (0.0198) 

 Dyna-Gro 0.0625**  (0.0293) 

 Growmark / FS 0.0200  (0.0206) 

 Kruger Seed -0.0130  (0.0237) 

 LG Seeds 0.00175  (0.0242) 

 Monsanto-others 0.0338  (0.0251) 

 Mycogen -0.0356*  (0.0201) 

 Pioneer -0.00131  (0.0137) 

 Prairie Brand -0.00293  (0.0265) 

 Stine Seed Company -0.0758*** (0.0177) 

 Stone Seed Farms Inc. -0.0422*  (0.0251) 

 Syngenta -0.0210  (0.0157) 

 Other-others 0 (.) 

 Constant -0.0742*** (0.0160) 

 N 1390   

 Standard errors in parentheses  

 * p<0.10 , ** p<0.05 , *** p<0.01   

 

Note: We originally have 8984 observations. Because of singleton observations, when applying variety 

fixed effects, we dropped 1315 observations.   
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Table 7. Hedonic price regression 

 Price Coefficient Standard error 

𝜃2 Tested by ISU-SCN  0.535  (0.386) 

𝜃3 Yield top 50% 0.581*  (0.332) 

𝜃4 SCN control top 50% -0.524  (0.324) 

𝜙 GT trait  8.792*** (0.379) 

𝜃1 SCN resistant   0.707*** (0.259) 

 Constant 38.06*** (0.567) 

 brand FE Y  

 CRD FE Y  

 year FE Y  

 product age FE Y  

 N  8984   

* p<0.1 , ** p<0.05 , *** p<0.01 
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Table 8. Summary of welfare measures 

    Source of Welfare gains 

Method Category SCN Resistance 

Trait 
ISU-SCN Exten-

sion 
SCN Resistance & 

ISU-SCN Extension  
  

Surplus calcu-

lation 
Total surplus 125.66 

(100%) 
112.67 

(100%) 
238.3* 

(100%) 
  

Seed suppliers’ 

revenue change 
94.30 

(75.0%) 
65.10 

(57.8%) 
159.40* 

(66.9%) 
  

Imputed farmers’ 

net returns 
31.36 

(25.0%) 
47.57 

(42.2%) 
78.93* 

(33.1 %) 
  

Counterfactual 

Analysis 
Total welfare 

Change 
115.74* 

(100%) 
117.04 

(100%) 
232.78 

(100%) 
  

Seed suppliers’ 

revenue change 
69.50* 

(60.0%) 
71.30 

(60.9%) 
140.80 

(60.5%) 
  

Farmers’ welfare 

gains 
46.24* 

(40.0%) 
45.74 

(39.1%) 
91.98 

(39.5%) 
  

Note: Numbers with an asterisk (*) are not estimated but conjectured by the assumption that sum of wel-

fare gains from SCN resistance trait and ISU-SCN extension would be equal to the aggregated welfare 

gains from SCN resistance & ISU-SCN extension (i.e., the total of first and second columns are the third 

column).  
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Appendix A – Acronyms 

CRD Crop Reporting District 

ERS Economic Research Service 

GE Genetically Engineered 

GT Glyphosate Tolerant 

ISU-SCN Iowa State University SCN-Resistant Soybean Variety Trials 

NASS National Agricultural Statistical Service 

SCN Soybean Cyst Nematode 

USDA US Department of Agriculture 

WTP Willingness to Pay 
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Appendix B – Further Explanation about ISU-SCN data 

As shown in the Figure 3, ISU-SCN dataset is a key component of our analysis. This data source is de-

veloped by the Laboratory of Gregory L. Tylka in Iowa State University. In particular, the ISU-SCN da-

taset contains detailed growth records and seed characteristics of tested varieties. In this appendix, we 

provide a detailed explanation about ISU-SCN data and how we convert them to a tractable form for our 

analysis. Table B1 reports descriptive statistics of ISU-SCN data.  

 

Table B1. Summary statistics of ISU-SCN data, 1997-2015 

 
 

SCN-resistant 
Non-resistant 

(Control group) 

No. of observations 6,535 863 

No. of varieties 1,798 106 

No. of Glyphosate-tolerant varieties 1,391 43 

Yield (bu/acre) Mean 

Standard Dev. 

