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Abstract

This paper examines the impact of rural electrification on agricultural productivity and in-
novations between 1910 and 1950. We set up a model of endogenous technological change with
multiple outputs that differ in their requirements of two different inputs. We show that making
an input more abundant leads to innovation in products that use this input more intensively, but
not necessarily innovations complementing this. We combine variation across counties in proxim-
ity to hydro-power plants and variation across agricultural products in pre-electrification energy
intensity. We find that local access to electric power induced an increase in the intensity of pro-
duction and productivity for energy-intensive crops. In addition, electricity bolstered patenting
activity in these products, including when focusing on more cited patents. A disproportionate
fraction of these added patents were directly related to electricity or to activities where electricity
was anticipated to be useful. Inventors who were new and individually-motivated and those in
geographical zones that specialized already in energy-intensive crops were more likely to respond

by generating electrically-related inventions.
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1 Introduction

Technological change is a key force in the process of growth and structural change, and a classic area
of inquiry in macroeconomic analysis and development economics from Smith to Solow to endogenous
growth theory. Understanding the drivers of technological change remains a central topic, on which
empirical research—including history—can provide valuable insights that complement theoretical
work. In this paper, we provide novel evidence on directed technological change at the local level
in a setting where multiple inputs are used in the production of different products with different
intensity.

An old literature introduces the notion of induced innovation, arguing that scarcity and bottle-
necks drive innovation (Hicks, 1932; Hayami and Ruttan, 1971). A more formally expressed theory
of directed technical change (e.g., Acemoglu, 2002b) lays out two relevant forces—market size effects
and price effects—and shows that the force of “induced innovation” underscored in the old literature
is a particular case in which the price effects is dominant, which is unlikely to hold in general. An
empirical discussion of the path of agriculture in the U.S. provides reasons to be skeptical of this
induced innovation view by underscoring supply-side considerations (such as Olmstead and Rhode,
1993). We provide rich, detailed evidence that supports the relevance of directed technological change
in a setting where inputs and sectors are not a one-to-one match.

We study this topic in a setting that offers fine-grained variation in factor availability within a
very important institutional and macroeconomic context: the diffusion of electricity. We examine
the responses of local agricultural production and innovation to this transformation, leveraging the
geographic variation in the diffusion of electricity, combined with differences in its local relevance
depending on the output mix. Furthermore, the local aspect of factor availability raises new questions
in the context of multiple inputs and outputs. Is technology more likely to be complementing factors
that become more abundant for all outputs? Or is it likely to complement the production of outputs
that make more use of that input?

In addition to the historical and economic importance of the factors driving this transformation,
the responses of agriculture offer a window to understanding directed technical change. Classic
studies on induced innovation were, interestingly, focused on agriculture (Hayami and Ruttan, 1971;
Ruttan et al., 1980; Ruttan, 1977). Moreover, agricultural innovation has been shown to respond to
local conditions (Griliches, 1957), making it more likely that the availability of local factors influences
innovation in that sector than in others. Furthermore, during the early 20th century in the U.S.,
two-thirds of all agricultural patents were from rural counties. Agricultural inventors were mostly
from rural areas, a large fraction were farmers themselves or local craftsmen.

A theoretical framework organizes our empirical analysis. In a model where multiple outputs
are generated by using two inputs in different locations, an increase in the local abundance of one
of the inputs will lead to an expansion of the production of the good that is more intensive in that
factor. This is a typical result in a trade framework (Rybczynski, 1955). This reorganization of the

product mix in itself will lead to more incentives to produce machines that increase the productivity



of that crop. We then show that within each product, there may be an additional incentive to focus
on innovations that complement the now more abundant factor. Because prices of inputs are fixed,
this will occur because in those sectors where the factor is used more intensively, innovation that is
complementing it will produce more cost-reduction than in a sector where it is less intensively used.
Finally, there should be heterogeneity by marginal cost of innovations: when the cost of producing
innovations is lower, we should observe a larger response.

We thus turn to testing empirically the predictions of our model. Our empirical design leverages
two sources of variation. First, we rely on the accessibility of electricity to rural counties in the
first decades of the 20th century. This captures early access to electricity since, by 1930, while
larger cities were mostly electrified, less than 10 percent of farms had access to electricity (Lewis and
Severnini, 2017).1 Our period of analysis is thus mostly before the active government investment in
rural electrification and less likely to be due to local demand pressures. The rural counties that get
access do so because of their proximity to cities that wish to electrify. We show that this variation
predicts well which farms had access to electricity and that more electric patents were generated in
those locations. However, our theoretical framework emphasizes that we should observe differential
impact across products, depending on their reliance on energy. We thus also exploit variation within
counties, relying on variation in energy intensity across agricultural products. We show that this is
robust to the way we measure energy-intensity and that it is highly predictive of electric patenting
in those crops at the national level either contemporaneously or once electricity has fully diffused to
all counties.

