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1. Introduction

There is a longstanding recognition that buyers often prefer products they have experienced in the past, relative to
products with similar or even identical characteristics. Beyond the role of idiosyncratic preferences, the resulting inertia in
observed consumers’ demand may reflect switching costs associated with moving away from past choices, where switching
costs can be broadly construed to include learning costs, contractual or transaction costs, and also psychological elements.
Switching costs have important implications for imperfectly competitive markets. By altering the responsiveness of consumer
demand, switching costs directly affect equilibrium prices. Because these frictions make demand more inelastic, firms can
exploit their loyal customer base by charging higher prices. Dynamically, however, switching costs also provide the oppor-
tunity for customer base expansion through aggressive pricing.
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How such contrasting harvesting and investment incentives actually play out remains an open question (Farrell and
Klemperer, 2007; Cabral, 2016), and is ultimately an empirical matter that depends on the specifics of a given market. A
key challenge in this setting is to distinguish true state dependence—defined as the causal dependency of an individual’s
future choices on their current state (Heckman, 1981a)—from the effects of unobserved preference heterogeneity (spurious
state dependence). When present, true state dependence directly alters the returns to different choices and thus influences
market equilibrium.

In this article, we study the nature and extent of switching costs in a novel context—soybean seed demand over a period
characterized by the advent of genetically engineered (GE) varieties. This sweeping new technology led to early acquisitions
and consolidation in the industry, as established brands had to adapt to the innovator’s (Monsanto) entry and the tremen-
dous success of GE soybeans with farmers. As such, it provides a useful context to empirically assess the extent to which
inertia due to switching costs matters with respect to both brand and technology.

Our study adds to an extensive literature on demand inertia in both economics and marketing. Following Keane (1997),
a large body of research, focused on the consumer-packaged goods (CPG) industry, has shown that the presence of state de-
pendence can have important implications for the extent of market power and pricing behavior (Dubé et al., 2010), market
structure (Dubé et al., 2009), the price effects of mergers (MacKay and Remer, 2022), the pro-competitive role of advertis-
ing (Shum, 2004), and the persistence of brand shares (Bronnenberg et al., 2009, 2012; Grzybowski and Nicolle, 2021).
Among non-CPG applications, Sudhir and Yang (2014) and Train and Winston (2007) study the automobile industry;
Handel (2013) and Yeo and Miller (2018) analyze the health insurance industry; Honka (2014) investigates automobile in-
surance; and, Barone et al. (2011) study local credit markets.

Unlike much of related existing work, which has privileged consumer demand, in this paper we study state dependence
for competitive producers’ (farmers’) choices. Furthermore, the industry and period we study is characterized by a major
innovation, which permits us to investigate both brand and technology inertia, as well as their interplay.

First introduced in 1996, GE varieties provided farmers with drastically new technological solutions for weed and pest
management, which led to rapid widespread adoption (Moschini, 2008). Among the major US crops, the soybean seed in-
dustry has perhaps undergone the largest transformation. The once-common farming practices of saving harvested soybeans
for seed use, and/or purchasing publicly developed varieties, have been replaced by the almost complete reliance on new
proprietary commercial soybean varieties that embed the GE trait for glyphosate tolerance (GT). The GT trait was developed
by Monsanto, who, as an outside proprietor, faced major challenges in converting their technology into a commercial prod-
uct. Successful seed varieties required access to two complementary building blocks: the new GE traits, and elite germplasm
in existing varieties (Graff et al, 2003). Monsanto made some early key seed brand acquisitions, providing them with di-
rect access to farmers (Fernandez-Cornejo, 2004). Furthermore, they also aggressively licensed the GT trait to other seed
suppliers.

To characterize the pattern of farmers’ seed choices and technology adoption, we estimate a random coefficients logit
model of US soybean seed demand. The model characterizes the demand for seed brands and the GE trait, and allows for
the presence of both state dependence and unobserved heterogeneity in farmers’ preferences for brand labels and for the
GT technology trait. For estimation, we draw on a unique dataset containing more than 200,000 seed purchase decisions
by roughly 28,000 US soybean farmers from 1996 to 2016. These (unbalanced panel) data provide information on seed
purchase histories, seed characteristics, and prices. In developing and estimating the model, our main objectives are to: (a)
identify the extent to which seed demand is affected by state dependence for brand labels and the GT trait; (b) characterize
the importance of farmer heterogeneity for seed demand; (c) quantify farmers’ willingness to pay (WTP) distributions for
different brands, the GT trait, and switching costs (state dependence); and, (d) assess the consequences of switching costs,
through empirical counterfactual scenarios, for farmers’ welfare, GT trait adoption, and for the leading brands’ market shares.

Overall, we find that farmers are willing to pay large premiums for brand labels and for the GE trait, and these WTP es-
timates can vary widely across farmers. For example, from 2010 to 2016, farmers’ mean WTP for the GT trait was $21.8/acre,
with 10% of farmers valuing GT at $40.2/acre or more, and another 10% of farmers valuing it at $3.5/acre or less. We also
find significant evidence of structural state dependence, even after controlling for persistent unobserved farm-level hetero-
geneity. The mean marginal switching cost associated with brands is estimated at $13.1/acre; the corresponding estimates
for trait switching costs are $6.8/acre (conventional to GT products) and $14.7/acre (GT to conventional products). We also
uncover considerable heterogeneity across buyers for these WTP estimates, and for farmers’ valuations of the various brands.

Using the model estimates and a differentiated product model of the supply side, we evaluate counterfactual scenarios
that shed additional light on the implications of inertia for the industry. Removing all switching costs would decrease seed
prices by 6%, on average, and increase buyers’ welfare by $7.7/acre/year, on average, with most of this value arising from
the removal of brand switching costs. At an aggregate level, farmers’ surplus would increase by $463.5 million per year,
whereas firm profits would decrease by $225.9 million per year. Furthermore, without switching costs, the adoption of the
GT trait would have been higher in the first few years, and lower thereafter, with the trend away from GT products more
pronounced in recent years. The counterfactual simulations also provide evidence that inertia, in a context characterized by
rapid innovation such as the US seed industry, can affect market shares in a substantial way.

The analysis and results of this article contribute to the literature in several ways. First, we provide evidence on the
importance of switching costs for competitive firms’ choices over a key input. Most existing studies focus on the CPG indus-
try and largely ignore the extent and implications of switching costs in a production context. Second, we contribute to the
empirical literature on the implications of state dependence, especially when combined with the introduction of a major
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technological innovation. Finally, we provide new evidence that the sizeable WTP estimates for GE seed trait innovation are
characterized by considerable heterogeneity across farmers.

The rest of this article is organized as follows. Section 2 provides background information on the US soybean seed mar-
ket. Section 3 presents the data used in the econometric regression. Section 4 develops the demand model, discusses the
identification strategy, and presents the estimation strategy. Section 5 presents the demand estimation results, and the com-
putation of WTP distributions and demand elasticities. Section 6 uses counterfactual simulations to assess some empirical
implications of state dependence and switching costs. Section 7 concludes.

2. Industry background

The US seed industry has grown considerably over the last few decades.! Technological innovation, from expanded re-
search and development (R&D) investments, has been a critical factor. A major development affecting seed markets was
the introduction of GE traits in the mid-1990s. By using breakthrough recombinant DNA techniques of modern biology, it
became possible to integrate certain foreign genes (from bacteria) into the germplasm of elite crop varieties. These genes
confer traits to the resulting “transgenic” crops, such as herbicide tolerance and insect resistance, which are highly valued
by growers (Barrows et al., 2014).

The GE revolution in the seed industry also benefited from the general strengthening of intellectual property rights for bi-
ological innovations (Moschini, 2010). This is particularly important for soybean seeds. Soybean varieties are self-pollinating,
meaning that they reproduce true to type (unlike hybrid maize, for example). Thus, prior to the advent of GE varieties,
farmers could rely on saved seeds (from the previous harvest) and could access varieties developed and released by public
institutions (state universities), essentially at competitive prices (production costs). The introduction of patented GE traits,
and the associated increased use of trade secrets and contracts, effectively permitted the industry to develop proprietary
seed products (Clancy and Moschini, 2017).2 This greatly increased the profitability of R&D in plant breeding, which led to
new investments and a wave of industry consolidation (Fernandez-Cornejo, 2004). By the year 2000, the two largest firms
(Monsanto and DuPont) accounted for about 40% of the US soybean seed market, a combined share that has risen to about
60% in recent years.

Soybeans are the second-most planted crop in the United States. Unlike GE corn varieties, which can have several traits,
GT is the only trait with major commercial relevance during our study period (1996-2016).3 Glyphosate, originally marketed
under the trade name Roundup, is a powerful, broad-spectrum herbicide that can be used in combination with GT crops. It
can kill approximately 99% of weeds without harming GT varieties (Wechsler et al., 2018). By reducing the need for tillage,
as well as multiple types of herbicides, GT varieties permit an extremely effective (and simplified) weed control strategy
(Perry et al., 2016). Because of this, GT soybeans were rapidly adopted, despite commanding a significant price premium
(OECD, 2018): first commercially introduced in 1996, GT varieties accounted for more than 50% of the market by 1999, and
more than 90% by 2007. Previous resarch has found that US farmers’ WTP for the GT trait far exceeds its cost, resulting in
significant net economic gains (Ciliberto et al., 2019).

