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Abstract

An influential explanation for global productivity differences is that frontier technologies are
adapted to the high-income countries that develop them and “inappropriate” elsewhere. We
study this hypothesis in agriculture using data on novel plant varieties, patents, output, and
the global range of crop pests and pathogens. Innovation focuses on the environmental con-
ditions of technology leaders, and ecological mismatch with these markets reduces technology
transfer and production. Combined with a model, our estimates imply that ecologically inap-
propriate technology explains 15-20% of cross-country agricultural productivity differences and
re-shapes the potential consequences of innovation policy, the rise of new technology leaders,
and environmental change.
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1. INTRODUCTION

Research and development (R&D) is concentrated in a small number of high-income countries
(Boroush, 2020). To what extent does this phenomenon undetlie global disparities in productivity?

One answer to this question presumes that the most transformative ideas are broadly applicable
and easily transmittable. Therefore, technology diffusion erodes disparities in the long run regard-
less of the global distribution of R&D and barriers to technology adoption are the main drivers
of global inequality (Parente and Prescott, 1994; Barro and Sala-i Martin, 1997). A second answer,
however, emphasizes that new technologies are attached to specific conditions and characteristics of
production (Atkinson and Stiglitz, 1969). According to this inappropriate technology hypothesis, R&D
leaders develop technologies that are suitable for local conditions but unproductive in others (Stew-
art, 1978; Basu and Weil, 1998; Acemoglu and Zilibotti, 2001). Low technology diffusion is a natural
consequence, even without frictions to technology adoption. Disparities in global technology use
and productivity are driven by the incentives faced by innovators rather than those faced by adopters.

The premises of the inappropriate technology hypothesis loom especially large in agriculture.
This may be best illustrated via an example. The Corn Rootworm is nicknamed the “Billion-Dollar
Bug” in the United States biotechnology industry for its impact on corn production (Nordhaus,
2017). Developing technology that confers resistance against this foe is the focus of a significant
R&D effort, an important achievement of which is the development of genetically modified varieties
that are toxic to Corn Rootworms but not other fauna (Bessin, 2019). But the exact same, precisely
engineered technology does not necessarily neutralize other threats to corn production, like the
Maize Stalk Borer that is endemic to sub-Saharan Africa and estimated to cause corn losses in Kenya
of 10-20% (De Groote, 2002). Despite the Maize Stalk Borer’s large social impact, particularly on
some of the world’s poorest farmers, its pull on private incentives in biotechnology is unsurprisingly
dwarfed by that of the Billion Dollar Bug. This, in turn, shapes what technology is available and
how effective it is in different environments.

Beyond such case studies, however, little is known about the inappropriate technology hypothesis
in global agriculture or any other sector. In particular, is agricultural innovation systematically
directed toward the environmental conditions of technology leaders? If so, does the mismatch
between frontier innovation and local ecological conditions in much of the world systematically
reduce the global diffusion of agricultural technology? And to what extent does this force explain
the immense cross-country disparities in agricultural productivity?

This paper investigates each pillar of the inappropriate technology hypothesis in the context
of global agriculture. First, we show that agricultural innovation is strongly directed toward the
specific ecological characteristics of high-income, R&D-intensive countries. Second, using a new
measure of environmental mismatch that varies at the level of country pairs and crops, we show that
mismatch significantly reduces the global diffusion of agricultural technology, especially from more
to less innovative countries. Finally, we show that environmental mismatch with those innovative
countries reduces agricultural output. We interpret these results via a model that endogenizes
global agricultural productivity as the product of unevenly appropriate innovation, and we use the



model to study counterfactual changes to global research and the environment. Together, these
results provide strong evidence for the inappropriate technology hypothesis—linking its premises

to its predictions—as well as a framework to measure its incidence in a critical sector.

Model. We first introduce a model of inappropriate technology in global agriculture. We build on
a standard framework for agricultural technology use, crop choice, and demand (as in, e.g., Costinot
et al., 2016) by adding an innovative sector in a “Leader” country. The innovator invests in R&D to
improve technology along margins that are specific to certain environmental conditions. Because
of differences in profit opportunities and costs, innovation is endogenously directed to the environ-
mental conditions of the Leader. Thus, places that are more environmentally similar to the leader
receive more technology transfer and have higher productivity. The model motivates our empirical
strategy to measure environmental mismatch and its relationship with technology diffusion and
output. The model also provides a structural interpretation of our estimating equations, which we

later exploit to study counterfactuals.

Measurement. To study the inappropriate technology hypothesis, we need to measure: (i) the
environmental conditions to which technologies are adapted, (ii) the between-location mismatch in
these conditions, (iii) agricultural innovation and technology diffusion, and (iv) agricultural output.

We first introduce a novel method to measure environmental conditions and environmental mis-
match in agriculture using systematic data on crop pests and pathogens (CPPs). CPPs—including
viruses, bacteria, parasitic plants, insects, and fungi—are estimated to reduce global output by 50-
80% (Oerke and Dehne, 2004), and CPP resistance is a key focus of both traditional plant breeding
and modern transgenic crop development (Dong and Ronald, 2019). Using data from the Centre for
Agriculture and Bioscience International’s Crop Protection Compendium (CPC), which are based
on expert review of published literature in plant pathology and agronomy (Pasiecznik et al., 2005)
and widely used in ecological sciences (see, e.g., Savary et al., 2019), we record the global range and
agricultural host plants for all known, economically relevant CPPs. This approach picks up precise
variation in environmental conditions across both locations and crops.!

Combining the CPP data with techniques from population ecology (Jost et al., 2011), we construct
a measure of "CPP mismatch” that summarizes the difference in the species composition of CPPs
affecting a crop in different locations. This measure incorporates variation across country pairs,
which have different local CPPs, and across crops, which are hosts to different CPPs. We use
CPP mismatch as our main shifter of “potential inappropriateness” of agricultural technologies
transferred from one environment to another.

We next develop several measures of agricultural innovation and technology diffusion. First, we
build a novel data set on all international instances of intellectual property (IP) protection for plant
varieties using a proprietary dataset from the International Union for the Protection of New Varieties
of Plants (UPOV). UPOV’s unique variety identifiers allow us to track individual varieties from their

first introduction in one country to their subsequent transfer to others. Second, we compile all utility

1To account for the importance of other environmental differences, we also develop independent measures of agro-
climatic environmental differences (e.g., in temperature and soil characteristics).



patents related to agricultural technology and, using the title and abstract, link them to specific crops
and CPPs. We track cross-border transfers via both patent families and patent citations. Together,
these measures allow us to quantify both the “downstream” introduction of improved inputs that
embody productivity enhancements and the “upstream” flows of technical knowledge.

Finally, we compile global data at the crop-by-country level on crop-specific output from the Food
and Agriculture Organization Statistics (FAOSTAT) database. We also collect data on crop-specific

output for each state in Brazil and India using the latest agricultural census from both countries.

Empirical Findings. We first document that agricultural innovation is strongly directed toward the
environmental conditions of R&D leaders. The raw data reveal how central CPPs are to agricultural
technology: almost two-thirds of all patents mention at least one CPP by name. But not all CPPs get
equal focus. For example, a CPP that is present in the US is, on average, mentioned in more than five
times as many patents as one that is not. Using cross-sectional variation, we show that this finding
is explained by a general focus on larger markets—but only if they enforce intellectual property (IP)
protection for plant biotechnology—as well as a strong “home bias” toward locally present CPPs.

We next show that environmental mismatch substantially reduces the cross-border transfer of
technology. Our estimating equation, derived from the model, sweeps out possible confounds at
the origin-by-crop level (e.g., origin market size, technology, and income), destination-by-crop level
(e.g., destination market size, technology, and income), or the country-pair level (e.g., distance)
as fixed effects. Thus, our empirical strategy exploits fine-grained variation at the level of crops
and country-pairs. Mismatch reduces the transfer of novel agricultural inputs (measured via plant
variety transfer), the transfer of agricultural inventions (measured via patent families), and knowl-
edge flows (measured via patent citations). Our estimates imply that CPP dissimilarities reduce
the international diffusion of crop varieties by 30% for the median crop and country-pair. As a
placebo test, we show that there is no comparable effect of mismatch on the diffusion of mechanical
technologies (e.g., harvesters), whose productivity should be less affected by the local environment.
To demonstrate that our finding is not relevant for only markets with IP protection, we also show
that mismatch inhibits the introduction of new varieties in sub-Saharan Africa, as measured by the
CGIAR's Diffusion and Impact of Improved Varieties in Africa (DIIVA) Project, and the diffusion of
high-yield varieties from the Green Revolution, as measured by Evenson and Gollin (2003b).

A further prediction of our model is that the effect of mismatch scales with the intensity of
innovation in technological origin countries, but need not be related to characteristics of destination
countries. Three additional results are consistent with this prediction. First, mismatch with techno-
logical leaders, identified in our data as the countries (for each crop) that produce the most novel
varieties, has a 30 times larger effect on technology transfer than mismatch with other countries.
By contrast, in our preferred specification, mismatch with countries other than the leaders has no
statistical effect on technology transfer. Second, the effect of ecological mismatch is substantially
larger for crops that are more central to recent R&D efforts, like those with genetic modification tech-
nology. Finally, there is no economically or statistically meaningful heterogeneity of our estimates

across a range of proxies for the development stage of destinations. Mismatch inhibits technology



diffusion to countries rich or poor, abundant or scarce in human capital, and high or low in the use
of other chemical inputs.

Having established that mismatch inhibits the diffusion of agricultural technology, we next em-
pirically document that mismatch with R&D leaders reduces agricultural output. Our estimating
equation, derived from the model, exploits within-country and within-crop variation. Our baseline
estimate implies that a one-standard-deviation increase in CPP mismatch with the frontier reduces
crop-specific production by 0.42 standard deviations. The effect size is similar after flexibly control-
ling for innate suitability—the key residual variation in the model—using both external agroclimatic
models of potential yield (FAO GAEZ) as well as a machine-learning approach.

We pursue three complementary strategies to validate a causal interpretation of this result. First,
in a falsification exercise, we re-estimate our regression replacing our main independent variable
with CPP mismatch to each country in the world. The effect of CPP mismatch with non-leader
countries is centered around zero and the effect of mismatch with leaders is in the far tail of the
effect size distribution. Second, we find quantitatively similar effects of CPP mismatch on production
within countries using state-level data from India and Brazil. By including country-by-crop fixed
effects in this strategy, we fully absorb any characteristics that vary across crop-country pairs like
trade and agricultural policy, local R&D, or country-specific features of input demand.

Finally, we exploit two shifts in the direction of global agricultural innovation as natural exper-
iments. Exploiting changes in the direction of technology makes it possible to fully absorb static
differences across crop-country pairs and control for trends in initial productivity. We first study
the Green Revolution of the 1960s and 1970s, an effort to shift agricultural innovation toward cer-
tain tropical regions. We show that this change in the global focus of innovation led to a greater
expansion of production in places with lower mismatch with centers of Green Revolution breeding.
Second, we study the rise of US biotechnology in the past several decades, driven by advances
in genetic modification technology (Fernandez-Cornejo and Caswell, 2006). We show that this in-
duced growth in regions more ecologically similar to the US, especially for crops affected by GM
advancements. Thus, the impact of local ecology on productivity changes over time as the focus of
innovation shifts.

Quantification. We combine our empirical estimates with the model to quantify their aggregate
productivity consequences. We calibrate the model to match our estimates of the effect of CPP
mismatch on production and external estimates of the elasticities of supply and demand, which
discipline crop choice and general-equilibrium interactions.

To benchmark the importance of inappropriate technology, we first study an intentionally ex-
treme scenario of eliminating the gap between research on “leader” and “non-leader” environments.
Comparing the observed equilibrium to this counterfactual, we estimate that inappropriateness re-
duces average global agricultural productivity by 58% and explains 15% of global productivity
disparities measured by the inter-quartile range. This is because the countries most ecologically
different from the frontier, especially in Africa and Asia, are also the least productive today.

We then study three counterfactual experiments that speak to contemporary trends. First,



we identify the places where research investment could have the largest possible e ect on global
productivity after taking into account the network of environmental mismatch. We nd large gains
from focusing new research investments in India, China, and sub-Saharan Africa. Second, we
measure the e ects of the shift in global R&D toward large emerging economies: in particular,
Brazil, Russia, India, and China (BRIC). The rise of BRIC is favorable for the world's least productive
countries, due to their higher average environmental similarity to BRIC versus current technology
leaders, and could serve as a partial substitute for local R&D in low-income countries. Finally, we
study the consequences of a predicted poleward shift in the habitable range of CPPs due to climate
change (Bebber et al., 2013). By exposing rich countries to CPPs that are currently only present in
poor ones, climate change could coordinate international research on a more common set of threats
and therefore, perhaps paradoxically, make some technologies more globally appropriate.
Together, all three experiments convey that the global distribution of agricultural productivity
and the broader notion of which environments are economically good and bad is not xed.
Instead, both are an endogenous outcome of innovation and its response to a changing world.

Related Literature.  This paper builds on prior work about how the appropriateness of technology
shapes productivity di erences and technology di usion (Griliches, 1957; Atkinson and Stiglitz,
1969; Stewart, 1978). Recent work in this area has modeled the productivity consequences of high-
income countries' developing capital- or skill-complementing technology that is less appropriate
elsewhere (Basu and Weil, 1998; Acemoglu and Zilibotti, 2001; Caselli and Coleman I, 2006; Rossi,
2022). We focus instead on ecological di erences, which cause perhaps the most acute inappropriate
technology problem since the underlying di erences in endowments are (essentially) immutable.
We also link causal estimates of the e ect of inappropriateness on productivity to empirical analysis
of the direction of innovation and technology di usion. 2

More broadly, this paper studies the causes and consequences of technology di usion (Keller,
2004; Comin and Mestieri, 2014). Related work includes macro-level studies of technology transferin
prior centuries (Comin and HobYan, 2004, 2010; Giorcelli, 2019) and micro-level studies of technology
upgrading in modern times (e.qg., Atkin et al., 2017; Verhoogen, 2021). A particularly related strand
of this literature shows that constraints faced by farmers inhibit the adoption of modern agricultural
technologies (e.g., Bandiera and Rasul, 2006; Conley and Udry, 2010; Du o et al., 2011; Suri and
Udry, 2022). While most work on these topics focuses on the characteristics of technology adopters
our results highlight how the direction of innovationshapes how broadly technologies di use and
whether technological progress leads to more or less inequality. That is, our ndings convey
that the incentives faced by innovators often living in a few high-income countries are critical
determinants of the global distribution of agricultural productivity. 3

We also contribute to a large literature studying the determinants of the vast cross-country

20ur analysis parallels work by Kremer and Glennerster (2004) and Hotez et al. (2007) on neglected tropical diseases
for humans by studying neglected ecological threats for plants.

3Consistent with our hypothesis, Suri (2011) argues that di erences in hybrid maize adoption in Kenya re ect variation
in returns a feature of the technology itself and not adoption frictions. Marenya and Barrett (2009) also nd that
heterogeneous potential returns a ect fertilizer demand in Kenya.



di erences in agricultural productivity, which are larger even than those in manufacturing (Caselli,
2005). This work broadly concludes that di erences in measurement, factor use, and geography
cannot fully account for these productivity gaps (e.g., Gollin etal., 2014; Adamopoulos and Restuccia,
2022; Boppart et al., 2023). Our work can be understood as showing how the uneven focus of
technology can endogenously contribute to global disparities in productivity.

Finally, we extend a large literature on the relationship between environmental conditions and
development (e.g., Kamarck, 1976; Bloom and Sachs, 1998; Gallup et al., 1999). Our focus on the
con uence of ecology and technology di usion is one mechanism in the theory of Diamond (1997),
who argues that the easier di usion of technology across horizontal landmasses explains the
pre-modern development of Eurasia. Departing from prior work, our analysis emphasizes that the
e ect of geography is not xed, but instead determined as an evolving outcome of endogenous
technology development and di usion.

Outline.  This paper is organized as follows. Section 2 describes the model. Section 3 describes
background, data, and measurement. Section 4 reports our results on the uneven focus of global
innovation. Section 5 reports our results on technology di usion. Section 6 reports our results on
production. Section 7 presents our quantitative analysis. Section 8 concludes.

2. A Model of Inappropriate Technology in Agriculture

We rst present a model that introduces the key economic mechanisms of the inappropriate
technology hypothesis and our strategies for measurement and parameter identi cation.

2.1 Set-up

Production.  This block of the model is intentionally standard (as in, e.g., Costinot et al., 2016).
There is a set of countries indexed by 2 f1—e+++—dand a set of crops indexed by : 2 fl—eee—g. In
each country, there is a continuum of farms indexed by 82 10-1°. The output of farm § if it produces
crop :,Is - g_._ ! _$._ g_.°, where - g_._is the amount used of an agricultural input, ._
is the productivity of that input, $._ is the natural suitability for crop : in country , g_._is an
idiosyncratic shock with a Fréchet distribution with mean one and shape parameter 7 0, and

2 10-1° measures the return to xed factors. Each agricultural input, specialized to a crop : and
country , is available at the price @. .* Taking as given input prices, output prices, and productivity,
each farmer 8decides what crop to grow and how much to invest in inputs.

Environmentally Adapted Technology. There is a set of possible environmental features, T
f 0-1-2—++@. The environment of each location-crop pair has features T._ T , normalized to size
) 7 0. For example, T._ may encode the identities of locally present crop pests and pathogens
(CPPs). Direct e ects of these features can be modeled as part of productivity $._ .

