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Economists and historians have long asserted that some innovations are more economically important than

others. To take just a few examples, the steam engine, railroad, telegraph, electric dynamo, and integrated

circuit are often heralded as some of the most important inventions of the past three centuries. Though

intuitive, such assertions tend to be qualitative and not fully substantiated. How can technological impor-

tance be more rigorously and empirically evaluated? With perfect data, it would be possible to measure the

contribution of every innovation to total factor productivity and output by constructing a counterfactual

growth trajectory without a given technology and comparing it to observed outcomes. While social savings

calculations of this type have occasionally been attempted (e.g., Fogel 1964), establishing a counterfactual

requires painstaking detail, and the conclusions are only as reliable as the counterfactual itself, which tends

to lean heavily on point estimates, approximations, and the researcher’s assumptions.

Is there another way to discern transformative innovations from less consequential ones, not only ex-post

but also in real time, concurrent with the allocation of research budgets and adoption subsidies? Existing

proxies for importance such as patent citations and patent values are unsatisfactory, as many inventions

go unpatented (Moser 2012), citations are noisy (Jaffe et al. 2000) and only available with a lag (Hall et

al. 2005), and recent evidence suggests the most valuable patents may be defensive rather than productive

(Abrams et al. 2013). A more reliable, empirical measure of technological importance that can be applied

contemporaneously and retrospectively could potentially reshape our perception of historical innovations,

our understanding of the inventive act, and the manner in which scarce resources are allocated to research

and development. It turns out such a measure is already available – in the form of technology diffusion,

which summarizes the market’s collective assessment of any given technology.

In this paper, I use theory and evidence to argue that the most important technologies will be general-purpose

in the sense of David (1990) and Bresnahan and Trajtenberg (1995) and that general-purpose technologies

can be identified from patterns in their diffusion, even before they are widely used and their full effects can

be observed. I additionally show that these are typically not de novo inventions but rather evolve from more

primitive, antecedent technologies first developed for use in specific, limited applications – a pattern which

is wholly apparent in historical diffusion data. Together, these results establish a simple, straightforward

method for differentiating historical innovations in terms of their generality and locating promising new

technologies at early stages of development by observing patterns in their use.

General-purpose technologies (GPTs) are innovations which complement a wide variety of other technologies

in distinct applications, have considerable scope for improvement, and eventually become pervasive in the

sectors in which they are used (Bresnahan and Trajtenberg 1995; hereafter BT). In practice, they tend to

be enabling technologies: a device such as a steam engine does not by itself assemble a widget or move a ton

of freight, but it can power the machines that do. These complementarities are precisely what makes GPTs

so valuable, as improvements to the GPT make innovation in the using industries more profitable (and vice

versa) and can thereby trigger an extended, virtuous cycle of endogenous growth.
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The motivation behind BT (1995) is the perception that technologies with these properties have historically

played an important role at the aggregate level. In their words, “whole eras of technical progress appear to

be driven by [just] a few GPTs,” such as the steam engine in the Industrial Revolution, electricity in the

first half of the twentieth century, and semiconductors today.1 However, when it comes to identifying GPTs,

existing studies are short on empirical evidence and instead rely on qualitative arguments and intuition

to assess whether a particular technology meets the given criteria.2 The imprecision of these criteria has

allowed researchers to apply them frequently and inconsistently, resulting in a broad search that has yielded

over 20 alleged examples since the Bronze Age, many of which are empirically dubious. Field (2008) surveys

this work and its haphazard results, listing GPTs across six domains that have been identified in academic

articles, ranging from bronze tools to factory production to information technology; given their differences,

Field is justifiably skeptical that they belong to the same category of innovation.

Responding to this popular hunt for GPTs, and a small literature that re-cast not just the Solow productivity

paradox but all long-run growth in terms of GPTs, Field and others argue that the concept has been

overextended without critical examination, to the point where it has lost nearly all credibility. According to

this camp, the notion of a “general-purpose technology” is a false construct with at best a shaky empirical

foundation. As these doubts have grown, research on GPTs has fallen out of favor and now exists in an aura

of skepticism. To paraphrase recent conversations with well-known economic historians, in which I asked

how useful s/he believes the GPT concept to be, the answer was typically “not at all.” While these critiques

have merit, I find that the problem is not with the notion of a GPT per sé, but rather with the way it has

been developed and applied: when permitted a more flexible, realistic interpretation, generality of purpose

is both an empirical phenomenon and a useful framework for organizing thought.

In particular, the original Bresnahan and Trajtenberg model (reviewed in Section 1.1) presupposes the

existence of a “general-purpose” class of technologies, each of which has a unidimensional quality (z). Re-

alistically, it is almost certainly the case that there exists a continuum of generality, with no obvious gap

between general-purpose technologies and the rest. To address this shortcoming, in Section 1.2 I extend the

model to support such a continuum. In this extended model, each technology is characterized by a general

quality and a vector of application-specific qualities. It is also the case that technologies move around on this

continuum as they develop, and this movement is often – though not always – in the direction of increased

1Indeed, Crafts (2002) finds that electrification and IT investment were each responsible for about half of annual U.S. per-capita
GDP growth at their height; in both cases, roughly one-quarter of this contribution came from TFP growth and three-quarters
from capital deepening. Similarly, the farm tractor – a GPT studied in this paper – is estimated to have generated social
savings of 8.0 to 8.6 percent of U.S. GNP in 1954 alone, relative to a counterfactual without tractors (Steckel and White 2012).
According to Olmstead and Rhode (1994), “the conversion from draft power to the internal combustion engine [in farming and
transportation] was one of the most far-reaching technological changes ever to occur in the United States.” In agriculture, what
was once back-breaking work became relatively effortless. Tractors increased the cropland available for human consumption by
30 percent by freeing up land previously devoted to feeding draft animals and reduced labor requirements in U.S. agriculture
by more than 25 percent through 1960 (Olmstead and Rhode 2001).

2Examples include David (1990), David and Wright (1999), Rosenberg and Trajtenberg (2004), and Crafts (2004). An exception
is Moser and Nicholas (2004), who use patent citation data to evaluate electricity-related patents issued in the 1920s and find
that patent-based evidence does not substantiate the claim that electricity was general-purpose. However, patent- and citation-
based measures are inherently limited, for the reasons previously described.
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generality. I thus derive the conditions under which a technology is expected to endogenously develop general

quality versus quality for any particular application or set of applications.

I then use the model to motivate broad-based diffusion as a concrete measure of generality. While details

are provided in the body of the paper, the reasoning is intuitive: the more general a technology becomes,

the more diverse are its uses and in turn the set of users. Strategic complementarities will also be reflected

in the joint diffusion of the GPT and its complements. Access to this objective measure of generality makes

it possible to consistently apply the GPT criteria and clearly identify innovations that are most GPT-like,

overcoming two common criticisms of existing applications of the concept.

While this approach makes it easy to compare two substitute technologies in the same domain, how can

it be used to make cross-sectoral technological comparisons? Here it is useful to recognize that in both

the model and the data, generality is inherently context-dependent. To take an arbitrary example, one

could argue that the kitchen blender is a GPT, since it can be used to blend any food and it has spawned

complementary technologies in the form of attachments that can chop, grate, and slice. However, it would be

more accurate to claim that a blender is general within the food preparation industry, where it is used. When

food preparation is only a small fraction of output, the aggregate impact of a GPT in the kitchen is trivial.

A GPT in health care such as penicillin would be far more important given the share of output generated

by this sector. Thus, context matters: the bigger the context, the more important is a GPT in that context,

ceteris paribus. Acknowledging that context is relevant in this way makes it possible to evaluate the relative

importance of technologies in any domain, overcoming a third common criticism.3

To illustrate the power of this extended model, the paper then pivots to a case study of the farm tractor.

I use quantitative and narrative evidence to show that the farm tractor is an agricultural GPT – one that

completely upended the organization of agriculture in the twentieth century, reducing labor requirements

on U.S. farms alone by at least one-fourth and increasing cropland available for human consumption by

even more (Olmstead and Rhode 2001). Tractors are now pervasive in agriculture and derive most of their

value from their ability to power and tow the agricultural implements used to do the day-to-day work of

plowing, planting, cultivating, and harvesting crops. Yet early models were much more constrained in their

capabilities and effectiveness across crop types. This part of the paper begins in Section 2 with a description

of the design and operation of a farm tractor and a review its history. Section 3 describes the data used to

establish the tractor’s generality, which are primarily drawn from the U.S. Census of Agriculture. In Section

4, I use the data to demonstrate that the tractor meets the GPT criteria exceedingly well, and in Section

5 I show that the modern tractor developed from a device useful for only a limited set of tasks into what

eventually became known in the industry as the “General-Purpose” (G-P) tractor.