The marketing of seed varieties relies heavily on longstanding and well-known brands, where multiple brands can be
marketed by the same parent company. Over the period of analysis, DuPont has primarily sold varieties under the Pioneer
brand, whereas Monsanto has marketed varieties under several brands such as Asgrow, DeKalb, and Channel. Each brand
typically offers multiple distinct varieties that differ in characteristics such as herbicide tolerance, soybean cyst nematode
resistance, and relative maturity. Most brands, over the period of study, offered both conventional and GT varieties.*

3. Data

The data used in this article pertain to seed purchases by a large and representative sample of US soybean farmers. These
data come from a proprietary dataset assembled by Kynetec USA, Inc., a market research company. The data span the 21-
year period from 1996 to 2016. For each year, the seed purchases of about 3500 soybean farmers are recorded. The sample
itself is constructed to be representative at the crop reporting district (CRD) level.> Each soybean farmer in the sample is
observed to make one or more seed purchases and the data contains detailed information on the nature of the purchase
(e.g., variety name, brand, parent company, GE traits, price, quantity of seed, and acres planted). The raw data contain
213,062 distinct seed choices. After dropping choices pertaining to non-commercial transactions (e.g., saved soybeans), we

1 The size of the global commercial seed market in 2014 was estimated at about $12 billion in the United States (ISAAA, 2016), and around $52 billion
worldwide (Syngenta, 2016).

2 In 1970 about 70% of planted soybeans were public varieties (Fernandez-Cornejo, 2004). Based on the data used in this paper, by 2016 this fraction
was less than 1%.

3 GE varieties tolerant to glufosinate did not achieve commercial relevance until very recently and, as in Ciliberto et al. (2019), we do not distinguish
between conventional and glufosinate tolerant varieties in our empirical analysis.

4 Two exceptions are Channel, a Monsanto brand, which only offers GT varieties, and public providers (e.g., state university programs) who offer only
conventional varieties.

5 CRDs are regions identified by the National Agricultural Statistics Service of the US Department of Agriculture (USDA). Each US state contains multiple
CRDs (for example, lowa has 9), and each CRD includes multiple counties.
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Table 1
Brand and GT trait market shares.
Market share 1996-98  1999-2002  2003-09  2010-16
Monsanto
Asgrow 0.120 0.171 0.154 0.212
Channel 0.000 0.000 0.000 0.033
DeKalb 0.094 0.056 0.048 0.004
Kruger 0.015 0.021 0.017 0.009
DuPont
Pioneer 0.191 0.195 0.242 0.273
Syngenta
Golden 0.037 0.061 0.045 0.002
NK 0.050 0.046 0.077 0.089
Dow
Mycogen 0.028 0.021 0.015 0.018
Smaller Companies
Beck’s 0.008 0.012 0.017 0.031
Croplan 0.017 0.020 0.033 0.029
Growmark 0.016 0.017 0.013 0.010
Stine 0.047 0.040 0.027 0.023
Public 0.048 0.025 0.004 0.004
GT Trait 0.200 0.726 0.945 0.939

Note: Authors’ computations from Kynetec data. Calculation excludes
records that do not involve a commercial transaction (e.g., saved seeds),
specifically as per line 5 of Table Al in the Appendix.

are left with 204,607 seed purchases that permit a comprehensive characterization of the industry.’ The data at hand is an
unbalanced panel data set, although a large portion of farmers are observed over multiple years (and individual farmers are
often observed making multiple purchases in the same year).

3.1. Products

The finest possible product definition, in our setting, would be in terms of individual varieties. Analysis at the variety
level, however, is not feasible. There are simply too many varieties—over the period 1996-2016, our dataset includes 18,420
distinct soybean varieties. Furthermore, individual varieties have limited geographic presence, as each is bred to be suited
to specific agro-climatic conditions (e.g., latitude). In addition, new varieties are introduced every year, and the life cycle of
any given variety is relatively short (four to five years, on average).

The value of modern soybean seed varieties primarily derives from two complementary sources: germplasm (i.e., the
underlying genetics accumulated from past generations of selective breeding), and GE traits. Concerning germplasm, it is
useful to think of varieties as forming “product lines” over time, as companies introduce improved new varieties that are
built on the genetics of previous varieties. We presume that this continuity is captured by the “brand” (e.g., Asgrow). Vari-
eties marketed by any one brand at different locations may differ, even considerably, but in any one local market one can
expect varieties of the same brand to share common characteristics. Hence, we define a “product” as consisting of an unique
combination of the brand and trait. Specifically, we consider 13 distinct brands, listed in Table 1 (we treat public/university
seeds as a single brand, named Public). These 13 brands account for about 70% of the US soybean seed market over the
period analyzed. For tractability reasons, all remaining varieties are aggregated into an “Others” group. Given the foregoing,
each of these brands can be associated with two products, depending on whether or not the GT trait is embedded. Because
the brand Channel only provides GT seeds, and Public varieties only consist of conventional seeds, there are 26 distinct
products.

Table 1 reports average market shares for the 13 largest brands over the considered timespan. Brands are grouped by
their parent companies.” We separately categorize public seeds and the seeds sold by brands not owned by the “big four”
parent companies (Monsanto, DuPont, Syngenta, and Dow AgroSciences).® Table 1 also illustrates some turnover in brands.
Golden Harvest was phased out by Syngenta is 2012; and, in recent years, Monsanto has phased out DeKalb (this brand is
now primarily used in the maize seed market).

6 Table A1 in the Appendix provides more details on the data-cleaning steps that were performed.

7 The company names in Table 1 reflect the industry configuration as of 2016, the last year of our data. Since then, major mergers and acquisitions have
re-shaped the ownership structure of the industry—the acquisition of Syngenta by ChemChina in April 2017, the merger of Dow and DuPont in September
2017, and the acquisition of Monsanto by Bayer in June 2018. The agricultural concerns consolidated by the Dow-DuPont mergers were subsequently spun
off as Corteva in 2019.

8 The ownership of each brand as reported in Table 1 also pertains to 2016, the last year of our data. Brands’ affiliation with their parent company in
some cases was the result of market consolidation that took place earlier in our sample. This is particularly true for Monsanto, which acquired Asgrow in
1997, DeKalb in 1998, and Kruger in 2006. Also, DuPont acquired Pioneer in 1999; Syngenta acquired NK in 2000 and Golden Harvest in 2004; and, Dow
acquired Mycogen in 1998.
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Table 2
Markets and products.
Number of Average Number of Products
Year Markets -
Total GT Conventional

1996 165 9.92 1.24 8.68
2000 182 16.18 8.05 8.13
2004 174 12.19 8.38 3.81
2008 178 9.59 7.94 1.65
2012 188 9.61 7.63 1.98
2016 189 9.83 7.19 2.64

Note: Authors’ computations from Kynetec data. Calculation excludes
records that do not involve a commercial transaction (e.g., saved seeds),
specifically as per line 5 of Table A1 in the Appendix.

Table 3

Purchase and repurchase rates.
Brand/Trait Purchase Repurchase
Asgrow 17.27 86.96
Beck’s 2.03 87.23
Channel 1.17 76.29
Croplan 2.69 71.83
DeKalb 3.77 77.29
Golden Harvest 3.5 78.26
Growmark 1.31 85.78
Kruger 1.59 82.53
Mycogen 1.91 80.17
NK 6.96 79.77
Pioneer 23.36 92.06
Public 1.19 63.11
Stine 3.03 78.32
Conventional 17.15 92.12
GT 82.85 97.40

Note: Authors’ computations from Kynetec data. Calculation based on
the estimation sample, as per line 9 of Table A1 in the Appendix.

3.2. Markets and choice sets

In any one choice situation, a farmer may not have access to all 26 alternatives (i.e., choice sets are market-specific).
Following standard convention, a market is defined as a CRD-year combination. CRDs are spatial constructs that are reason-
ably homogeneous with respect to key growing conditions, such that residing farmers are expected to face the same set of
choices. Differentiating markets annually is a natural extension, as commercialized varieties evolve over time, and a calendar
year contains a natural planting window. In our dataset, we observe a total of 3791 markets across 233 CRDs. The number of
markets in selected years, and the average number of choice alternatives (i.e., products) available to farmers, are provided in
Table 2. Note that, following the introduction of GT varieties, the number of products available to farmers initially increased
as leading varieties were made available to farmers both with and without the GT trait, but eventually decreased as GT
products crowded out conventional products.

3.3. Inertia

To motivate our focus on switching costs in farmers’ seed choices, Table 3 reports the purchase rate and repurchase rate
(as percentages) for each brand and trait. The purchase rates are the unconditional probability of choosing each brand (mar-
ket shares). Conditional on a purchase at time ¢, the repurchase rate is the frequency of the same brand/trait having been
also purchased in the previous period. Table 3 shows that repurchase rates are considerably higher than the corresponding
purchase rates. These data are certainly suggestive of persistence or inertia in brand (and trait) choices over time, but of
course they offer no information on whether this inertia is due to state dependence or unobserved heterogeneity.

3.4. Prices

A common challenge in discrete choice models is that the researcher observes the price for the alternative chosen by the
individual, but does not observe the prices of unchosen alternatives. A typical solution to this problem is to compute average
transaction prices, in any given market, and use these prices as the prices that individuals face for each alternative. This is
the procedure that we follow here. A related but distinct issue concerns discounts, which are common in our data—about
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63% of 204,697 total observed purchases have a discount. Similar to Goldberg (1995), we account for discounts by using
the market average net price for each product. Finally, we note that the dataset spans 21 years, a long period during which
prices changed considerably. Consistent with the homogeneity property of the per-acre profit function, described in what
follows, we deflate prices by the USDA crop sector index of prices paid (index = 1 in 2011).

4. Model specification

The seed demand model is derived under the assumption that farmers, on each of their plots, choose the seed alternative
that maximizes expected profit. The structure of their payoff function depends on the production technology, the output
price, and all input prices. Ciliberto et al. (2019) show that, if the production function satisfies two reasonable properties—
constant returns to scale in all inputs, and fixed proportions between land and seed—then per-acre expected profit is linear
in the seed price. That is, the per-acre profit function dual to the production technology can be written as ng(w) —a;pj,
where i indexes the plot to be planted (i.e., the “choice situation” in what follows); j indexes the seed product; p; is the
price of seed alternative j (per “bag” of seed); «; denotes the amount of seed per acre (seed density) that is appropriate
for plot i; and, w is the vector of all other prices—the soybean output price and the prices of all inputs used in production,
other than seed (which appears separately as f;) and land (implying that the per-acre profit in question can be interpreted
as returns to land).