Technologies have two characteristics that, together, determine their productivity in a given

4In Appendix A.5, we show how a production technology with additional inputs (e.g., fertilizer or labor) can be
mapped to the baseline model after optimizing over the other choices.



environment. The rstis a general characteristic . 2 Ry, which aects productivity in any
location. The second is a set of adaptations to speci c ecological features,* c_.°ct._, which a ect
productivity only when the relevant features are present. For example, if the input is an improved
seed variety, each ¢_._could describe the extent of resistance to a locally present CPP indexed by C

These components determine productivity ._ as follows:
O a
—=eplog T I— g c.® ®
« ) @r.- -

where 2 10-1° parameterizes the relative importance of the general characteristic.

The distinction between general and environmentally speci ¢ characteristics of agricultural tech-
nology can be illustrated via Reynolds and Borlaug's (2006) account of wheat development at the
Centro Internacional de Mejoramiento de Maiz y Trigo (CIMMYT) in Mexico. An important break-
through of CIMMYT scientists was to breed semi-dwarfwheat that grew shorter and were therefore
able to sustain higher yields. In principle, this improvement was bene cial in any environment
(). A major challenge in globally deploying new semi-dwarf wheat varieties was that disease
environments vastly diered: for example, the relatively dry, temperate environment of central
Mexico is predominately a ected by wheat rust, whereas the wet, tropical environment of West
Africa is a ected by a broader set of diseases including septorias, Fusariumblights, and barley yel-
low dwarfvirus (T ). A major further focus of CIMMYT research was breeding resistance to these
varied threats (). Without these adaptations, there was no way to employ CIMMYT's improved
varieties and the embodied improvement of semi-dwar sm in these environments.

Innovation.  There is a representative innovator in country !, the technology Leader. They can
produce units of the technology at a constant marginal cost, normalized to 1. The innovator markets
the technology in each country , but their market power is limited by a fringe of competitive
copycat inventors that can replicate the technology at marginalcost 1 C % The innovator
also pays an iceberg cost 2 »0-1%0n sales in country , which stands in for other costs of trade,
licensing, and IP protection. Thus the innovator's pro t per unit of technology sold is:

=11 °C 1 2)

The innovator can make costly R&D investments to adapt their technology to each ecological
characteristic. If the investment is made for crop : and characteristic G then ¢_._= ¢ 1forall
locations ; otherwise, c_._= = 1. Thisinvestment has a xed cost 2if the characteristic is local
to the Leader country, or C2 T._;, and 2 2otherwise. The lower cost for directing research toward
local characteristics may capture both knowledge about local conditions and physical inputs like
local test elds and genetic material.

Equilibrium.  To close the model, we assume that prices®?.°._, lie on a global demand curve

1?2.0_, = 31..°_,°% where .. is total production of each crop. An equilibrium is a vector of



production 1. ._°, total input demands - ._©°, prices 1?.° and CPP technology development * ¢_°
such that (i) farmers optimize given correct conjectures of prices, (ii) innovators optimize given
correct conjectures of prices, productivities, and local research, and (iii) markets clear for each crop.

Extended Model. Our model is intentionally simpli ed to ease exposition. In Appendix B, we
present a version of the model generalized along ve margins: (i) multiple countries can innovate, so
leaders emerge endogenously; (ii) innovators can invest in both context-neutral () and context-
specic () components of technology; (iii) innovators can improve these attributes along an
intensive margin; (iv) innovators have imperfect expectations of technology demand; and (v) farmers
face input-adoption wedges. We show how all results derived below apply to this case.

2.2 Model Predictions and Mapping to Estimation

We now describe the model's main predictions. The rst three motivate our empirical strategies
Sections 4-6. The last motivates our strategy for aggregation and quanti cation in Section 7. The
proofs of all results are in Appendix A.

The Uneven Focus of Innovation.  Three forces give the innovator incentives to direct research
toward the ecological characteristics of the Leader country. First, it may be signi cantly cheaper
to research local ecological characteristics versus non-local characteristics. As we further explain
in Section 3.1.1, this is especially natural given the mechanics of plant development via selective
breeding. Second, the Leader market could simply be a larger market: primitively, this could be
drivenby $.., 7 $._ofor %< . Third, the leader market may have the largest pro t margin, or

1 7 oforall %< !. This could arise due to better enforcement of intellectual property (IP) law in
I. The case studied by Acemoglu and Zilibotti (2001), which attributes international disparities in
innovation to heterogeneous IP enforcement, is nested when 7 Oifandonlyif =!. Henceforth,
we proceed under the simplifying assumption that, in equilibrium, technologies are developed only
for the leader country: _._= %ifand onlyif C2 T._,.

In Section 4, we present direct evidence that innovation is strongly focused on ecological char-
acteristics of technology leaders. We moreover nd support for all three proposed mechanisms:
innovation targets markets that are rich (consistent with mechanism 2) and have e ective IP pro-
tection (consistent with mechanism 3), but there is still a large residual home bias toward local
conditions (consistent with mechanism 1). The remainder of our analysis relies only on this uneven
focus of research and can be interpreted regardless of the mechanisms that drive it.

Mismatch and Technology Di usion. Demand for technology is determined by farmers' pro t
maximization. For a farm 8producing crop :, input demand is

1 1

-g—=11 ° 8% 5._@ (3)

Farms demand more inputs when those inputs are well adapted to the local ecology (high ._),
when the farms are more productive (high $._ or g_.J), and when the inputs are inexpensive (low
@ ). Conditional on the appropriateness of technology, input choices di er from those chosen by a

8



social planner only if the price of technology di ers from the marginal social cost of producing it. In
this sense, the model features no demand-side frictions inhibiting technology adoption.

Nonetheless, because farmers' input demand responds to the potential productivity of those
inputs, technology use is systematically lower in markets for which technology is inappropriate.
We de ne ecological mismatahith the leader as the fraction of : -characteristics that are not shared
between location and!: __ =1 )le;_ \T ._ij. The following result describes how mismatch
a ects the total quantity of technology di usion for crop  : tocountry ,-.. = -..gd8

Proposition 1. Equilibrium technology di usion from the Leader to countryor crop: can be written as
log- .- = SR [P IR B (4)

where the' are additive e ects, whose formulas are given in the Appendix, and0, with equality if (i)
technology is purely general-purpose# 1) or (i) innovation is evenly focused ¢_._= ¢forallC2 T._).

In Section 5, we estimate an extended version of Equation 4 that includes multiple potential
origin countries rather than one leader. This strategy makes it possible to include of origin-by-
crop and destination-by-crop xed e ects, thus sweeping out possible threats to identi cation that
relate to origin-market and destination-market characteristics. We explicitly derive this augmented
estimating equation, as well as the interpretation of xed e ects and our identi cation strategy, in
the extended model of Appendix B.

The prediction that mismatch inhibits technology di usion relies on two properties: that tech-
nology is ecologically adapted and that innovation is unevenly focused. To test this mechanism
in the data, we will check whether the e ect of mismatch on technology di usion is larger for
innovation-intensive origin countries and crops. We will also test whether the e ect is smaller for
classes of technology that are less environmentally speci ¢ (e.g., harvesters versus improved seeds).
We will nally test the model's prediction that the elasticity in Proposition 1 does not depend on
destination characteristics such as income, productivity, and human capital: in the model, these
characteristics a ect the levelof technology use but not its sensitivity to mismatch.

Mismatch and Agricultural Production. The model predicts that countries produce less of crops
for which their local conditions are mismatched with those of the Leader:

Proposition 2. Production of crop in country ,.._ 7 0, can be written as
log.._ = S B B | log$._ 5)

where 0, with equality if (i) technology is purely general-purpose £ 1) or (ii) innovation is evenly
focused (c_._= ¢forallC2 T._).

In Section 6, we empirically estimate Equation 5. The crop and country xed e ects in the
estimating equation respectively absorb prices and average local productivity, variables determined
in equilibrium. The residual, net oftechnology and these xed e ects, is are-scaling of local innate



productivity $._. We leverage the identi cation assumption that observed ecological mismatch with
the frontier is orthogonal to any unobserved components of local productivity, conditional on two-
way xed e ects and several strategies that proxy for observed dimensions of local productivity. We
also introduce a dynamic strategy that di erences out the residual $._ over time and identi es the
parameter from plausibly exogenous changes in ecological mismatch.

In Appendix A.3, we also derive the model's predictions for physical yields, or output divided by
area. An important result is that increased productivity through lower mismatch does not increase
yields for a given crop relative to others The economic reason is aselection e ect when crop :'s
technology becomes better, farmers start growing crop : on land that is more innately unsuitable
for the crop (i.e., parcels 8with lower draws of  g_.). This, in turn, frees other crops : °from the land
on which theywere most unsuitable (i.e., parcels 8with lower draws of  g_o ), indirectly increasing
their yields. We will nd evidence for this selection e ect in Section 6.

Inappropriate Technology and Productivity. We nally observe that, all else equal, countries that
are more ecologically mismatched with the frontier are less productive:

Proposition 3. Agricultural revenue per acre in country can be written as

1O .
log ="1T=log ?$_C .4 (6)
=1

where" is a constant that does not depend:oar .

In Section 7, we will combine our empirical estimates with a calibration for external parameters
to map out the consequences of inappropriate technology for the global distribution of agricultural
productivity. In particular, to benchmark the e ect of inappropriate technology, we study a case in
which agricultural innovation counterfactually has a fully even focus: that is, innovators improve
technology for all global ecological conditions. As we describe in more detail in Section 7.1, the
model structure allows us to account for the equilibrium forces that are swept out in the missing
intercept of our estimating equation.

3. Background and Measurement

In this section, we describe our measurement strategies. We begin with background information
about crop pest and pathogen (CPP) targeting in biotechnology. We then describe our strategies for
measuring CPP presence, ecological mismatch, agricultural technology development, technology
di usion, and agricultural production. We give summary statistics for all main variables in Table 1.

3.1 Local Agricultural Ecology: Crop Pests and Pathogens (CPPs)
3.1.1 Background: Pathogen Threats and Plant Breeding

CPPs including viruses, bacteria, fungi, insects, and parasitic plants are a dominant threat to
agricultural productivity. Experts estimate that between 50-80% of global output is lost each year
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to CPP damage (Oerke and Dehne, 2004). In Brazil, for example, it is estimated that 38% of annual
production is lost due only to insects, amounting to $2.2 billion in lost output per year (Bento,
1999). In the US, the Western Corn Rootworm alone caused $1 billion in annual losses prior to the
development of transgenic corn (Gray et al., 2009). A critical focus of crop breeding, as a result, is
developing resistance to damaging CPPs.

The oldest technique for breeding favorable plant traits such as CPP resistance is mass selection:
saving the seeds of the best plants from a given cycle, re-planting them, and repeating the process
(McMullen, 1987, p. 41). This process naturally selects crop lineages with su cient resistance to the
local CPP environment. But resistance to non-presenCPP threats is neither selected for nor likely to
arise by chance mutation. Historically, adapting mass-selected crop lines to new environments has
required substantial lineage-speci ¢ investment, like shuttle breeding alternative generations in
di erent locations (see, e.g., Reynolds and Borlaug, 2006, pp. 8-9).

A more modern addition to the crop development toolkit is genetic modi cation. A signi cant
portion of modern genetically modi ed (GM) technology focuses on conferring resistance to speci ¢
pests and pathogens (Vanderplank, 2012; Van Esse et al., 2020). In principle, direct access to a plant's
genetic code side-steps the slow, localized process of natural selection in the eld. But, due to both
economic incentives and the continued necessity of eld trials for both e ectiveness and safety, GM
technology has been used primarily for addressing CPP threats in high-income countries (Herrera-
Estrella and Alvarez-Morales, 2001).

An illustrative case study of how modern plant varieties are locally targeted comes from Bt
varieties, a prominent class of genetically modi ed plants. Bt varieties are engineered to express
crystalline proteins, cry-toxins, that are naturally produced by Bacillus thuringiensisbacteria ( Bt)
and destructive toward speci c insect species. Cry toxins are insecticidal because they bind receptors
on the epithelial lining of the intestine and prevent ion channel regulation. Due to the speci city
of intestinal binding activity, cry toxins are highly insect-speci c. This feature, while crucial for
limiting the Bt varieties' broader ecological impact, makes their development highly targeted to
speci ¢ pest threats. The main targets for early Bt corn varieties were the European Maize Borer
and Corn Rootworm (Munkvold and Hellmich, 1999), major threats in the US and Europe that are
not present elsewhere in the world.  -endotoxins were originally identi ed as candidate toxins
speci cally because of their e ectiveness against these pests (Galitsky et al., 2001; Bessin, 2019).

3.1.2 Measuring Pests and Pathogens: The Crop Protection Compendium

Our main strategy for measurement and identi cation is based on systematically measuring global
di erences in CPP environments. For this, we use data from the Centre for Agriculture and Bio-
science International's (CABI) Crop Protection Compendium (CPC), self-described as the world's
most comprehensive site for information on crop pests. Construction of the database began in
the 1990s as a collaboration between CABI, the UN Food and Agriculture Organization (FAO), and
the Technical Centre for Agricultural and Rural Cooperation, with the goal of assisting agricultural
research and CPP control and with a particular focus on being globally representative. The CPC was
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Figure 1: Data on Example CPPs

Notes These maps visualize our data on crop pest and pathogen (CPP) presence and a ected crops from the CABI Crop
Protection Compendium (CPC). Blue shading denotes the countries in which a CPP is present. The list of a ected crops
is constructed by intersecting the dataset's master list of host plants with our list of major agricultural crops.

compiled through extensive searches of existing research, including the 460,000 research abstracts
in the CABI database, as well as contributions from a range of governmental and international or-
ganizations, including the World Bank, the FAO, the United States Department of Agriculture, and
the Consultative Group on International Agricultural Research (Pasiecznik et al., 2005). In total, we
compile information on 4,951 plant pests and pathogens.

For each species, the CPC includes a datasheet from which we extract two key pieces of infor-
mation. First, the datasheet reports the CPP's global geographic distribution. Figure 1 displays the
distribution map for six pests, including the Maize Stalk Borer and Western Corn Rootworm, which
were referenced in previous examples.

Second, the datasheet reports all the host species that each pest or pathogen a ects. For example,
CABI reports that the African Maize Stalk Borer harms maize, sorghum, rice, and sugarcane, while
the Western Corn Rootworm harms maize, millet, pumpkins, sun ower, and soybeans (Figure 1,
top panel). Our data contain information on 132 hosts that we can link to our subsequent analyses
of technology development, technology transfer, and production.

3.1.3 Measuring Inappropriateness: Crop Pest and Pathogen Mismatch

We next describe our main measure of inappropriateness: CPP mismatch Using our lists of locally
present CPPs a ecting crop : in each location or © we compute the following measure of CPP
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Figure 2: lllustrating the Variation in CPP Mismatch

Notes Each map shows the distribution of CPP Mismatch ._ _oacross countries ° xing the indicated crop : and reference
country and demeaned at the country %and crop : levels. Darker shades of blue indicate higher values (i.e., more
di erent crop pest and pathogen environments), coded into ve quantiles.

mismatch at the location-pair-by-crop level:

. Number of Common CPPs._ _o
CPP Mismatch._ _o= 1 s (7)

Number of CPPs._  Number of CPPs._o

The measure, which has the form of one minus a correlation or cosine similarity, equals zero when
and %have all the same CPPs for crop: and equals one when and %have no CPPs in common
for crop :. As discussed by Jost et al. (2011), the measure de ned by Equation 7 is one of several
standard divergence measures in ecological sciences that satisfy basic properties ofdensity invariance

replication invarianceand monotonicity®

CPP mismatch varies at both the country-pair level, xing crops, and the crop level, xing
country pairs. The country-level variationis illustrated Figure 1: di erent countries are endowed
with di erent CPPs. The crop-level variations due to the fact that each CPP only a ects a particular
set of plant species. Depending on the identity of each country's locally present CPPs, a single pair
of countries will have di erent values of CPP mismatch for each crop. These two sources of variation
allow us to fully absorb any di erences across countries or crops in our analysis.

To illustrate the key identifying variation, Figure 2 visualizes the distribution of mismatch with
the US and Kenya for wheat and soybeans. There are substantial di erences across crops and
countries. For example, the US has much lower mismatch with parts of Western Europe for wheat
than for soybeans, but much higher mismatch with parts of Central and West Africa for wheat than
for soybeans. While much of South America has intermediate mismatch with the US for both crops,
mismatch with Kenya is very low for wheat but very high for soybeans. Throughout the analysis,
we only use this variation within both countries and crops.

50One leading alternative commonly used by ecologists is the Jaccard distance, which equals the ratio of non-shared
species to total unique species across the two environments. Results for all subsequent analyses are essentially identical
under this alternative measure.
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3.1.4 Addressing Threats to Interpretation

In our main empirical analysis, we will use CPP mismatch as a plausibly exogenous shifter of the
appropriateness of technology for crop : developed for the ecology of country  %and used in country
. As a result, a natural question is what forces drive the geographic distribution of CPPs, which

ultimately underlies the identifying variation described above.