3For the remainder of the paper, I use the unqualified term “generality” at the sector level (e.g., manufacturing, agriculture,
services). By this definition, a technology is general if it finds use across many industries (i.e., applications) in a sector. A
tractor could thus be considered a GPT in agriculture; so can hybrid seed, when viewed as a process innovation. The most
general technologies will transcend sectoral boundaries, finding application across sectors. The model presented in Section 1
can be used to understand GPTs in any context, broad or narrow.
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To confirm that these patterns are not unique to tractors, in Section 6 I extend the analysis to water wheels,

steam and internal combustion engines, and electric power – technologies previously alleged to be GPTs –

to re-evaluate their generality on empirical grounds. The results suggest that as sources of motive power in

manufacturing, these technologies were increasingly rather than equally general, and that by any reasonable

standard, water wheels were not general. Much like the tractor, the more general of these technologies all

began with only limited application. Perhaps most notably, the generality of each of these technologies can

be seen in early diffusion data, when it provided only a small fraction of power in manufacturing, suggesting

that its eventual importance could have been foreseen in advance of its realization.

In fairness, many of these ideas are not new to the GPT literature. Lipsey, Bekar, and Carlaw (1998) observe

that a “broad-based pattern of demand is a necessary condition” for a GPT. Jovanovic and Rosseau (2005)

use data on different technologies’ share of horsepower in U.S. manufacturing to evaluate the generality of

different power sources, as I do in Section 6. These articles and others have also rightfully pointed out that

GPTs are not unprecedented new technologies and that they “unfold over the long haul” (Rosenberg and

Trajtenberg 2004). But existing work only mentions these ideas in passing, as if secondary, and has failed to

develop a metric by which to compare technological generality. This paper establishes that these ideas are

essential to harnessing the concept’s potential as a means of evaluating innovation.

A final contribution of this paper is to research on technology diffusion, which dates back to Griliches’ (1957)

study of hybrid corn and Rogers’ (1962) magnum opus on the subject. Early studies examined neoclassical

explanations for delayed diffusion using tools such as threshold models, which are discussed in more depth

in Section 2. More recently, development economists have turned their attention to potential market failures

inhibiting adoption, with evidence that imperfect credit markets; formal education; learning-by-doing, social

learning, and other information spillovers; and present bias all have a role to play. These papers have

focused heavily on the role of information and contracts in explaining “slow” diffusion of new technologies

in developing countries while lending little attention to product design. Yet in the case of tractors, the late-

adopting U.S. Corn Belt had to wait for the row-crop tractor to be invented before any substantive diffusion

could take place. The results of this paper thus highlight the importance of product designs that meet the

heterogeneous requirements of users in different settings, and they support the notion that when it comes

to technology diffusion, product design is paramount to market design – a point more often acknowledged

by engineers than economists.4 This paper additionally contributes to a growing trade literature on spatial

technology diffusion by highlighting the spatial patterns in the tractor’s spread.5

4This notion is the impetus for recent efforts among engineers and entrepreneurs focusing on design for the developing world
(e.g., see http://www.ideo.org/ and http://d-rev.org/). While economic field experiments in developing countries have shown
that there are externalities and market failures in technology adoption, the evidence in this paper suggests these considerations
are considerably second-order to finding high-quality, low-cost product designs that work for end users.

5These spatial patterns are more the result of spatial variation in benefits to adoption than costs. Gross (2014b), in progress,
studies the role of transport costs as a barrier to tractor diffusion in the 1920s and 1930s and finds that freight costs had a
statistically significant but far more modest effect on diffusion at the county-level.
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1 Theoretical Framework

1.1 Review of BT (1995) Model

The Bresnahan and Trajtenberg model consists of a monopolist GPT sector, which develops some general-

purpose technology and sells to an arbitrary number of application sectors, each of which incorporates the

GPT into the design of a sector-specific technology. In this model, the GPT is subsumed into the final

product sold by each application sector, but this need not be the case in practice: demand for the GPT can

also come from end-users, who may combine the GPT with complementary devices (attachments) to create

a functional unit. BT’s (1995) core results persist in the latter case as long as GPT demand retains the

properties described below.6 The GPT is thus modeled to be the locus of an entire ecosystem of innovation,

powering technological progress and growth across many other sectors of the economy.

The GPT is characterized by price w, marginal cost c, quality z, and R&D costs Cg(z) that are increasing and

convex in the GPT’s quality. Each sector-specific technology developed by application sector a is similarly

characterized by quality Ta and R&D costs Ca(Ta) that are increasing and convex in its own quality.

The application sectors’ investment in the sector-specific technologies’ quality generates private returns of

Πa(w, z, Ta) to firms in each sector. The exact form of Πa depends on the downstream market structure and

is nonessential; the key assumptions are that Πa
w < 0, Πa

z > 0, Πa
T > 0, and most importantly, Πa

zT ≥ 0. This

latter assumption implies innovational complementarity between R&D in the GPT and application sectors:

a higher quality GPT makes innovation in the sector-specific technology more profitable.

Within this framework, each application sector a’s solution is to develop Ta up to the point where the

marginal returns to R&D equal the incremental cost. Denote this solution T ∗a = T ∗a (w, z). This solution

implies GPT demand from sector a of Xa(w, z, T ∗a ), which (by Hotelling’s lemma) is

Xa(w, z, T ∗a ) = −Πa
w(w, z, T ∗a )

It is further assumed that Xa
w < 0, Xa

z > 0, Xa
T > 0, and Xa

wz < 0; the latter assumption imposes that a

“GPT monopolist cannot appropriate more than the incremental surplus” resulting from quality improve-

ments, leading it to undersupply quality (as in Spence 1975). With minimal assumptions, it follows that the

GPT sector’s marginal revenue has similar properties. These assumptions imply strategic complementarity

between z and Ta for all application sectors a: just as the application sector’s return to investing in Ta

increases in z, the converse also holds. The GPT can thus give rise to a virtuous cycle of endogenous growth,

as innovations in the GPT and complementary technologies feed off each other, and the effect compounds

6The assumption that application sectors incorporate the GPT into their product design is a natural one for integrated circuits
in microelectronics, which was the example motivating the original model. The assumption is perhaps less fitting for other
alleged GPTs such as steam engines or electric generators – and in this paper, farm tractors – which are sometimes purchased
directly by end users who combine them with separate, complementary devices.
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as increases in z induce extramarginal application sectors (e.g., those with high R&D costs or better outside

options) to begin developing a new GPT-centric technology.

More formally, the GPT sector selects z to solve

max
z

Πg(z; c,T)− Cg(z)

where Πg(z; c,T) = (w∗ − c)
∑
a∈AX

a(w∗, z, Ta) is the GPT sector’s return, T is a vector of the comple-

mentary technologies’ quality, and w∗ is the profit-maximizing price of the GPT. Note that historically, the

GPT sector has not always been a monopolist.7 Since the BT (1995) model effectively has it taking the

GPT price as given when selecting the quality z of the GPT, the requirement of a monopolist GPT sector is

unnecessary as long as firms can (even temporarily) retain rents from innovation. The GPT sector’s solution

is z∗ = z∗(c,T) and from the discussion above is known to be is increasing in T.

The model yields a multiplicity of equilibrium (z∗,T∗) pairs, each with a different set of participant appli-

cation sectors. The remainder of BT (1995) focuses on the equilibrium with the largest possible number

of participant application sectors A, which also has the largest z∗ and T∗, and demonstrates that vertical

and horizontal externalities8 increase the social value of innovation above private returns, leaving firms with

insufficient incentives to innovate. While not the focus of this paper, these results are equally applicable to

the extended model below.