Whereas the optimal amount of seed per acre can be presumed constant for a given plot in a given market, it can vary
spatially because of soil and climatic conditions and over time because newer variaties are supposed to be planted at slightly
lower densities (Gaspar et al., 2020; Perry et al., 2022). Given that, and the fact that the actual definition of a bag of seed
has changed over our sample period,” in what follows we define seed prices on a per-acre basis, as in Ciliberto et al. (2019).
Hence, per-acre profit is represented as

JTij=7Ti9'(W)—Pj . (1)

where, p; is the price of seed per unit of land ($/acre). Given this objective function, the farmer’s problem for plot i can be
formulated in a standard discrete-choice framework, as that of choosing product j that yields the highest payoff nij.m

4.1. Switching costs

In our context, switching costs possibly exist whenever a farmer chooses a seed product with attributes (specifically,
brand and technology) that involve a change relative to previous choices/experience. For each alternative j available in a
market at time ¢, let B/ denote the brand and T/ € {CV, GT} denote the trait, where CV represents conventional (non-GT)
products. The farmer’s own past experience is encapsulated by their seed purchase history. As discussed earlier, we focus
on choices made in the previous period. Hence, the relevant history for farmer f, denoted H/, is the set of all brands and

technology traits included in their immediately preceding period purchases, i.e., Htf = {BLI, Tt{ 1I¥j chosen by f at (¢t —1)}.

Switching costs can now be captured by five indicator variables—three primitive indicators, and two interactions. Specifically:

B =1ifB] ¢ Hf (2)
IET=1ifT) =GT ¢ H/ (3)
I =1ifT)=cV ¢ H/ 4)
I x IgT (5)
Igt X Ifgy (6)

The indicator Igt codes for a choice that, for decision maker f, entails a new brand (vis-a-vis their own history). The
indicator If?T
were grown. Similarly, the indicator Ifg‘t/codes for choosing a conventional seed when, in the previous period, the farmer only

codes for a choice that entails purchasing the GT trait when, in the previous period, only conventional soybeans

9 Traditionally, a bag of soybean seeds amounted to 50 pounds. Starting with the 2010 growing season, the industry transitioned to defining a bag on
a count basis—a bag of seeds was re-defined as containing 140,000 soybean kernels. In our data, farmers on average use 1.186 bags of soybean seeds per
planted acre.

10 Similar to Train and Winston (2007), the model we develop is a conditional demand model—only soybean seed choices are considered, conditional on
the farmer having chosen to purchase soybeans (i.e., there is no “outside option”).
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used GT seeds.'" The two interaction terms capture the simultaneous switching of both brand and technology. Note that we
do not consider the interaction effect between traits because, of course, IfftT x Ifgt‘/ =0.
4.2. The econometric model

The primitive data identify the chosen product for choice situation i in market m. The market has time dimension t =
t[m], and the choice is made by farmer f = f[i] (who is typically observed in more than one choice situation). To make
the framework outlined in the foregoing operational, we parameterize the profit function in Eq. (1). In addition to the seed
price—which enters linearly, as discussed—we approximate the impact of other structural determinants of 711.(]’.( -) by a set of
seed-specific variables. We also explicitly include the switching cost indicator variables. Specifically, the per-acre profit for
farmer f from product j, in choice situation i pertaining to market m, is:

Tijm = XjtBr — A Djm + VgV s + Ejm + N + Eijm. (7)
where, X;; is a vector of seed characteristics that include a full set of GT trait and brand indicator variables. Product char-
acteristics are varying over time because the GT and brand indicator variables are interacted with dummy variables iden-
tifying the sub-periods 1997-2002 and 2003-2009 (thereby allowing the mean value of the GT trait and brand preference
to vary over time). Switching costs are captured by the vector Iy, which consists of the five indicator variables defined in
Egs. (2)-(6). The unobserved component of the profit equation consists of three terms: &, is a product- and market-specific
unobserved demand shock, h; is unobservable heterogeneity at the farm-product level, and &;j,, is an i.i.d. error term that
is assumed to follow a Type 1 extreme value distribution. Note also that the coefficient of Pjm (the price of product j in
market m), which equals 1 in the structure of Eq. (1), reflects the arbitrary scale parameter of the assumed extreme value
distribution (Train, 2009). Insofar as the variance of this unobserved component varies across farmers, this is captured by
the farmer-specific coefficient .

Some of the coefficients in (7) are specified as random across farmers, as denoted by the subscript f, while others are not.
For the random components of the B and y coefficients, we assume a normal distribution. To illustrate, following standard
notation (e.g., Gandhi and Nevo 2021), if component r of the vector § is random, then

ﬂ;r) _ ﬂ(()r) +ﬂ5r)v;r)

where, v{"” is a standard normal random variable (such that ﬂér ) represents the mean and /36” represents the standard
deviation of the random coefficient). For the price coefficient, on the other hand, we use the lognormal distribution:

Inay=ag +64vv;0)

where v}o) is standard normal. The lognormal assumption is desirable for two reasons: first, it maintains the economic
condition that profit is decreasing in the price of seed for all farmers; and second, as discussed later, it provides an elegant
solution to the challenge of computing WTP estimates in random coefficient models (a task that involves the ratios of two
random variables).

4.2. Identification

We face two identification challenges in the estimation of the seed demand model. The first issue is the well-known
problem of price endogeneity in demand models of differentiated products (Berry, 1994; Berry et al., 1995). Although our
model is estimated using individual choices, which may alleviate some concerns about endogeneity (Goldberg, 1995), there
may still remain unobservable factors correlated with both price and demand. That is, the unobserved product-market term,
&jm, is potentially correlated with price. The inclusion of product fixed effects may alleviate this problem (Nevo, 2000). Al-
though we include brand and trait intercepts, and further interact these terms with time, any location-specific and/or market
by product-specific unobserved attributes, correlated with demand and observed by firms, may still lead to price endogene-
ity. The most common solution to this problem is to use two-stage least squares with instrumental variables (IVs). This
approach, however, cannot be directly applied in non-linear individual-level discrete choice models (Train, 2009). Therefore,
we implement a control function approach (Petrin and Train, 2010; Kim and Petrin, 2019).

The basic ingredient of this procedure is to specify a reduced-form equation for the endogenous (price) variable. This is
specified linearly, as follows:

pjm :Z/jmw+vjm (8)

where, z;,, is a vector that includes market-level demand shifters plus a set of excluded IVs (in our case, cost shifters),
and vy, represents the unexplained portion of prices. Let ¥, denote the control residuals recovered from the least squares

11 Of course, most farmers can be presumed to already have experience with conventional soybean seeds (unless they began farming in the GE era).
Postulating an adjustment cost when moving from GT to CV seeds, however, captures the fact that the new technology may involve specialized equipment
(e.g., herbicide sprayers) the cost of which is sunk with the initial adoption of GT seeds.
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estimation of Eq. (8).12 Then, following Kim and Petrin (2019), we replace the unobserved demand characteristic by a linear
function of the control residuals: &, = ADjp,."

The selection of suitable IVs included in (8) is predicated on the structure of seed production—seed sold in year t is
produced in year t — 1. Specifically, soybean seed companies typically contract out with specialized individual growers to
produce their commercial seed supply, from the seed stock generated by their breeding program (Lamkey, 2004). The terms
of the contract are set such that the grower is paid at least what they could have obtained had they planted and sold their
own soybeans as a commodity. The cost to the seed company of the “seed multiplication” stage thus depends on expected
soybean output prices. A standard proxy for a commodity’s expected output price is the futures price corresponding to
delivery in the month following harvest, as quoted at planting time (Kim and Moschini, 2018). Because this applies to the
year when the seed is actually grown under contract for the seed companies, we use the previous year’s soybean futures
price as an instrument for the current year’s seed prices. Hence, this IV is highly correlated with seed companies’ costs,
and also does not affect farmers’ relative demand for soybean seed products in the current year (i.e., it fulfills the exclusion
restriction requirement).'* To allow for differential impacts across products, we interact futures prices with the brand and
GT trait dummies, similar to the approach taken by Berto Villas-Boas (2007).

The second identification issue concerns the disentanglement of switching costs from unobservable heterogeneity. The
basic issue is that inertia, or repeated purchases by a farmer, may stem from switching costs (structural state dependence)
or unobservable heterogeneity (spurious state dependence). The inclusion of brand-specific and trait-specific random co-
efficients already controls for much of this heterogeneity. However, we must also address the so-called “initial condition”
problem articulated by Heckman (1981b). The crux of the matter is that a farmer’s observed first choices in the sample are
stochastically dependent on their individual heterogeneous preferences, which leads to a correlation between the switching
cost variables and the unobserved heterogeneity term hy.

To deal with the initial condition problem we implement a simplified procedure along the lines of Wooldridge (2005),
who models the distribution of unobserved effects by conditioning it directly on the initial observed values. That is, similar
to Janssen (2022) and Rickert (2022), the alternative-specific individual payoffs in Eq. (7) are permitted to depend explicitly
on farmers’ first observed choices (which are excluded from the estimation sample). For this purpose, we generate a set
of indicator variables that, for each seed alternative j in choice situation i evaluated by farmer f = f[i], code for how this
alternative relates to farmer f's purchase(s) in their first observed time period."> Specifically, we define three indicator
variables to capture the effects associated with the initial choices of products, brands, and technologies: Dj‘;. takes a value of

1 if farmer f’s initial purchase set included alternative j (value of zero otherwise);Dﬁj takes a value of 1 if farmer f’s initial
purchase set included the brand of alternative j (value of zero otherwise); andDﬁ takes a value of 1 if farmer f’s initial

purchase set included the technology (GT or non-GT) of alternative j (value of zero otherwise). Conditioning on these three
initial-condition variables, the unobserved heterogeneity term hy is represented as:

hg = 1D} + $2DF + $3Dj; (9)

Thus, this parameterization of the initial condition maintains that when these variables take value 1, a farmer’s expected
profit for the corresponding product(s) is permanently shifted for all subsequent periods they are observed. Unobserved
heterogeneity can also depend on the values of the decision variables (e.g., prices) and as well interactions of a farmer’s first
period choice with these values. Hence, at the estimation stage, we evaluate the robustness of the chosen parameterization

in Eq. (9) vis-a-vis several alternative specifications for h.