The determinants of the cross-sectional distribution of each CPP, according to ecologists, depend
on numerous [and] sometimes idiosyncratic factors (see Bebber et al., 2014; Shaw and Osborne,
2011, for greater detail). While features of the environment, most prominently temperature, a ect
CPP presence, they often have limited predictive power and CPPs are often absent in ecologically
habitable areas. Moreover, by our own measurement, CPP mismatch is not strongly correlated with
measures of mismatch in a range of other geographic and ecological characteristics (see Table Al
and Section C). Bebber et al. (2014) also document that CPP distributions measured from the CABI
CPC appear unrelated to patterns of trade, travel, or tourism, suggesting that agricultural activity
plays a limited role in shaping broad patterns in the cross-sectional distribution of CPPs. Since most
CPPs have non-agricultural host plants, for most species there is not a clear link between changes in
human activity and changes in presence.

Nevertheless, we use two additional strategies to fully purge our measure of inappropriateness
of any potential consequences of human activity.

Removing Eradications and Invasive Species. = We use additional data from CABI to study the
possible role of eradications and species invasions two ways in which humans maya ect the range
of individual CPPs and develop a measure of CPP mismatch purged of both sources of variation.
First, CABI reports not only whether a CPP is currently present in a country, but also whether it has
ever beepresent. We therefore calculate a variant of CPP mismatch that includes eradicated CPPs.
It is worth noting that such eradication events are extremely rare. The number of CPP-country-crop
triads increases by under 3% when using the eradication-robust CPP presence classi cation. Second,
to investigate the potential role of invasive species, we use the CABI Invasive Species Compendium
(ISC) to identify all invasive and high-invasive-potential CPPs. We calculate a second variant of
mismatch that excludes all of these species®

Predetermined Agro-Climatic Mismatch. We also investigate the importance of di erences in
other environmental characteristics, like temperature, rainfall, and soil composition. Appendix C
introduces an independent strategy to measure agro-climatic mismatchnd reports our main empirical
results using agro-climatic mismatch as an additional determinant of inappropriateness. Replicating
our main ndings using the mismatch of pre-determined geographic characteristics builds con -
dence that our main results are not driven by idiosyncrasies of CPPs or their measurement, including
any potential e ect of human activity on CPP distributions.

6The ISC identi es 748 CPPs, or about 15% of our original list, as potentially invasive based on surveys of existing
literature. We view our approach of dropping potentially invasive CPPs altogether as conservative, because it does not
rely on information about exactly where a CPP is (recently) invasive rather than native.
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3.2 Technology Development and Di usion
3.2.1 The UPQV Plant Variety Database

Our rst strategy to measure technology di usion is based on a novel dataset of all global instances
of intellectual property for crop varieties. We obtained these data from The International Union for
the Protection of New Varieties of Plants (UPQV), the inter-governmental organization that designs
and administers systems of intellectual property protection for plant varieties around the world.
These data cover all UPOV member states, including most of North and South America, Europe,
West Africa, and East Asia.’

The data are a comprehensive record of all plant variety certi cates in UPOV member countries.
A plant variety certi cate is an internationally standardized form of intellectual property protection
that is distinct from patent protection and exists in many countries that do not recognize patents for
seeds, plant parts, or other biological technologies. To be recognized by UPQV, a variety must be
DUS : Distinct from others, Uniform for plants within a generation, and Stable for plants across
generations® Since these characteristics are relatively straightforward to document, legal barriers
to obtaining protection are limited. This helps ensure that the UPOV database captures almost
all commercially relevant plant varieties, including those that are developed by small-scale and/or
public-sector breeders instead of large, private-sector rms. Finally, a breeder must protect a variety
separately in each country where they want legal enforcement. Thus, observing that a variety is
protected in a particular country is a strong indication that the variety was marketed and sold there.

For each certi cate, we observe the date of issuance, the country of issuance, the plant species,
and a unique denomination identi er associated with the variety. The UPOV Convention of
1991 stipulates that the denomination of a speci ¢ plant variety must be consistent across member
countries, allowing us to see the appearance of a single plant variety in multiple countries. The data,
when linked to a list of major crops, consists of 458,034 total variety certi cates and 236,529 unique
denominations, spanning 62 countries and 109 crops.

We de ne technology development and technology transfer as follows. For every unique de-
nomination in the data, we de ne the country of its rst appearance as the origin country, since this
is likely to be the market for which the variety was rst developed. ° This allows us to measure the
number of unique seed varieties developed for each crop and each country during the sample period
(technology development ). We then count, in any given time period, the number of varieties of
each:, newly registered in country , and originating from country  °( technology di usion ). For
our main analysis, we focus on a static cross-section and sum over all nal registrations after 2000.
About 30% of all denominations, and 46% of denominations that originate in crop-speci ¢ leaders

For the full list of member countries, see https://www.upov.int/members/en/

8To establish DUS, the applicant is required to conduct eld trials to assess all three requirements, collecting data on
the variety's characteristics, uniformity, and stability. In the US, for example, which follows UPQV guidelines exactly,
there must be data from at least two trials, which can be conducted in the same year in di erent locations or in di erent
years in the same location (seehttps://www.ams.usda.gov/services/plant-variety-protection/dus-guidelines ).

9This avoids potential issues with using the country of the rm headquarters. For example, while Monsanto was
headquartered in the US during our sample period, it invested substantially in developing soybean technology tailored
to the Brazilian market.
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Table 1: Summary Statistics

that register the most varieties, are transferred to at least one other country (Figure Al).

Plant varieties are an appealing measure of technology in our study for three reasons. First,
they have a clear role in the production process: plant varieties are the nal products that embody
key ideas and productive traits, like the aforementioned examples of semi-dwar sm or (selectively
bred or genetically introduced) pest resistance. Second, the (un)availability of plant varieties is a
primary concern for policymakers (e.g., Walker and Alwang, 2015; Access to Seeds Foundation, 2019)
and an object of interest in many past studies of agricultural technology di usion (e.g., Griliches,
1957; Evenson and Gollin, 2003a). Third, the ability to precisely link varieties with di erent plant
species (crops) and locations will aid in our identi cation strategy. Nonetheless, plant varieties
are only one part of the broader landscape of agricultural technology. Our second measurement
strategy helps |l this gap.

3.2.2 Global Patent Data

As a second measurement strategy, we compile data on all global patents and patent families related
to agricultural technology from the PatSnapdatabase. We de ne the set of agricultural patents as
all patents falling into Cooperative Patent Classi cation (CPC) class A01.
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We use each patent's title, abstract, and CPC class to classify patents by topic. First, we link each
patent to zero, one, or multiple crops in our data by searching for each crop's scienti c and common
name in each patent title and abstract. Unlike plant varieties, the link between each technology and
individual crops is less straightforward and a single patent may apply to multiple crops or not be
explicitly about any crop (e.g., if it is related to soil modi cation or general purpose mechanical
technology). Second, we link each patent to CPPs by searching for each CPP scienti c name in each
title and abstract. Directly measuring technology development across CPPs was not possible in the
UPOV data and is a key advantage to the additional information in the patent data. Finally, we group
patents by type of technology using the CPC class information. In particular, we divide patents
between those that are biological or chemical technologies for which we expect local ecology to
matter and those that are mechanical technologies for which we do not.

We measure technology transfer in the patent data using two complementary strategies. Our
rst strategy de nes the rst issued patent in each family as the focal patent and all subsequently
led patents that are part of the same families as international transfers of the original technology.
This approach, familiar from the literature on cross-border patenting (e.g., Dechezleprétre et al.,
2011) and also conceptually consistent with our de nition of variety transfer, measures when the
samenvention di uses across countries. Our second strategy counts the number of (crop-speci c)
agricultural patents in a destination that cite agricultural patents from a given origin. This approach,
familiar in the literature on geographic spillovers of innovation (e.g., Ja e et al., 1993; Liu and Ma,
2023), measures the di usion of knowledge that underlies potential follow-on innovation.

3.3 Agricultural Outcomes

We take data on agricultural output, harvested areas, and yields across crops and countries from
the UN Food and Agriculture Organization (FAO) statistics database. These data are compiled from
national statistical agencies in each country as well as reports on agricultural production that all
FAO member states are required to submit. The data are then cross-referenced and supplemented
using information from international organizations (e.g., the World Bank, the International Food
Policy Research Institute) and commercial data providers.

We also compile data on the maximum potential yield of each crop in each country according
to agronomic models produced by the FAO Global Agro-Ecological Zones (GAEZ) database. FAO
GAEZ uses local geographic and climatic conditions to determine the suitability of each eld of land
for growing each crop, and converts this into a measure of potential output in physical units. We
aggregate these eld-level data to construct a country-by-crop level measure that captures output
di erences that are explainable by variation in geography.

To study agricultural output across regions within countries, we compile sub-national agricultural
output data from the latest national agricultural census for both Brazil and India. These are the two
developing countries for which CABI reports sub-national CPP distribution information, making it
possible to study the impact of technology mismatch at the sub-national level. The Brazilian data are
from the 2017 round of the Censo Agropecudario and cover 49 crops. The Indian data are from the
International Crops Research Institute for the Semi-Arid Tropics (ICRISAT) Database, constructed
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Figure 3: Global Patenting Related to CPPs

(a) Patents by Presence in US (b) Patents by Presence in Any Leader (c) Patents for Single-Country CPPs

Notes Panel (a) reports the average number of patented technologies developed about CPPs that are and are not present
in the United States. Panel (b) reports the average number of patented technologies developed about CPPs that are and
are not present in the most common leadercountries in our dataset (the United States, France, the Netherlands, Japan,
Russia, Spain, and Argentina). Panel (c) reports the number of patented technologies developed about CPPs that are
present only in (i.e., endemic to) Indonesia (42 CPPs), Brazil (49 CPPs), India (69 CPPs), and the United States (73 CPPs).

from the 2015 Agricultural census, and cover 20 states and 20 crops. We also construct a potential
yield control variable from the FAO GAEZ data at the level of crop-state pairs for this analysis.

4. The Uneven Focus of Innovation

In this section, we document that global agricultural research is strongly focused on the ecological
characteristics of a few R&D leaders. We rst show this pattern in the raw agricultural patenting
data. We next use cross-sectional data to show how market size, the extent of intellectual property
protection, and local focus contribute to this phenomenon.

4.1 Innovation Disparities in the Raw Data

The patent data con rm that crop pests and pathogens command signi cant attention in agri-
cultural technology development. In particular, 60% of all patents related to agriculture mention at
least one CPP by its scienti ¢ name.

However, not every pest and pathogen gets equal attention in patented research. We illustrate
this point with a few simple comparisons in the raw data. Figure 3a shows that CPPs present in
the United States, like the corn rootworm in our introductory example, are on average mentioned in
more than ve times as many patents as CPPs only present outside the United States, like the African
maize stalk borer in our introductory example. A comparable disparity emerges if we expand our
focus to a larger set of seven technological leaders that are most active in our data on variety
registrations (Figure 3b). Figure 3c illustrates this point more dramatically by restricting attention
to CPPs that areonly present in each of four large agricultural economies: the United States, India,
Brazil, and Indonesia. A relatively large number of CPPs are present only in each of these countries:
73 in the US, 69 in India, 49 in Brazil, and 42 in Indonesia. While each of the CPPs present only in
the US has received an average of 42.1 patents, the average in the other countries are all below 2.
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Table 2: The Direction of Innovation Across CPPs

4.2 Disparities are Driven by Local Focus, Market Size, and IP Protection

The focus of innovation on the CPP threats in R&D leaders could be driven by three primary
mechanisms, all of which were embedded in the model (Section 2.2): (i) the lower cost of doing
agricultural research on local characteristics, (ii) the greater revenue opportunity in larger markets,
and (iii) the greater revenue opportunity in markets with more e ective intellectual property pro-
tection. We now use cross-sectional data on patents across countries and CPPs to test for each of
these mechanisms.

To do so, we estimate the following regression model across countries and CPPs?:

H_»= Local_,I  RevenueOpportunity ,T T _» (8)

where H_»is a measure of patenting activity related to CPP ? by inventorsin country . Theinclusion
of country xed eects () allows us to absorb any unobservables that may a ect the simple
comparison of means in Figure 3, like di erent propensities to patent technologies conditional
on developing them. Local _, is an indicator that equals one if CPP ? is present in country
RevenueOpportunity ,, includes several proxies for the potential e ect of global CPP-level market
size, including the number of countries a ected by each CPP as well as the income-weighted and
intellectual property protection-weighted number of countries a ected by each CPP.

Our estimates in Table 2 suggest that all three proposed mechanisms play a role. In the rst
four columns, the outcome variable is an indicator variable for any patenting activity. In column
1, we only include Local _, as a regressor (along with the xed e ects) and nd that 7 0. Thus,
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innovation is disproportionately focused on CPP threats that are present in local markets. We next
nd that innovation is directed toward CPPs with larger global market size (columns 2-3), but this
is only true when those markets enforce IP protection (column 3). Finally, in column 4 we estimate
an augmented version of Equation 8 that also includes CPP xed e ects, thus fully absorbing any
unobservables at the CPP level including (but not limited to) revenue opportunities. We nd a
quantitatively similar coe cient on local presence, suggesting it has a large e ect even conditional
on all CPP-level characteristics. In columns 5-8, we study the intensive margin of innovation by
replicating the analysis with the log number of patents as the outcome. While the sample size
declines substantially due to the number of zeroes in the data, the broad ndings are similar. In the
most conservative speci cation (column 8), the local presence of a CPP increases patenting related
to that CPP by nearly 20%.

Taken together, these results validate that agricultural innovation focuses on the environmental
conditions of R&D leaders and suggest that market size, intellectual property protection, and local
focus all contribute toward this phenomenon. Having established this premise, we next study the
implications of this uneven focus on technology di usion, specialization, and productivity.

5. Mismatch and Technology Diffusion

In this section, we study the relationship between ecological mismatch and technology di usion.
We nd that mismatch lowers cross-border technology di usion, measured by variety introduction,
patenting, and patent citations. This e ect is an order of magnitude stronger for di usion from
R&D leaders, identied by their contribution to technology development in the data, and not
signi cantly mediated by the income, human capital, or agricultural-input-intensity of destination
countries. In additional analysis, we show that mismatch predicts lower technology access in
modern and historical contexts that lack IP protection. Together, these ndings are consistent with
a model of inappropriate technology shaping international technology di usion.

5.1 Empirical Strategy

We estimate the following model at the level of crops :, origin countries © and destination
countries

Technology Diusion ._o = CPP Mismatch._o T " _ol "._ T "._ol .__o 9)

The model includes two-way xed e ects at the origin-by-destination, crop-by-origin, and crop-by-
destination levels. Standard errors are double-clustered by origin and destination.

Our hypothesisisthat 5 0, orthatecological mismatch depressestechnology di usion. We may
nd no e ect, however, if ecological adaptations are not an important determinant of technologies'
e ectiveness or if demand for technology is relatively inelastic to its e ectiveness.

This empirical design, equivalent to a triple di erence across crops, origins, and destinations,
in which all possible interacted xed e ects are included, allows us to nonparametrically control for
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confounding factors that a ect the supply and demand of agricultural technologies. These factors are
spelled out in our derivation of the estimating equation in the model (Proposition 1). Crop-by-origin
xed e ects control for R&D intensity in the origin country. Crop-by-destination xed e ects control

for current or future market opportunities for innovators, abundance of complementary inputs, and
potential barriers to technology adoption. Origin-by-destination xed e ects absorb bilateral trade
costs and distance, which could a ect the transfer of all products or ideas. The residual therefore
captures measurement error as well as unobserved, stochastic components of technology demand.

Any possible confounder that biases our estimates must therefore vary at the crop-by-origin-
by-destinationlevel and be correlated with the (residual variation) in mismatch. To illustrate this,
consider the possibility that innovators anticipate high technology demand in market for crop  : in
country . If this is common across innovators in all origin markets, then this is fully absorbed by
the xed e ects in Equation 9. If it is idiosyncratic to innovators in a given origin market 0 then it
may threaten identi cation, but only insofar as it is spuriously correlated with CPP mismatch.

To guard against any remaining potential confounders, we pursue two additional strategies.
First, we estimate versions of Equation 9 that interact CPP Mismatch with proxies for the innovation
intensity of origin countries and crops. Our model predicts that mismatch inhibits di usion to
a greater extent from technological leaders. Thus, to explain our main result, any confounding
factor would additionally need to be systematically more pronounced for observations in which
the origin is a crop-speci ¢ technology leader. Second, we exploit an additional di erence across
types of technology. In particular, we estimate how mismatch separately a ects the di usion of
biological technologies, whose productivity we expect to depend on environmental conditions, and
mechanical technologies, whose productivity we expect to be less a ected by the environment.

5.2 Ecological Mismatch Reduces Technology Di usion

We nd that CPP mismatch signi cantly inhibits the international ow of agricultural biotech-
nology. We rst show this result using our novel data on variety transfers (Panel A of Table 3). In
column 1, the outcome is an indicator that equals one if any transfer has taken place (extensive mar-
gin), using the full sample of crops and country pairs. In column 2, the outcome is the total number
of variety transfers (top-coded to limit the in uence of extreme observations) and in column 3, it is
the log of the number of technology transfers, isolating the intensive margin e ect. The estimate
from column 3 implies that CPP mismatch inhibits 30% of international technology transfer for the
median in-sample level of CPP mismatch. These results suggest that mismatch lowers the availabil-
ity ofimproved agricultural inputs, the products through which farmers can access advancements in
agricultural technology. These ndings also connect to our motivating anecdotes of plant varieties
whose usefulness is restricted to speci ¢ pest and pathogen environments.