Our empirical strategy combines variation in energy intensity across crops (as a predictor of
later electricity use) with the variation in electricity access across counties. We argue, like Fiszbein
et al. (2020) did for manufacturing, that sectors (crops) within agriculture that had the highest
energy needs pre-electrification would be the ones that would benefit most from electrification. We
thus compare high-energy crops to low-energy crops in a county with easier hydroelectric power
access to the same difference in a county without access. Using these two sources of variation,
we use a difference-in-differences estimator to measure the effect of local availability of electricity on
agricultural choices and innovation, similar in spirit to Rajan and Zingales (1998), but using variation
across counties and crops.

We begin by documenting that counties with access to hydropower plant become more specialized
in energy-intensive crops relative to other counties. This suggests that the positive impacts of electri-
fication on agricultural production and productivity, previously documented by Lewis and Severnini
(2017), were concentrated in specific crops. This proves our first model prediction and suggests that
inventors may have seen a bigger potential local market for innovations that focused on those crops
than others.

We then show how innovation responded to changes in local conditions. We show that total

1This was mainly due to the high cost of infrastructure investment in relation to the small number of customers
that could be served in rural areas compared to more populated areas. On average, a mile of distribution line could
serve between 50 to 200 customers in a city; whilst in the countryside this was around 3.



patenting increased in energy-intensive crops versus those that were less energy-intensive in counties
that were closer to a power plant. A crop that was 10 percent more energy-intensive saw about
0.04 more patents in a location that was within 70 km of a power plant every 5 years. This is
a substantial number given that the average number of electric patents by crop and county in a
given period was only 0.006. It is robust to the way we de ne access to hydropower. We nd the
bias towards electricity is even more marked if we instead classify patents using action words and
restrict our attention to those where electricity was anticipated to be useful. This suggests that there
was more innovation in those localities and these crops and that this was particularly strong for
innovations related to electricity. Results are robust to a variety of sensitivity checks and are visible
even when focusing on patents that were more cited in the future.

We nally explore whether there is substantial heterogeneity in which counties or crops responded
more to the arrival of electricity, which our model would relate to di erences in the marginal cost of
innovation. We nd evidence that more electric patents arose in locations and products that were
already specializing in these energy-intensive crops but not those that had a large patenting experi-
ence. We also nd that while the additional general patents were assigned and registered by existing
inventors, electric patents had a more substantial share of new and individually-motivated inventors,
maybe indicating that the marginal cost of thinking about electric inventions required new skills and
were not really conceived within large innovation rms. In simpler terms, the arrival of electricity
may also focus potential inventors' attention on taking advantage of the new resource, an example
of, as Rosenberg (1969) put it, \Technological imbalances leading to changes in complementary pro-
cesses" (p. 10). Finally, we nd limited role for experimental stations (Kantor and Whalley, 2019),
for the presence of engineers (Maloney and Caicedo, 2022) or college graduates, suggesting limited
complementarity between state investments or education. In accordance to our model, we nd also
limited roles for di erences in initial wage levels.

Our work contributes to the literature on endogenous technological change. Theories in that
optic (Romer, 1990) maintain that innovations expand the variety of inputs or machines used in
production, increasing the division of labor and a better reallocation of resources. However, the
adoption of these technological innovations are endogenous because they are likely to occur due
to shifts in the supply of inputs that end up in uencing the direction of the technological change
(Hicks, 1932; Acemoglu, 2002b). Our model expands the existing literature recognizing that multiple
inputs and outputs may complicate predictions made about directed technological change (Xu, 2001,
Burstein and Vogel, 2017).

Empirical tests of these models are scarce. Hanlon (2015) shows that when the supply of American
cotton to the United Kingdom was diminished by the U.S Civil War, there was a reorganization of the
industry and investment of capital to create new technologies that favored Indian cotton. San (2023)
shows that the termination of the Bracero program - that reduced the agricultural labor supply led
to innovations directed towards labor-intensive tasks. Calel and Dechezlepretre (2016) demonstrate
that the introduction of the European Union Emissions Trading System (EU ETS) increases in 1%
low carbon patents from rms that are part of the European Carbon Market. Our results emphasize
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that sector-biased innovation responds and that factor-biased innovation occurs within the favored
sectors. Moreover, we are the rst paper to document responses to local incentives for innovation.