1.2 Rethinking the BT (1995) Model

As critics have noted, the BT (1995) model is incapable of systematically identifying more from less important

technologies, as general-purpose technologies exist by assumption rather than by implication. I thus propose

a theoretical refinement that allows technologies to exist on a continuum of generality – an arguably more

realistic assumption – and implies a diffusion-based measure of generality. By re-casting the GPT model in

this way, it becomes possible to consistently apply the GPT criteria and clearly identify innovations that are

more general in purpose, resolving common criticisms of previous research.

The theoretical contribution of this paper is simple, but it turns out to have powerful implications for

measuring technological generality: I re-define all technologies to have some non-negative general quality

zg and application-specific qualities {za}a∈A across a range of applications a ∈ A. General quality reflects

features that are generic or useful for many purposes, such as the rotary motion produced by a motor.

Application-specific quality is that which is limited in its scope, like a component attached to a motor that

performs a specific, repetitive task, and as the name implies is valuable only in particular applications of the

7E.g., manufacturers of tractors (a focus of this paper) were drawn into price wars that decimated the industry in the 1920s.
8Vertical externalities arise from the inherent tension between the GPT sector’s ability to appropriate rents on innovation by
increasing w and the downstream sector’s returns to innovation, which are decreasing in w. Horizontal externalities arise from
the positive spillovers generated by improvement in Ta, which makes all other application sectors better off by raising z.
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technology. Within such applications, this limited functionality can substitute for general functions (e.g., a

self-powered component). It would thus be sensible to express a device’s total quality for an application a as

ζa(zg, za). In this framework, general quality is special for two reasons: it is useful across many applications,

and it can complement the application-specific quality of other technologies.9

In this extended model, a technology is characterized by its price w, marginal cost c, general quality zg,

application-specific qualities {za}, and R&D cost functions for general and application-specific quality CSg (zg)

and {CSa (za)}, which are increasing and convex, with S indexing the inventing sector. For the sake of

exposition, in the remainder of this section I take one technology and evaluate its use in other industries

and interrelationship with industry-specific technologies. I adopt the BT (1995) convention of naming them

GPT and application sectors for continuity. To hone the intuition, I assume that each application sector’s

technology has only application-specific quality, which I write as Ta (continuing the notation of the original

model). Realistically, technologies of the application sectors may have their own interrelationships with each

other and other sectors and may even be GPTs themselves. Indeed, examination of the farm tractor suggests

it is possible for GPTs to build on other GPTs, as a tractor’s design includes a gas engine.10

Here it is useful to elaborate on these ideas with a concrete example. I concentrate on agricultural technolo-

gies, which are the focus of this paper. In the present model, the farm tractor is a device with substantial

general quality (zg): it is useful in all stages of agriculture, from pre-planting to harvest, and its primary

function is to power and tow the agricultural implements performing the field operations. Each agricultural

implement is used in a single task or stage of agricultural production and may even be specific to a sin-

gle crop. An implement is an application-sector technology with application-specific quality (Ta) that can

complement the tractor’s general quality. These technologies can be contrasted with devices such as the

standalone cultivator or grain combine, each of which is used in a single stage of production and neither

of which requires a separate tractor. The latter could be characterized as tractor-like devices with more

application-specific quality (za) or as an implement-like device with more general capabilities; in either case,

they substitute for tractor-implement combinations. For the sake of exposition, I treat them as specialized

tractors, with fewer general features and more application-specific features.

The key innovation in this extended model is that the focal technology is permitted to have some positive

amount of both general and application-specific quality, which aggregate for particular applications. In

this framework, the line between GPTs and non-GPTs blurs, as the focal technology may be very general,

somewhat general, or not at all general. Because of their general usefulness and abounding complementarities

with other technologies, those with high general quality will be the most GPT-like.

The returns to R&D accruing to application sector firms can now be written Πa(w, zg, za, Ta). As in BT

9Note that in this framework, only general features in zg can complement other technologies, by assumption. Application-specific
features in za are more likely to substitute for these other technologies, fulfilling their functions.

10This discussion highlights a feature of the model that will be elaborated later in the paper, which is that generality of purpose
is necessarily context-dependent. Whereas the farm tractor is general within agriculture, the gas engine that powers it is even
more general, having found use in transportation, manufacturing, and other sectors.
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(1995), Πa is assumed to be decreasing in w and increasing in zg, za, and Ta. Changes in the application-

specific quality of the focal technology for other applications (i.e., zã for ã 6= a) have no direct bearing on

Πa.11 Innovational complementarities are present only between zg and Ta; if anything, za might substitute

for Ta, and no complementarity or substitution exists between zã and Ta for ã 6= a.

Given (w, zg, za), the application sector’s solution is T ∗a = T ∗a (w, zg, za), mirroring BT (1995), and is increas-

ing in zg and decreasing za: zg complements Ta, making it more valuable and spurring investment, whereas

za substitutes for Ta, making it unnecessary. Sector a demand for the focal technology is now

Xa(w, zg, za, T
∗
a ) = −Πa

w(w, zg, za, T
∗
a ) ,

with the familiar properties of Xa
w < 0, Xa

z > 0, Xa
T > 0, and Xa

wz < 0 for z ∈ {zg, za}, similarly extending

to the GPT sector’s marginal revenue from application sector a. Strategic complementarities result between

zg and Ta, similar to those between z and Ta in the original model.

1.2.1 Endogenous Generalization

The GPT sector must choose how much general and application-specific quality to develop, and when R&D

is budget-constrained, it faces a trade-off between them. If the R&D costs of general quality are large, and

complementary technologies exist in only a handful of application sectors, the GPT sector may opt to invest

in application-specific features over general features. The GPT sector’s problem is

max
zg,za1 ,...,zan

Πg(zg, za1 , . . . , zan ; c,T)− Cgg (zg)−
∑
a

Cga(za)

If the GPT sector has a constrained R&D budget, the interior solution has Πgγ/Cgγ
′ = λ for all γ = g, a1, . . . , an.

However, interior solutions may not exist if the benefits to developing a particular quality accrue more quickly

than costs, which may occur along the convex end of an S-shaped diffusion curve. In this case, the feature

with the highest shadow price (marginal benefit/cost) will be developed until another exceeds it (implying

diffusion in the targeted sector has passed an inflection point), the second-order condition for all general and

application-specific qualities is satisfied, or the R&D budget is consumed.

In many cases, general features will develop ahead of any application-specific features, as the benefits to

improving general features aggregate over all of the using sectors, especially if the cost of developing general

features is modest relative to this gain. When application-specific features develop ahead of general features,

it must be the case that its R&D costs are especially low or demand from that sector is particularly high

for exogenous reasons.12 History suggests there is merit to this argument, as many eventual GPTs first

11Improvements in zã may still indirectly affect Πa as a result of horizontal spillovers.
12These same factors can also explain why particular complementary technologies fail to develop. For example, the delayed

invention of a mechanical cotton picker has been explained by institutional features of the U.S. South constraining demand
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developed with applications limited to areas in which they were especially needed.13 This result also has

analogy to theories and evidence of directed technical change (Acemoglu 2002, Hanlon 2013), with relative

factor prices guiding the direction of innovation in the aggregate.

If the GPT sector is not constrained, as in BT (1995), then it will develop all qualities – including general

quality – up to the point where the marginal benefit meets cost. Application-specific quality for any particu-

lar application a may never develop if the cost exceeds the gain, which may be the case when complementary

technologies for use in sector a are already available, making the GPT’s application-specific features super-

fluous. (Conversely, the using sector may never invest in building up complementary technologies if the GPT

already fulfills the function.) These results are summarized in the following proposition.

Proposition 1

1) When the GPT sector faces an R&D budget constraint, an interior solution for (zg, za) has Πgγ/Cgγ
′ = λ

for all γ = g, a1, . . . , an for which zγ > 0 and some constant λ. If the second-order condition fails for any

sector a, then application-specific quality may develop in advance of general quality, with qualities developing

in decreasing order of their profitability until all s.o.c. are satisfied or the budget is consumed.

2) Absent a budget constraint, general and application-specific quality will develop up to the point where

marginal benefits equal costs across all γ = g, a1, . . . , an for which zγ > 0.

1.2.2 Diffusion as a Measure of Generality

One of the contributions of this paper is to establish broad-based diffusion as an empirical measure of a

technology’s generality. The intuition of why diffusion data can be used to measure generality is that as zg

rises, a technology will be increasingly useful to, and thus adopted by, firms across all application sectors,

and these firms will be co-adopting the GPT alongside complementary technologies.