Turning to the patent data, we nd that ecological mismatch also reduces patent transfers (Panel
B). This veri es our core nding that mismatch inhibits technology transfer in a second, independent
dataset. Moreover, because patents un-bundle the separate innovations (e.g., speci c genetic
improvements) that might underlie a seed variety brought to market, our second nding captures a
qualitatively di erent aspect of technology transfer than our rst.
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Table 3: CPP Mismatch Inhibits International Technology Transfer

We nally nd that ecological mismatch signi cantly reduces cross-country patent citations
(Panel C). These ndings suggest that the underlying ideas embodied in agricultural patents are less
applicable in mismatched settings, consistent with our previous nding that the content of those
patents is highly specialized to local conditions (Section 4). Moreover, in contrast to our ndings for
variety and patent transfer, our ndings for patent citations directly show that mismatch a ects the
conditions for local follow-oninnovation: inventors in markets that are highly mismatched from the
rest of the world have less relevant international knowledge to build on.

Breaking Down Results by Type of Inventor. In principle, these baseline estimates could be
driven by private-sector innovation, public-sector innovation, or both. According to the model, it
would depend on the extent to which each type of innovation is more focused on local ecological
conditions (increasing the absolute value of ) versus more spread out across global ecological
conditions (reducing the absolute value of ). To study this, we leverage the fact that our micro-data
on both varieties and patents record the name of the applicant. We classify all applicants as either
private rms or non-private entities (i.e., public sector institutions or universities) and estimate
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Equation 9 separately for the transfer of private sector and non-private sector technologies. °

We nd similar e ects for both private and non-private technologies (see Table A2). This suggests
that both sets of innovators develop locally-tailored technologies, albeit potentially for di erent
reasons. One hypothesis is that the private sector may be more responsive to prot incentives,
while the public sector may have a speci ¢ national research mandate. A fuller exploration of the
intersection between the inappropriate technology hypothesis and the di erent parts of the research
ecosystem is an important area for additional work.

5.3 Testing the Inappropriate Technology Mechanism

So far, our estimates of Equation 9 capture the average e ect of CPP mismatch across all origin
markets, destination markets, and crops. Our model, however, implies that ecological mismatch
with foreign markets matters only insofar as those markets are the focus of R&D investment. That
is, our baseline estimates should be driven by ecological mismatch with the most innovative origin
markets (the technology leader from the model) and by crops that are the focus of the most global
innovation. Ecological mismatch with markets that were are not the focus of R&D in the rst place
should have little e ect on technology di usion. Moreover, our model also predicts that this should
hold regardles®f the abundance or scarcity of other inputs like physical or human capital. While
these destination-level characteristics likely a ect the levelof technology transfer, they do not a ect
the appropriateness of technology across markets, which is an outcome of innovation incentives in
technology-leader countries. We now test these predictions in the data.

Mismatch with the Frontier Matters Most. To study the e ects of mismatch from the R&D leader,
we estimate versions of the following augmented version of (9) that parameterizes heterogeneity in
the e ect of CPP mismatch:

H_o = # CPPMismatch._o.i ' !._o CPPMismatch._o_ 1 " _of "._ T "._ol .__o (10)

where ! ._ois an indicator variable that equals one for the countries °that we identify as the leader
countries for crop :. We have two strategies for de ning !._o. The rstis to treat the US as the
frontier for all crops, or set ! ._o = I» = USY This is motivated by the United States' pre-eminence
in modern agricultural research. 1 The second is to identify a set of crop-speci ¢ leaders )4 1:°
in the UPQV data, based on being among the top # countries in variety registrations for :. This
data-driven approach sets ! ._o= I» 92 )4 t: °%In this speci cation, ' captures the di erence in the
marginal e ect of inappropriateness on technology di usion when the origin country is a leader in

10we made this classi cation by feeding all applicants through the GPT-40 model with a prompt that included examples
of each organization type. When merged to our data set for analysis at the country-pair-by-crop level, roughly three times
as many observations have at least one private compared to at least one non-private technology transfer (8,300 vs. 2,600
in the variety transfer data and 78,000 vs. 26,000 in the patent transfer data). Thus, non-private technology represents a
smaller but substantial share of the transfer variation.

11IThe US produces 30% of citation-weighted global agricultural science publications and three times as many patents
as the next highest country (Japan). 52% of agricultural research and development companies are incorporated in North
America and US inventors generate roughly 1.5 thousand patents for plant modi cation and 1 thousand patents for
cultivar development per year (Fuglie, 2016).
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Table 4: CPP Mismatch with Leader Countries and Technology Transfer

biotechnology development.

We nd that the negative e ect of mismatch with the leader is consistently an order of magnitude
larger than the e ect of mismatch with other markets. Table 4 presents our results with the extensive
margin of crop variety transfer as the outcome and for several de nitions of the technology leader for
each crop. For example, when we de ne the leader using the top 2 or 3 variety developers (columns
3 and 4 of Table 4), the marginal e ect of CPP mismatch on technology di usion is roughly twenty
times larger for technology leader origin markets. The story is very similar focusing on the intensive
margin of variety transfer (Table A3) and measuring technology transfer in the patent data, using
either patent transfers or patent citations (Table A4).

Mismatch Has a Larger E ect for Innovation-Intensive Crops. We next test whether mismatch
has a larger e ect on di usion for more innovation-intensive crops, in parallel to the earlier test
for innovation-intensive origins. We de ne these crops using three strategies: identifying global
staple crops (corn, wheat, soybeans, and rice), identifying the crops that receive the most varieties
in our data, and identifying the crops for which genetically modi ed crops have been ever released.
We estimate regression models that parallel Equation 10, but interacting CPP Mismatch with these
crop-level characteristics. We nd that the negative e ect of CPP mismatch on technology transfer
is strongest for innovation-intensive crops measured in all three ways (Table A5).

Mismatch Matters Even for Poor, Input-Scarce Destinations. In principle, other barriers to tech-
nology adoption could mediate the e ects of mismatch on technology di usion. In fact, a range of
studies argue that the main if not only obstacle to modern technology use in low-income countries
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Figure 4. Heterogeneous E ects of CPP Mismatch on Variety Transfer

Notes All sets of bars report coe cient estimates from single regression estimates, versions of Equation 9 that interact
crop pest and pathogen (CPP) mismatch with indicators that equal one if the country is above or below the global median
for a series of country-level characteristics. The outcome variable is log of variety transfer. The characteristics are GDP
per capita (2010 USD per person), total GDP (2010 USD), literacy among adults (percentage among people over 15 years
old), and fertilizer use (kg per hectare of arable land), all measured from the World Bank in a global cross-section from
2000. Standard errors are double-clustered by origin and destination, and 95% con dence intervals are reported.

are wedges or deliberately constructed barriers to technology access (e.g., Parente and Prescott,
2002). These barriers would not bias our estimates of Equation 9, but might imply that the e ect
size is di erent for di erent markets. Our speci c model in Section 2 advanced a stronger claim
that any such local barriers to technology di usion, which may certainly exist, have zero impact on
the elasticity of technology transfer to mismatch. In particular, our model predicts that technology
transfer is equally elastic to mismatch even in locations where wedges or constructed barriers to
technology may be highest.

To study this, we test for heterogeneity of our main coe cient on the basis of several proxies for
national and agricultural development. Figure 4 reports the e ect of CPP mismatch separately for
countries that are above versus below median per-capita GDP, total GDP, literacy, and fertilizer use
(a common proxy of agricultural technology penetration; see e.g., Du o et al. (2011)). Across the
board, we estimate similar e ects for both groups of countries. If anything, the coe cient estimate
is always slightly largerfor less developed markets all point estimates imply an economically
large and statistically signi cant negative e ect of mismatch on variety transfer even in relatively
poor and input-scarce countries. This set of estimates further shows that the e ect of CPP mismatch
is driven by innovation decisions in leader countries and is not strongly mediated by proxies for
potential technology demand in technology adopting countries.
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Figure 5: E ect of CPP Mismatch on Transfer. Mechanical Technologies

(a) Mechanical Technology (Average E ect) (b) Mechanical Technology (Leader E ect)

Notes Each sub- gure reports a binned partial correlation plot in which all possible two-way xed e ects are absorbed.
The outcome is log of the total number of mechanical patent transfers. Panel (a) reports the average e ect of CPP mismatch
( in Equation 9) and panel (b) reports the e ect of CPP mismatch with the leader (' in Equation 10).

5.4 Ruling Out Alternative Explanations

A Placebo Test with Mechanical Technologies. If estimates of Equation 9 capture the causal
e ect of CPP mismatch, we would expect a weaker e ect when focusing on types of technology
that cannot be meaningfully adapted to speci ¢ environments. A primary example is the class of
mechanical technologies including harvesters and mowers: while these may have complementarities
with biological technologies that aredesigned for particular environments, there are few ways to
directly adopt these machines to local ecology. In the language of the model (Section 2), these
technologies may feature high , and therefore we predict a small (if any) e ect of mismatch on their
transfer (Proposition 1). On the other hand, confounding stories like a spurious correlation between
environmental mismatch and expected future productivity might equally apply to mechanical and
biological technologies. Therefore, to test our interpretation, we re-estimate our empirical models
with the di usion of mechanical technologies, as measured in the patent data, as the outcome. 12

We nd that CPP mismatch has limited e ects, if any, on the transfer of mechanical technologies
(Figure 5a). The e ect is very close to zero even when focusing on CPP mismatch with the techno-
logical leader (Figure 5b). For comparison, Figures A2a and A2b report the same speci cations as
Figure 5, but instead focus on biological and chemical technologies the e ectis large, negative, and
signi cant. This heterogeneity across types of technology is consistent with our interpretation of
the main results, but would not be expected under a story of spurious correlation with un-modeled
characteristics.

12\e identify mechanical patents as those that are assigned Cooperative Patent Classi cation (CPC) classes AO1B,
AOQ1C, or A01D. This follows prior work on agricultural technology, including Moscona and Sastry (2023). For detailed
CPC class de nitions, see here: https://www.uspto.gov/web/patents/classification/cpc/html/cpc.html
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Human Activity and Reverse Causality. Adi erentthreat to our interpretation is a form of reverse
causality, to the extent that human activity a ects the distribution of CPPs and hence our measure of
CPP mismatch. However, we nd no evidence that this is the case. First, we fully purge our measure
of CPP mismatch by any variation due to eradications or invasive species, the two ways that human
activity could a ect CPP presence (or lack thereof) across markets. Our results are quantitatively
almost identical when we remove variation due to eradications or due to species that have ever been
invasive or have high invasive potential anywhere in the world (Table A6, columns 2-3; column
1 reports our baseline estimate for reference). Second, we nd a large, negative e ect of agro-
climatic mismatch on variety transfer (Table A7). This mismatch measure is based on characteristics
of temperature, precipitation, and topography that we might reasonably treat as predetermined
over our studied sample. In Appendix C, we elaborate more on our measurement approach, the
independent e ects of di erent components of agro-climatic mismatch, and the interpretation of
this second channel through which environmental di erences a ect technology transfer.

Other Omitted Variables. In principle, omitted variables at the country-pair-by-croplevel could
drive a spurious correlation between ecological mismatch and variety transfer. One candidate is
trade. We show that our main estimate is quantitatively similar if we control for an indicator that
equals one if countries and %engage in bilateral nal good trade for crop : (column 4 of Table A6).
Another possibility is that the impact of distance (and hence economic ties) di ers across crops in a
way that is correlated with CPP mismatch. We show that our results are una ected by controlling
for (log of) the geographic distance between all country pairs interacted with a full set of crop xed

e ects (column 5) or by entirely excluding from the sample any country pairs that are less than 1000
or 2000 kilometers apart, respectively (columns 6-7). These ndings suggest that the results are not
driven by an omitted factor related to crop-speci ¢ links between country pairs.

5.5 Technology Transfer Without Intellectual Property

Before proceeding, we describe two additional analyses that show that the inappropriate tech-
nology hypothesis has bite in markets without intellectual property protection. Such markets are
usually beyond the scope of empirical studies of innovation and technology transfer, but they are of
especially great interest to studies of technology use and productivity di erences in agriculture.

Variety Introduction in sub-Saharan Africa. We rst study how mismatch with frontier technol-
ogy producers a ects variety introduction in sub-Saharan Africa, a region poorly covered by UPOV
and by patent o ces. We use data from the Consultative Group on International Agricultural Re-
search (CGIAR) Di usion and Impact of Improved Varieties in Africa (DIIVA) project, which, for 19
crops and 28 countries in sub-Saharan Africa, records all unique crop varieties made available since
1960. These data do not rely on information from intellectual property protection protection and
were instead collected by hand. A glance at the data suggests that the reality of crop breeding in
sub-Saharan Africa re ects a signi cant role for the public sector and a diminished role, if any, for
familiar Western agro-chemical companies. For example, of the 214 novel maize varieties recorded
in Kenya, 64 are associated with the Kenyan Agricultural Research Institute (KARI), a state-run
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research organization, and 45 with the Kenya Seed Corporation (KSC), a state-run corporation that
markets improved varieties; Monsanto and Pioneer Hi Bred contribute 9 and 8, respectively.
Unlike our international variety registration or patent data, the DIIVA data do not systematically
record the origin country for each variety. Nonetheless, we can test how mismatch a ects the overall
availability of improved technology. We nd that country-crop combinations more mismatched
with the frontier have fewer overall variety introductions, conditional on crop and country xed
e ects (Figure A3). This is consistent with the hypothesis that ecological di erences inhibit both
the direct availability of foreign technology and the scienti ¢ and technological base for follow-
on innovation (e.g., even by state-supported breeders). Our ndings in the DIIVA data suggest
that both mechanisms, which we previously measured through variety introductions, patents, and
patent citations, also have an e ect in setting without IP protection.

The Di usion of the Green Revolution. We next study how environmental mismatch mediated
the e ects of the Green Revolution, a period of major investment in agricultural technology devel-
opment that was coordinated by research centers in a few speci ¢ tropical countries and targeted
toward parts of the world with under-developed agricultural technology markets. Questions about
the reach and e cacy of the Green Revolution are central to many debates about 20th century
agricultural development (Moseman, 1970; Ruttan and Hayami, 1973; Pingali, 2012). We use our
data on crop-by-country-pair CPP mismatch to construct a measure of CPP mismatch with the
crop-speci ¢ centers of breeding during the Green Revolution (see Section 6.5 for greater detail).
We link these measures with data on the adoption of improved Green Revolution crop varieties
across country-crop pairs, compiled by Evenson and Gollin (2003a). We nd that CPP mismatch
with the crop-speci ¢ locations of Green Revolution breeding (e.g., the CIMMYT in Mexico for corn

or the IRRI in the Philippines for rice) signi cantly reduced the extent of adoption of high-yield
varieties in the 1960s and 1970s (Figure A4). These results demonstrate the applicability of our
ndings to an earlier era of agricultural technology development and to innovations championed

by non-pro t-seeking actors in the public and philanthropic sectors.

6. Mismatch and Agricultural Production

We now study how mismatch with R&D leaders a ects agricultural production. We nd that
mismatch with leaders substantially reduces output at the country-by-crop level: that is, countries
specialize in the crops for which global technology happens to be most environmentally appropriate.
Exploiting ner-grained variation that sweeps out country-level di erences, we nd quantitatively
similar e ects in a sub-national analysis of Brazil and India. We nally exploit two events, the Green
Revolution and the recent rise of US biotechnology, that isolate dynamicvariation in inappropri-
ateness. Using these strategies, we show that the changing geography of agricultural innovation
realigns global agricultural production by di erentially a ecting environments for which the new
technology is more or less appropriate.
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6.1 Empirical Strategy

Our estimating equation at the level of crops : and countries is derived in Proposition 2:

log Production._ =  CPPMismatchFrontier._ i " T ".1 % T ._ (11)
The outcome is (log) average production from 2000 to 2018 and ._ is a vector of potential controls.
All speci cations include country and crop xedeects( " ,".).

CPPMismatchFrontier._ measures the extent to which technology developed by R&D leaders is
environmentally inappropriate for growing crop  : in country . Motivated by our earlier empirical
ndings (Section 5.2), we de ne the technological frontier for each crop based on the frequency of
variety releases in the UPQV data. Given a set)1:° of the # top countries for : -variety releases,
we calculate:

~

O
CPPMismatchFrontier._ = Share Varieties”™? ~ CPP Mismatch._ o_ (12)

02)#1:0

where Share Varieties._ o is calculated among the set) 41 ° (i.e., these weights add to one). For our
baseline results, we use# = 2; however, the results are very similar for alternative values for # .13
As a secondary strategy that does not rely on additional data inputs, we assume that the United
States is the leader for all crops: CPPMismatchFrontier.. = CPPMismatch._ys_ . While this method
ignores many details about the geography of agricultural innovation, our results in Section 4 and 5
suggest that it is a reasonable approximation.

The model in Section 2 provides a precise interpretation for our estimating equation. The
crop xed eect ". absorbs global crop prices and the general-purpose component of crop-speci ¢
technology. The location xed e ect " absorbs the productivity of othercrops in a given location as
well as components of productivity or additional factors of production (e.g., human capital) that are
common to a location. The composite term ?_ I ._ corresponds to the variable $._ in the model,
which summarizes other crop-by-location speci ¢ determinants of productivity. These may include
geographic suitability or the extent of other crop-speci cagricultural inputs. We will treat f’_ asa
component that can be spanned by observable controls and ._ as an unobservable component.