There is a large literature on the economic impact of electri cation, and how it increases the eco-
nomic welfare of people that have access to it. Electri cation enhances productivity and economic
outcomes (Kitchens and Fishback, 2015), and improves households' welfare by improving living con-
ditions (Bank, 2008) and increasing household per capita expenditure (Olanrele, 2020). Furthermore,
it may trigger a rise in female labor force participation (Vidart, 2024). Nevertheless, these changes in
the labor market usually come with a cost due to the destruction of certain types of jobs, sometimes
leading to an overall negative e ect on the labor market (Acemoglu and Restrepo, 2019). Fiszbein et
al. (2020) demonstrate that electricity adoption in the U.S. induced rapid productivity improvement
and change in the organization of production in the manufacturing sector. Lewis and Severnini (2017)
argue that early rural electri cation increased agricultural employment and did not have an impact
on the non-agricultural economy, leading rural counties to a persistent economic growth driven by
the expansion of their agricultural sector. Capital deepening did not hollow out the skill distribution
and electri cation therefore created more jobs. We add to this literature an emphasis that this may
not have been equal across all crops with electri cation favoring some more than others.

Studies on the e ects of rural electri cation in developing countries show that the e ects are not
always the same as those of rural electri cation in the 20th century. On the one hand, Dinkelman
(2011) nd that the labor market e ects of the rural electri cation in South Africa in 2001 are similar
to Vidart (2024), leading to rising female employment and increasing overall hours of work. On the
other, Lee et al. (2020); Burlig and Preonas (2021) nd that rural electri cation programs {in Kenya
in 2013, and India in 2005, respectively{ have limited medium-run economic impacts. In these cases,
the economic mechanism to understand how electricity impacts economic outcomes is likely to di er
from the mechanism in the 1900s. Nowadays, electric agricultural innovations are already patented,
and thus estimating the economic impact of electricity arrival in developing countries respond to a
slightly di erent question. While the e ects of electri cation on rural economic outcomes have been
widely studied, not much has been said about the e ects of electricity on agricultural innovation and
how this could have improved the agricultural sector productivity, leading to a better reallocation of
labor and economic growth.

Furthermore, to gain a deeper understanding of the impact of electricity on innovation, it is
essential to explore the mechanisms that drive this relationship. Previous research, such as Gebauer
et al. (2007) emphasizes the importance of local innovation networks and government agencies in
driving innovation and technological change in German regions. Similarly, Brown and Duguid (2002)
highlights the increasing signi cance of local knowledge in driving innovation and competitiveness
in the networked age. However, while these studies suggest that innovation is in uenced by local
incentives, such as policies, worker characteristics, and local innovation networks, there is still a lack
of clear and consistent evidence on these mechanisms. In this context, this study aims to Il the gap
in the literature by providing a causal estimation of the impact of electricity on rural agricultural
innovation.



The rest of the paper is structured as follows. Section 2 outlines a simple conceptual framework
based on endogenous technological change theories and presents our empirical strategy. Section 3
describes the di erent data sources and measures we use. Section 4 presents the results on agricultural
outcomes. Section 5 then presents the results on innovation, exploring robustness and heterogeneity.
The last section concludes.

2 Conceptual Background and Empirical Strategy

2.1 Model

We rst set up a model that can explain what types of innovations will be more likely to be developed
in a model where, in contrast to Acemoglu (2002b), multiple goods are produced each with a di erent
combinations of the same factors. The model is inspired by Burstein and Vogel (2017) who have
multiple inputs and outputs and technological innovation that can be biased towards a factor. Our
model is closest to Xu (2001) who uses a two-input, two-output, two-country model to study the
impact of openness to trade on directed innovation.

Let us imagine that each countyn producesj crops using a combination of laborLj, and energy
Ejn , facing local factor pricesw, and r, respectively. There are multiple varieties of cropj that we
will denote by ! ; and each variety is produced combining both factors in a CES production function
as

w(')=A(j(gE) +@ N yL) )T

where j represents the intensiveness of the producf in energy. g and | capture the factor-
augmenting technology parameters whileA; is technology parameter that is factor-neutral. Finally,

1 represents the elasticity of substitution between inputs in the production of each agricultural
product. This unit cost will be given by
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where =1=1

Each customer has preferences across varieties that are characterized by the standard CES form,
with an elasticity of substitution given by > 1. These preferences generate a demand function for
variety !'; as a function of the price of that variety p(! ;) that is given by

a'p)=E P (p('))

where P is the price index of cropj
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if there are M; varieties for crop j and E represents the total spending in the economy.

As in Burstein and Vogel (2017), given the fact that the production function displays constant
returns to scale, each variety will be priced at its unit cost if rms compete a la Bertrand{that is by
posting a price and selling all units demanded by consumers at that price if it is the lowest price on
the market{ and farms are initially identical. 2

The total quantity of crop j produced in the county Qn(j) depends on the production of each
variety aggregated through a constant elasticity of substitution factor such that

Qn(j)=4 q(j)d;>
0

The aggregate outputj is traded competitively between counties.

Each county is endowed with a xed amount of workersL, and a xed amount of energy E,.
Factors are priced competitively and thus the demand for energy and labor of all producers is equal
to that endowment. We will model the arrival of electricity as an increase in the endowment of a
county in terms of energy.

Proposition 1: Impact on crop choice. Assuming that productivity parameters are xed and
that we are in the cone of diversi cation, a county that obtains access to electricity will seeQn(j)
increase for the products with the highest j and shrink for those with the smallest ;.