Collecting the three initial condition indicator variables in the vector Dg, with the corresponding parameter vector de-
noted ¢, the per-acre profit of Eq. (7) that includes the initial period choices and the control function can be expressed as:

Tijm = XjeBy — &Pjm + LeVn + ADjm + D + Eijim (10)

where the coefficients of the initial-condition variables and of the control function are estimated jointly with the structural
parameters.

12 In addition to the instrumental variables discussed in the foregoing, the right-hand-side of the price equation includes the vector of characteristics of
product j interacted with the dummies identifying the sub-periods of interest, as in Eq. (7), the previous year's market share for the brand associated with
product j, the previous year's market share for the technology (conventional or GT) associated with product j, the size of market m, as well as year, CRD,
and brand fixed effects. The inclusion of lagged share variables is meant to capture, in a reduced-form way, the dynamic aspects of firms’ pricing decisions.
The estimated coefficients for this equation are reported in Table A6 of the Appendix. Because the price equation conceivably represents equilibrium prices,
the expected signs of the estimated coefficients are, in general, ambiguous and difficult to interpret (e.g., Pakes 2003).

13 As noted in Kim and Petrin (2019), the true control function may take a nonlinear form, and/or may depend on all residuals. We investigated the
robustness of our approach by considering control functions where the impact of the own-product residual differed by time (A;Djy) or by trait (A;0;y,). We
also estimated models that included combinations of competing product residuals. In all cases, we found no significant difference in results across these
alternative control functions. Our implementation of the control function approach is similar to the procedures used in Polyakova (2016) and Janssen (2022).

14 If the previous year’s futures price is correlated with the current year’s futures price, it may correlate with a farmers’ decision of which crop to plant.
Because the model we estimate is a conditional soybean demand model, however, such correlation is immaterial for the choice of which particular soybean
seed to plant.

15 Recall that a farmer may make multiple purchases in a given year. As a result, the dummy variables pertaining to their first period choices can take
value 1 for more than one product, brand, and/or technology.
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Table 4
Descriptive information on main model variables.
Variable Obs Mean Std. Dev.  Min Max
Price ($/acre) 86,198  46.560  9.632 1.204  108.941
Switching cost Indicators
Brand 86,198  0.129 0.335 0 1
Conventional to GT trait 86,198 0.022 0.145 0 1
GT trait to conventional 86,198 0.014 0.115 0 1
Interaction brand x conventional to GT ~ 86,198 0.007 0.081 0 1
Interaction brand x conventional to GT 86,198 0.005 0.068 0 1

GT technology adoption

1997-2002 29,445  0.612 0.487 0 1
2003-2009 26,020 0.945 0.228 0 1
2010-2016 30,733  0.938 0.242 0 1

Note: Authors’ computations from Kynetec data. Calculation based on the estimation sample, as per
line 9 of Table A1 in the Appendix.

4.3. Estimation

The model is estimated using simulated maximum likelihood, as outlined in Hole (2007) and Train (2009). The profit
function in (10) can be decomposed into the non-random and random components:

Tiim =Xt Bo + Vo — oD jy + ADjm + Dp+ (X 0 v) By + (I 0 )y — v p V@ +8ijm (11)

Sgim Hgim

where, (v, v® v©) is the vector of i.i.d. standard normal variates that characterize the random coefficients, and o denotes
the Hadamard (element-by-element) product operator. Note that, similar to standard approaches, we have separated the
mean components Jg,, from the standard-deviation components .

For a given realization of jip, the probability that farmer f chooses alternative j in choice situation i is given by the
familiar logit expression:

AfA(o ) - exp (8gm + Hgm)
Y Z{L] €xp (anm + anm)

where, 0f =[Bo, g, Yo, A @, Bv, oy, p] is the vector of coefficients to be estimated, and J;; denotes the number of
alternatives in farmer f’s choice set (which is market-specific).!®

For each farmer, we observe a sequence of choices, the probability of which is given by the product of the logits in
Eq. (12). To obtain the unconditional probability of an individual’s choice sequence, it is necessary to integrate out the
random elements in jgn,. Because this integral has no closed-form solution, the simulated likelihood is constructed using
Halton draws (we use 250 Halton draws). For estimation, we utilize the Stata “mixlogit” package written by Hole (2007).

(12)

5. Results

The original data, after dropping observations pertaining to choices of non-newly purchased seed varieties, include
204,697 seed choices. Because the original data are from an unbalanced sample, it is important to ensure the estimation
sample is suitable to identify switching costs. To this end, we require that observations included in the estimation sample
in any year t pertain to farmers for whom observations are also available for year t — 1. This procedure permits the switch-
ing cost indicators to be consistently constructed from the preceding year’s choice for all observations in the estimation
sample. Following these data preparation steps (see Table A1 in the Appendix), the estimation sample includes 86,198 seed
choices. The data is then expanded for each observed choice instance to include all possible market alternatives a farmer
could have chosen, which results in the estimation dataset of 1,043,742 available choice alternatives. Table A2 in the Ap-
pendix shows that the average farmer chooses from about 8 seed alternatives, with a minimum of two and a maximum of
23 (recall that our product definition results in 26 possible alternatives). On average, a farmer selects about 1.65 products
per year (and 2.4 products while present in the sample), and chooses slightly fewer brands than products. On average, a
farmer contributes three years of data to the sample.

Table 4 summarizes the descriptive information for the primary variables used in estimation. The mean of the brand
switching variable is 0.129—that is, about 13% of purchase instances consisted of a farmer choosing a brand they did not
choose in the prior year. Switching was even less common among traits, with only 2.2% of cases involving a switch into the
GT trait and 1.4% of cases involving a switch into a conventional variety. The low frequency of technology switches is the

16 Because of the assumed lognormal distribution of the price coefficient, discussed earlier, here o = Elay] = exp(@o +a2/2) and o? =Var(ay) =
exp(2d@o + @2)[exp(@2) — 1]. Note also that the Stata output does not provide o and e, directly, it gives & and @,.
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manifestation of the near complete adoption of the GT trait by the mid-2000s, with most switching occurring prior to the
year 2000. For estimation, the trait and brand coefficients are allowed to differ over three sub-periods, specifically 1997-
2002, 2003-2009, and 2010-2016. This permits the model to capture, in a parsimonious way, relative changes in the value
of the various brands and the GT trait over time. The sub-period intervals themselves were chosen to roughly coincide with
some of the major changes that took place in the industry. The first sub-period encompasses the earlier stages of rapid GT
adoption, which averaged 61% in the period 1997-2002. The second period encompasses the mature stage of GT adoption,
as well as the commodity price boom from 2006 to 08, and the final period covers the emergence of glyphosate weed
resistance, which reportedly began to intensify after 2010.

5.1. Estimation results

Before discussing the main results for the mixed logit model, it is helpful to consider several alternative specifications for
the simpler conditional logit model. The full mixed logit model requires significant estimation time, so the conditional logit
model was used as a means for a preliminary assessment of the impact of different factors on model estimates. Table A3 in
the Appendix presents estimation results for four specifications of the conditional logit model.

The estimated coefficients in Table A3 generally accord with expectations. The GT trait coefficients are positive and sig-
nificant, and the switching cost coefficients are negative and significant, with the exception of the interaction coefficients,
which are positive and statistically significant. The latter implies that the cost of switching both brand and trait is less than
the sum of switching to each in isolation (in other words, the cost of switching both is sub-additive). The final column
reports the most general model, which includes the switching cost variables, the control residual, and the initial conditions.
The first column points to the consequences of excluding the switching cost variables. The log-likelihood is approximately
24% smaller compared to the full model. The importance of the control function approach is demonstrated by the results
in the second column. The price coefficient is approximately zero and statistically insignificant, suggesting that price en-
dogeneity (biasing estimates towards zero when ignored) is indeed present. The positive and significant estimate for the
control residual in the other columns also suggests the existence of unobservable factors positively correlated with demand,
a finding similar to that in Petrin and Train (2010). The third column omits the initial conditions, which increases the brand
switching cost coefficient and decreases the log-likelihood by approximately 1.3%. Overall, Table A3 provides support for the
specification used in the mixed logit model.

Table 5 presents the mixed logit estimation results for the primary variables.!” The first two columns provide the esti-
mated mean coefficients and their standard errors, and the final two columns provide the estimated standard deviation coef-
ficients and their standard errors. These results demonstrate the importance of specifying random coefficients for switching
costs, the GT trait indicator variable, and the brand variables. All standard deviation coefficients are statistically significant
and indicate significant heterogeneity in trait value, price responsiveness, the magnitude of switching costs, and brand value.
In addition, the log likelihood increases by approximately 6% compared to the full conditional logit specification.

Table 5 also includes the estimated coefficients for the three initial condition variables. The results indicate that the
estimated parameters are positive and statistically significant, implying that first period choices impact returns in every
subsequent period. In addition to the parameterization in Eq. (9), we also explored alternative specifications of the initial
conditions. Specifically, we allowed the coefficient on the brand initial condition to differ for each brand, allowed for the
first period choice to impact price sensitivity, allowed for the first period choice to impact the control function, and allowed
the initial period price to impact returns. Results for these alternative specifications using the conditional logit model are
reported in Table A4. Overall, there are minor differences relative to the simpler baseline specification of Eq. (9), which we
therefore maintain in the full mixed logit model.

Not included in Table 5, for space reasons, are the estimated parameters for the brand-period interactions. These results,
reported in Table A5 of the Appendix, indicate that, compared to the final 2010-2016 sub-period, all brands were valued less
(relative to public varieties) in the first two sub-periods. This is consistent with the decline in demand for public varieties.