To formalize this intuition, suppose the focal technology has total quality ζa = zg + za for applications in

sector a. Let diffusion in sector a be given by Da = F (zg + za), where F (·) is a known, S-shaped CDF.

Diffusion in sector a is increasing in both zg and za; diffusion in sector b will be increasing in zg but not

directly affected by za. Since F (·) is one-to-one, it has a functional inverse F−1(·), and


F−1(Da1)

...

F−1(Dan)

 =


zg + za1

...

zg + zan

 . (1)

and the difficulty of the engineering problem (Fite 1950, Musoke 1981, Whatley 1985, Whatley 1987). See Section 5.1 for
further discussion.

13Two GPTs studied in this paper fit this description: the steam engine, and the farm tractor. In both cases, productive
activity was constrained by physical limitations: in mining, this was the ability of a worker or draft animal to haul a mining
cart; in agriculture, it was both the ability of a farmer and team of horses to haul a plow – a physically demanding activity
– and the ability to expeditiously harvest crops with short harvest seasons.
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Equation (1) is a system of n equations with (n+1) unknowns, one of which may be normalized to zero with

no loss of generality. When zg is large relative to the {za}, diffusion of the focal technology will be equally

high across many sectors. Because the diffusion function is one-to-one, broad-based diffusion implies that

the level of zg dominates the variation in za across the application sectors.

In concept, the diffusion of a GPT-like technology should also depend on the quality of complementary

application-sector technologies, since its value derives primarily from its complementarities with these other

devices, and could be hindered by their underdevelopment. This parameter is omitted from equation (1),

as it is fully determined by the characteristics of the GPT itself: T ∗a = T ∗a (w, zg, za). What this means

in practice is that when the focal technology generalizes, complements should immediately develop to take

advantage of these new capabilities. Historical experience broadly concords, though exceptions do exist.14

Barring such exceptions, broad-based diffusion should proxy for generality.

A GPT is characterized not only by its broad usefulness but also by its complementarities with other

technologies. These complementarities should be discernible from the correlated diffusion of the GPT and

complementary devices. The model implies that if these complementarities are present, GPT diffusion will

be increasing in the quality of the complement (Ta), diffusion of sector a’s technology will be increasing

in the quality of the GPT (ζa), and the cross-partial of each will be positive. Joint diffusion of the focal

technology with sector-specific technologies is evidence that this condition is true. The econometric strategy

undertaken in this paper to identify the presence of complementarities is to treat the assorted application

sectors as independent, explaining GPT diffusion for one application and then leveraging the prediction to

explain the diffusion of complements in other applications. These ideas lead to the second proposition.

Proposition 2 A GPT’s generality will manifest in broad-based diffusion. Innovational complementarities

will manifest in co-diffusion of the GPT and its complements.

1.3 Discussion

Bresnahan and Trajtenberg (1995) argue that GPTs constitute a distinct class of technologies that are

pervasive, bear substantial scope for improvement, and have strategic complementarities with other devices.

Generality undoubtedly occurs in shades of gray, but as the model reveals, diffusion patterns can be used

to identify the most general-purpose technologies. Broad-based diffusion serves as a concrete measure of a

technology’s functional generality, and co-diffusion with associated devices provides a measure of innovational

complementarities. Pervasiveness is by definition the completeness of diffusion. The final criterion set forth

14For example, the mechanical corn harvester was invented just five years after the the first general-purpose tractor (1930 and
1925, respectively). Firms similarly began attacking the cotton harvesting problem immediately after the development of a
general-purpose tractor, but the mechanical cotton picker was quite slow to develop due to the difficulty of the engineering
problem as well as institutional features of the U.S. South constraining demand (Whatley 1985, 1987). As a result of these
holdups, Southern farms were among the last to mechanize, such that the tractor’s generality to cotton farming may not
immediately manifest in diffusion data. These examples, and their implications for the identification of GPTs, are discussed
further in Section 5.1, which examines tractor diffusion in the South.
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by Bresnahan and Trajtenberg, potential for improvement, is typically self-evident ex-post and often apparent

in real time. Potential for improvement can be characterized in the model as the convexity of the R&D cost

curves, with less convex curves implying greater improvement per research dollar.

These results address principal criticisms of existing research on GPTs. They also suggest a strategy for

distinguishing more consequential innovations from the less important ones, as more general technologies

will have a larger presence in the aggregate, all else equal. It remains to show that GPTs do in fact reveal

themselves in diffusion data and that GPTs develop generality rather than being born with it. These

questions are the focus of the remainder of the paper, which primarily studies the development and diffusion

of the farm tractor to demonstrate the empirical relevance of the model.

2 History of the Tractor

Farm tractors are vehicles that deliver high torque15 at slow speeds, providing towing power, and are mostly

used to haul agricultural implements like plows, planters and cultivators, corn harvesters, and grain combines.

A tractor by itself is of little use; its value derives from its ability to steadily tow, and in some cases power,

attached machinery lacking an independent power source. In this respect, tractors directly possess the

strategic complementarities that are so fundamental to GPTs.

Farm tractors can be broadly classified into four categories: regular, crawler, orchard, and garden. The

vast majority of modern and historical farm tractors would be considered regular under this classification.

Crawlers have tracked wheels, similar to those of military tanks, for use in regions with heavy or wet soils

or uneven terrain such as the Pacific west, where increased traction is needed. Orchard tractors have a low

profile and sheetmetal casing to allow it to maneuver through orchards without damaging the trees. Garden

tractors are similar to regular tractors but have smaller engines and chassis and are designed for use in

landscaping, domestic gardens, and estate maintenance. Since the beginning of the tractor age, heavier-duty

industrial tractors have also been manufactured for construction, mining, and other engineering applications,

which provided much of the earliest demand for tractors prior to their mass-production. Modern tractors

are typically equipped with a diesel engine, a hitch that attaches to implements, power take-off (PTO), and

electrical power transmission, all of which were absent from the earliest models.

15Torque is the ability of a force to rotate an object around its axis. Torque is a function of the the magnitude of the force,
the angle at which it is applied, and the distance of the point at which it is applied from the axis. For a concrete example,
turning a wrench connected to a bolt produces torque, which is increasing in the amount of force applied, how perpendicular
the force’s direction is to the wrench, and the distance between the bolt and where the force is applied. It will thus be easier
to loosen the bolt by applying force at the end of the wrench. A bicycle may be a more apt example: low gears (which have
a larger diameter) offer more torque per unit of force, since the chain is turning the gear further away from its axis; this is
why low gears are used in ascent. Motor vehicles with high torque (e.g., tractors, heavy-duty trucks) have long-stroke engines
with large cylinders and piston rods attached to the crankshaft further from its axis, traversing a longer circumference in each
rotation. The higher torque allows the engine to generate more horsepower at a given RPM. Those with low torque, on the
other hand, need more revolutions to generate the same horsepower. Cars with a low torque engine can achieve high wheel
(output) torque through the use of gears, whose primary function is to transmit torque.
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The history of the farm tractor begins with steam tractors, which first appeared around 1870. Steam tractors

were effectively portable steam engines, primarily used for plowing and post-harvest threshing, with little

portable use beyond tillage. They were equipped with a drawbar for towing portable implements and a belt

pulley to power stationary implements. Steam tractors were heavy, expensive to purchase and maintain, and

prone to mechanical failures and explosion, and while they were never a serious threat to farms’ dependence

on draft power, they were a clear antecedent to the internal combustion tractor.

Tractors with gasoline engines were invented around 1890, though as Figure 1 shows, tractor diffusion was

practically nonexistent before the late 1910s. These early gas tractors were expensive behemoths, as Olmstead

and Rhode (2001) describe them, much like the steam tractors that preceded them – only fueled by kerosene,

which eventually gave way to gasoline and then diesel fuel. Like steam tractors, they used a drawbar to attach

to implements and a belt pulley to power stationary equipment.16 The first small, lightweight, affordable

tractor was the Bull tractor in 1913, but the transition to smaller and cheaper tractors was only finalized

with the introduction of the Ford Fordson in 1917.