Our hypothesis is that 5 0, or that countries produce less of crops for which their local
environment di ers from that of technological leaders. In spite of our earlier ndings that mismatch
inhibits technology transfer (Section 5), we might nonetheless nd = 0 if the availability of new
crop varieties or patented technologies does not translate into more technology adoption by farmers,

or if shifting technology independently from other characteristics has little e ect on output.

Identi cation. The parameter is identi ed via ordinary least squares if CPP mismatch with the
frontier is uncorrelated with the unobservable component of productivity in ._, conditionalon xed
e ects. We rst argue that this is ex anteplausible: that is, environments that are similar to those of

13The full set of crop-speci ¢ technology leaders for # = 2, as well as the number of crops for which each country is
identi ed as a leader, is presented in Table A8.

29



R&D leaders are notinherently good, when one ignores the e ects of (endogenously appropriate)
technology. Early e orts to develop technology for agricultural expansion in the United States were
stymied by an unfamiliar and hostile pest and pathogen environment (Olmstead and Rhode, 2008).
Much ofthis e ortfocused onthe Great American Desert, whichwasthen considered incapable of
supporting agriculture (Olmstead and Rhode, 2011, p. 482) and is now known as the Great Plains,
producing much of the world's wheat, corn, and soybeans. Contemporary empirical studies also
suggest that variation in local land suitability plays a limited role in explaining global productivity

di erences (Adamopoulos and Restuccia, 2022). This suggests that ecological similarity to today's
technology leaders may not correlate with having ex antefavorable environmental conditions.

Nevertheless, to make this point empirically, we propose several approaches for accounting for
the e ect of ex antedi erences in local characteristics. As a rst strategy, we control for potential
output in the FAO Global Agro-Ecological Zones (GAEZ) agronomic model. As a second, more
data-intensive strategy, we compile a larger set of covariates and then use post-double LASSO
(see Belloni et al., 2014) to discipline their selection. These include xed e ects for the 200 most
geographically prevalent CPPs in our data (i.e., those that appear in the most countries) and the
200 most agriculturally prevalent (i.e., those that a ect the most crops) and ten measures of agro-
climatic conditions that describe temperature, precipitation, soil characteristics, and topography
(see Appendix C), interacted with crop xed e ects to allow for crop-speci ¢ e ects. Third, to gauge
whether our regressor simply picks up ecologically strange places that are dissimilar from any
other location, we conduct a placebo test that randomizes the identity of R&D leaders.

We nally use two additional empirical strategies that exploit additional variation across ( ner-
grained) space and time. We rst study the e ects of mismatch sub-nationallywithin Brazil and
India, allowing us to sweep out country-by-crop level variables like trade or food policy (Section
6.4). We also study two dynamic natural experiments, the Green Revolution and the rise of US
biotechnology, which allow us to completely absorb any static observables or unobservables, as well
as trends in ex antelocal productivity (Section 6.5).

6.2 Inappropriateness Reduces Agricultural Output

Our main estimates of Equation 11 are reported in Table 5. We nd that countries have lower
agricultural output for crops for which their environment is mismatched with technological leaders.
Our baseline estimate with no additional controls (column 1) implies that a one standard deviation
increase in CPP mismatch lowers output by 0.42 standard deviations. The negative e ect of CPP
mismatch on crop-speci ¢ output is robust to controls for FAO-GAEZ predicted output (column 2),
and controls for a wide array of CPP environment and agro-climatic conditions selected by LASSO
(columns 3 and 4). Thus, the baseline estimate does not seem to be driven by di erences in the
direct e ect of local ecological conditions or ex antesuitability. The results are also all similar if we
de ne the US as the technological leader country for all crops (columns 5-8). # Consistent with the
prediction of the model, we nd quantitatively very similar e ects focusing on area as the outcome

140ne bene t of this speci cation is that the country xed e ects in (11) become tantamount to country ~ pair xed e ects
and therefore fully absorb all features of each country's relationship with the US.
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Table 5: CPP Mismatch Reduces Agricultural Output

instead of production (Table A9).

Figure 6 displays the cross-country relationship between CPP mismatch and output for four large
crops: corn, wheat, rice, and soybeans. These ndings convey the stark implications of our results
for the world's most cultivated staple crops. The scatter plots also convey that the ndings do not
seem driven by outliers or extremes of the distribution. There is a systematic, negative relationship
between CPP mismatch and output across countries. Since the single-crop results do not include
country xed e ects, an additional prediction is that there should be a negative relationship between
CPP mismatch with the frontier and output per area (i.e., yields). We present an analogous set of
partial correlation plots with yield as the dependent variable. We nd large, negative e ects for all
four crops (see Figure AS).

We also estimate versions of our main model, Equation 11, with log yields (production divided
by area) as the outcome, in variants with and without country xed e ects (panels (e) and (f) of
Figure A5). We estimate a negative and signi cant e ect in both speci cations, but the coe cient
estimate is an order of magnitude larger when we remove country xed e ects. This nding
is consistent with the model prediction of a signi cant selection e ect: that farmers' planting
endogenously responds to changes in technological productivity, dampening yield increases for
crops whose technology improves and indirectly increasing yields for other crops. Consistent with
our theoretical model, the regression with country xed e ects absorbs this channel by comparing
yields across crops within a country, whereas the regression without country xed e ects does not
and, consequently, implies a much larger e ect of mismatch on yields (see also the discussion after
Proposition 2). When measuring aggregate productivity e ects in our quantitative analysis (Section
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Figure 6: CPP Mismatch and Agricultural Output: Large Crops

(a) Corn (b) Wheat

(c) Rice (d) Soybeans

Notes Each sub- gure reports a partial correlation plot of an estimate of (11) in which we restrict the sample to a single
crop: corn, wheat, rice, and soybeans in 6a - 6d respectively. CPP mismatch is measured using the version in which we
allow technological leadership to vary across crops. The coe cient estimates and standard errors are noted at the bottom
of each sub- gure.

7), we will use our structural model to precisely account for this channel.

Sensitivity and Robustness.  We conduct a range of sensitivity checks that are analogous to those
from the previous section, so we only mention them brie y here. First, we show that our results are
very similar if we purge any variation in CPP mismatch that could be driven by human activity, by re-
incorporating all eradicated CPPs and removing all invasive or potential invasive CPPs (Figures A6a
and A6b). Second, we show qualitatively very similar results using agro-climatic mismatch, a xed
shifter of ecological mismatch that is not subject to human manipulation (Figure A6¢c and Appendix
Section C for additional detail). Third, we show that the results are quantitatively very similar

if we absorb continent-by-crop xed e ects, thus only focusing on comparisons across crops and
between countries on the same contineifTable A10). Fourth, we show that the results are also robust
to controlling for the interaction of crop xed e ects with additional country-level characteristics

32



Figure 7: Falsi cation Test: CPP Mismatch with All Countries and Output (2000s)

(a) Unconditional (b) Conditional on CPP Mismatch with the Frontier

Notes This gure displays histograms of the coe cient estimates of the relationship between CPP mismatch with each
country separately and the log of crop-level output. In 7a, CPP mismatch with each country is included on the right hand
side of the regression alone (along with crop and country xed e ects) and 7b, CPP mismatch with the frontier is also
included in the regression.

(income, openness to trade, measures of inequality, specialization in agriculture, overall agricultural
productivity, and R&D investment; see Table A11). Thus, our nding does not seem to be biased
by spurious correlation between ecological mismatch and other determinants of productivity, even
when these determinants of productivity are allowed to vary by crop.

Finally, we account directly for the possibility that innovation could respond to potential future
market size and that, if spuriously correlated with CPP mismatch, this could bias our estimates.
Following Bustos et al. (2016), we construct a variable that measures the potential market expansion
from improved varieties by taking the the di erence between (log of) FAO-GAEZ predicted potential
output under high input levels and (log of) FAO-GAEZ predicted potential output under low input
levels. Our estimates are quantitatively una ected by controlling for this variable (Figure A7).

6.3 Testing the Inappropriate Technology Mechanism (Redux)

Mirroring our analysis in Section 5.3, we now test additional predictions of our hypothesis: that
mismatch matters more when it is relative to technological leaders and for innovation-intensive
crops, and that the e ects hold at various levels of income, physical capital, and human capital.

Mismatch with the Frontier Matters Most (Falsi cation Test). If our main estimates capture the
e ect of directed innovation on agricultural productivity, then we would expect to nd a limited

e ect of CPP mismatch with countries that are not centers of biotechnology development. To
test this, we re-estimate Equation 11, replacing CPPMismatchFrontier._ with CPP mismatch with
each country in the world. Figure 7 reports histograms of these coe cient estimates, both from
speci cations that do not include CPP mismatch with the frontier as a control (7a) as well as from
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Figure 8: Heterogeneous E ects of CPP Mismatch on Output

Notes All sets of bars report coe cient estimates from single regression estimates, versions of Equation 11 that interact
CPP mismatch with indicators that equal one if the country is above or below the global median for a series of country-
level characteristics, or whether or not the country has IP protection for plant varieties (i.e., is UPOV compliant). The
outcome variable is log of production. The characteristics are GDP per capita (2010 USD per person), total GDP (2010
USD), literacy among adults (percentage among people over 15 years old), and fertilizer use (kg per hectare of arable
land), all measured from the World Bank in a global cross-section from 2000. Standard errors are double-clustered by
crop and country, and 95% con dence intervals are reported.

speci cations that do (7b). In both cases, the coe cient on CPP mismatch with the frontier, marked
with a dotted line, is in the left tail of the coe cient distribution. These estimates are consistent with

a causal e ect of inappropriate technology underlying our main estimates, and help rule out the
possibility that omitted ecological characteristics (e.g., ecological uniqueness) bias our results.

Mismatch Has a Larger E ect for Innovation-Intensive Crops. We next study heterogeneity in
the e ect of mismatch on agricultural production by the innovation intensity of di erent crops

by estimating versions of Equation 11 that interact CPP Mismatch with crop-level variables. The
e ects of CPP mismatch on output are larger for staple crops, the crops with the most global variety
releases, and the crops for which a genetically modi ed variety was brought to market (Table A12).
These are the same crops for which we earlier found an exaggerated e ect of CPP mismatch on
technology transfer (Table A5).

Mismatch Matters Even for Poor, Input-Scarce Destinations. An additional prediction of our
model, borne out also in our results on technology transfer (Figure 4), is that the inappropriate
technology hypothesis has bite even in low-income and input-scarce destinations. We nd similar
results when studying the heterogeneous e ects on production, as summarized in the rst four pairs
of bars in Figure 8. That is, inappropriateness reduces crop-speci ¢ output even in countries with
low income, low human capital, and low agricultural input use.

Mismatch Matters With and Without IP Enforcement. An additional test that was not possible
in our analysis of variety transfers was whether mismatch has di erential e ects in parts of the
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world with and without intellectual property protection for plant varieties. The last panel of Figure

8 suggests that CPP mismatch has negative and signi cant e ects in both cases. This is consistent of
our ndings that CPP mismatch inhibits technology di usion even in markets with limited or absent

IP enforcement (Section 5.5). The similar e ect on the sample without IP enforcement, moreover,
makes it unlikely that the main result is driven by a spurious correlation between innovators'
anticipated future demand for their products and CPP mismatch since inventor pro t margins in
regions without IP enforcement would likely be low everywhere. Moreover, this nding further
highlights the fact that the potential impact of technology mismatch on production in a given country

is independent from characteristics of local output or input markets.

6.4 Inappropriateness Reduces Agricultural Output Within Countries
We can exploit state-level data for Brazil and India to estimate the e ects of mismatch at a
sub-national level. Our estimating equation is:

H_g= CPPMismatchFrontier._gl "gl " ._im| ?_B I B (13)

where now Bindexes states and P 2 fBrazil-ndiag. In all specications, we include crop-by-
country xed e ects ( " .. :p). By estimating the e ect of inappropriateness on sub-national regions,
we hold xed all country-by-crop characteristics, including crop-speci ¢ R&D, trade, policy, market
size, demand, and pest compaosition. Absorbing these determinants of productivity further sharpens
our identi cation strategy. Compared to our main results, estimates of Equation 13 exploit ner
di erences in ecological conditions, making comparisons within both crops and states, and home
in on ex antesimilar markets that nevertheless di er in their environmental similarity to technology
leaders (e.g., corn vs. cotton in Mato Grosso or soy in Mato Grosso vs. soy in Rio Grande do Sul).
We nd negative and signi cant estimates of (Table 6). The estimates are stable to di erent
control strategies, similar for the data-driven leader strategy and the US-as-leader strategy, and
comparable in magnitude to our country-by-crop results up to statistical precision. These ndings
suggest that unobserved di erences across country-crop pairs do not drive our ndings. Moreover,
they imply that technology mismatch explains productivity di erences not only across international
markets but also di erences across regional markets within countries, which represent a growing
share of global inequality. This is consistent with existing conjectures that variation in technology
use can explain a large share of sub-national productivity di erences (Acemoglu and Dell, 2010).

6.5 Dynamic Estimates: The Green Revolution and Rise of the US

So far we have studied the static e ect of inappropriateness on production. We now investigate
how changes in technological leadership over time in uence production, by shifting global patterns
of inappropriateness. To study this topic, we exploit two natural experiments that signi cantly
shifted the geography of agricultural innovation: the Green Revolution of the 1960s and 1970s and
the rise of US biotechnology since the 1990s. Methodologically, these strategies allow us to fully
absorb any unobservable crop-by-country level e ects when estimating the dynamic impact of CPP
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Table 6: CPP Mismatch Reduces Agricultural Output: Within-Country Estimates

mismatch on production. Conceptually, these results highlight that the impact of local ecology on
productivity is not xed but an outcome of the shifting direction of innovation.

The Green Revolution.  The Green Revolution was a coordinated international e ort, backed by
philanthropic organizations, to develop high-yielding varieties (HYVs) of staple crops for countries
with high risk of famine. The engine at the heart of the Green Revolution was a set of international
agricultural research centers (IARCs), including the International Rice Research Institute (IRRI) in
the Philippines and the International Maize and Wheat Improvement Center (CIMMYT) in Mexico.
We identify from Evenson and Gollin (2003b) the IARC and hence country in which the primary
breeding center for each crop was located (Table A13). While HYV breeding involved international
collaboration, the focus of activity in certain hubs anecdotally led to technology most appropriate
for primary breeding locations.

We exploit the shift of innovation toward the IARCs to identify how changes in the focus of
innovation a ect global production. To measure the induced changes in crop-by-country inap-
propriateness, we compute CPP mismatch with centers of Green Revolution breeding at the crop-
by-country level as CPPMismatchGR._ = CPP Mismatch._ _- ..., where ' 1:°is the index of the
country in which Green Revolution breeding of crop : was located. In Section 5.5, we showed that
this measure of mismatch with Green Revolution breeding strongly predicts the extent of adoption
of high-yield varieties as measured by Evenson and Gollin (2003a,b), validating it as a shifter of the
appropriateness Green Revolution technology.
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Figure 9: Inappropriateness and the Impact of the Green Revolution

(a) Green Revolution Period (1960s-1980s) (b) After the Green Revolution (1980s-2010s)

Notes This gure displays binned partial correlation plots, after absorbing country and crop-by-continent xed e ects, in
which the independent variable is CPPMismatchGR ._ and the dependent variable is the log of agricultural output. In
(a), the outcome is di erenced over the 1960s-1980s and in (b), it is di erenced over the 1980s-2010s. Standard errors are
clustered by country and continent-crop.

Our measure of mismatch suggests that potential appropriateness of Green Revolution tech-
nologies varies substantially across places and crops. In Figure A8, we illustrate the variation in
CPPMismatchGR for three examples: wheat at the CIMMYT in Mexico, rice at the IRRI in the
Philippines, and sorghum at ICRISAT in India. We also show the di erencebetween mismatch with
these centers and mismatch with the United States, a simple proxy for the technological frontier. In
all cases, Green Revolution technology is systematically more appropriate for tropical biomes than
US technology. But this masks substantial heterogeneity within and across crops. For example, our
measure suggests that the environment in which ICRISAT researched sorghum varieties in India was
more similar to much of sub-Saharan Africa than the environment in which the CIMMYT research
wheat varieties in Mexico.

We estimate how CPP mismatch with Green Revolution centers a ected output growth from the
1960s to the 1980s via the following regression model:

log H? ®= CPPMismatchGR._ | log H_ 1968l " T ". .20l ._ (14)

where the dependent variable is the changein (log of) crop-level output between the 1960s and
the 1980s, and the sample includes all crop-country pairs from the HYV adoption model. This
estimating equation di erences out a country-by-crop xed e ect in  levelsof production, or the
time-invariant e ects of local suitability. To even more strongly account for di erences in innate
productivity, we control directly for output in the 1960s ( log H_ 19sm,), Which captures di erential
trends in initial output.
We estimate 5 0 between the 1960s and the 1980s: all else equal, production grew less in

environments for which Green Revolution technology was less appropriate (Figure 9a). We nd no
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e ect of Green Revolution Mismatch after the new adoption of Green Revolution technology began
to decline after the 1980s (Figure 9b), indicating that our main result is not spuriously capturing
long-run trends in productivity across country-crop pairs.

Our ndings are consistent with existing case-study evidence about how pest dissimilarities
shaped the e cacy of Green-Revolution technology (e.g., Lansing, 2009). The nding also illustrates
how the Green Revolution's focus on developing a small set of HYVs and distributing them widely
may have limited the movement's global reach, since new varieties were less productive in, and less
likely to be adopted in, environments ecologically di erent from HYV breeding centers.