5.2. Willingness-to-pay distributions

A useful characterization of the various economic factors that determine choice, given the estimated demand model,
involves the concept of WTP. The marginal WTP for an attribute measures the maximum amount a buyer is willing to part
with for that characteristic, and is obtained by dividing the coefficient of interest by the price coefficient (Train, 2009). Here
we focus on the WTP associated with the main variables of interest: the switching costs, and the GT trait.

Because we also allow farmers to have heterogeneous senstivity to seed prices, the WTP for an attribute is given by
the ratio of two random variables, which can be problematic. Our assumption that the price coefficient is log-normally
distributed, however, turns out to be useful.'® The WTP to be estimated can be expressed as E[c/«], where ¢ denotes the

17 Recall that the price coefficient is modeled as log-normally distributed, whereas all the other random coefficients are assumed normally distributed.

18 A normal distribution for the price coefficient, still common in the literature, has two main limitations. First, its unbounded support permits the
decision maker to prefer higher prices to lower prices. Second, the implied WTP distribution is a Cauchy distribution, which has heavy tails and non-existent
moments. Our choice of the log-normal distribution for the price coefficient has two desirable properties: the sign of the estimated price coefficient accords
with economic theory (Hole and Kolstad, 2012); and, the implied WTP distributions have well-defined moments (Hole and Kolstad, 2012; Daly et al., 2012).
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Table 5
Mixed logit estimation results.

—Mean— —Standard Deviation—

Coefficient ~ SE Coefficient ~ SE
Price ($/acre) —1.594* (0.091)  0.087* (0.018)
GT (1997-2002) 3.760* (0.270)  1.070* (0.071)
GT (2003-2009) 5.019* (0.313)  1.866* (0.164)
GT (2010-2016) 4,415 (0.313)  2.863* (0.235)
Switching Cost: Brand —2.648** (0.064) 1.363* (0.035)
Switching Cost: GT -1.371* (0.082)  1.336* (0.114)
Switching Cost: Non-GT —2.974* (0.154)  1.904* (0.158)
Switching Cost: Brand x GT 0.408** (0.086)
Switching Cost: Brand x Non-GT 1.026** (0.093)
Asgrow 3.634* (0.342) 0.661* (0.037)
Beck 2.909* (0.351)  1.301* (0.142)
Channel 1.938** (0.357)  1.991* (0.149)
Croplan 3.078* (0.358)  0.733* (0.068)
Dekalb 0.928** (0.272)  0.327* (0.097)
Golden 1.355%* (0.375)  0.931* (0.114)
Growmark 2.755* (0.383) 0.712* (0.108)
Kruger 2.123* (0.417)  1.054* (0.120)
Mycogen 1.577* (0.309)  1.234* (0.102)
NK 3.080* (0.338) 0.671* (0.063)
Other 2.953* (0.297) 0.818* (0.036)
Pioneer 3.203* (0.302)  0.629* (0.048)
Stine 1.872% (0.282)  0.681* (0.094)
Control Residual 0.205** (0.019)
Initial Condition: Product 0.531* (0.036)
Initial Condition: Brand 0.441* (0.039)
Initial Condition: Technology 0.349* (0.057)

Note: The omitted brand dummy is for “Public.” Standard errors (SEs), in parentheses,
are clustered at the CRD level. LL = —110,364. N = 1,043,742. The estimated model is
based on 86,198 seed choices. The model also includes brand indicators with the first
two subperiod dummies (see Table A5 in the Appendix for these remaining estimated
parameters). * p < 0.05 ** p < 0.01.

Table 6
WTP estimates.

Expected value Distribution (numerical)
(analytical)

p10 p50 p90

Switching costs

Brand —13.09 -21.85 -13.00 —4.42

Trait: CV to GT —6.78 -1529 -6.73 1.73

Trait: GT to CV -14.70 -2692  -1457 -2.59

Brand & Trait CV to GT ~ 2.01 1.80 2.01 2.24

Brand & Trait GT to CV  5.07 4.52 5.05 5.65
GT Trait

1997-2002 18.59 11.63 18.42 25.78

2003-2009 24.81 12.83 24.64 36.93

2010-2016 21.82 3.49 21.60 40.21

Note: These estimates are based on the mixed logit results reported in Table 5. En-
tries in this table are interpreted as $/acre (measured in 2011 dollars). The brand
WTP values (relative to Public varieties) are for the period 2010-2016.

coefficient of the characteristic of interest, and « is the price coefficient. Because ¢ ~ N(u¢, 02) and Ina ~ N(/Llna,al%m),
then E[c/a] = E[c-exp(—Ina)]. It follows that we can compute the expected value of the ratio of the random variables of
interest in closed form:

0.2
E[c/a] = pucexp (—mm + '5‘") (13)

Table 6 contains the estimated WTP values based on the coefficient estimates from Table 5. The expected values are
computed analytically according to Eq. (13). The 10th percentile, the median, and the 90th percentile of the estimated
WTP distributions are computed numerically (based on 100,000 random draws). We note that the numerical percentiles
indicate relatively symmetric distributions for the WTP estimates. This is because the estimated standard deviation of the
(lognormally distributed) price coefficient is rather small (about 10% of the mean coefficient), such that the distribution of

1
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Table 7
Estimated elasticities.

Baseline ~ No Switching Costs

Own-price —5.02 -6.03
. Cross-price, CV-CV (across brands)  0.20 0.23
Conventional Products Cross-price, CV-GE (same brand) 1.20 0.77
Cross-price, CV-GE (across brands)  0.20 0.31

Own-price -6.30 -7.80
Cross-price, GE-GE (across brands)  0.46 0.51
GE Products Cross-price, GE-CV (same brand) 0.17 0.13
Cross-price, GE-CV (across brands)  0.03 0.06

Note: These elasticities are computed, numerically, based on the estimated mixed logit model of
Table 5.

the WTP estimates primarily reflects the distribution of the parameters of the underlying characteristics, which are modeled
as normal.

From Table 6, the average cost of switching to a new brand is $13.1/acre. Given that the mean price for a unit of soybeans
is about $47/acre, this cost is about 28% of the average price, a significant effect.’® There is also considerable heterogeneity
in brand switching costs. A substantial number of farmers (10%) face a cost of over $21.8/acre if they switch to a new brand,
whereas some farmers (10%) incur a cost of $4.4/acre or less. The trait switching costs are similarly large in magnitude
and exhibit interesting asymmetries. On average, it costs about $6.8/acre to switch to a GT variety, whereas it costs about
$14.7|acre to switch to a conventional variety. There are several reasons behind this asymmetry. First, it is relatively easy to
switch to a GT system: farmers simply need to use glyphosate in combination with a GT variety. By contrast, a conventional
soybean production system is more complex, as it requires multiple types of herbicides, applied at different times, as well
as mechanical cultivation. For an individual who had not recently planted conventional soybeans, there may be substantial
costs to doing so. Finally, the interaction terms indicate subadditivity in switching costs—the cost of switching both brand
and technology is less than the sum of costs of switching each in isolation. Similar to brand switching costs, technology
switching costs also exhibit significant heterogeneity.

The three WTP distributions for the GT trait illustrate interesting changes over time. In the first period (1997-2002), the
average WTP is $18.6/acre, which increases to $24.8/acre in the second period (2003-2009), and then decreases to $21.8/acre
in the final period (2010-2016). As noted in Ciliberto et al. (2019), the observed increase after the period 1997-2002 was
likely the result of falling glyphosate prices (a complementary input to GT soybeans), rising output prices, and access to
an increasing number of varieties with the GT trait. However, in the final period, the mean WTP for the GT trait decreases
and its variance increases. This is consistent with the decline in the soybean output price after the 2007-2009 commodity
price boom, as well as some loss of efficacy of GT soybeans because of glyphosate weed resistance becoming increasingly
problematic (Lee et al., 2023). Some farmers have responded by switching to non-GT varieties or by increasing glyphosate
application rates (Perry et al., 2019). Glyphosate weed resistance also varies considerably across regions, which may explain
the increasing variance in farmers’ WTP.

5.3. Elasticities of demand

A major recognized advatange of the mixed logit framework, as contrasted with the basic logit model, is that it can
capture richer substitution patterns (Berry et al., 1995). These patterns can be illustrated in terms of elasticities. In addition,
we can also use our model to assess the impact of switching costs on elasticities by simulating price elasticites in a scenario
without switching costs. Table 7 provides a summary of the (numerically computed) own- and cross-price elasticies in each
scenario.

The base scenario provides price elasticies using the estimated coefficients from Table 5, whereas the scenario with no
switching costs provides mean elasticities with the vector of all switching costs, denoted by I, set to zero (while still
using the estimated coefficients from Table 5). We compute these elasticities separately by whether or not the seed product
contained the GT trait, and, in the case of cross-price elasticities, whether brand and/or seed technology changes. In the
baseline scenario, the mean own-price elasticity is —5.0 across all convential products, and —6.0 for GT products (the higher
elasticity likely reflecting the fact that the latter have a higher average price). When removing switching costs, own-price
elasticities increase in absolute value (to —6.3 for conventional products, and to —7.8 for GT products). As expected, removing
switching costs results in a more elastic demand because it is now less costly to switch to a different variety.

The cross-price elasticities also exhibit systematic patterns. In the baseline, for conventional products the largest cross-
price elasticitiy is for products within the same brand, even when switching technologies. On the other hand, for GE prod-

19 As shown in Table 4, the average retail seed price is about $46.56/acre. All prices are deflated by the crop sector index of prices paid (base year = 2011).
To provide additional context for these estimates, in 2011 the soybean output price was $12.5/bu. and the US average soybean yield was 42 bu./acre,
implying an average total gross revenue of about $525 per acre (based on USDA-NASS data).
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ucts, the largest substitutability is with other GE products. Given that own-price elasticities become more negative when
switching costs are eliminated, cross-price elasticities must become more positive on average (because of the price homo-
geneity and adding-up effects). In fact, the cross-price elasticities across brands increase, whereas the cross-price elasticities
across technologies and in the same brand decline somewhat.