[Figure 1 about here]

The Fordson was the first big commercial success in the tractor industry, and by all accounts – including

Figure 1 above – it marked the beginning of the tractor era. By the end of 1918, Ford had overtaken its

competitors in sales (Leffingwell 1998), and by the early 1920s, the Fordson accounted for 75 percent of all

tractor sales in the U.S. (Leffingwell 2002). Henry Ford continued his assault on the tractor industry by

initiating a price war in 1922, cutting the Fordon’s price by 35 percent overnight. The “tractor price wars”

(as they are now known) led to a wave of consolidation from over 150 manufacturers to just a few dozen. The

only firm to match Ford’s price cut was International Harvester (IHC). By the time Ford ended production

of the Fordson in 1928, it had sold nearly half of all tractors sold in the 1920s (White 2010).17

The advantage of the Fordson was its size, agility, and low price, but its low clearance made it impractical

for cultivating row crops like corn or cotton, leading manufacturers to separately sell expensive, standalone

cultivators (Sanders 2009) and corn belt farms to continue relying on draft animals. A contemporary observer

(Iverson 1922) noted that “The possible market for tractors ... in the corn belt [sic] has hardly been scratched,

for study reveals that only about six per cent of the farms in these six states have tractors, while the other

ninety-four percent still depend on horses for power,” and that “the logical solution ... is to design a tractor

that will do cultivating as well as plowing, disking, dragging, and other drawbar work.”

IHC saw this deficiency as an opportunity to develop a more advanced model that the industry termed a

“General Purpose” (G-P) tractor, and in 1925 it began selling the Farmall. The model name, along with the

16Any portable implement that needed to be powered would either have to get that power from the movement of a bullwheel
or provide it independently. As a result, the tractor’s principal application in the field remained tillage.

17Other sources agree that Ford dominated the decade: Gilbert’s (1930) survey of four agricultural regions in New York in 1926
revealed that 54.7 percent of tractors used on the surveyed farms were Fordsons.
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general-purpose branding, provides the first indication that tractors were becoming an agricultural general-

purpose technology in the sense that economists have used the term. The Farmall had high clearance and

adjustable-width treads for use in all of plowing, cultivating, and harvesting, on both row crops and small

grains. It also had a more powerful engine; a belt pulley to power stationary equipment; and PTO, in the

form of a motor-driven shaft to power implements lacking an independent source of power. As Sanders

(2009) writes, “It was designed (and thus named) to accomplish all of the power needs on the farm. At last,

farmers could replace their horses and mules with one general-purpose tractor.”

The Farmall was an instant hit, and it ushered in a new generation of tractor technology as competitors

rushed to imitate the Farmall’s design and develop their own G-P tractors. John Deere came out with its

version in 1928, and Allis-Chalmers in 1930, but by that point the Farmall was already dominant, having

overtaken Fordson sales in 1927/28. Further advances in tractors soon followed: in 1927, Deere invented the

power lift for raising implements during turns, a time-consuming and enervating task (White 2000); in 1931,

Caterpillar built the first diesel-engine tractor; in 1932, Allis-Chalmers introduced pneumatic rubber tires

that improved fuel efficiency and forward horsepower; and in 1938, Ford introduced the Ferguson three-point

hitch for attaching implements, replacing the drawbar. Manufacturers quickly made these features standard,

and by 1938 the industry had arrived at a dominant design: the main features of the modern tractor had

been set. Over the following decades, G-P tractors “would change little, except for increasing in size and

horsepower” (White 2010) and adding comfort features such as enclosed cabins.

Several features of the model in Section 1 are embedded in this history, especially the predictions of en-

dogenous generalization and the co-development of tractors and associated agricultural implements. The

tractor’s earliest applications were in tillage – back-breaking work for animals and humans alike. The physi-

cal requirements of plowing generated exogenously high demand for mechanical power and explains why the

first steam tractors were developed to be, and termed, “plowing engines”. Tractor development subsequently

continued in applications related to grain production, where demand was relatively high, the engineering

problem was relatively easier, and complementary harvesting equipment was already available. Only later,

when the marginal gains to improvements in standard tractors were exhausted, and specialized equipment

such as standalone cultivators were found to be unprofitable, did manufacturers direct their research effort

towards a general-purpose design with broad-based demand.

Once the tractor generalized, implements were created to perform nearly any task in the field. Plows, harrows,

planters, and grain harvesters, threshers, and combines were all available for use with standard, Fordson-

type tractors. Later came cultivators, corn harvesters (1930), cotton pickers (1942), and harvesters for many

other crops.18 Mechanical corn harvesters entered production only a few years after the Farmall, supporting

the theoretical assertion that manufacturers of complementary devices respond quickly to improvements in a

18Harrows smooth the soil after plowing, planters lay the seed, and cultivators turn the topsoil for secondary tillage of budding
row crops. Grain harvesters, threshers, and combines cut grain stalks and separate the grain itself from the chaff. Other
mechanical harvesters are generally crop-specific. Mowers and balers cut and bundle hay.
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general-purpose technology. IHC similarly began working on a mechanical cotton picker immediately after the

Farmall and by the early 1930s believed it had solved the fundamental engineering problems for such a device

(Whatley 1987, referencing reports of the IHC “New Works Committee”). Tractors were in turn adapted to

be used with such equipment, reflecting the two-directional effects of innovational complementarities, and

improvements such as the three-point hitch specifically served this end.

Figure 1 reveals that the data accord with this narrative history: 1920-30 is the first decade of the tractor,

with diffusion rising from 3.6 to 13.5 percent of U.S. farms, mostly in Midwest and Pacific states. Figure 2

below shows the path of diffusion in each Midwest state from 1920 to 1940. In 1920, only 6.8 percent of farms

in the Midwest owned a tractor. Between 1920 and 1930, this fraction nearly quadrupled to 25.7 percent

of Midwestern farms, and by 1940, diffusion had reached 42.4 percent, despite stagnating during the Great

Depression. North Dakota, South Dakota, and Kansas led the trend towards mechanization throughout the

1920s, while Corn Belt states such as Iowa, Illinois, and Nebraska were clear laggards in 1930 but experienced

the largest increases in diffusion the following decade.

[Figure 2 about here]

2.1 Previous Research on Agricultural Technologies

The tractor’s history thus appears to match the theoretical properties of an agricultural GPT with humble

origins. Though previous research alludes to these properties, generality of purpose has not historically been

the focus of economic research on agricultural technologies. Existing literature concentrates on documenting

and explaining delays in the diffusion of reapers, tractors, hybrid seed, and other innovations.

David (1966) brought the neoclassical threshold model of reaper adoption to the diffusion literature, asserting

that there existed a threshold acreage below which adoption was unprofitable and should not occur. Olmstead

(1975) questions the requisite assumption of an indivisible, static technology as unrealistic, as joint ownership

and contracting of reapers were common practice and reaper quality was improving, and suggests that farm

size was simultaneous with the adoption decision. Ankli (1980), Ankli and Olmstead (1981), Clarke (1991),

White (2000), and others have attempted to calculate adoption thresholds for tractors in order to explain its

delayed diffusion, despite the well-known critiques of David’s (1966) model. Myers (1921) and Gilbert (1930)

lend support to both advocates and critics of the threshold model, acknowledging that “the advantages of a

tractor increase with [the] size of the farm business” while also pointing out that contract work was common

and that tractor adoption led farms to expand: “the ability to do more work with the tractor resulted in an

increase in the amount of land worked on nearly one-third of the farms visited” (Gilbert 1930).

Clarke (1991) argues that financial barriers slowed tractor diffusion in Illinois and Iowa in the 1920s and

New Deal relief, rather than market prices or technological advance, caused a surge in diffusion in the 1930s.
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To support this claim, Clarke first calculates a 1929 adoption threshold of 100 acres for farms in Corn Belt

states. Clarke then finds that only about half of the farms above this threshold owned a tractor in 1929, and

that this gap narrowed over the subsequent decade. After correlating “underdiffusion”19 with measures of

farmers’ cash holdings and mortgage debt ratios and obtaining coefficients with the expected signs (negative

and positive, respectively), she attributes the growth in diffusion to New Deal price supports and lending

programs that allegedly improved Corn Belt farmers’ financial position and lending conditions.