52.05 

9.08 

46.70 

10.48 

SCN density 

(eggs/100cc soil) 

Mean 

Standard Dev. 

3,039.5 

4,294.7 

9,220.2      

7,740.6 

 

 

As this data set is collected from field experimental trials, non-resistant varieties are included in every re-

gion and time of tests as a control group. These non-resistant varieties are widely grown SCN-susceptible 

varieties in Iowa. Metrics of our interest are yield and SCN density. On average, SCN-resistant group has 

higher yield rate and lower SCN density than non-resistant group. In addition, to illustrate a variety of test 

locations, a map is generated, showing the frequency of observations by county (see Figure B1). Figure 

B2 shows the correlation between SCN density and yield. The fitted line tells us that SCN-resistant group 

is more resilient to an environment of high SCN density as well as giving higher yield.  
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Figure B1. Number of observations in ISU SCN data (1997-2016) 

 

Figure B2. Relationship between SCN density and yield rate 

   Source: ISU-SCN data  
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Constructing Performance Scores 

As reported in Table B1, SCN density varies a lot, which is commonly attributed to the soil condition of 

the test site. Also, since each variety is not tested in all sites, a direct comparison of yield or SCN density 

between tested varieties is not appropriate. To control for this regional effect on performances, we gener-

ate relative performance scores to the control group. To be specific, given a region 𝑟, the performance 

score of variety 𝑗 is  

𝑠𝑐𝑜𝑟𝑒(𝑋)𝑟𝑗 =
𝑋𝑟𝑗

�̅�𝑟0

     for 𝑋 ∈ {Yield, SCN density} 

where  �̅�𝑟0 is average performance of the control group in region 𝑟, and region is one of the nine districts 

of Iowa (𝑟 ∈ {𝑁𝑊, 𝑁𝐶, 𝑁𝐸, 𝑊𝐶, 𝐶, 𝐸𝐶, 𝑆𝑊, 𝑆𝐶, 𝑆𝐸}). It is commonly suggested to refer several regional 

tests together18 so that it is useful to aggregate regional scores to an individual variety score. The aggre-

gate performance score of variety 𝑗 is  

𝑠𝑐𝑜𝑟𝑒(𝑋)𝑗 = 𝑚𝑒𝑎𝑛[𝑠𝑐𝑜𝑟𝑒(𝑋)𝑟𝑗]. 

For the yield score, the higher the better; in contrast, the lower the better for the SCN score.   

As stated in the paper, we set 50 percentile as a threshold for a better performing group in each report 

(i.e., the better performing group is decided by comparison within varieties tested in the same year). 

 

Varieties Tested Multiple Times 

Some varieties were tested several times. In this case, it is natural to assume that farmers refer to the latest 

information when they purchase. For example, a farmer who purchases seeds in 2014 could see a variety 

that was tested in 2012 and 2013. Then, she may refer 2013 information rather than 2012. Table B2 sum-

marizes the number of varieties with their number of being tested.  

 

  

 
18 For instance, in 2015, southern central (SC) Iowa experimental field was significantly damaged by Sudden 

Death Syndrome (SDS), which influences measurement of yield performances. In this case, other regional scores are 

considered more carefully. Thus, simply using specific regional scores cannot properly reflect how farmers receive 

the information. 
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Table B2. Number of varieties which are tested multiple times  

Frequency of being tested SCN-resistant Non-resistant 

1 1,405 52 

2 278 17 

3 78 24 

4 23 9 

5 7 1 

6 2 2 

7 2 0 

8 1 0 

9 2 1 

Total 1,798 106 
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Appendix C – Robustness Check 

One may question the way we reflect the extension information in the model: the top 50% groups in terms 

of yield and SCN control. In Appendix C, we report several results with different empirical specifications 

about the extension information for robustness checks. 

 

Model A1. Farmers pay additional attention to varieties which are in the top 10 yield rank 

Other than our main model, the most plausible way to specify how farmers exploit the extension information 

would be to focus on yield rank within a region and assume that SCN density additionally affects their seed 

choice. Under this specification, farmers are assumed to give additional value to any variety that has ever 

been ranked in the top 10 regarding yield, given an annual report. In this case, one challenge is that the SCN 

control level of untested varieties is unobservable. Thus, we assume that farmers would regard untested 

varieties as having a similar SCN control effect as the control group19 (i.e., average SCN density of non-

resistant group). One issue arises here. Since SCN score is constructed by a ratio, its reference point is one. 