6. Counterfactual analysis

Having established that switching costs are significant in the soybean seed industry, in this section we assess the im-
plications of switching costs for three important facets of the industry: buyers’ welfare, technology adoption, and sellers’
brand shares. To this end, we complement the estimated demand side with an explicit supply side model that postulates a
standard static Nash-in-prices formulation (Nevo, 2001).

6.1. Bertrand-Nash equilibrium

The definition of products used in this article is such that each brand is associated with two products, conventional
and GT soybean seeds (except for “Public,” which is only sold as conventional, and “Channel,” a newer brand that only
markets GT products). Furthermore, some firms own multiple brands. Let JX denote the set of products that firm k € K sells
in market m. The optimality conditions for profit maximization, which implicitly define the best response functions of the
Bertrand-Nash game, are:

Sy (Bm) + 3 (i — i) P _ g et vk ek (14)
ok Djm
i)
where, sj, (Pm) is the market share of productj in market m; pp is the vector of all product prices in this market; and, mc;p,
is the (constant) marginal cost of product j.

To express these conditions in matrix notation, let S(p;) be the J; x J;m matrix of substitution terms, i.e., with elements
Sin = 0Sjm(Pm)/0 pnm. Here, Jp is the total number of products in market m (if the full set of products is present, then J, =
26). The information from the substitution matrix can then be combined with the Ji; x J;; ownership matrix Hp,, which has
elements Hy, ;; = 1 if products i and j are sold by the same firm, and Hy, ;; = O otherwise. This results in the Jm x J;m matrix
Q(Pm) = -S(Pm) o Hy, where o denotes the Hadamard product of two matrices of the same dimension. The Bertrand-Nash
equilibrium conditions in Eq. (14) can then be expressed as:

S(pm)_ﬂ(pm)[pm_mcm] =0 (]5)

where, s(pn) and mc;, are the vectors of market shares and marginal costs, respectively.

In the context of our article, this standard setup is an approximation because of two sets of motives. First, it represents a
static condition that does not capture dynamic pricing incentives that can arise in the presence of switching costs, leading to
the (contrasting) “investment” and “harvesting” effects (e.g., Farrell and Klemperer 2007, Cabral 2016). The econometrics of
the resulting stochastic dynamic models are data intensive and taxing from a computational point of view (Ackerberg et al.,
2007), and outside the scope of this study. We note, at any rate, that the reduced-form representation of equilibrium prices,
used in the control-function approach to estimating the demand structure (Table A6 in the Appendix), indicates only a
minor role for dynamic effects as captured by lagged shares. Furthermore, from Eq. (15) it is clear that equilibrium markups
Pm —MCy = Sl(pm)’1s(pm) depend on price elasticities (as embedded in the substitution matrix used to define ). Insofar
as switching costs affect elasticities, as documented in Table 7, the foregoing equilibrium relations still capture an important
channel for inertia to affect equilibrium prices.

Second, the standard Nash equilibrium condition in Eq. (15) is only partially consistent with the licensing of the GT trait
by Monsanto. For example, with fixed per-unit royalty rates, licensing would have two effects: it would raise the marginal
production cost of Monsanto’s competitors, and it may affect Monsanto’s own pricing incentives. Whereas Eq. (15) implicitly
accounts for the marginal cost effect of licensing, which is internalized by all firms (including the licensor), it does not
account for the possible strategic pricing effects that could arise because Monsanto both licenses the GT trait and competes
with the licensees (the precise nature of such effects, in any case, would depend on the undisclosed terms of licensing
agreements).

Notwithstanding these limitations, the standard Bertrand-Nash equilibrium model can provide useful insights into the
role of switching costs. Having estimated the demand model, we can exploit the equilibrium conditions to back out the
vector of (otherwise unobserved) marginal costs, which are used in the counterfactual analyses.

6.2. Implementation of counterfactuals

The overarching goal of the counterfactual analysis concerns the effect of switching costs. Removing all switching costs is
equivalent to setting yo = yv =0 in Eq. (11). Let $j,(pm) denote the counterfactual market shares one obtains under these
parametric restrictions, at given market prices. The vector of counterfactual equilibrium prices P, then satisfies:

Pm = mcy + LPm) '35(Pm) (16)
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To solve Eq. (16), we fix the vector of marginal costs, as estimated from the equilibrium conditions in the baseline model
in (15), and apply a fixed point algorithm.2’

Because the foregoing representation of the Nash equilibrium applies at the market level, whereas our mixed logit model
estimates individual demands, we need to transition from individual choice probabilities, as represented in Eq. (12), to
market shares. Specifically, the market-level vector $;p,(pm) and matrices Q(p) are computed as averages, over all buyers in
the market, from the corresponding individual level probabilities. Because the model entails random coefficients, individual
probabilities are themselves averages over repeated random draws of the random coefficients.2! While implementing this
procedure, we encountered some numerical problems with the standard fixed point iteration based directly on Eq. (16).
Such issues were overcome by applying, instead, the fixed-point iteration developed by Morrow and Skerlos (2011). Their
procedure entails the decomposition of the substitution matrix S(pn) into a diagonal matrix A(p,) and a non-diagonal
matrix T'(py), such that S(pm) = A(pm) — T'(pm), and the fixed point iteration only requires inversion of the diagonal matrix
A (pm) (rather than inversion of the dense matrix fl(f)m) in the standard procedure).??

6.3. Welfare impact of switching costs

The estimated coefficients from the demand model indicate that switching costs are large in magnitude, but this does
not directly reveal the actual welfare-reducing effect of switching costs. An individual’s expected profit can only be directly
impacted by switching costs insofar as their choice set contains products that were not purchased in the previous period.
Consider, for example, a farmer that purchased all brands in the previous period. In this case, there would be no brand
switching cost associated with any product. Thus, for this farmer, there would be no direct welfare effect from removing
brand switching costs. The only potential effect would be due to the change in prices resulting from the removal of switching
costs.

To estimate the actual welfare effects of switching costs we evaluate the change in the standard log-sum formula
(Train, 2009), which expresses the expected profit per acre associated with a choice set. Recall from Eq. (11) that
(Ogm + gm) = Ypm denotes expected profit per acre. For a given realization of the random coefficients, expected profit
in the base scenario is given by:

1Z}ﬁm = xjrBO + Ifjt?U - &Opjm + iﬁjm + Do + (th ° V)Bv + (Ifjt ° V(I)))?v - &vpjm\)(o) (17)

The main counterfactual of interest removes all switching costs. This scenario is implemented by setting all coefficients
of the indicator variables I to zero. Expected profit in this counterfactual for any given draw of the random coefficient,

denoted 1/~ffjm, is computed from Eq. (17) under the constraint yg = p, = 0 and by replacing observed prices with the coun-
terfactual price P, obtained by solving Eq. (16). The change in per-acre expected profit for choice situation i in year t is
then given by:

ACS; = &if[m (Zj exp(lﬁﬁm)> “In (Z,- exp(@jm))] (18)

where, again, f = f[i] denotes the farmer associated with choice situation i. Averaging over repeated draws from the vector
of random coefficients provides an estimate of the change in surplus for each farmer from the elimination of all switching
costs.

In addition to the main scenario discussed in the foregoing (no switching costs), we also evaluate the counterfactual
situations where only brand switching costs are removed, or only technology switching costs are dropped. The welfare
results are reported in Table 8. The first row provides the mean change in equilibrium prices. Overall, we find that the
existence of switching costs has a significant impact on prices. Over all markets, the elimination of switching costs would
result in a reduction of seed prices by 6.01%. Virtually all of this price effect is due to the removal of brand switching costs,
as trait switching costs have a negligible impact on equilibrium prices.

The next four rows of Table 8 contain summary statistics for the change in farmer surplus. Both individual specific factors
(e.g., initial conditions) and the random coefficients imply a different welfare effect for each farmer. Thus, Table 8 reports
the mean of the distributions across all choice situations during the sample period 1997-2016, along with the 5th percentile
change, median change, and 95th percentile change. On average, eliminating all switching costs would result in an increase
in farmers’ expected profit of $7.69/acre, but there is significant heterogeneity in these impacts. The bottom 5% of farmers
receive an increase of $1.74/acre or less, whereas the upper 5% of farmers experience an increase in surplus of $13.38/acre
or more.

The last two columns of Table 8 summarize the welfare impacts from removing each type of switching cost in isolation.
Removal of brand switching costs has the largest impact on per-acre surplus, which increases on average by of $7.15/acre,
whereas removing trait switching costs only produces an average increase in surplus of $0.41/acre. At first sight, this result
may seem surprising given that trait switching costs are quite large in magnitude (Table 6), but it can be explained by GT

20 The notations (- ) and §( - ) make it explicit that the market shares and matrix of substitution effects change not only because they are evaluated at
a different price vector, but also because the counterfactual scenario is changing the structure of the choice probabilities.

21 For each simulation step we use 250 antithetic random draws from the standard normal distribution. All computations were coded in Matlab.

22 Conlon and Gortmaker (2020) also report on the superiority of Morrow and Skerlos (2011) procedure.
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Table 8
Welfare change from removing switching costs, 1997-2016.

Remove All Remove Trait Remove Brand
Switching Costs Switching Costs Switching Costs

Mean price change (percent) -6.01% 0.10% -5.91%
Buyers’ unit surplus change ($/acre)
Mean 7.69 0.41 7.15
5th percentile 1.74 0.00 1.60
median 7.57 0.24 6.99
95th percentile 13.38 1.22 12.29
Buyers’ total surplus change ($ million/year)  463.5 26.1 428.8
Industry total profit change ($ million/year) -225.9 3.5 -226.8

Note: These estimates are calculated as per the counterfactual experiments described in the text. Entries in
this table are average effects, over the period 1997-2016, expressed in $/acre (measured in 2011 dollars).

adoption patterns and the rather large difference in value between the two traits. Specifically, removal of switching costs
only affects an individual’s expected profit for products they did not purchase in the previous period. Because over 90%
farmers purchased the GT trait for the majority of the sample, it was seldom the case they faced a switching cost associated
with the purchase of a GT variety. Such costs were only present early on in the sample, and in fact most of the observed
increase in expected profit from removing trait switching costs occurred in the first period (1997-2002). It is, however, fairly
common in the data for a farmer not to have purchased a CV product in the previous period, and thus removal of switching
costs significantly increased the expected profit associated with CV products. But because the expected profit associated
with GT varieties significantly exceeded the expected profit for CV products, the removal of such costs ultimately had little
impact on overall expected welfare, at least for most farmers.