With a fixed adoption threshold, would-be adopters must have previously been credit-constrained in order

for these policies to cause a surge in tractor purchases. Clarke argues that this was the case because crop

prices fell precipitously following WWI, triggering a wave of foreclosures (Alston 1983) and increasing overall

debt burdens. Yet, as Clarke notes in the paper, farm mortgage debt was fairly concentrated: 60 percent of

owner-operators were debt-free in 1920, and still 55 percent were unmortgaged in 1929. Of those who were

indebted, “a majority serviced their loans with little trouble in the 1920s,” and “less than 5 percent of loans

[from federal lenders] were delinquent.” The most damaging evidence may be that North and South Dakota

– both Wheat Belt states – were the leading adopters of tractors in the 1920s, despite the post-WWI collapse

in wheat prices and farm foreclosure rates near 50 percent (Alston 1983, Table 1).20 White (2000) further

notes that “the same farmers that Clarke concluded might not have been able to obtain a loan for a tractor

were cheerfully buying automobiles for cash” before 1930: roughly 80 percent of farms in Midwest states

owned automobiles at that time, compared to only 25 percent with tractors. The difference was not for lack

of manufacturer credit, as both Ford and International Harvester provided financing to their customers.

Clarke’s (1991) regressions also suffer from common shortcomings. Most importantly, thresholds are not

exogenous to financial variables: an increase in the interest rate will necessarily raise the threshold, resulting

in a mechanical decline in diffusion among 100+ acre farms, as farms just above 100 acres will no longer be

in the adoption zone. Large and small farms may also be differentially likely to be mortgaged, a form of

simultaneity. Given these shortcomings, the evidence that liquidity constraints explain delayed diffusion in

the Corn Belt is questionable, though financing undoubtedly played – and continues to play – an important

role in equipment purchases. In Appendix E I use data on New Deal grant and loan relief at the county level

(Fishback, Kantor, and Wallis 2003) to explore the possibility that improving financial conditions were more

important to tractor diffusion in the 1930s than the technical advances that are the focus of this paper.

Manuelli and Seshadri (2014) counter the popular claim that tractor diffusion was inefficiently slow due to

market imperfections with the more traditional argument that exogenous changes in substitute factor prices

and improvements in tractor quality over time can rationalize this allegedly “slow” diffusion. The observation

19Defined to be the fraction of farms above the 100-acre threshold without tractors.
20Alston (1983) attributes the wave of farm foreclosures in the 1920s and 1930s to agricultural expansion during WWI and

the post-war collapse of crop prices, with wheat and corn prices declining 60 to 80 percent from 1920-21 and falling further
during the Great Depression. The seeds of foreclosure in affected states were thus sown, and much of the damage inflicted,
prior to the tractor’s takeoff in the 1920s. Tractor adoption would have then proceeded in spite of farm foreclosures, rather
than having been a cause or contributor to them.
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that “a ‘tractor’ in 1960 is not the same capital good as a ‘tractor’ in 1920” (Manuelli and Seshadri 2014)

matches my findings, but the methodology is more restrictive in that it considers only aggregate diffusion over

time and uses changes in a tractor’s unidimensional quality to explain it. One-dimensional quality belies the

true nature of the tractor or any other general-purpose technology. While it may be able to explain diffusion

over time, it cannot explain cross-sectional heterogeneity in diffusion – and as later sections will show, the

cross-sectional variation swamps the variation over time between 1920 and 1940.

3 Data and Identification

The empirical analysis in Sections 4 and 5 studies tractor diffusion in 1,059 counties across 12 Midwestern

U.S. states.21,22 The Midwest region led the country in tractor adoption through World War II and exhibits

sufficient spatial variation in diffusion early in the tractor era to be able to trace its generalization. It also

includes most of the major grain-growing U.S. counties, making it of inherent interest.

This analysis integrates data from several sources. I use county-level data in Midwest states from the 1910,

1920, 1930, and 1940 U.S. Census of Agriculture to measure tractor diffusion, investment in agricultural

implements, farmland, crop mix, and other characteristics of farms and farmers. I use the U.S. Census of

Population from the same years for supplementary county-level data. The dataset also includes records of

bank failures from the FDIC; county-level New Deal expenditures from Fishback, Kantor, and Wallis (2003);

point-to-point freight rates and local railroad density from W.J. Hartman Publishing (1916) and Donaldson

and Hornbeck (2012), respectively; Dust Bowl soil erosion from Hornbeck (2012); average levels and variation

in elevation and rainfall at the county-level, from the USGS and PRISM Climate Group at Oregon State

University, respectively; and usual harvesting dates by state and crop, from the USDA. I use these data to

understand and control for patterns in U.S. agriculture affecting tractor adoption.

The decadal Census data are primarily used to empirically demonstrate the tractor’s increasing generality

over this time period. The 1954 Census of Agriculture is the earliest Census with county-level data on the

ownership of implements such as grain combines and corn harvesters, and I use measures of tractor and im-

plement diffusion at this time to identify strategic complementarities in the form of county-level correlations

in the intensity of tractor and implement ownership. Data from more recent Agricultural Censuses (2002,

2007) can be used to assess whether the tractor is now pervasive in U.S. agriculture.

I use the NHGIS county boundary shapefiles (Minnesota Population Center 2011) for the 1910-1940 Census

years to aggregate continuous geospatial data (elevation, rainfall) at the county level and drop all counties

21The included states are: Illinois, Indiana, Iowa, Kansas, Michigan, Minnesota, Missouri, Nebraska, North Dakota, Ohio,
South Dakota, and Wisconsin. These states form the East and West North Central Census Divisions.

22Across these 12 states, there were 1,049 counties in 1910, 1,056 in 1920, 1,057 in 1930 and 1940, and 1,056 in 1950, reflecting
county mergers and divisions over time, mostly occurring in North and South Dakota. In sum there are 1,059 uniquely defined
counties over this period. The baseline sample is restricted to the 1,035 counties whose borders were unchanged from 1910
to 1940; regression sample sizes are generally less than 1,035 due to missing variables for some county-years.
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that merged or divided over the sample period as well as counties whose geographic centroids shifted more

than 0.01 degrees in latitude or longitude between decades. The main analysis treats remaining counties’

borders as static, reflecting the stability over these years of the centroids calculated by mapping software. For

robustness I explore the sensitivity of the results to county border adjustments that maintain 1910 borders,

following the procedure described in Hornbeck (2010), and obtain similar results.23

Empirical Methods and Identification

I use spatial variation in tractor diffusion across Midwestern counties with historically different crop mixes

to demonstrate the increasing generality of the tractor across crop types. If the narrative account is true,

we should find high levels of diffusion in counties growing mostly field grains in the 1920s and considerably

lower diffusion in counties primarily growing corn. Following the introduction of the G-P tractor in the late

1920s and subsequent refinements, the difference should mitigate or reverse from 1930-40, with corn-heavy

counties experiencing catch-up increases in diffusion. Innovational complementarities should reflect in joint

adoption of tractors and implements that must be hitched to them.

Identification throughout Sections 4 and 5 hinges on the existence of a “Corn Belt” and a “Wheat Belt” that

are inherently better suited to growing different crops for exogenous reasons (such as soil type, climate, etc.),

and that farmers’ crop choices reflect these local advantages regardless of whether they own a tractor. The

identifying assumption is that crop mix is independent of any unobserved factors affecting the decision to

adopt the tractor. Since crop mix is simultaneous with the choice of inputs and technology, I also instrument

for contemporaneous crop mix with pre-tractor values and regress directly on lagged values, as tractors were

unlikely to have influenced crop choices in 1910 (or even 1920, in some areas), when there were only around

1,000 tractors on U.S. farms (Historical Statistics, Table Da623-634). However, as the maps in Appendix G

illustrate, the spatial concentration of crops is relatively unchanged through 1940.24

Table 1 provides more information on the crops grown in Midwestern states through WWII. The mix of crops

was indeed fairly stable throughout this period. Wheat acreage spiked at the end of the first World War,

reverting back to pre-war levels by 1930, and acreage of plants such as oats and hay declined modestly along

with the draft stock it was largely used to feed, but on the whole, the crop mix of Midwestern agriculture

went relatively unchanged from 1910-1940.

[Table 1 about here]

23I forgo Hornbeck’s (2010) border adjustment in the main analysis to avoid synthetic observations constructed by piecing
together fractions of counties on the assumption that county-level variables are evenly dispersed across space.