The Rise of US Biotech.  Since the 1990s, the US biotechnology sector has grown rapidly while the
European biotechnology sector has, in relative terms, declined. Industry analysis observe that these
trends coincide with the advent of genetic modi cation technology and the very di erent regulatory
approach to this technology in the US versus Europe, spurring a large increase in private capital
investment in the US (Fernandez-Cornejo and Caswell, 2006, p. 2). Figure A9 shows the footprint
of these trends in our own patent data: while there were more agricultural patents in Europe than
in the US during the 1990s, the US far outpaced Europe by the 2010s.

We exploit this disproportionate growth of the US as a second identi cation strategy to measure
the e ects of mismatch on production. For each country-crop pair, we estimate:

logH?® ®= ; CPP Mismatch:! i , CPPMismatch. i  log H®®1 * T ". 7 ._ (15)

Like our Green Revolution strategy, this speci cation allows us to fully absorb country and crop
speci ¢ trends, as well as trends in baseline production ( log H9%%. We hypothesize that production
has reallocated toward places ecologically similar to the US ( 1 5 0) and away from Europe ( 2 7 0)
due to the underlying shift in the geography of innovation. We nd evidence of both hypotheses
(Table A14). The e ect of the US, 1, is negative and statistically signi cant in all speci cations. The

e ect of the EU, », is positive, although imprecisely estimated. When we conduct a permutation
analysis and compare the impact of CPP mismatch with the US on output changes with the e ect
of CPP mismatch with all other countries on the globe, the e ect of CPP mismatch with the US is in
the far left tail of the distribution (see Figure A10; ?-value = 0004), consistent with the fact that the
growth of US innovation was much more dramatic than that of any other country during this period.
Additionally, the e ect is substantially larger for major US eld crops (corn, wheat, soybeans, and
cotton), for which US seed market growth was particularly rapid during the sample period and
ultimately constituted over two-thirds of US market size (Fernandez-Cornejo and Caswell, 2006)
(see Panel B of Table A14). These results, taken together, are consistent with a causal interpretation
that R&D growth and environmental mismatch a ect global agricultural specialization.

7. Inappropriate Technology and Agricultural Productivity

We nally combine our empirical estimates with the model to study how the inappropriateness
of technology shapes the distribution of global agricultural productivity. We then use our framework
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to study a series of counterfactual scenarios that model how inappropriateness a ects the optimal
targeting of new research, the consequences of a global shift in R&D toward emerging markets, and
the global movement of crop pests and pathogens due to climate change.

7.1 Methods

Set-up. We make three modi cations to the model of Section 2. First, the Leader producer
of biotechnology may di er for each crop, to match the data and our empirical speci cation. We
let ! . denote the leader for each crop :. Second, each country has endowment  of agricultural
land. Third, we explicitly specify a demand system. There is a representative global consumer with
payos D'— ©°de ned over the numeraire good ( money ) and a constant elasticity of substitution
bundle of the agricultural goods: *°

= (16)

for some constants® .°._, and elasticity of substitution 7 0. We normalize the constants . so
that, in the observed equilibrium, ?. 1forall :. The representative consumer can purchase each
crop : at a global price ?., in terms of the numeraire. 16

From Regression Estimates to Quanti cation. Revisiting Proposition 2 with these additional
assumptions, we can write crop-by-country output as

log.._ = S 1°log ?- ! °log 1 log 1 111 ©°°7 Jog$.. (17)
where .__. is CPP mismatch with the crop-specic frontier, log?. = log?. log ? is the price
deviation from the agricultural price index log?, and log = log log ? is location-speci c

productivity de ated by the same index. De ating by the price  ? keeps constant the representative
consumer's overall demand for agricultural products, therefore abstracting from substitution be-
tween agricultural products and other goods. Agricultural productivity, as derived in Proposition
3,is [

~

.1 © L
log ="1 -log ?.%._C 4 (18)
=1

Before describing the calibration, we highlight four contributions of the model that make it
possible to map our regression estimates to aggregate productivity e ects.

The rst concerns the interpretation of our empirically estimated semi-elasticity of production
to CPP mismatch from Section 6. Inspecting Equation 18, we observe that a one-unit reduction
in mismatch increases productivity by < units. This adjustment factor of 1¢ translates our
regression coe cient from units of production to units of productivity, by dividing out the

15Formally, the consumer's payo s are represented by some concave D: R R;j ! R. They have an initial endowment
of " , and are allowed to consume negative amounts.
16We furthermore assume that , landowners' pro t share, is 1, so the elasticity of choices to prices is ¢
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elasticity of farmers' choice to changes in productivity. When the Fréchet shape parameter is
smaller (i.e., random productivity draws are more dispersed), farmers' crop choice is less sensitive
to productivity di erences, so the same e ect of mismatch on production implies a larger e ect on
productivity. Moreover, the functional form of Equation 18 incorporates curvature that would be
ignored by simple linear extrapolation.

The second concerns reallocation across crops. If technology for a given crop becomes more
productive, then farmers will produce it on more plots of land, and therefore have less land available
for other crops. These spillovers are captured by the term * 1°log in Equation 17, and their
strength also depends on the parameter : when is smaller, crop substitution is less responsive
to (relative) productivity. In the regression model (Equation 11), these e ects were absorbed in the
country xed e ect, i.e., the rst of two missing intercepts.

The third concerns equilibrium price e ects. If all countries become more productive for a
certain crop, then the equilibrium price goes down, muting farmers' incentives to plant that crop.
The elasticity of demand controls the strength of this channel: if demand is more inelastic, then
price e ects are larger. By accounting for global food demand, the model allows us to recover an
equilibrium e ect that was controlled for in the crop xed e ect of the regression model (Equation
11), the second of the model's two missing intercepts.

The nal point concerns our aggregation from e ects on productionto e ects on productivity. In
particular, the model takes a stand on the fundamental endogeneity of planting decisions to pro-
ductivity which, absent a model to discipline the missing intercepts, would bias our predictions.
Speci cally, in the model, technological improvements for crop : induce farmers to expand produc-
tion onto new land whose relative productivity is now su ciently high for crop .. These marginal
parcels of land are, on average, less naturally productive for crop : than the previously planted ones.
Moreover, they are also the parcels that were most unproductive for other crops :°and therefore
had the lowest opportunity cost to convert. The former force of negative selection pushes down
average yields for : and the latter force of positive selection pushes up average yields for :° With
Fréchet distributed shocks, the percentage yield e ects on all crops are equal after taking these
spillovers into account (see also Section 2.2 and Appendix A.3). Our empirical ndings were con-
sistent with this story: CPP Mismatch had a large negative e ect on crop yields using country-level
variation, but a smaller e ect when controlling for cross-country di erences (Figure A5). Insofar as
the structural model with Fréchet distributed shocks ignores the negative within-country e ects on
yields (i.e., slightly overaccounts for selection e ects), our analysis understates the total e ects of
technological inappropriateness on productivity.

Calibration. We calibrate the Fréchet shape parameter as = 2¢46 from Costinot et al. (2016),
who estimate this parameter to match the modern cross-section of global agricultural production.
Combining this estimate with our baseline estimate of = 717 (Table 5, column 1) yields an
estimate of ¢ = 2491, in units of percent productivity loss per basis point of CPP mismatch.
Conditional on , the crop-by-location productivity $._ is identi ed up to scale from data on
relative area by crop. We measure these areas using the crop-by-country planting data from the
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Figure 10: The E ects of Inappropriateness on Global Agricultural Productivity

Notes This gure presents results from the counterfactual experiment of equalizing research on all ecological characteris-
tics (see Section 7.2). We present results by calculating the loss in agricultural productivity moving from the counterfactual
world of equalized research to the observed world of unequal research. Panel (a) is a histogram of productivity losses
from inappropriateness across countries. Panel (b) is a scatterplot of productivity losses against observed productivity.
The line is a best- t linear regression across countries (slope = 04024, robust SE= 0+004). In each plot, colors indicate
continents.

FAOSTAT database, averaged from 2000-2018. We use estimates of total agricultural revenue from
Fuglie (2012), again averaged from 2000 to the present, to calibrate all countries' initial revenue
productivity and extent of agricultural land. This pins down the scale of local innate productivity.
Finally, to calibrate the crop-level demand curves, we use the elasticity of supply between crops
estimated by Costinot et al. (2016), = 282

7.2 The Productivity E ects of Inappropriateness

We rst study a counterfactual in which global agricultural innovation becomes evenly focused.

In the language of the model, innovators invest in R&D for all ecological conditions and  c_._ ¢
In the language of the Introduction's motivating example, frontier research related to the Maize
Stalk Borer catches up to frontier research related to the Billion Dollar Bug, the Corn Rootworm.
Without taking a stand on the costs of research and the origins of unevenly focused innovation, we
cannot make a normative claim that this scenario is preferred to the status quo Nonetheless, it is a
natural benchmark for gauging the extent to which inappropriate technology can account for the
vast di erences in global agricultural productivity.

Based on comparing the observed equilibrium with this counterfactual, we nd that inappropri-
ateness reduces global productivity by 57.9% (SE: 4.84%) and explains 15.1% (SE: 0.42%) of global
disparities, as measured by the inter-quartile range of the log productivity distribution. The left
panel of Figure 10 displays the distribution of productivity losses across continents. The largest
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Table 7: Inappropriateness-Minimizing Centers for Modern Agricultural Innovation

losses from inappropriateness are concentrated in Africa and Asia, while the smallest are in Europe.
The right panel plots observed log revenue productivity against the model's losses from inappropri-
ateness. The negative correlation C= 621) conveys that the countries with the highest predicted
loss from inappropriateness are the least productive today. That is, neglected agricultural ecosys-
tems are disproportionately located in unproductive parts of the world, which are kept unproductive
due to an absence of appropriate technology.

Inappropriateness Due to Other Ecological Di erences. As highlighted in Section 3.1.3, CPP
mismatch is not the only determinant of inappropriateness; other features of ecological and geo-
graphic mismatch with the frontier could contribute to the inappropriateness of modern technology
and aggregate e ect of inappropriateness on global productivity. Incorporating these additional
dimensions of mismatch increases our estimate of the losses due to inappropriateness to 68.6% (see
also Appendix C and Figure Al11).

7.3 Targeting Research for Maximum Global Impact

In the face of persistent global hunger and looming threats including climate change, there are
renewed calls for a Second Green Revolution that bene ts a broader set of low-income countries
(Gates, 2009). Our measurement strategy and model can be used to ask which locations for potential
research investments would maximize potential productivity bene ts. For each of the eight staple
crops which were the focus of the historical Green Revolution, we calculate the counterfactual
general-equilibrium productivity bene t of moving the Leader to each country in the world. We
then identify which new Leader choices would have the largest e ect on global productivity and on
productivity in currently less productive countries.

Our ndings, reported in Table 7, are consistent with the hypothesis that a lack of breeding in
Africa holds back global productivity growth (Pingali, 2012), especially in currently unproductive
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locations. Nigeria, Ghana, Zimbabwe, Tanzania, and the Democratic Republic of Congo all emerge
as countries where breeding research could potentially have large e ects on global output. Our
results also suggest potentially large opportunities for emerging economies, like India and China.
In the next subsection, we directly explore the rise of large, emerging markets and how their growing
role in global R&D could shape global productivity.

7.4 The Rise of New Technology Leaders

One of the biggest changes to global R&D in the coming decades could be the rise of large
emerging economies such as the BRIC countries Brazil, Russia, India, and China. Our data
reveal that agricultural patenting in BRIC countries, while still substantially behind that of the US,
has grown at a faster rate since 1990s. This trend will likely accelerate in the future.

How might this shift in the geography of global research a ect global agricultural productivity?

To study this in our model, we set mismatch with the leader equal to a (area-weighted average) of
mismatch with the BRIC countries: *’
O _  Area o

i ! CPPMismatch._ _o (19)
" opric  “2BRICATERA 0

We then compare a world in which BRIC has emerged as new technology leaders to the observed
equilibrium, in which technology development is concentrated disproportionately in the US and a
handful of European countries. 18

We nd that the rise of BRIC in global biotechnology increases average global productivity by
28.4% (Figure 11(a)), due to the fact that the BRIC countries span more ecological diversity than the
existing technological leaders. Africa and parts of Asia stand particularly to gain, on average, from
this realignment. However, there are also clear losers in Europe and Asia. From the perspective
of the developing world, a shift of innovation investment to the BRIC nations may be a partial, if
incomplete, substitute for local technological investment, since BRIC countries would endogenously
develop technology that is more appropriate for low and middle-income countries.

7.5 Climate Change and CPP Mass Migration

So far, we have treated ecology as immutable and allowed the location and focus of innovators
to shift over time. Climate change, however, may begin to rapidly alter ecological systems over
the coming decades (Parmesan and Yohe, 2003). In the context of CPPs, increases in temperature
are predicted to generate systematic movement toward the poles (Bebber et al., 2013). While such
movement has been limited to date, temperature change is projected to dramatically accelerate in
the near future.'® This could change the relevant geography of innovation by shifting the set of
CPP threats and hence the focus of technological progress in each country, even if the distribution

7For crops that are not cultivated in any BRIC country, we use the estimated leader countries from the main analysis.

18Relatedly, Lerner et al. (2024) study the recent rise of China as a hub for global entrepreneurship and venture capital
investment, and nd that the rise of China bene ted many other developing countries where Chinese technology and
business models were more appropriate than those developed in the US and Silicon Valley.

19¢cPPs have moved poleward over the past 50 years by about 135 kilometers (Bebber et al., 2013).
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Figure 11: Counterfactuals: Rise of BRIC and Climate-Induced CPP Migration

Notes Each graph is a cross-country histogram of productivity changes across countries in the indicated counterfactual

scenarios. The left scenario corresponds to a shift of biotechnological leadership to Brazil, Russia, India, and China
(Section 7.4) and the right scenario corresponds to a poleward migration of crop pests and pathogens induced by climate

change (Section 7.5).

of R&D across countries remains xed.

To study this, we use the estimates in Bebber et al. (2013) of poleward CPP movement to project
CPP habitats in the year 21002 We then use these data to construct mismatch with (current)
technology leaders after taking into account this change in ecology.

Our model predicts that this change in ecology has an overall positivee ect on global productivity
via the inappropriate technology mechanism (Figure 11(b)). The reason is that projected CPP
range shifts tend to make the CPP composition of currently rich and poor countries more similar,
coordinating global research on a shared set of threats. Our analysis obviously does not account for
the other presumably detrimental e ects of temperature change and invasive species. However, it
highlights how endogenous technological change may patrtially o set future ecological disruption,
even in developing countries. Understanding the interactions between climate change, ecosystem
shifts, and agricultural research remains an important topic for future research.

8. Conclusion

This paper investigates a long-standing hypothesis that global patterns of technology di usion
and productivity are shaped by the uneven focus of innovation. New technology which is often
designed to match the characteristics, conditions, and demands of high-income markets may be
inappropriate in large parts of the world, potentially explaining part of the vast global disparities

20The consensus worst case scenario implies a4+3 C increase in temperature by 2100, and hence a 700km poleward
movement of CPPs on average (or approximately the distance from Tunis to Rome). We simulate poleward range spread
of each pest by identifying all countries that intersect a 700km translation of all countries that presently contain the CPP,
and appending these matches to the observed presence data to construct a dataset of predicted CPP presence in 2100.
Finally, we include manual corrections for countries with non-contiguous territory.
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in technology transfer and productivity.

We study this hypothesis in the context of global agriculture. To do so, we develop a novel mea-
sure of the potential inappropriateness of crop-speci ¢ technology based on mismatch in crop pest
and pathogen environments. We nd that agricultural innovation is concentrated on the ecologi-
cal conditions of technology leaders and that ecological mismatch with these leaders substantially
reduces both technology transfer and physical output. Combining these estimates with a model,
we estimate that inappropriateness as captured by ecological mismatch reduces global agricultural
productivity by 58%, and increases global disparities in productivity by 15%. Together, these results
highlight that the direction of innovation much of which takes place in a small set of high-income
countries helps sustain large disparities in global agricultural productivity.

Our ndings suggest that there may be bene ts to spreading innovation out across the world.
However, our estimates in this paper do not take into account the potentially heterogeneous returns
to conducting R&D in dierent parts of the world and on di erent applications. Recent work
suggest that these returns could be high: Akerman et al. (2025) study Brazil's large-scale public
agricultural R&D program, which grew from a desire to develop locally-appropriate technology,
and nd that the social returns far exceed research investment costs. Moreover, ongoing changes
in global development and the environment may partially o set the need for local innovation in
each market. As we show, the growth of R&D investment in large emerging markets, which are
more ecologically similar to the poorest countries than the current set of technology leaders, may
endogenously generate more appropriate technologies for the world's poorest farmers. The new
technology generated by Brazilian R&D investment, for example, may bene t parts of Central Africa,
which faces many similar ecological challenges (IFAD, 2018). That said, the dependencies generated
by these technology linkages both in the existing equilibrium and in the future could have major
implications for geopolitics and soft power, especially with mounting threats to food security due
to climate change. These all strike us as important areas for future work.
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A. Proofs

A.1 Supplementary Lemmas

We rst provide two results that assist in proving Propositions 1, 2, and 3.