Proof. See Rybczynski (1955). In order to be in equilibrium, factor demand must equal factor
endowment at the county level. Factor demand forE,, could increase for each crog if the factor
price of E was to fall. If we are in the cone of diversi cation and factor prices are xed, demand can
increase by the expansion of crops that have the highest;. In order to maintain the equilibrium
in the labor market, crops with the lowest ; will shrink. This will allow factor prices to remain
constant.

We now add the possibility of technological change. Assume that some farms can purchase a
patent or invent a new machine over which they will have monopolistic power. Given that farms
compete a la Bertrand, farms that can lower their unit cost through this investment would price their
output just below that of the farms without the new technology and capture all the market. The extra
pro ts they could obtain from purchasing that technology would thus be (Coig(oh (! j))  Crew(h (! )))
Oh(!j). Thus, a farm would purchase a new technology whenever

(Coid(on () Crew(ah('j)) h('j) Pin

where pj, represents the price of the new technology.
Inventors (or rms selling the new technology) are assumed to be monopolistic. They will produce
new technologies for crog in county n as long as they can extract a pricepj, for that technology is

2As an alternative, as in Bustos (2011), farms could have market power and maximize prots given the demand
they face and with CES preferences, this would generate a constant mark-up over marginal cost which would replicate
the results presented below.



higher than their marginal cost MCj, . This leads us to our next proposition.

Proposition 2: Impact on sector-biased innovation Assuming that all innovations are equally
costly to develop (sameMCj,) and can generate a similar decrease in the cost per unit produced
(samecoig(oh('j))  Crew(ah(!;))), innovation will be more biased towards energy-intensive sectors
(high ;) after the arrival of electricity.

Proof. If all innovations have the sameMCj, , then rms would invest in those inventions that can
obtain the largest p;, . Based on the willingness to pay equation, innovation will target varieties that
have a higher demanda, (! ;) if its impact on the unit cost is the same as well. With the arrival of
electricity, we have already shown that crops that are more intensive in energy will expand more.
This will imply that o, (!;) will increase for crops in counties with electricity than those without.
Incentives will thus become higher to develop new technologies in those crops in those counties than
in others that do not receive electricity.

This is akin to the \market size" e ect described in Acemoglu (2002a). In that work, incentives
were higher for inventions that were more complementary to the productivity of the factor that
became more abundant. However, sector and factor were a one-to-one match in that model. In our
setting, sectors that are more intensive expand to absorb the local more abundant factor. There is
no incentive to increase the productivity of energy in a sector that is shrinking because of the arrival
of electricity.

Let us now detail how the nature of innovation may di er within a crop j and county n. De ne
the factor-biased productivity parameters such that the unit cost become

clon(!)) = 1 () Tt o+@ ) TAwa)t T
Aj Z(! j )

z(! ;) represents a technological parameter that improves the productivity of the energy input
at the cost of that of labor. We also parametrize the intensity of the \energy-bias" in innovation
through 2 [ 2;2]. When that number is positive, it is energy-biased or augmenting while when it
is negative, the innovation is labor-biased.

Proposition 3: Factor-biasedness of new innovations. Innovation in sectors that are expanding
will be more likely to be energy-biased innovation when j (z(!j) =2rn)t > (1 )(z(';) T2wn)?
for > 0, that is when the sector is more intensive in energy and when the price of energy is lower
than that of labor.

Proof. Investing in A; lowers the unit cost by c=A;. Investing in z reduces the unit cost by

c(l+5) j(z(y) “Pra)t +(@ @ () TPwn)?
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The di erence between the two depends on the second fraction of the expression above. For any
> 0, that expression will be larger than 1 whenever ;(z(!;) =?2r,)t  is larger than (1
i)(z('j)=2wn)!t . In counties where wy, is larger, the incentive to invest in energy-biased in-

novation will be lower than in counties where that cost is higher because the cost-reduction that can

be achieved through that innovation is less than when energy is relatively more expensive.

Local innovation will thus increase in crops that are more energy-intensive compared to crops
that are less so in counties where electricity becomes available compared to those where it does
not. Whether that innovation will be energy-biased or not will depend on the relative cost of labor
and energy before the arrival of electricity. For crops that have a higher j, it is more likely that
innovation be energy-biased when faced with the same factor prices.

This is related to what Acemoglu (2002a) calls the \price e ect", by which there is less of an
incentive to invest in a technology that complements a factor that is cheaper because the gains from
doing so are lower. However, in our case, if we are in the cone of diversi cation, prices do not respond
to the local availability of electricity and thus do not modify incentives for energy-biased innovation.
Instead, innovation will always be biased towards crops that expand but the factor-bias will depend
on the initial conditions that include prices.