24The Midwest crop mix began to change in the early 1940s. Prior to the 1940s, soybeans were uncommon and were typically
grazed off or plowed under after being used for nitrogen fixation. Harvested soybean acreage exploded during the war, much of
it displacing corn fields in the Corn Belt. The other new crop with significant acreage was sorghum, mostly grown in Kansas,
Oklahoma, and Texas. The current acreage and geographic concentration of field crops is available from USDA (2010).
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These six crops – corn, wheat, oats, barley, rye, and hay – alone account for roughly 85 percent of harvested

acreage in the Midwest in 1930 and 1940 and 50 percent of all farmland. Figures 3 to 5 provide further

evidence that their level and balance as a fraction of farmland, cropland, and harvested acreage changed

little over time. However, the most compelling evidence that a stable Wheat Belt and Corn Belt exist comes

from maps plotting the regional distribution of acreage in each crop (Appendix Figures G.1 to G.4, with

darker blues representing higher concentrations of the given crop).

[Figures 3 to 5]

In Section 4, I demonstrate complementarities by correlating tractor and implement diffusion. To identify a

causal effect, I use historical (pre-tractor) crop concentrations as instruments to predict 1950 tractor diffusion

in a first-stage regression. The predicted values are then used to explain the diffusion of grain combines, corn

harvesters, and hay balers. For each IV regression, the excluded instruments are restricted to crops that

would not be harvested by the implement in the left-hand side (concretely: when the dependent variable

is corn harvester diffusion, the excluded instruments are the percent of cropland in wheat, oats, barley and

rye; the percent in corn would be retained as a control variable). The resulting interpretation is a causal

chain, with crop mix influencing tractor adoption, which in turn influences implement purchases.

The baseline OLS regressions of Section 5 correlate the fraction of farms in a county with tractors in 1930

and 1940 with contemporaneous crop mixes, but recognizing that endogeneity of contemporaneous crop

choices to tractor adoption may generate bias in the estimates, in subsequent specifications I (1) instrument

for contemporaneous crop mix with lagged, pre-tractor values and (2) regress diffusion on the lagged values

directly. In robustness checks I also control for variables that might correlate with both tractor diffusion

and crop choices, such as geographic coordinates, elevation and rainfall, distance from Chicago (as a proxy

for freight costs), farm size, draft animal stock, local farm wages, and local financial conditions, as well as

state fixed effects. Across all models, I find that tractors diffused first to the wheat-growing regions of the

Midwest and only later to the Corn Belt, matching narrative accounts and the visual evidence from maps.

To buttress these results, I examine the vintage of tractors in use on farms around the Midwest in 1940 and

re-estimate these models under an alternative definition of diffusion (tractors/acre; Appendix B).

The core analysis assumes that the process generating diffusion occurs at the county level with no cross-

border spillovers. In additional robustness checks I relax this assumption. In Appendix C, I weight counties

by farm count, reflecting the possibility that diffusion is an aggregation of farmers’ individual adoption

decisions; weighting effectively leaves the results unchanged. In Appendix D I examine the effect of allowing

for spatially correlated errors across counties (Conley 1999), with the correlation decreasing linearly up to

a specified cutoff distance. While standard errors generally increase when spatial correlation is allowed to

enter the model, the patterns and significance of coefficients in the baseline model are unchanged.
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In Appendix E, I explore alternative explanations for tractor diffusion in the 1930s. To rule out the possibility

that New Deal relief explains the sharp increase in diffusion in the Corn Belt, I control for grants made under

the Agricultural Adjustment Act and farm credit extended under the Farm Credit Act to each county. The

effects of New Deal relief hardly register relative to the importance of crop mix and tractor design. I also

consider the possibility that the Dust Bowl may have disproportionately affected wheat-growing regions in

Plains states and caused a regional shift in tractor purchases, though evidence from Hornbeck (2012, Table 1)

suggests that Corn Belt counties suffered equally if not more than Wheat Belt counties. Indeed, controlling

for cumulative erosion does not affect the core results.

4 Identifying the Farm Tractor as a Modern-Day GPT

The goal of this section is to demonstrate that the farm tractor matches the theorized characteristics of an

agricultural general-purpose technology: pervasiveness in modern agriculture, complementarities with other

technologies used in farming, and a combination of both historical improvement and scope for continued

development. In terms of the model of Section 1, these characteristics reflect a high and still growing level

of general quality, zg, which has made it the bedrock of modern agriculture.

4.1 Pervasiveness in Modern Agriculture

The tractor’s pervasiveness is evidenced in present-day diffusion: according to the 2002 U.S. Agricultural

Census, 89 percent of U.S. farms own a tractor; the ownership rate is 90 percent in Midwestern states.25

Tractors now are used around the world in nearly every field operation, from breaking ground to the end of

the harvest, though some harvesting equipment is now more likely to be self-powered than tractor-driven.

The tractor’s generality also extends beyond the developed world, as tractors top the wish lists of farmers

in developing countries looking to grow (The Economist 2013).

4.2 Innovational Complementarities

The tractor’s strategic complementarities with agricultural implements might seem self-evident, but for

empirical confirmation – and evidence that diffusion patterns can be leveraged to identify GPTs – I examine

correlations in the diffusion of tractors and implements. Figure 1 shows the characteristic S-curves of tractor

and implement diffusion rising, reaching an inflection point around 1950, and leveling out at similar rates.

Indeed, the correlation in the number of tractors and implements on U.S. farms over the 19 years for which

data are available on combines, corn harvesters, and hay balers is an incredible 0.996.

25More recent counts in the 2007 Agricultural Census put these percentages at 84 percent and 86 percent, respectively. The
decline may reflect measurement error or changes in the organization of agriculture, though the tractor clearly continues to
play a central role in modern U.S. agriculture.
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As early as 1921, industry observers noted that “in order to get the most efficient use of a tractor, it is usually

necessary to have considerable investment in tractor plows, disks, and other items of tractor equipment”

(Myers 1921). Ninety-four percent of the “general” New York farms surveyed by Myers (1921) that were

using tractors in 1920 also owned a tractor-drawn plow, 85 percent owned a spring-tooth harrow, and 83

percent owned a disk harrow. Many of these farms also owned stationary belt tools such as wood saws,

ensilage cutters, threshers, and feed grinders. A similar survey six years later by Gilbert (1930) confirmed

these patterns: farmers who owned tractors owned many other tools powered by them.

However, looks may be deceiving: an obvious objection is that farmers who had use for or could afford to

buy a tractor were also more likely to be able to afford plows and harrows. To overcome such concerns I

show that tractor adoption has a causal effect on implement ownership. I specifically examine diffusion of

corn harvesters and pick-up hay balers in relation to the diffusion of tractors in 1950. To do so, I regress the

fraction of farms in a county in 1950 with each harvesting implement on the fraction of farms with tractors,

instrumenting for tractor diffusion with the concentration of crops that are likely to influence tractor usage

but not usage of the given implement. For example, in the case of corn harvesters, I instrument with grain

acreage. The instruments are 1910 (pre-tractor) crop concentrations to avoid any potential reverse causality

from implements and tractors to crop choices. While the choice of lagged, 1910 values belies the transition

from corn to soybeans that occurred in the Corn Belt in the 1940s, the 1910 instruments nevertheless have

sufficient explanatory power over cross-sectional variation in tractor diffusion in 1950.26

Table 3 illustrates the effect that tractor diffusion can have on implement diffusion. All specifications regress

the diffusion of corn harvesters on tractors diffusion and its interaction with the fraction of farmland in corn

in 1910. In column 2, I instrument for these variables with the fraction of 1910 farmland in grains and the

interactions of farmland in corn/grain and corn/hay. All regressions also include state fixed effects. Column

3 replaces the former with the fraction in hay, and column 4 uses both as instruments. The table suggests

a large, significant, and stable effect of tractor diffusion on corn harvester diffusion that is increasing in the

fraction of farmland in corn: a 1 percentage point (p.p.) increase in tractor diffusion generates a 0.7 p.p.

increase in corn harvester diffusion in the median county. First-stage F-statistics confirm the explanatory

power of the instrument and J-statistics support their exogeneity. The evidence in this table is overwhelming:

complementarities define the relationship between tractors and corn harvesters.