More generally, the results in Table 8 highlight an interesting feature of markets where switching costs are present.
Switching costs only have significant welfare implications to the extent that: (a) a significant number of individuals do not
purchase certain products regularly; and, (b) the difference in value between different products is not too large.

Table 8 also reports the total change in estimated surplus due to the elimination of switching costs, which is obtained
by aggregating over all plots for each year of the 1997-2016 period. The effects are large, amounting to a total surplus
gain by farmers of about $464 million per year. The estimated market-level changes in prices and market shares from the
counterfactuals also permits us to characterize the impact on seed sellers from eliminating switching costs. As noted, the
counterfactual with no switching costs results in a price decline, on average, of 6.0%. Because we are using a conditional
demand model, this is also the average percent decline in seed industry profits under the no-switching-cost scenario. When
aggregated across markets, this amounts to a profit loss of about $226 million per year.

6.4. Technology and brand shares

Beyond the welfare implications of switching costs for buyers, and for the equilibrium profits of firms, it is also of some
interest to consider the consequences of switching costs for technology adoption and brand shares. This analysis is moti-
vated by major changes that have taken place in the industry. In particular, adoption of the GT variety was relatively rapid,
exceeding 90% of planted acres by 2007. However, in the final years of the sample, GT variety adoption declined somewhat,
ostensibly due to weed resistance issues. A growing literature shows that glyphosate weed resistance is increasingly prob-
lematic because it significantly reduces the effectiveness of glyphosate as a weed control tool for GT crops. It is therefore
instructive to consider whether farmers would have more readily switched back to conventional varieties in the absence of
switching costs. With respect to brand shares, the industry has become more concentrated over time. Yet, how switching
costs impact brand shares and concentration has received scant attention.

For each of the three scenarios considered—absence of all switching costs, absence of brand switching costs only, or ab-
sence of technology switching costs only—the structure of the estimated model permits calculation of counterfactual market
shares. These shares differ from the baseline not only because of the removal of switching costs, but also because coun-
terfactual prices differ from baseline prices. As was the case with the welfare calculation, simulation is required for the
computation of these probabilities, which are then used to construct expected trait adoption under the baseline and coun-
terfactual scenario.

Fig. 1 displays aggregate adoption rates for the GT trait under the baseline scenario and the counterfactual without
switching costs. The primary finding that emerges from these predictions is that GT adoption, with exception of the first
few years, would have been significantly lower in the absence of (all) switching costs. For example, in the final period we
find that, without switching costs, conventional soybeans would have accounted for about 11% of acres, nearly double the
rate under switching costs. These effects highlight the deep connection between switching costs and purchasing patterns.
In this simple case of two technologies, the technology with the majority share benefits from switching costs, whereas
the technology with the smaller share is penalized. The GT technology, having secured a larger customer base earlier in
our study period, disproportionately benefited from the existence of switching costs. Analysis of the other two scenarios
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Fig. 1. Effects of switching costs on GT technology adoption.
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Fig. 2. Effects of switching costs on market shares.

considered (absence of brand switching costs only, or absence of technology switching costs only) indicates that the pattern
of Fig. 1 is entirely attributable to technology switching costs: predicted GT adoption rates when only brand switching costs
are dropped are virtually the same as the observed adoption rates of the baseline.

Next, we investigate how the existence of switching costs affect firms’ market shares. From the estimated structural
model, we compute product-level and brand-level predicted market shares for both baseline and counterfactual prices. These
results are further aggregated to the firm (parent company) level, given the presumed structure of the profit maximiza-
tion problem. The results are summarized in Fig. 2. The individual parent companies that we explicitly report are Mon-
santo (Asgrow, Dekalb, and Channel brands), Syngenta (NK and Golden brands), and Dupont (Pioneer brand). The category
“Small Brands” aggregates all small brands the model represents individually (Mycogen, Becks, Stine, Growmark, Croplan,
and Kruger brands). We omit the “Other” group that appeared in the estimated model (an aggregate consisting of many
minor brands that was defined mainly for the purpose of keeping estimation tractable). Because many of the estimated
parameters were allowed to vary over time, the effects of switching costs on brand shares is reported for each of the three
sub-periods considered in the model. Specifically, in Fig. 2 the variable on the y-axis is the change in market share at-
tributable to switching costs, as measured in actual percentage points.

The most salient feature that emerges from this figure is how the two largest companies—Monsanto and Dupont—have
been differentially impacted by the existence of switching costs. Dupont, the incumbent firm with the largest market share
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at the dawn of the GE era, benefited considerably from switching costs in the earlier years. Monsanto, the upstart that
developed the GE trait but needed to acquire a position in the seed market to market this revolutionary technology, was
initially penalized by the existence of switching costs. Over time, however, Dupont’s windfall benefits arising from switching
costs dwindled, and Monsanto gradually benefited as the GT technology became dominant. In the last subperiod, Monsanto
is the firm that benefited the most, in terms of market shares, from the existence of switching costs. In addition, because
Monsanto also widely licensed the GT trait, the results presented in Fig. 2 indicate that switching costs also indirectly
benefited them through a larger share for the GT trait. Hence, the results in Figs. 1 and 2 together indicate that Monsanto
is the company that benefited the most from switching costs.

Consistent with expectations, Fig. 2 also shows that the small brands individually considered in the model were nega-
tively affected by the existence of switching costs, and the same applies to “public” varieties. Syngenta, the smallest of the
large soybean seed companies, was negatively affected by switching costs on average, although it seems the impact was
confined to the first two sub-periods considered.

7. Conclusion

In this article, we add to the empirical study of inertia and switching costs in imperfectly competitive markets by con-
tributing new evidence in a novel context using a unique dataset. Specifically, we develop and estimate a structural model
of US soybean seed demand, by competitive farmers, over a period characterized by the introduction, and virtual complete
adoption of a major new technology—genetically engineered GT varieties. A random coefficients logit model, estimated with
an extensive and unique individual-level dataset, provides insights into the role of inertia and individual heterogeneity, and
permits a quantitative assessment of the value associated with the novel GT trait, as well as the extent of brand and tech-
nology switching costs. To our knowledge, this is one of the first studies to assess the welfare and share implications of
switching costs in a production context.

The results show that structural state dependence is significant. The average WTP measure associated with switching
costs is $13.1/acre for brand, and $6.8/acre or $14.7/acre for technology switching costs (conventional to GT, and GT to
conventional, respectively). We also find that state dependence is highly heterogeneous, with considerable variation across
farmers. Farmers’ WTP for the GT trait is sizeable, and varies over time, as well as over individuals. On average, the WTP
for GT is $18.6/acre during 1997-2002, goes up to $24.8/acre during 2003-2009, and then declines to $21.8/acre during
2010-2016. These results are similar in magnitude to the WTP estimates reported by Ciliberto et al. (2019), despite clear
differences in the modeling approach and period of analysis. Our finding of declining WTP for the GT trait in the last sub-
period (2010-2016), which is not considered by the aforementioned study, is consistent with a declining soybean commodity
price (a shifter of the estimated input demands), as well as the recent emergence of glyphosate-resistant weeds. We further
show that farmers are heterogeneous in their valuation of the GT trait.

Estimated own- and cross-price demand elasticities show that seed input demand is highly elastic, and that farmers are
more likely to substitute among products of the same brand and same trait. The existence of switching cost implies less
elastic demand, as expected, and thus provides the opportunity for higher price premiums by oligopolistic firms.

The counterfactual analyses highlight several implications of switching costs. First, switching costs significantly re-
duce consumer welfare: on average, farmers’ surplus increases by $7.69/acre upon removing switching costs, amounting
to $464 million per year. Some of this surplus gain is due to the price effects uncovered in the counterfactual: on av-
erage, seed prices decrease by 6.0% from the elimination of switching costs. This price effect means that industry prof-
its are positively impacted by switching costs (in aggregate, $226 million per year). The majority of these welfare effects
are due to the existence of brand switching costs, rather than technology switching costs. Indeed, most of the welfare
increase from removing technology switching costs occurs in the first sub-period when GT trait adoption was still well
below 90%.

Our model predicts that, absent switching costs, GT trait adoption would have been higher in the first few years during
the initial diffusion phase, and lower thereafter. This is noteworthy because, as noted earlier, the emergence of glyphosate
weed resistance in recent years has likely reduced the attractiveness of GT soybeans. Although the data indicate that some
farmers have switched back to conventional soybeans, it seems that switching costs have dampened this adjustment pro-
cess. From a policy standpoint, insofar as switching costs are a consequence of imperfect information, existing programs
(e.g., state university extension services) should prioritize agricultural technologies with significant switching costs. Con-
ventional soybeans are one such example, but other examples include cover cropping and reduced tillage. Ultimately, more
information is important for reducing the extent of switching costs, even in the context of producer behavior, where eco-
nomic theory typically assumes that profit maximization eventually eliminates persistent sources of inertia.

It is also of some interest to contrast these results with some of the marketing literature on switching costs. For example,
Grzybowski and Nicolle (2021) find that the presence of switching costs in the smartphone industry benefitted the smaller
I0S platform and hurt the more widely adopted Android platform. By contrast, our estimates indicate that it was in fact
the more adopted technology (GT) that benefitted from switching costs. These differences can be ascribed to the differing
asymmetries in switching costs. In our context, it is significantly more expensive to switch from GT to CV soybeans (by
contrast, Grzybowski and Nicolle 2021 find that it was easier to switch to I0S than to Android).