So far, we have assumed that the cost of producing a new technologM(Cjn ) is the same for
all counties, crops and types of innovation. This is not necessarily true. Kennedy (1964) discusses
that there may be limits to the \innovation production frontier". We may think that this applies
to local capacities of innovators as well. There are some tasks for which there may have been
limited ways to improve productivity. Electric tractors, for example, were not useful because there
was no way to keep them plugged while in the eld. If gaining access to local electricity modi es
the cost of producing machines that are electric because the knowledge about electricity di uses or
complementary innovations are developed, this could also in uence the energy-bias of innovation in
crops that are expanding. It may also in uence who becomes an inventor if the arrival of electricity
does not in uence the cost of innovation in a similar way for all potential inventors.

Proposition 4: Heterogeneity of innovation e ect by cost. Innovation in crops that are

expanding will be more present whenMCj,, is lower. It will be more energy-biased ifMCj, is lower

for those innovations.

Proof. The marginal bene t of innovating in crops that are more energy-intensive will be higher in
counties that get access to electricity than in those that do not (compared to less-energy intensive
crops) because of the response gy (!j). When MCj, is lower, this increased output will lead to
even more innovation by rms selling the new technology. IfMCj, diers by type of technology, it
will also change the factor bias of the innovations.

We will proxy for the marginal cost of innovations by using actions that were technologically
easier to electrify. We will also look at the identity of inventors if rst inventors or those working on
their own have higher marginal costs of developing new technologies. Finally, we will also

Similar results can be obtained if one considers instead a partial equilibrium model in one isolated



county where the arrival of electricity lowers the price of that input. Marginal costs decrease more for
crops that use energy more intensively, leading them to increase more output. This would increase
the incentives to invest in technologies for that crop. There would be a price e ect that would counter
this but as in Acemoglu (2002a), this should be smaller than the market size e ect.

Thus, the model predicts that the arrival of electricity in a county that is a small open economy will
lead to more production and thus more incentives for innovation in energy-intensive crops compared
to a county that does not receive electricity. Innovation may be general or skewed towards energy,
depending on the relative factor prices and on the marginal cost of developing the new technology.

2.2 Empirical strategy

Our empirical strategy derives from the model presented above. It suggests that we should compare
counties with and without electricity in crops that were more of less energy-intensive before the arrival
of electricity and study whether there is a response in terms of (i) crop mix; (ii) total innovation

e orts; and (iii) factor-bias of that innovation.

Following Rajan and Zingales (1998) we will use the crop-county as the unit of analysis { instead
of industry-country - to estimate a di erence-in-di erence estimator that exploits the geographic
variation in electricity access and the variation in the energy needs between di erent crops.

We will estimate the following equation:

( Vit = t EPio Proxee+ i+ ¢+ ict (1)

wherei denotes a crop andc a county. We control for crop, i, and county, ., xed e ects, which
capture, respectively, crop- and county- speci c linear trends. (Our variation also allows us to control
for unrestricted trends by county and crop, which we do in robustness checks.)Prox is variable
measuring the proximity of county c to hydropower in period t. EP;.o measures the energy-intensity
of crop i before the arrival of electricity. ( Y)ict corresponds to the change in an outcome between
t relative to a base year. ; measures the dierential impact of the local availability to cheaper
electricity on the agricultural outcome of crops that were more energy intensive. Given that the
treatment is arguably at the county level, and there could be within-county correlations across crops,
ict corresponds to clustered standard errors at the county level. We estimate this period by period
t and thus look for whether this relationship evolved over time in a way that would be consistent
with time lags behind the invention process. We then pool all post-1915 years in one regression
to compute the average di erence between counties with and without access to electricity in high-
versus low-energy intensive crops.

3 Data

We combine data at the county-crop level to run these speci cations, and estimate the impact of
local availability of cheaper electricity the outcomes speci ed by our framework.
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3.1 Agricultural inputs and outputs

Using the interaction between electricity access and crop energy-intensity, we test the rst prediction
of our model regarding the change in crop mix. We measure this through proxies of inputs and
outputs per crop at the county level. These outcomes are found in the decennial (and intercensal
for 1925 and 1935) Census of Agriculture between 1900 and 1940. We use the digitalized versions
available from NHGIS when possible. We also use some variables that were digitalized by Lafortune
et al. (2015). We digitalized some additional variables for the purpose of this research. We are able
to use 23 numbers of di erent crops in this data. For these, we measure inputs as the acres planted
for a crop when available. When the product is not planted by acres, we use the number of trees (for
fruits and nuts) or the number of animal heads (for milk and animal husbandry). We see that for
crops that are planted, corn and forage are the ones that use the most acres in our sample. Tobacco,
rice and beans are the ones planted in the smallest surfaces. The fruit most commonly planted is
by far apples with more than 50,000 trees on average per county. The amount of milk cows is about
half of the rest of beef cattle and other animals are much more numerous.