To be specific, according to our assumption, as all untested varieties have a mean SCN density of non-

resistant group, their SCN scores are always one. However, considering its value should be zero when 

interacted with an indicator of being tested, 𝕀𝑗𝑡[𝑚]
tested, the reference point of SCN score needs to be trans-

formed to zero in order to introduce our demand model. For this reason, we transform the SCN score by 

logarithm: ln(𝑠𝑐𝑜𝑟𝑒(𝑆𝐶𝑁)𝑗). As a result, the model specification for seed demand can be written as  

 

(C24) ln(𝑠𝑗𝑚) − ln(𝑠0𝑚) = 𝜉𝑗 + 𝛽2 ⋅ 𝕀𝑗𝑡[𝑚]
tested + 𝛽3 ⋅ 𝕀𝑗𝑡[𝑚]

y-ranked top10
+ 𝛽4 ⋅ ln(𝑠𝑐𝑜𝑟𝑒(𝑆𝐶𝑁)𝑗) + 𝛼 ⋅ 𝑝𝑗𝑚                                                           

                                   +𝑎𝑗𝑡[𝑚] + 𝜉𝑡[𝑚] + 𝜉𝑙[𝑚] + 𝜎 ln(𝑠𝑗|𝑔1𝑚) + 𝜉𝑗𝑚  

 (C25) 𝜉𝑗 = �̃� ⋅ 𝑧𝑗 + 𝛽1 ⋅ 𝑥𝑗 + 𝜉𝑏[𝑗] + 𝑒𝑗  

, where 𝕀𝑗𝑡[𝑚]
y-ranked top10

 is an indicator whether the variety 𝑗 has been ranked in the top 10 yield group 

in the latest available report,  ln(𝑠𝑐𝑜𝑟𝑒(𝑆𝐶𝑁)𝑗) is log of SCN score, and other terms are same as equation 

(12) and (13) of our paper. Table C1 reports estimated parameters of seed demand. In general, this model 

gives very similar estimates as our main model. Remarkable differences are observed in the extension in-

formation coefficients, 𝛽2. Due to the increase in 𝛽2, the WTP for being tested is measured as $2.60 per 

acre. Additional WTP for the top 10 yield group is very similar to WTP for the yield top 50% group: $1.34 

per acre.  Although insignificant, log of SCN scores is found to be positively affecting the demand, which 

requires a nuanced interpretation.  

 
19 We also tried to use average SCN density of resistant group, but the estimated coefficients barely changed. 
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Based on the demand estimates, same steps for welfare measures are taken as the main text of paper. Table 

C2 is a hedonic price regression result. Table C3 presents the summary of welfare measure with this model. 

20 It is remarkable that the measured welfare change through the counterfactual analysis is quite similar to 

Table 8 in the paper.  

 

Table C1. Estimated Parameters of Seed Demand with yield rank (top 10) and SCN score 

Step 1 Step 2 

 ln(𝑠𝑗𝑚/𝑠0𝑚)  OLS 2SLS 

𝛼 Price 0.000148  -0.0183*** 

 
 

(0.000130)  (0.00533)  

𝛽2 Tested by ISU-SCN -0.000273  0.0476**  

  (0.00711)  (0.0204)  

𝛽3 Yield rank top 10 0.0131**  0.0246*  

  (0.00640)  (0.0146)  

𝛽4 ln(SCN score) 0.00401  0.00702  

  (0.00282)  (0.00611)  

𝜎 Nesting corr. 0.999*** 0.925*** 

 
 

(0.00107)  (0.0220)  

 Year FE Y Y 

 CRD FE Y Y 

 Product age FE Y Y 

 Variety FE Y Y 

 IVs (6)  Y 

Price elasticities 

Own-price: -12.57 

Cross-price within the inside option: 0.109 

Cross-price across the nests: 0.0001 

 N  7669  7669  

 Standard errors in parentheses 

 * p<0.10 , ** p<0.05 , *** p<0.01  
 

 

 Variety FE 2SLS –second step 

𝛾 GT trait 0.144*** (0.0145) 