Lemma 1. Consider a farmer with production functios!- © = 1- ol 14 o whocan purchase the input
- at price@and sell their output at pric€. Their pro tis
o
1 1

= 5 27 $ (20)

Proof. Farmers choose the input quantity to solve:

= max ?7-° 1$ ° @- (21)
This is a strictly concave problem. The rst-order condition is 0 = 11 oLy o010 @
Rearranging and substituting into Equation 21 yields Equation 20. f

Lemma 2. The measure of farmers planting crojn country is

?: @— - $ -
_ = I, — (22)
:0?10@0_ :o_$;0_
Moreover, the expected pro t of farmers conditional on any choice is
~ 1
1 o _ r
= 11 o ?.Q@Q _$._ (23)

Proof. Let : , 2 f 11—+« —gdenote the crop-technology choice of farmer 8in country and de ne

8
1 i1
- =1 O_?: @_ $._ (24)

Let 11°denote the cumulative distribution function of a Fréchet random variable with scale one
and shape parameter 7 1,or °=exp! G ° Since g_._is Fréchet with mean one and shape
7 1,itsscale parameterisB=1 11 1e % 1 thusthe normalized shock g_._= % g_-_Is distributed

by *1° Due to alaw of large numbers across draws of the shock, .- =P», =:%
Ifafarmerdraws g_._= |, thenthatfarmerchooses: ifthisresultsinthe maximum productivity

among all options, or ._1 7 .o g_o for all other :% These events are independent across all

0 Thus the probability of choosing : is given by the probability of the event described above,



conditional on each realization |, integrated over the distribution of |

1

10 _

_ = —| d e
0 < - ! !

| I'1 expt I °odl = exp | — 11 dl

0 10 10 0

where in the second equality we substituted the expression for 11 °in the third equality we de ned

o I I . . . . :
the productivity index = o . After a change in variables in the integrand to | = | —,

the original integral can be re-written and simpli ed as

1 1
1 1
L - 0 . - 0_ L, - 0
o = exp! § °f ! dl = f——— d H°=—— (26)
1000 .g_0p. O :0.00 .g_0p. O 1000 .o_og
Re-writing the last equality with the de nition of ._ completes the derivation of Equation 22.

We next derive pro tability of production conditional on a given crop choice. Let
+tg_=max .o go (27)

denote the pro tability of farmer 8in country  evaluated at the optimal choice. The probability
that +;_is less than some value E, conditional on the optimal crop choice being :, can be obtained
by integrating the right-hand-side of Equation 25 up to the realization ﬁ, and normalizing by the
probability of choosing : ¢ A

1

. 1 B._ . B
Potg  Ejig =% — —1| d t°= d 15° (28)
= 0 3 10 0
where the second equality changes variables in the integrand to | = | =% This implies that +,_
conditional on : g_ = - can be written as the product of and a unit-mean Fréchet random variable,

regardless of the :. Thus, Ex+g j:, = :¥& -8:. This implies the desired claim, after substituting
in the expression for

f
A.2 Proof of Proposition 1
Under the maintained assumption that ¢_._= ¢if c2T._, and __otherwise, we have that
-1 0 .
log - = log .1 — log ¢ lor_, 1 log_ l@T.,
) QT._ (29)
= log .it1 ©°¢ __11 ojog ¢ Jog ©
where the last line uses the de nition of ecological mismatch, .__ = )le;_ \T ...



Using constant expenditure and pro t shares (under Cobb-Douglas production), we derive the
1

qguantity of inputs demanded for farmers of crop : inlocation as- .. = T - . Substituting
infor and ._ using the result of Lemma 2 and substituting for @. = C using the limit-pricing
assumption gives
i r -
So= g oo o T oy (30)
Finally, taking logs and substituting in Equation 29, we write
log - ._ = SRS L LU B (31)
where = 11 ©og ¢ Jog ° 0and one representation of the xed e ects is
"_= log$._1t1 ©°log
"= ! 0 ¢i —log 2.
| log .I1t1 log “I log ?. (32)

1 . U |
"= logC it 1°log t1i © logll ©

A.3 Proof of Proposition 2

As derived in Lemma 1, physical production on farm 8conditional on planting *:— ®is

- 8—== ——— ?. ~$._ 8= : (33)

where g_._isthe pro t earned by the farmer. Applying a law of large numbers over the realization
of shocks g_._, total production is the sum of expected production:

tg_
':_:ETJ:S_:: - (34)
h [
AsshowninLemma2, E +;, j:, =: = forany *:- ® Thus,
1 1 - 1 1
-=— ___?: _$_') 11 o 1@_0
1
= i1 o 1_C 2 L $ (35)
e = -1 ¢
— 111 o C 2 $._ . ¢ ° 4 1 ©°.__tog % log_°
where the second equality in the rst substitutes the expression for  ._o_ derived in Lemma 2, the

second line collects terms and simplies @ o = C, and the third line substitutes in the expression
for ._ from Equation 29.



Taking a log, we obtain the desired expression

log.._. = log 0" 1T" 1 log$._ (36)
where = 11 ©°og ¢ Jog ° Oand one representation of the xed e ects is
".= — 1log? 1 log
(37)
" =11 ©°lpg | 11 °log ¢i1 1°log | ogll © logC?®

We can also derive analogous expressions for planted area and physical yield. First, by inspection
of Equation 35, we observe that

log .- =log... log 1 log?. 1 log (38)

and hence can be written in the same xed-e ects-regression form. Finally, observe that physical
yield | ._ equals production per unit area. Thus

logl.- =log..- log .- =log log ?. log (39)

A.4  Proof of Proposition 3

This follows immediately from combining the expression for  ._ given in Equation 29 with the
de nition of in Equation 23 (Lemma 2), observing that @. = C by the limit-pricing assumption,
and de ning

.1 ;
"=log | ——log!l ©°it1 °log ¢ (40)

A.5 Mapping to Multiple-Input Model

Here, we show how a variant model with multiple inputs maps to our main model. Departing
from the baseline, the farm has a new production function that uses # | 1inputs. The production
function, suppressing dependence on the index 8and crop : for convenience, is
) !

=21 Iﬁ:1= -1 g0 (41)

==1

where 2 10-1° continues to measure the return to xed factors versus technology; $ 2 Ry is
average natural suitability; 2 Ry is an idiosyncratic perturbation with a Fréchet distribution with
mean one and shape parameter 7 0; the - are the returns to scale for each additional input;
- is usage of.the biotechnological input; and the - - are the usage of other inputs. We assume
that 05 1 ﬁzl = 5 1, so there are decreasing returns to scale in the variable factors. The
farm faces price @for the biotechnological input and @ for the other inputs. Its input-choice pro t



maximization problem is

( i, G ! (€] )
max ?-1 = -2 1§°0 @ @- - (42)

= ==1 ==1 ==1
We now show a one-to-one mapping between this variant model and our baseline model:

Lemma 3. The multiple-input model implies the same farm-level pro ts as the one-input model where

G ' (43)

i i ) _ _ : .
and * —°=11 ﬁ:1 ot . ﬁﬂ =~. Given this mapping, the multiple-input and one-
input models therefore have the same implications for aggregate technology development, technology transfer,

production, and productivity.
Proof. The rst-order condition for the inputs can be re-arranged to

1 ! o= o2 44
= 5 -= g 8=

Substituting these choices into the production function and solving for . , we nd

1 $ 1
1 _ O ?
= f = (45)
1 i:l = I #
@ ==1 @:
i I ]
where 1 —©0=1] B, =L L= *_ _= Theprots of the farmer are share  of total
revenues, or , ) | |
1! lﬁ:l - G 1
= 9 = Yo @ ' -°% (46)

Comparing this expression to Equation 20 in Lemma 2, which derived farmer pro ts in the main
model, we see that the models are isomorphic under the transformation described by Equation 43.
The transformed productivity incorporates the (inverse) price of the other inputs into our measure
of crop-by-location level productivity.

The last claim follows from recognizing that all of this paper's results characterizing technology
development, technology transfer, production, and productivity depend on farmers' behavior only
through pro t function and input demand derived in Lemma 1. f



B. Extended Model

In this Appendix, we describe a model that generalizes our baseline model (Section 2) along
ve dimensions: (i) multiple countries can innovate; (ii) innovators can determine both context-
neutral () and context-speci ¢ ( ) components of technology; (iii) innovators can improve
these attributes along an intensive margin; (iv) innovators can have noisy expectations of seed
demand; and (v) farmers face input-adoption wedges. In this model, we derive analogs to our main
theoretical results, which motivate our empirical strategies.

B.1 Set-up

Production. As in the main model, there is a set of countries 2 fl-e+ee—dand a set of crops
indexed by : 2 f 1-«+e—g. In each country, there is a continuum of farms indexed by 82 »0-1%Each
farm can produce any of the  crops. Dierently from the main model, for each crop there are !

distinct technologies which come from di erent origin countries. A farm  8in country , planting

crop :, and using technology from country  °produces output

ol 1

:—0—$ i g—0® (47)

- g0

where - denotes the quantity of technology used, denotes the origin-by-destination-by-croppeci c
quality, $ denotes local suitability, and  denotes a origin-by-destination-by-cropeci ¢ Fréchet-
distributed shock with mean one and shape parameter . Farmers in country choose what crop
to grow, from whereto source their technology, and how much of the input to buy, taking as given
output prices ?. and input prices @_o_. Finally, in technology input markets, farmers in country
face wedgeshat distort their technology choice. That is, when making choices, farmers behave as if
the price of technology is @ o ._,where ._ 7 1encodes the possibility that technology is (as-if)
taxed in a particular country. The existence of such wedges is consistent with the barriers to riches
hypothesis of Parente and Prescott (1994).

Environmentally Adapted Technology. Environmental characteristics are modeled exactly as in
the baseline model. Thatis, T.. N denotes the characteristics of thel:— © ecosystem. The quality
of crop-: technology from © employed in country , is

O

a
_o = exp© log -_ol 1)— log c_.o® (48)

« QT._

—

where we observe that environmental adaptations are now speci ¢ to origins and destinations.

Endogenous Innovation. A representative innovator in each country 9 can develop technology
for each country and crop :. To develop characteristic ¢_.o , innovators face convex research



costs with an uninternalized knowledge spillover from local research on the same CPP:

1 g0 oll)

_ok 9=4 Pon T
—og YiIT )

(49)
where ) 7 0 is an inverse elasticity of research supply, o0 7 0is a country-speci ¢ constant,
and the function : R; ! Rj, which is increasing and satises 10° = 0, controls the knowledge
spillover. % The spillover may capture nonrival inputs like knowledge about local conditions or
genetic sequences. This aspect of agricultural technology development is well-documented in the
context of private-sector, public-sector, and philanthropically supported research. For example,
Kantor and Whalley (2019) document local productivity spillovers of US-government research sta-
tions and discuss the role of knowledge and input di usion, Reynolds and Borlaug (2006) discuss
the importance of local germplasm and test elds at the non-pro t CIMMYT, and Duvick et al. (2004)
highlights the importance of similar inputs for maize breeding at Pioneer Hi-Bred.

To develop the general characteristic ._ o, the innovator faces a convex R&D cost ._ot ©, where
is a potentially crop-and-origin-speci ¢ function. We nally, as in the main analysis, study the
case in which the price of technology is pinned down as C in destination by a competitive fringe

of copycat producers.

Innovators in each country © choose, for each®:— © destination market, the vector of R&D
spending to maximize revenues net of costs, given the pricing policy described above and conjectures
for crop prices, the destination's productivity, and local research on each CPP. That s, for each crop,
the country %innovator solves the problem

max _4 “'1® o2 —@d° © 4 oo, 0° C..‘:LOH 4
—o® o 3 QT._ yr)e 3

(50)

where ' 1°gives the innovator's conjecture for net revenue from technology sales, ?. isthe conjecture
of prices, is the conjecture of productivity, and ¢_.a ois, for each G the conjecture of local CPP-
speci c research.

We nally allow for the possibility that innovators in location have idiosyncratic expectations
of seed demand by leaving the expectations of crop prices and agricultural productivity as free pa-
rameters. The case of full-information rational expectations is nested when / =/ forall equilibrium
variables / .

B.2 Toward the Model's Predictions: Production, Technology Demand, and Research

Toward deriving analogs to our main model predictions (cf. Section 2.2), we rst describe
farmers' behavior conditional on technology availability. From Lemma 1, the pro t of a farmer  8in

2lWe assume that) 7 11 © 1, which is su cient for the innovator's problem for choosing research levels has an
interior solution.



country  conditional on choosing technology-crop pair - :is

1 = i
8- = @ o ?: —o$._ g0 (51)

While in the main analysis the farmer's choice problem was only over crops : (see Lemma 2), here
the choice is over pairs *:— ®. Nonetheless, the exact same arguments su ce to show that the
measure of farmers planting crop : and using technology from %in country s

r

2@0 . 0%

-0 =7 ' —— (52)

| -
:0—00?: o@o_om -0

:o_oo_$;o_

And, moreover, the expected pro t of farmers conditional on any choice is

8 . 1
= 11 o ?, @_0_ ~ o5 (53)

-0

We next study the innovator's choice of environmentally-speci ¢ R&D investment. Total invest-
0

ment by crop : farmers in country on technology from country “is

17 o 8% (54)

where the rst term is the expenditure share on technology (owing to Cobb-Douglas technology
with output elasticity 1 ), the second is total revenue for each farmer (owing to the fact that pro ts
are share of revenues), and the last term is the measure of farmers who choose the pair :— ®.
The innovator's prot marginis C  1° per unit sold; and, because of the multiplicative wedge,
fraction 1+ ._ of expenditure goes to the innovator. Thus, the innovator associated with market
1:— ® conjectures that they will receive the following revenue from the 1:— © market:

cC 1 8-0_:

Lo = R

g, - O - (55)
?: $: =0 C—):—Q—

= 11 olf = o —
= 1 cC 1 @_ o . o
QT._

where the second line substitutes in the expressions for productivity and choice probabilities and
the hats denote conjectures by thel:— ® innovator.

We next study the incentives for environmentally speci ¢ innovations, from the perspective of an
innovator for crop : incountry © For a non-present pestC8)._, the marginal bene t of innovation



is zero. Hence ¢_.o = 0. For a present pestC2 )._o, the rst-order condition is

11 o ] _ O 1 0 g 1 ) .
——Fo-eyce 4 v tos o e sS4 tes? 1)), =0
) con - T ) -

« — -
-1
where ot —°= iy o T is a constant depending on farmers' prot share and supply

1
elasticity, and 1C°=1C 1°C summarizes the e ect of the markup for increasing prot

margins (rst term) and decreasing demand (second term). We next take logs and impose the
equilibrium condition that the conjectures are correct. The rst-order condition re-arranges to

| _log ot -°11 ° | o i 1 | i log ?
0g c-:0 = 1| ) 0g oo 1| ) 1| ) og T)o og 7.
« 1 . . - 1
[ ——— icol ——1 =1 o | — 1 c_od 56
1,)0910 1|)og$. 17y 09 ol g7y T e (56)
! log i._ 1 ! lo
m . = .0
wherewe dene logi._ =111 ©° 1 1°og .. asa (monotone) transformation of the wedge
and ._o_ as anexpectational error for technology demand
log ._o =11 9log log °I —!og?. log?.° (57)

In particular, when log ._o 7 0(5 0), the *:— ®innovator overestimates (underestimates) demand
for technology in the relevant market and therefore over- (under-)invests in R&D.

We next substitute Equation 56 into the de nition of log ._o_ (Equation 48) and re-arrange terms
to write

1 .
log ;_o_-l.l.) T log ._olt1 ©°log ot -°21 © 11 9%og goll ©° o

1 (o]

11 o1 olog I log?. 11 ©°log$._1t1 °log :C©°

~

. .1 o a
11 °logi._I*1 °log .o | — 1 L0 d®®
2T -
(58)
We now simplify the last term on the right-hand-side. Let  ._o 7 0 be a solution to Equation 56
forany C2 T._oora locally present pest. Forany C8 T._o, or non-locally presentpest, ¢c_.00=0
as argued earlier. Thus, ifwedene 1 ._o = )le;_ \ T ._q as the fraction of overlapping CPPs,
we can write
1 0 .
)_ 1 c_o®=11 011 0%l ] 0 ._o=11 o1] 091 _© (59)
2T

10



B.3 Model Predictions
We now review the predictions of this extended model, mirroring the analysis of Section 2.2.

The Uneven Focus of Innovation.  The extended model features a richer set of mechanisms by
which innovation is endogenously directed to the environmental characteristics of large markets. To
see this, we rst describe the pro t incentives that shape the decisions of innovators based in any
given origin market ° From the rst-order condition (Equation 56), we observe that the marginal
bene t from research investment is higher under the following circumstances: high baseline agri-
cultural productivity ( $._), high markups (@.o. = C), low licensing or IP costs ( o), and low
input-use wedges ( ) all increase the marginal return to R&D investment. Moreover, because of
knowledge spillovers from research on local ecological characteristics and endogenousechanism
that generates increasing returns to scale for research agricultural R&D in a given country Ois
further directed toward destination markets with similar ecologies. Finally, because of the inten-
sive margin of research investment, there is a further multiplier force captured by the coe cient
W in Equation 58: when input demand is more elastic to the environmental adaptations of
technology (lower  or higher ), the innovator internalizes the fact that producing higher qual-
ity technology will raise agricultural productivity (and their market share), further increasing the
demand for agricultural technology.