Our baseline period for these outcomes is 1900 and post-periods are from 1910 to 1940. Data for
1890 are sparser.

To unify our di erent units of inputs, we estimate the expected output value for each input by
employing the data of 1930. For that year, we have value of production and amount of inputs for
each of almost all of the 23 crops, where we have to join all fruits and nuts into one category and all
di erent animals into one as well. We thus run a regression for each crop of value of products against
input at the county level. From that regression, we obtain an average value of product per input in
1930. We thus provided an estimated value of products for all counties and years using that \price"
multiplied by the amount of inputs for that crop in that county in that year. The fact that we use
1930 as our reference year ensures that the di erence across years is entirely due to change in input
intensity and not in returns to those inputs. Products that have the highest value in our sample are
hay and other forage, corn and animal husbandry.

3.2 Agricultural Innovation E orts

We use as a proxy of e orts or incentives for innovations the number of patents for a given crop
and county. Most of the data related to innovation are collected from United States Patents and
Trademark O ce (USTPO) data through Google Patents.

We build a balanced panel for all the county-crops that at least had one patent during the whole
1850-1950 period:

Our outcome variable is the change in agricultural innovation at the county-crop level, measured
by the number of agricultural patents for each country-crop in a 5-years period, using 1890-1895 as

Sput di erently, if a county ever had a patent in a given county and crop between 1850 and 1950, we include that
crop-county cell in all years of our data, including zeros. But the set of crops may di er by county.
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a baseline?. While patents are clearly not the universe of all innovations, they provide one possible
way of measuring how much interest there was in nding and selling innovations to American farmers
over this period.

Following San (2023), we use USTPO data from Google Patents and focus on technological
innovations related to harvesting and mowing (CPC class A01D). Since we are concerned about agri-
cultural innovation and not just harvesting, we also include patents within agriculture and forestry,
planting, sowing, fertilizing, horticulture, plant reproduction and animal husbandry (CPC classes
AO01B, AO01C, A01G, AO1H, A01K). We treat animal husbandry and milk production as two sepa-
rate crops. Patents are allocated to crops by searching the name of the crops in the patent's text.
When the name of more than one crop appears in the text, we allocate it to the crop that appears
more times. A fraction of patents do not include the mention of any crops and are thus classi ed as
\no-crop". These are, in general, generic patents like a hoe or a cultivator that can be employed for
many di erent crops and none are mentioned. The patents are also allocated to electricity innova-
tions by searching the word \electr”" in the patent's text. When the string is found, we classify the
patent as electric®> Finally, we eliminate all the patents with kind code equal to E, since they are
re-examinations.

The invention's location is retrieved from the HisPat dataset, where the invention is allocated
to the county in which the inventor was based. We restrict our sample to agricultural inventions
in rural counties to avoid the in uence of power plants and electric innovations developed in large
urban centers. Thus, we exclude all the counties that had less than 30 percent of the population
being rural in 1910 or in 1920. At the same time, we make use of Fiszbein et al. (2020) county
matching procedure, to ensure consistent boundaries in geographical entities over time. By doing
this, we address the issue of counties splitting, merging with other counties or changing their name.

Two-thirds of the patents related to agricultural innovations during the period of interest are
located in what we de ne as rural counties, but innovation is highly concentrated in a few ones.
From the 2400 rural counties we have in our sample, on average, there are around 826 rural counties
that develop agricultural patents in each of the 5-years period. For all these rural counties, there
were a total of 3462 patents from which just 13 were electric between 1890-1895, whilst for the period
1930-1935, the same rural counties developed 2950 patents from which 150 were electric.

From the patent ling, we can recover the name of the inventor. Using this, we can classify
whether an inventor is \new" or \old" in terms of this being the rst patent where their name was
mentioned. The patent ling also includes whether the patent is assigned or not. Assigned patent
transfers the legal ownership of a patent from the inventor to another person or rm (assignee). This
implies that the assignee now enjoys all the rights and bene ts of the patent.

“We choose this 5-year period as the base comparison, since it was just 10 years after electricity was invented and
electricity was still absent from rural US counties but not so far that there may be other technological changes at play.

5We selected random patents for di erent classi cations and tested if the algorithm was correctly classifying them.
We found that all the randomly chosen patents were correctly classi ed, except for the crop corn. The algorithm was
considering all the patents that included the word corner ascorn patents. To deal with this, we classi ed them as corn
patents just if the corn count was greater than the corner one, and nally manually checking random patents.
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We nally also matched inventors to the Censuses of 1880 to 1940. We used the Census year
closest to that of the patent and matched the inventor based on their name (Jaro-Winkeler score of
0.95 or better) and county of residence. We restrict our attention only to male inventors since the
fraction of female inventors is extremely small. Out of the 32,172 agricultural patents in our database,
we were able to nd 12,823 inventors with a perfect or unique match (sample 1). We added about
2,000 more when adding those where the rst-ranked match was di erent than the second instead of
requiring perfectness (sample 2).