𝛽1 SCN-resistant 0.0306*** (0.00837) 

 Brand fixed effects   

 Agreliant-others 0.00520  (0.0265) 

 Agrosci-others 0.1000*** (0.0209) 

 Asgrow Seed Com-

pany 

0.0183  (0.0150) 

 Beck’s Hybrids 0.0200  (0.0213) 

 Channel 0.0123  (0.0165) 

 Dupont-others -0.0301  (0.0196) 

 Dyna-Gro 0.0612**  (0.0291) 

 Growmark / FS 0.0203  (0.0205) 

 Kruger Seed -0.0110  (0.0233) 

 LG Seeds 0.00157  (0.0241) 

 Monsanto-others 0.0339  (0.0251) 

 Mycogen -0.0345*  (0.0201) 

 Pioneer -0.00120  (0.0136) 

 Prairie Brand 0.000477  (0.0263) 

 Stine Seed Company -0.0756*** (0.0176) 

 Stone Seed Farms Inc. -0.0407  (0.0248) 

 Syngenta -0.0193  (0.0157) 

 Other-others 0 (.) 

 Constant -0.0706*** (0.0160) 

 N 1390   

 
20 When calculating the first-order approximation of welfare change using WTPs, we did not include coefficient 

of ln(𝑆𝐶𝑁 𝑠𝑐𝑜𝑟𝑒). Since it is continuous, we cannot simply measure the WTP by combining with price coefficient. 
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Table C2. Hedonic price regression of Model A1 

 Price Coefficient Standard error 

 Tested by ISU-SCN  0.224  (0.366) 

 Yield rank top 10 0.653  (0.409) 

 ln(SCN score)  -0.170  (0.171) 

 GT trait  8.788*** (0.379) 

 SCN resistant   0.700*** (0.259) 

 Constant 38.06*** (0.568) 

 brand FE Y  

 CRD FE Y  

 year FE Y  

 product age FE Y  

 N  8984   

* p<0.1 , ** p<0.05 , *** p<0.01 

Table C3. Summary of welfare measures of Model A1 

    Source of Welfare gains 

Method Category SCN Resistance 

Trait 

ISU-SCN Exten-

sion 

SCN Resistance & 

ISU-SCN Extension  
  

Surplus calcu-

lation 

Total surplus 128.63 

(100%) 

132.27 

(100%) 

260.90* 

(100%) 
  

Seed suppliers’ 

revenue change 

94.30 

(73.3%) 

58.44 

(44.2%) 

152.74* 

(58.5%) 
  

Imputed farmers’ 

net returns 

34.33 

(26.7%) 

73.83 

(55.8%) 

108.16* 

(41.5%) 
  

Counterfactual 

Analysis 

Total welfare 

Change 

118.46* 

(100%) 

105.74 

(100%) 

224.20 

(100%) 
  

Seed suppliers’ 

revenue change 

70.28* 

(59.3%) 

64.82 

(61.3%) 

135.10 

(60.3%) 
  

Farmers’ welfare 

gains 

48.09* 

(40.7%) 

40.92 

(38.7%) 

89.01 

(39.7%) 
  

Note: Numbers with an asterisk (*) are not estimated but conjectured by the assumption that sum of wel-

fare gains from SCN resistance trait and ISU-SCN extension would be equal to the aggregated welfare 

gains from SCN resistance & ISU-SCN extension (i.e., the total of first and second columns are the third 

column). Table C6 and Table C9 also follow this format. 
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Model A2. Farmers put more value on varieties which are in the top 25% performance group 

With a conservative view, one may argue that top 25% performance group would be a more sensible thresh-

old than top 50% performance group. In this case, we only need to replace 𝕀𝑗𝑡[𝑚]
y-top50

 and 𝕀𝑗𝑡[𝑚]
𝑠-top50

 to 

𝕀𝑗𝑡[𝑚]
y-top25

 and 𝕀𝑗𝑡[𝑚]
𝑠-top50

 in demand estimation and hedonic price regression. Table C4 and Table C5 

respectively report the demand estimation results and hedonic price regression. Table C6 shows 

welfare measure of this specification. 