Lastly, we find that switching costs tend to increase predicted shares for the largest brands and decrease predicted shares
for smaller brands. Furthermore, we find that switching costs protected the market share of the large firm that did not
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innovate (Dupont), while it constituted an obstacle for the innovating firm in the early years (Monsanto). These effects
wore out towards the end of the sample, as the innovative GE technology permitted Monsanto to overcome the initial
disadvantage. The broader question of how switching costs relate to the exercise of market power remains an open question.
The seed industry has been affected by considerable consolidation in the last few decades, and, as we have shown, seed
demand exhibits significant switching costs. We find that the existence of switching costs, per se, has negatively affected
the market share of small firms, thus possibly contributing to this consolidation.

Data availability

The authors do not have permission to share data.

Appendix

Table A1

Soybean seed purchase data (1996-2016).
Row number  Description No.
0 Farmers surveyed 28,017
1 Original soybean seed purchase choices 213,062
2 Drop purchase records if purchase source is not a standard commercial channel 6890
3 Drop purchase records if the seed is not newly purchased 1367
4 Drop purchase records if the product is “Public” with GT trait 108
5 Choices in analysis 204,697
6 Drop purchase records with zero net prices 831
7 Drop purchase records in markets with only one alternative 673
8 Drop purchase records of all farmers’ one-year purchase when previous year’s 116,995

purchase record for the farmer is not observed

9 Choices in regression 86,198
10 Observations in regression 1,043,742

Note: This table explicitly documents the steps taken in the data-cleaning process of the farm-level soybean seed
purchase data (data source: Kynetec USA, Inc.). In particular:

(a) Observations in line 1 include all distinct purchases in the original data. Note that a farmer may report more
than one distinct choice (i.e., different varieties) in any given year.

(b) Observations dropped in line 2 pertain to seed choices when the source is: “From my own farm,” “I'm a seed
grower,” or “New seed that was left over from last year.”

(c) Observations dropped in line 3 pertains to “saved seeds.”

(d) Observations dropped in line 4 pertain to miscoded entries (no publicly released varieties containing the GT
trait have been marketed).
e) Observations dropped in lines 6 and 7 do not affect an individual’s purchase history.
f) Observations dropped in line 8 do not affect the set of alternatives in any one market.

(g) Line 8 ensures that all observations in year t remaining in the estimation sample pertain to farmers who also
have documented purchases in year t-1.

(h) Line 10 is fully equivalent to line 9, it simply expands each choice by available products in each local market.

Table A2

Descriptive information on the estimation data.
Variable Mean  Std. Dev.  Min  Max
No. of alternatives per market 8.15 4.48 2 23
No. of chosen brands per farmer 2.10 1.70 1 10
No. of chosen brands per farmer per year 1.58 1.02 1 8
No. of chosen products per farmer 2.36 2.29 1 17
No. of chosen products per farmer per year 1.65 1.11 1 9
No. of recorded years per farmer 2.74 2.58 1 20

Note: Authors’ computations from Kynetec data. Calculation based on the estima-
tion sample, as per line 9 of Table Al in the Appendix.
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Table A3
Conditional logit estimation results.
No Switch Costs No IV No Initial Conditions Full model
Price ($/acre) —0.275** 0.001 —0.170** —0.153**
(0.017) (0.001) (0.016) (0.016)
Control Residual 0.276** 0.171* 0.155*
(0.017) (0.016) (0.016)
GT (1997-2002) 4.884* 0.426** 2.786* 2.658*
(0.244) (0.050) (0.236) (0.232)
GT (2003-2009) 5.644* 1.268* 3.369* 3.227+
(0.242) (0.064) (0.228) (0.223)
GT (2010-2016) 3.938* 0.756** 2233 2111+
(0.181) (0.080) (0.167) (0.168)
Switching Cost Coefficients
Brand —2.667** —3.055** —2.665**
(0.044) (0.047) (0.044)
GT —1.630%* —1.707* -1.619*
(0.065) (0.066) (0.066)
Non-GT —2.370% —2.529* —2.359*
(0.063) (0.067) (0.063)
Brand x GT 0.566** 0.722* 0.565"
(0.074) (0.074) (0.075)
Brand x Non-GT 1.178* 1.305* 1.187*
(0.083) (0.085) (0.083)
LL —145,681 —118,041 -119,449 -117,953

Note: This table reports the estimation results of four conditional logit model specifications, with differing levels
of generality (as detailed in the top row). In addition to the coefficients of the variables reported in this table, all
models also include brand indicators, brand initial conditions, and interactions of the brand trait indicators with
the first two sub-periods. Standard errors, in parentheses, are clustered at the CRD level. N=1,043,742. * p < 0.05
* p < 0.01.

Table A4
Conditional logit results with alternative specifications of the initial conditions.

(1) (2) (3)

Price ($/acre) —0.153** —0.157* —0.152**
(0.016) (0.016) (0.016)
GT (1997-2002) 2.658"* 2.713* 2.706*
(0.232) (0.235) (0.235)
GT (2003-2009) 3.227 3.275* 3.275*
(0.223) (0.226) (0.228)
GT (2010-2016) 2111 2.139* 2.122%
(0.168) (0.170) (0.171)
Switching Cost: Brand —2.665** —2.606** —2.663*
(0.044) (0.045) (0.044)
Switching Cost: GT -1.619* -1.611* -1.615*
(0.066) (0.066) (0.066)
Switching Cost: Non-GT —2.359* —2.352* —2.348*
(0.063) (0.063) (0.062)
Switching Cost: Brand x GT 0.565** 0.562* 0.558*
(0.075) (0.074) (0.075)
Switching Cost: Brand x Non-GT 1.187* 1.130* 1.213=
(0.083) (0.084) (0.084)
Initial Condition: Product 0.322* 0.345* 0.682*
(0.032) (0.033) (0.119)
Initial Condition: Brand 0.332* brand-specific 0.341*
(0.029) (0.030)
Initial Condition: Technology —-0.057 —0.065 —0.053
(0.037) (0.036) (0.037)

(continued on next page)
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(1) (2) (3)

Initial Condition: Product x Price —0.015*

(0.003)
Initial Condition: Product x Control 0.016**

(0.003)
Initial Condition: Product x Initial Price 0.008**

(0.002)
LL -117,953 -117,500 —117,888

Note: This table reports estimation results for conditional logit models with differing specifications of initial con-
ditions. Column 1 uses the initial condition specification of the full random coefficient logit model (this is also
the same as column (4) in Table A3). Column 2 replaces the brand initial condition with 14 brand-specific initial
condition variables (these estimates are omitted for space reasons). Column 3 includes three additional interaction
variables. All models also include a control residual, brand indicators, and interactions of the brand indicators with
the first two sub-periods. Standard errors, in parentheses, are clustered at the CRD level. N=1,043,742. * p < 0.05

* p < 0.01

Table A5

Additional estimated mixed logit parameters: brand-time effects.

Variable Coefficient Standard error Coefficient Standard error
Brands (1997-2002) Brands (2003-2009)

Asgrow —2.016** (0.225) Asgrow —2.779* (0.278)
Beck —2.277* (0.317) Beck —2.985** (0.297)
Croplan —1.985* (0.234) Croplan —2.690** (0.301)
Dekalb 0.132 (0.210) Dekalb —0.655** (0.252)
Golden -0.226 (0.286) Golden -1.157* (0.324)
Growmark —1.432* (0.244) Growmark —2.085* (0.304)
Kruger -2.316* (0.303) Kruger —2.570* (0.352)
Mycogen —1.257* (0.236) Mycogen —2.164* (0.279)
NK —2.105** (0.224) NK —2.340%* (0.293)
Other —1.709% (0.228) Other —2.103** (0.270)
Pioneer —2.021* (0.213) Pioneer —2.133* (0.248)
Stine —0.940** (0.198) Stine -1.919* (0.236)
LL -110,364.4

N 1,043,742

Note: This table reports the estimated parameters of the mixed logit model not already included in Table 5 in the
text. Estimates for Brands (1997-2002) and for Brands (2003-2009) pertain to shifters of the mean brand coeffi-
cients reported in Table 5. Standard errors in parentheses. * p < 0.05, ** p < 0.01.

Table A6

Price equation for control function.

Variable Coefficient ~ Standard error Variable Coefficient ~ Standard error
GT (1997-2002) 11.520* (1.122) GT (1997-2002) x Cost  0.286** (0.109)
GT (2003-2009) 10.733* (1.378) GT (2003-2009) x Cost  0.205 (0.145)
GT (2010-2016) 4.007 (2.450) GT (2010-2016) x Cost  0.433* (0.221)
Asgrow 13.043** (2.999) Asgrow x Cost 0.488 (0.257)
Beck 6.502 (3.997) Beck x Cost 1.059** (0.351)
Channel 8.615* (4.364) Channel x Cost 0.817* (0.379)
Croplan 15.834* (3.330) Croplan x Cost 0.317 (0.286)
Dekalb 8.007* (3.333) Dekalb x Cost 0.449 (0.275)
Golden 9.513* (3.603) Golden x Cost 0.703* (0.285)
Growmark 11.412% (3.512) Growmark x Cost 0.672* (0.301)
Kruger 11.079* (3.373) Kruger x Cost 0.618* (0.287)
Mycogen 6.321 (3.331) Mycogen x Cost 0.821* (0.287)
NK 8.161* (3.110) NK x Cost 0.879* (0.267)
Other 10.743* (2.901) Other x Cost 0.469 (0.249)
Pioneer 10.378* (2.909) Pioneer x Cost 0.527* (0.250)
Stine 6.785* (3.131) Stine x Cost 0.706* (0.271)
Market Size 3.058* (0.409)

Lagged Brand Share = —0.945 (0.592)

Lagged Trait Share —0.287 (0.643)

Constant 22.753* (1.732)

Note: This table reports the estimation results for the price Eq. (8) used for the control function. “Cost” is the IV cost
shifter discussed in the text. In addition to the listed variables, the model also includes time and CRD fixed effects, as
well as the brand indicators interacted with the first two sub-periods. Standard errors, in parentheses, are clustered at
the CRD level. N=1,043,742. * p < 0.05 ** p < 0.01
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