Appendix Table A.1 rst shows the characteristics of these inventors in all years. Using either
samples, we document that inventors are around 44 years old, 12-13 percent are foreign born and
around 31 percent are either foreign born or second-generation immigrants. About half do not live
in the same state where they were born. More importantly for our argument that innovation is a
local activity, 70 percent live in rural counties and almost 40 percent are farmers (owners, managers,
laborers) and about 15 percent are craftsmen (including the local blacksmith, carpenter, butcher,
etc). Less than 2 percent are engineers and a bit more than 10 percent of them are not fully literate.
In 1940, the only year where we can measure years of education, inventors have on average 10 years
of school, with a small fraction having attended college. This clearly points to innovators as being
local and exposed to farming activity, which reinforces the idea that they could respond to local
incentives relatively quickly.

3.3 Energy Needs

Our empirical strategy requires a measure of which crops could benet more from the arrival of
electricity. Crop variation in energy-intensity in 1850-1905 - before electricity was invented and
widespread - is used as a predictor of electricity adoption in the 1900s. Using Google Patents data,
we search for the word \horsepower” and \steam" to construct a proxy of pre-electricity energy
intensity by calculating the share of patents by crop that required energy - under our classi cation

by word search - in 1850-1905. Figure 1 displays graphically the energy-intensity measure obtained
from this strategy. Appendix Table A.2 reports the exact values the energy-use ranking produced.
Based on our main measure which includes the mention of horsepower and steam in 1850-1905, we
observe the gray bars indicating that milk production is substantially more energy-intensive than
any other farm activity. At a lower level, animal husbandry, nuts, no-crop, strawberry, wheat and
tobacco are also energy-intensive while the crops classi ed as low energy crops are most vegetables
and fruits, sugarcane, bean, sugarbeet, rye and oats.

We next show that the ranking remains very similar when restricting our attention to earlier
(large gray squares) or later periods (triangles). Finally, we also add additional words such as power
and engine, which we had not included in our rst measure because those two words may directly
measure electrical inventions. We observe with the small squares in Figure 1 that while there are
some di erences between both measures, the ranking across crops is broadly consistent across the
two measures. All exact numbers are provided for these alternatives in Appendix Table A.2.
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Figure 1: Energy-intensity of crops by di erent measures

Figure 2 shows graphically how energy-intensity is correlated with electricity adoption by showing
the fraction of patents mentioning the word \electr" for crops that are in the bottom and top half of
the energy-intensity distribution. At the beginning of the twentieth century, very few patents were
electricity-related, irrespective of the energy-intensity of the crop. As electricity spread to American
farms, the fraction of patents that mentioned electricity remained very low for crops that were not
very energy-intensive at the beginning of the period. However, for the most energy-intensive crops,
the share increases steadily over the period, reaching 0.5 percentage points at the end of the period.
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Figure 2: Share of electrical patents by Crop in Rural Counties

Note: This graph shows the share of patents in all rural counties by two groups of crops that mention the word \electr"
every 5-years. The x-axis corresponds to the rst year of each of the 5-years period.

We now formalize the link between energy-intensity and electricity-relevance. The energy intensity
for each crop before the expansion of electricity predicts electricity adoption, since it means that those
crops required more horsepower, and probably machines which are more likely to use electricity once
there is easy access to it. We show this in Table 1 where we regress the fraction of patents at the
national level that are electric for a given crop against our 1850-1905 energy-intensity measure. We
use 1950-1970 since most American farms have been electri ed by this period, implying that access
to electricity is not driving these results but rather technical suitability. While this is a very simple
regression where omitted variables could be a problem, we show that a crop that had one percent
more mention of energy words before the arrival of electricity observed 0.2 to 0.3 percentage points
higher use of the word electr in future agricultural patents. This suggests that our measure captures
the technological likelihood that a crop will be able to benet from electricity. We next use other
versions of our energy-intensity measure changing either the type of words used or the time period
over which the fraction of patents using them is computed. We nd that the strong relationship
continues irrespective of the way we measure energy intensity.
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Table 1: Relationship between future electricity-intensity and past energy-intensity of a crop

Fraction of patents electric
1950-1970 1950-1960 1960-1970

1) 2 3)

Energy intensity (horsepower and steam, 1850-1905) :084 0:236 0:319
(0.085) (0.082) (0.097)

Energy intensity (adding power and engine, 1850-1905) :@79 0:428 0:523
(0.190) (0.177) (0.218)

Energy intensity (horsepower and steam, 1850-1890) :292 2:852 2:971
(0.683) (0.586) (0.805)

Energy intensity (horsepower and steam, 1850-1870) 1972 9:622 9:225

(3.975)  (3.564)  (4.608)

N 29 29 29

We next repeat this analysis, but using contemporaneous patents. However, because we are afraid
of the geographic component we will use later being highly relevant, we will control for xed e ects
by county in the following regression:

EPict = energyi+ c+ t+ it (2)

Where EPj;; corresponds to the share of electrical patents for each county-crop in each of the
5-years periods from 1910 until 1950,energy; is the crop energy intensity in 1850-1905, . are
county e ects,  are year e ects. Standard errors are clustered at the county level. measures
the correlation between the crop energy intensity with the share of electrical patents for each crop,
taking as xed everything that is constant at the county level.
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Table 2: Relationship between crop energy-intensity and the frac-
tion of patents being electric

Fraction of patents being electric
1850-1905 1850-1890 1850-1870

1) (2) (3
Panel A: Horsepower and steam only
Crop Energy Intensity ~ 1.042***  1.736*** 2.425%**

(0.104) (0.164) (0.423)

Panel B: Adding power and engine
Crop Energy Intensity  0.253***  0.248*** -0.196

(0.038) (0.047) (0.123)
N 7457 7457 7457
Crop FE No No No
County FE Yes Yes Yes
Year FE Yes Yes Yes

Note: The table shows pooled OLS regressions for all the 5-years periods
between 1910-1950 of speci cation (2). Each observation is a county-crop-
year bin. It shows the correlation between the crop energy intensity (de ned
di erently in each panel and using di erent years depending on the columns).
Clustered standard errors by county in parentheses. * p < 0:10, ** p < 0:05,
¥ p< 0:01

We see that the share of patents by county-crop that used energy in 1850-1905 is positively and
signi cantly correlated with the share of electrical patents for each crop from 1905-1950. A one
percent higher use of energy words in patents for a given crop before the arrival of electricity leads
to one more percent of patents being electric in that crop. This suggests that the share of energy
patents pre-electricity is a good predictor of electricity adoption by crop once electricity arrives to
American farms, even once controlling for elements that are speci ¢ to each location. We show that
the correlation remains whether we use the full pre-electricity period or only some sub periods to
calculate the energy-intensity of crops.

In Panel B, we use our broader de nition of energy intensity, this time using also power and
engine as words indicating energy. The coe cients fall as the range of this measure is wider than
the one presented in Panel A. However, it continues to show a positive and signi cant correlation
between crop energy intensity and the fraction of patents mentioning electricity when using the full
pre-electricity period or at least 1850-1890. We do observe that the measure becomes weaker when
using only the rst 20 years of our dataset.

Panel A of Appendix Table A.3 shows that the relationship between crop energy intensity and the
fraction of patents that are electric remains very signi cant over all 5-year periods of our analysis.
In terms of magnitude, it is largest for 1940-1945 and then shrinks after that.

We see this as indicative that our measure of energy intensity properly captures di erences across
crops that were linked to the usefulness of electricity in the future.
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3.4 Access to Electricity

Our empirical strategy also requires a measure of access to cheaper electricity. A common measure
used in the literature to identify the county's electricity access is the distance to the nearest power
plant (Kitchens and Fishback, 2015; Fiszbein et al., 2020; Lewis and Severnini, 2017). The proximity
to the nearest power plant was an important determinant of rural electricity access since it was
not feasible to transport electricity far from the generation site before the late 1920s (Vidart, 2024;
Cassaza, 2004) and, if it was feasible, electricity was considerably more expensive if the nearest power
plant was far. At the same time, it is unlikely that the location of the plants was in uenced by rural
demand for electricity since it was still too low by 1935. In this context, we consider a county close
enough to a power plant, and hence, having access to cheaper electricity, if the county's centroid
distance to the nearest hydro power plant was within a radius of 70 kilometres. This is based on the
fact that Fiszbein et al. (2020) nd lower prices until this precise cut-o .

Using Kitchens and Fishback (2015) data on the state of the location of the electric transmission
grid and electric generation plants in 1935 - built from the Federal Power Commission National
Power Survey Interim Report Power Series No. 1 digitized using ArcGIS - we obtain a measure
of each county's proximity to the nearest electric generation and/or transmission infrastructure for
that year. We also identify early electricity access using Fiszbein et al. (2020) data on access to
early hydro-power using the Census of Central Electric Light and Power Stations and Street and
Electric Railways of 1912. In 1935-1940, 62% of rural counties were close to a power plant, whilst in
1910-1915, only 32% of rural counties that were. However, there were some plant closures, increasing
the distance to the nearest power plant for some counties. Figure 3 shows the two maps with the
location of the power plants in both years - 1912 and 1935. In our main speci cation, we will employ
both sources of variation and not the change between the two periods.

In order to ensure the robustness of our ndings, we employ an additional measure of access to
electricity in rural counties by utilizing data on electrical capacity within a 50-mile radius of each
county in 1911 and 1919. Vidart (2024) derived this data from the \Central Station Directory:

A Complete List of Electric Light and Power Companies with Data" published by McGraw which
contains information on plant power generation and location.
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