 

Table C4. Estimated Parameters of Seed Demand with top 25% performance group 

Step 1 Step 2 

 ln(𝑠𝑗𝑚/𝑠0𝑚)  OLS 2SLS 

𝛼 Price 0.000150  -0.0188*** 

 
 

(0.000130)  (0.00552)  

𝛽2 Tested by ISU-SCN -0.00334  0.0400**  

  (0.00660)  (0.0193)  

𝛽3 Yield top 25% 0.00220  0.0235  

  (0.00620)  (0.0152)  

𝛽4 SCN control top 25% -0.00160  -0.0146  

  (0.00673)  (0.0161)  

𝜎 Nesting corr. 0.999*** 0.924*** 

 
 

(0.00107)  (0.0225)  

 Year FE Y Y 

 CRD FE Y Y 

 Product age FE Y Y 

 Variety FE Y Y 

 IVs (6)  Y 

Price elasticities 

Own-price: -12.92 

Cross-price within the inside option: 0.112 

Cross-price across the nests: 0.0001 

 N  7669  7669  

 Standard errors in parentheses 

 * p<0.10 , ** p<0.05 , *** p<0.01  
 

 

 Variety FE 2SLS –second step 

𝛾 GT trait 0.148*** (0.0148) 

𝛽1 SCN-resistant 0.0313*** (0.00855) 

 Brand fixed effects   

 Agreliant-others 0.00612  (0.0271) 

 Agrosci-others 0.103*** (0.0214) 

 Asgrow Seed Com-

pany 

0.0179  (0.0153) 

 Beck’s Hybrids 0.0204  (0.0217) 

 Channel 0.0123  (0.0168) 

 Dupont-others -0.0310  (0.0202) 

 Dyna-Gro 0.0633**  (0.0298) 

 Growmark / FS 0.0211  (0.0209) 

 Kruger Seed -0.0108  (0.0237) 

 LG Seeds 0.00185  (0.0246) 

 Monsanto-others 0.0344  (0.0257) 

 Mycogen -0.0351*  (0.0207) 

 Pioneer -0.00103  (0.0139) 

 Prairie Brand -0.00288  (0.0270) 

 Stine Seed Company -0.0770*** (0.0180) 

 Stone Seed Farms Inc. -0.0427*  (0.0253) 

 Syngenta -0.0193  (0.0160) 

 Other-others 0 (.) 

 Constant -0.0489*** (0.0164) 

 N 1390   

  



62 

 

Table C5. Hedonic price regression of Model A2 

 Price Coefficient Standard error 

 Tested by ISU-SCN  0.517*  (0.305) 

 Yield top 25% 0.635*  (0.347) 

 SCN control top 25% -0.444  (0.368) 

 GT trait  8.784*** (0.379) 

 SCN resistant   0.703*** (0.259) 

 Constant 38.07*** (0.567) 

 brand FE Y  

 CRD FE Y  

 year FE Y  

 product age FE Y  

 N  8984   

* p<0.1 , ** p<0.05 , *** p<0.01 

 

Table C3. Summary of welfare measures of Model A2 

    Source of Welfare gains 

Method Category SCN Resistance 

Trait 

ISU-SCN Exten-

sion 

SCN Resistance & 

ISU-SCN Extension  
  

Surplus calcu-

lation 

Total surplus 127.61 

(100%) 

108.13 

(100%) 

235.74* 

(100%) 
  

Seed suppliers’ 

revenue change 

94.30 

(73.9%) 

67.02 

(62.0%) 

145.45* 

(68.4%) 
  

Imputed farmers’ 

net returns 

33.31 

(26.1%) 

41.11 

(38.0%) 

74.42* 

(31.6%) 
  

Counterfactual 

Analysis 

Total welfare 

Change 

114.37* 

(100%) 

107.11 

(100%) 

221.48 

(100%) 
  

Seed suppliers’ 

revenue change 

69.24* 

(60.5%) 

67.32 

(62.9%) 

136.56 

(61.7%) 
  

Farmers’ welfare 

gains 

46.13* 

(39.5%) 

39.79 

(37.1%) 

85.92 

(38.3%) 
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Model A3. Farmers put more value on varieties which are in the top 10% performance group 

In a similar way of Model A2, the top 10% performance group can be used instead of top 50%.  Table C7 

and Table C8 respectively present the demand estimation results and hedonic price regression. 

Table C9 reveals the welfare measure of this specification. 