Next, xing the destination market 1:— ©, we observe that the productivity boost for technology
Oarising from knowledge spillovers scales with the extent of R&D speci ¢ to domestic ecological
threats in those markets (Equation 59). The extent of this research is, in turn, a ected by all the forces
described above related to market size. Thus, research leaders endogenously emerge in the multi-
country model. Fixing a crop :, the highest-quality technology comes from the market °which
endogenously generates the most technology, due to its low R&D costs, high baseline productivity,
and/or favorable IP environment. These are also the markets for which lower ecological mismatch

has the highest marginal bene t.

Mismatch and Technology Di usion. We next study the implications for technology di usion.

As in the proof of Proposition 1, we substitute the expression for the endogenous productivity of
technology (Equation 58) into aggregate demand for agricultural technology and then collect terms.
We obtain an expression of the form

log- .o = oo b T ol ool o (60)

This is a multi-way xed e ects equation that exactly matches our empirical strategy described in
Section 5.1.
The coe cient on ecological mismatch is

11 o1 o

_0= 1) 11' S 0 (61)

This coe cient depends on the crop and origin market through the extent of knowledge spillover.

11



In particular, the model predicts that mismatch has a larger marginal e ect (in absolute value) on
technology transfer when the origin market is more research-intensive. This prediction is consistent
with our ndings in Section 5.3.

We next describe interpretations of the xed e ect variables " .?> The crop-by-destination
xed e ect partials out the e ects of destination market size and destination-speci ¢ input-market
wedges, forces that have a uniform e ect on technology transfer from any origin country:

11 o ) 1 )
"= — [ log$._it1 ©° — i1
' 1) 11 o 09 $: 1) 11 o °d
o1 ) 11 o 11 o
| | i — — log & ° — —log i. 62
°d 11y 11y o9 1 17y 11y o 9h (62)
1 ) 1

| — i — log ot =°1 ©°7Tlog ot —°
1) 11 ° 17) 11 o9 0 g9 o

The crop-by-origin xed e ect partials out the research productivity of the origin country, which
has a uniform e ect on all destination countries:
1117 ) o 1 11 01 O 11 o111 ) o 1

0= ) ) slog .ol 1) T s 1T ) slog oo (63)

The origin-by-destination xed e ect partials out the direct e ect of bilateral trade and licensing

costs:
11 o
_o= 1) ) 5 -0 (64)

Finally, the structural residual captures idiosyncratic factors in the country  %innovator's expecta-
tions of demand in market 1:— ©:
11

oSy s09 o (65)

In principle, when estimating Equation 61, a threat to identifying the coe cient of interest is
spurious correlation between ecological mismatch and this residual shock to expectations. In
Section 5.1, we describe empirical strategies that allay this concern in practice.

Mismatch and Agricultural Production. We next study the extended model's predictions for
mismatch and agricultural production. Because of the structure of the choice problem with Fréchet
valued shocks, there is a simple mapping to the model studied in Section 2. We de ne the crop-
speci ¢ productivity index

- = ._0 (66)

225 in the proof of Proposition 1, we observe that the xed e ect decomposition is not unique.

12



This index summarizes farmers' choice over technology ° In particular, we can write the total
fraction of farmers planting crop : in country by combining this de nition with Equation 52: 23

= eE (67)

:0?;0 S0_ $;o_

Using this observation, we can write production of crop : in country (cf. Proposition 2) as
log...= log T " 1T "1 ._ (68)

Our estimating equation can be understood as an approximation of this model when a small number
of leaders have most of the market share for inputs. The xed e ects are de ned as in Proposition 2:

— 1 log?.
(69)

11 O°log I

Yogl ©° logC®

The structural residual now takes into account both local productivity and local input-use wedges:

11 o

.~ = log$.. ——log .- (70)

Note that only country-by-crop speci components of the wedge are relevant for identi cation; any
country-speci ¢ or crop-speci ¢ components would be exibly controlled for by the relevant xed

e ects. Inpractice, we ndthatour estimates of the e ect of mismatch on production are stable when
controlling for observable proxies of innate productivity as well as proxies for wedges constructed
by interacting crop xed e ects with measures of overall development and human capital.

Inappropriate Technology and Productivity. We nally observe that revenue productivity is de-
ned above in Equation 53. Revenue productivity is lower when agricultural technology is less
productive, and its exact form in the model encodes farmers' ability to substitute across crops and
technology types. In the extended model, innate productivity also accounts for market-speci c
wedges. Since our structural analysis recovers innate productivity as a residual to account for
observed production (see Section 7.1), our method can be understood as holding these wedges
constant.

23\Ve also use the fact that input prices are constant at the country level, and therefore irrelevant for choice across crops
or technologies within country.
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C. Inappropriateness Driven By Agro-Climatic Conditions

This appendix investigates the possible importance of non-CPP agro-climatic conditions as
shifters of ecological inappropriateness. We estimate ecological di erences across crop-speci c
growing areas in di erent countries, and incorporate these additional measures of mismatch into
both our baseline empirical estimates and counterfactual results.

C.1 Constructing Agro-climatic Mismatch

We include nine key agro-climatic characteristics that shape the usefulness of biotechnology
for production in a region: temperature, precipitation, elevation, ruggedness, the length of the
growing season, soil acidity, soil clay content, soil silt content, and soil coarse fragment content. 24
We combine geographically coded raster les of each characteristic with grid-cell level information
from the EarthStat database on the global planting pattern of 175 important crops in 2000 (Monfreda
et al., 2008)?°> We then compute the value of each characteristic for each crop-by-country pair by
estimating the average value of each characteristic in each country on the land devoted to the crop in
guestion; we denote these asG_ . We then normalize each characteristic to comparable, | -score units
by re-centering by the global mean value of each attribute and normalizing by the global dispersion
(standard deviation); we refer to these normalized values as G_. Then, for each agro-climatic
characteristic G crop, and location pair, we de ne the absolute distances

G-_0=jG- G_q (71)

In words, G_ _ois the normalized mismatch ( inappropriateness) in agro-climatic feature  Gfor
crop : between countries and © For simplicity, we also aggregate the individual agroclimatic
characteristics into a single index at the crop-by-country-pair level, summing over all characteristics
X :26 ~

AgroClimMismatch ._ o= — G- _o (72)
' X ox

C.2 Empirical Estimates

We next investigate whether mismatch in agro-climatic features shapes the transfer of technology
and global patterns of production. In column 1 of Table A7 reports estimates of Equation 9 in which,
instead of CPP mismatch, we include all ten agro-climatic mismatch measures G_ _oon the right
hand side of the regression. We nd that most are negative and several statistically signi cant.
Mismatch in temperature, precipitation, and soil pH are associated with the largest reductions in
technology transfer. In column 2, we include the one-dimensional AgroClimMismatch ._ _, instead

24The temperature and precipitation data are from National Center for Atmospheric Research Sta (Eds) (2020); elevation
from the GTOP30 Digital Elevation model; ruggedness from Riley et al. (1999) via Nunn and Puga (2012); growing season
length from FAO GAEZ; and soil statistics from WoSIS (Batjes et al., 2020, https://www.isric.org/explore/wosis ).

25The data set was created by combining national, state, and county level census data with crop-speci ¢ maximum
potential yield data, to construct a 5-by-5-minute grid of the area devoted to each crop circa 2000.

26The index is similar to the agro-climatic similarity index used by Bazzi et al. (2016).
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of the individual G__o. The coe cient on agro-climatic mismatch is negative and signi cant.
Columns 3 and 4 repeat the estimates from columns 1 and 2, except we also include CPP mismatch
on the right hand side of the regression. The e ect of CPP mismatch is negative, signi cant, and
similar to our baseline estimate, suggesting that ecological mismatch due to CPPs and due to other
agro-climatic features operate largely independently.

In Figure A6c, we present our results for production. The dependentvariable is log of agricultural
output and the regression speci cationis (11). Again, we nd a large, negative e ect of agro-climatic
mismatch on production, suggesting that this independently measured form of ecological mismatch
a ects agricultural output. Again, this operates largely independently from CPP mismatch, which
remains negative and signi cant( = 592 C= 498) once agro-climatic mismatch is included in the
regression.

Taken together, these results show that our main ndings are not specic to CPP di erences
across crops and places (or, more perniciously, not driven by some speci ¢ feature of our CPP data
and measurement strategy); other agro-climatic shifters of inappropriateness also a ect technology
transfer and productivity gaps. Atthe same time, non-CPP agro-climatic di erences seem to operate
independently from our baseline measure of CPP mismatch, suggesting that the baseline estimates
are not simply picking up standard features of climate and geography. These ndings are all
consistent with the fact that the pairwise correlations between CPP mismatch with the frontier,
and mismatch with the frontier in each other ecological characteristic, is relatively low. Table Al
reports a correlation matrix, including CPP distance to the frontier along with all agro-climatic
characteristics discussed above. The rst column shows the correlation between CPP distance and
all other distance measures; the correlation coe cients tend to be small, and only one is above 0.2.

C.3 Counterfactual Analysis

Finally, we estimate our baseline counterfactuals scenario incorporating both CPP mismatch and
acro-climatic mismatch. Our modeling strategy is identical to the one outlined in Section 7.1 of the
main text. We nd that inappropriateness, as captured by both CPP mismatch and agro-climatic
mismatch, reduces global productivity by 68.6% and, just as in our baseline estimates, has the largest
e ects on countries that we observe to be unproductive. These results are summarized graphically
in Figure Al11.
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D. Supplementary Figures and Tables

Figure Al: The Di usion of Crop Varieties in the UPOV Data

Notes Each plot is a histogram of the number of appearances per unique variety in our data on new variety introduction
from the International Union for the Protection of New Varieties of Plants (UPOV). Our method for de ning technology
transfer is described in Section 3.2.1. Panel (a) is for the whole sample. Panel (b) is for varieties from crop-specic
leaders, de ned as the two countries that are associated with the most variety registrations for that crop (Section 5.3).

Figure A2: The E ect of CPP Mismatch on the Transfer of Biological and Chemical Technologies

(a) Non-Mechanical Technology (b) Non-Mechanical Technology (Leader E ect)

Notes Each sub- gure reports a binned partial correlation plot (in which all possible two-way xed e ects are absorbed)
corresponding to the e ect of crop pest and pathogen (CPP) mismatch on the transfer of biological and chemical tech-
nologies. The outcome variable is de ned by the international transfer of agricultural patents (those in CPC class A01,;
see Section 3.2.2putsideof classes A01B, A01C, or AO1D. Panel (a) reports the average e ect of CPP mismatch (estimated
from Equation 9) and (b) reports the e ect of CPP mismatch with the leader (estimated from Equation 10).
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Figure A3: The E ect of CPP Mismatch on Variety Transfer to sub-Saharan Africa

(a) Mismatch with the US (Extensive Mar- (b) Mismatch with Estimated Leader (Ex-
gin) tensive Margin)

(d) Mismatch with Estimated Leader (Top-
(c) Mismatch with the US (Top-Coded) Coded)

(f) Mismatch with Estimated Leader (log
(e) Mismatch with the US (log Count) Count)

Notes This gure displays binned partial correlation plots, after absorbing country and crop xed e ects, of the following
regression equation at the level of crops : and countries :

H_ = CPPMismatchFrontier._ T " T ". 1T ._

Our outcome data come from the CGIAR DIIVA project (see Section 5.5), covering 19 crops and 28 countries in sub-Saharan
Africa. In the left panel, we measure CPPMismatchFrontier using mismatch with the United States. In the right panel,
we use CPP mismatch with (two) crop-speci c leaders identi ed in the UPQV data, as described in Section 6.1. In (a) and
(b), the outcome is an indicator that equals one if any adoption has taken place; in (c) and (d), it is the total number of
varieties adopted (top-coded at the 95th percentile); and in (e) and (f), it is the log of the total number of varieties adopted.
We report Gstatistics based on robust standard errors.



Figure A4: The E ect of CPP Mismatch on the Di usion of High-Yield Varieties of the Green
Revolution

(a) Baseline Speci cation (b) Crop-by-Continent Fixed E ects

Notes Each sub- gure reports a binned partial correlation plot of the relationship between Green Revolution variety
adoption and CPP mismatch with the Green Revolution, both measured at the crop-by-country level. We estimate the
regression equation,

HYVAdoption ._ jgg5= CPPMismatchGR._ T " T "._ a0l ._
The outcome is measured from Evenson and Gollin's (2003) data on high-yield variety adoption. CPPMismatchGR is
calculated as the crop-speci ¢ mismatch with the relevant international agricultural research center (IARCs) identi ed
in Table A13. In (a), both crop and country xed e ects are included in the regression and in (b), crop xed e ects are
replaced with crop-by-continent xed e ects. Standard errors are double-clustered by country and crop-continent pair.
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Figure A5: The E ect of CPP Mismatch on Agricultural Yields

(a) Corn (b) Wheat
(c) Rice (d) Soybeans
(e) All Crops (f) All Crops (No Country FE)

Notes Each sub- gure reports a partial correlation plot of a di erent estimation of Equation 11. In A5a - A5d, we restrict
the sample to corn, wheat, rice, and soybeans respectively. In A5e and A5f, the sample includes all crops and in A5f
country xed e ects are removed from the regression equation. The dependent variable is log of output per acre. The
coe cient estimates and standard errors are noted at the bottom of each sub- gure.
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Figure A6: The E ect of CPP Mismatch on Output: Measurement Sensitivity

(a) Including Eradicated CPPs (b) Excluding Invasive CPPs (c) Agro-Climatic Mismatch

Notes Each sub- gure reports a binned partial correlation plot of the relationship between log of crop-speci ¢ output and
ecological mismatch with the crop-speci ¢ leader country. In (a), we measure CPP mismatch after including all CPPs that
have ever been eradicated according to the CABI CPC data. In (b), we measure CPP mismatch after excluding all CPPs
that have ever been invasive or that have high invasive potential according to the CABI Invasive Species Compendium.
In (c), we measure agro-climatic mismatch using features of geography and the climate, as described in Appendix C.
Crop and country xed e ects are included in all speci cations. Standard errors are double-clustered by country and
crop-continent pair.

Figure A7: The E ect of CPP Mismatch and Output After Controlling for Potential Market Expansion

(a) Rain-Fed Model (b) Irrigated Model

Notes Each sub- gure reports a binned partial correlation plot of the relationship between log of crop-speci ¢ output
and CPP mismatch with the crop-speci ¢ leader country, controlling for crop and country xed e ects as well as a proxy
for potential market expansion from improved agricultural technology. Following Bustos et al. (2016), we construct
proxies for potential expansion using the di erence between the (log of) potential output predicted by the high-input and
low-input versions of the FAO-GAEZ agro-ecological model. In panel (a), we construct the control using the variant of
the FAO-GAEZ model that assumes rain-fed agriculture in both high-input and low-input settings. In panel (b), we use
the variant of the model that assumes the use of irrigation in high-input settings. Standard errors are double-clustered
by country and crop-continent pair.
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Figure A8: lllustrating the Variation in CPP Mismatch for the Green Revolution

Notes These maps illustrate the variation in CPP (crop pest and pathogen) mismatch with centers of Green Revolution
breeding. The three rows correspond to wheat, based in the Centro Internacional de Mejoramiento de Maiz y Trigo
(CIMMYT) in Mexico; rice, based in the International Rice Research Institute (IRRI) in the Phillipines; and sorghum,
based in International Crops Research Institute for the Semi-Arid Tropics (ICRISAT) in India. Each map in the left column
shows the distribution of CPP MismatchGR ._ _o across countries © xing the indicated crop : and demeaned at the
destination Cand crop : levels. Darker shades of blue indicate higher values (i.e., more di erent crop pest and pathogen
environments), coded into ve quantiles. Each map in the right column shows the di erence betweeen CPP Mismatch
with the United States and CPP Mismatch with the relevant Green Revolution breeding center, demeaned in the same
way. Darker shades of green denotes higher relative mismatch with the US or higher relative similarity with the Green
Revolution center, coded into ve quintiles.
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Figure A9: Growth in Patented Agricultural Technologies, Europe vs. the United States

Notes This graph shows the total number of patented agricultural technologies (i.e., in CPC class A01) in each ve year
period, comparing patents with assignees in the US to patents with assignees in the modern EU (as of 2018). Bars are the
number of patents issued in the ve year bin noted on the horizontal axis.

Figure A10: Falsi cation Test: CPP Mismatch with All Countries and Output Growth (1990s-2010s)

Notes This gure displays histograms of the coe cient estimates of the relationship between CPP mismatch with each
country separately and log of crop-level output change between the 1990s and the 2010s, as a randomization tset of our
estimates of Equation 15. The e ect of CPP mismatch with the US is marked with a dotted line. The implied ?-values
from this permutation testis ? = 0004
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Figure All: The E ects of Inappropriateness on Global Agricultural Productivity, Incorporating
Both CPP and Agro-Climatic Mismatch

Notes This gure recreates Figure 10 under an experiment that removes inappropriateness due to both CPP mismatch
and Agro-Climatic mismatch. Agro-climatic mismatch is a measure of the dissimilarity of ten features of climate, soil,
and topography at the country-by-crop level, as described in Appendix C. Panel (a) is a histogram of productivity losses
from inappropriateness across countries. Panel (b) is a scatterplot of productivity losses against observed productivity.
The line is a best- t linear regression across countries (slope = 04030, robust SE= 0+005). In each plot, colors indicate
continents.
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Table Al: Correlations Between All Ecological Mismatch Measures
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Table A2: CPP Mismatch and Technology Transfer: Private vs. Non-Private Innovation
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