 

Table C7. Estimated Parameters of Seed Demand with top 10% performance group 

Step 1 Step 2 

 ln(𝑠𝑗𝑚/𝑠0𝑚)  OLS 2SLS 

𝛼 Price 0.000153  -0.0186*** 

 
 

(0.000130)  (0.00544)  

𝛽2 Tested by ISU-SCN -0.00226  0.0421**  

  (0.00625)  (0.0187)  

𝛽3 Yield top 10% -0.00359  0.0194  

  (0.00733)  (0.0174)  

𝛽4 SCN control top 10% -0.000362  -0.0309  

  (0.00935)  (0.0236)  

𝜎 Nesting corr. 0.999*** 0.925*** 

 
 

(0.00107)  (0.0222)  

 Year FE Y Y 

 CRD FE Y Y 

 Product age FE Y Y 

 Variety FE Y Y 

 IVs (6)  Y 

Price elasticities 

Own-price: -12.92 

Cross-price within the inside option: 0.112 

Cross-price across the nests: 0.0001 

 N  7669  7669  

 Standard errors in parentheses 

 * p<0.10 , ** p<0.05 , *** p<0.01  
 

 

 Variety FE 2SLS –second step 

𝛾 GT trait 0.146*** (0.0146) 

𝛽1 SCN-resistant 0.0314*** (0.00843) 

 Brand fixed effects   

 Agreliant-others 0.00555  (0.0267) 

 Agrosci-others 0.101*** (0.0211) 

 Asgrow Seed Com-

pany 

0.0176  (0.0151) 

 Beck’s Hybrids 0.0198  (0.0215) 

 Channel 0.0122  (0.0166) 

 Dupont-others -0.0296  (0.0198) 

 Dyna-Gro 0.0629**  (0.0294) 

 Growmark / FS 0.0205  (0.0207) 

 Kruger Seed -0.0111  (0.0233) 

 LG Seeds 0.00110  (0.0243) 

 Monsanto-others 0.0334  (0.0253) 

 Mycogen -0.0352*  (0.0200) 

 Pioneer -0.00160  (0.0137) 

 Prairie Brand -0.00143  (0.0264) 

 Stine Seed Company -0.0762*** (0.0177) 

 Stone Seed Farms Inc. -0.0424*  (0.0250) 

 Syngenta -0.0193  (0.0157) 

 Other-others 0 (.) 

 Constant -0.0555*** (0.0161) 

 N 1390   
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Table C8. Hedonic price regression of Model A2 

 Price Coefficient Standard error 

 Tested by ISU-SCN  0.640**  (0.297) 

 Yield top 10% 0.660  (0.446) 

 SCN control top 10% -1.691***  (0.560) 

 GT trait  8.781*** (0.379) 

 SCN resistant   0.703*** (0.259) 

 Constant 38.09*** (0.567) 

 brand FE Y  

 CRD FE Y  

 year FE Y  

 product age FE Y  

 N  8984   

* p<0.1 , ** p<0.05 , *** p<0.01 

Table C9. Summary of welfare measures of Model A3 

    Source of Welfare gains 

Method Category SCN Resistance 

Trait 

ISU-SCN Exten-

sion 

SCN Resistance & 

ISU-SCN Extension  
  

Surplus calcu-

lation 

Total surplus 129.59 

(100%) 

107.32 

(100%) 

236.91* 

(100%) 
  

Seed suppliers’ 

revenue change 

94.30 

(72.8%) 

51.15 

(47.7%) 

145.45* 

(61.4%) 
  

Imputed farmers’ 

net returns 

35.29 

(27.2%) 

56.18 

(52.3%) 

91.47* 

(38.6%) 
  

Counterfactual 

Analysis 

Total welfare 

Change 

117.37* 

(100%) 

104.64 

(100%) 

222.01 

(100%) 
  

Seed suppliers’ 

revenue change 

69.93* 

(59.6%) 

65.33 

(62.4%) 

135.26 

(60.9%) 
  

Farmers’ welfare 

gains 

47.44* 

(40.4%) 

39.31 

(37.6%) 

86.75 

(39.1%) 
  

 

In conclusion, several different specifications variously reflecting ISU-SCN information provide consid-

erably similar welfare findings as our main model. This bolsters the robustness of our main model.  