[Table 3 about here]

Table 4 performs a similar exercise for pick-up hay balers. In this case, the instruments are the fraction of

1910 farmland in grain (column 2), the fraction in corn (column 3), both of the above (column 4), and the

26This exercise omits any study of grain combine diffusion, despite the availability of Census data on combine ownership in
1950, due to potential measurement problems: the Census fails to specify whether or how many of the tabulated combines
are tractor-hitched versus self-propelled, the latter having been greatly improved and sold widely in the 1940s. Estimates
from a regression correlating combine with tractor diffusion will be confounded by the fact that some of the observed grain
combines complement tractors and others substitute for them.
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interaction of farmland in hay/grain and hay/corn (columns 1 to 4). Though the estimates are stable, a

J-test rejects the exogeneity of the instruments. Columns 5 and 6 experiment with other instruments: in

column 5, the 1910 fraction of farmland in corn, oats, and their interaction; in column 6, the fraction in oats

and its interaction with wheat and corn acreage. Results across all six specifications suggest a significant,

positive effect of tractor diffusion on hay baler diffusion that is increasing in the amount of hay grown: a 1

p.p. increase in tractor diffusion generates around a 0.2 p.p. increase in hay baler diffusion in the median

county. Given that tractors released a substantial amount of hay acreage previously devoted to feeding draft

animals, it may seem surprising that hay acreage in 1910 would be relevant to hay baler diffusion in 1950;

this explanatory power draws from the fact that although hay acreage declined in aggregate, the relative

acreage changed little in cross-section (see Appendix Figures G.11 to G.12).

[Table 4 about here]

4.3 Scope for Improvement

Finally, the tractor has historically demonstrated substantial scope for improvement, which is most clearly

observed in the increasing set of crops and tasks in which a tractor could be used (the subject of Section

5). From the 1890s to 1940, tractors generalized by expanding the set of crops they could cultivate and

harvest and developing now-standard features such as diesel engines, rubber tires, and the three-point hitch.

In subsequent decades, they increased in horsepower and improved operator safety and comfort. Most

recently, tractors have begun to incorporate measurement instruments and on-board computers for precision

agriculture, which involves tracking growing conditions (soil contents, climatic conditions) at precise locations

in a given field and varying input use accordingly. The next frontier is likely to be driverless tractors, which

are now being developed and will even further reduce agricultural labor requirements.

Even holding the tractor’s generality fixed, scope for improvement is evident from changes in size, speed,

horsepower, fuel efficiency, turning radius, and other core performance metrics over the last century. Im-

provements in these features can be observed in Dunning (1999), who reports tractor specifications for nearly

all models sold between 1920 and 1960, as recorded by the tractor-testing laboratory at the University of

Nebraska – where state law requires that all new tractors be performance-tested.

5 The Origins of the G-P Tractor

Tractor diffusion in the 1920s Midwest was largely confined to small grains. The reason for this was simple:

until the general-purpose tractor was invented, it was necessary to keep horses for cultivating corn, and it

was not profitable to own and maintain both tractors for plowing and horses for cultivation (Ankli 1980).
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Williams (1987) confirms: “The tractors of the Fordson generation were ill-adapted to the majority of farms

in the United States [and] were of questionable value on farms growing corn or cotton or other row crops.”

This can be seen most directly in Figure 8, which shows the geographic distribution of tractor diffusion in

1930. Counties where tractors were most common in 1930 (darker shades on the map) tend to be counties

where wheat was historically grown in high concentration (Figure 6 below).27

[Figure 6 about here]

[Figure 8 about here]

The development of the G-P tractor and other technological advances transformed the industry: Fordson-

type tractors’ share of sales for domestic use declined from 92 percent in 1925 to 4 percent in 1940, while

G-P tractors’ share grew to 38 percent in 1935 and 85 percent by 1940 (Olmstead and Rhode 2001). These

technical advances allowed the tractor to completely replace draft animals in corn production, and the

tractor’s subsequent diffusion to the Corn Belt between 1930 and 1940 is as visible in maps as its pre-

1930 absence from the same. Figure 9 shows the geographic distribution of the 1930-1940 change in tractor

diffusion across counties; the dark blue region aligns almost exactly with maps of historical corn concentration

(Figure 7). By 1940, there is considerable tractor diffusion across most parts of the Midwest.

[Figure 7 about here]

[Figure 9 about here]

The visual evidence in maps is corroborated by descriptive statistics. Table 2 compares tractor diffusion

in counties above/below the median percent of farmland in corn, wheat, and barley in the sample. By

1930, counties with a relatively high concentration of wheat had adopted the tractor at a significantly faster

rate than counties growing less wheat; an even stronger pattern holds for barley. These patterns persist

through 1940 and are significant at the one percent level. In stark contrast, counties with high- and low

concentrations of corn were using tractors at statistically identical rates in 1930, and only over the next

decade did corn-heavy counties begin to adopt tractors at higher rates. By 1940, tractorization rates were

approximately the same in counties with similar concentrations of wheat and corn.

To bring these results into focus and empirically identify the tractor’s evolution into a general-purpose

machine, I regress tractor diffusion in 1930 and 1940, and the change in diffusion between 1930 and 1940,

on crop mix and controls. I present two sets of regressions: Table 5 shows the results from regressions

27A sizable cluster of diffusion is also apparent within a roughly 100-mile radius of Chicago. Diffusion in these counties may
have been influenced by their proximity to IHC, which had its headquarters in and shipped from Chicago. Proximity to
Chicago would have reduced the freight costs paid by purchasing farmers, which could range from a few percent to upwards
of 15 or 20 percent of the sticker price in the outer reaches of the Midwest (calculations based on data from Hartman’s 1916,
Donaldson and Hornbeck 2013). IHC also had a strong, century-old marketing presence in northern Illinois.
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of diffusion on contemporaneous crop mix, and Table 6 instruments with 1910 values, which pre-date the

tractor era and reflect the naturally-occurring comparative advantage to growing wheat (or corn, etc.) in

the Wheat and Corn Belts. The basic estimating equation is as follows:

Diffusionit = β0 +

5∑
c=1

βcCropPctit,c +Xitθ + γsεit

where i indexes counties, t indexes years, and c indexes crops. The crop mix variables are the fraction of

county farmland in each of corn, wheat, oats, barley, and rye. The term Xit represents a set of county-level

controls, described below, and the γs are state fixed effects. In alternative specifications I instrument for the

contemporaneous crop mix with the pre-tractor crop mix, and in additional, unreported regressions I regress

directly on these lagged values and find similar results. In Tables 7 and 8 I replace the dependent variable

with the share of tractors of different model-year vintages as of 1940.

In each table I provide six specifications. All specifications include state fixed effects, and the latter three

columns of each table additionally control for county longitude and latitude, average rainfall, variation in

elevation, and distance from the f.o.b. shipping terminals of Ford (Detroit) and International Harvester

(Chicago).28,29 These specifications also control for farm size, local interest rates, farm mortgage debt ratios,

horses per acre of farmland (contemporaneous and 1910), mules per acre (contemporaneous and 1910), and

per-acre expenditures on labor in 1910, from the 1910 to 1940 Census of Agriculture.

Table 5 reveals that farms in counties growing more wheat, oats, and barley were significantly more likely

to own tractors in 1930, while those in counties concentrated in corn or rye adopted tractors with much

lower frequency. However, from 1930-40, diffusion grew the most in those very counties, and by 1940, farms

growing corn and wheat were using tractors at similar rates.

[Table 5 about here]

These patterns are confirmed in the IV regressions of Table 6, where the results for wheat and corn are found

to be quantitatively similar to the OLS estimates: wheat-growing counties adopted tractors at high rates

before 1930, and diffusion in corn-growing counties caught up over the subsequent decade. The table also

provides the minimum F-statistic from the first-stage regressions for each crop. As expected, county crop

mix in 1910 predicts the 1930 and 1940 crop mixes very well.

28Early tractors’ effectiveness was dramatically reduced on hills and inclines, where they battled gravity, were difficult to turn,
and were prone to tipping. Gilbert (1930) observes that at the time of his 1926 survey of New York farms, “most of the
farmers in the hilly regions did practically all their plowing on the hills with horses.”

29Using data from Hartman (1916), I calculate approximate freight rates per 100 pounds of class one merchandise between
Detroit, Chicago, and the county seats (or next-nearest railroad station) of each county in 1930. The calculated freight rates
correlate strongly with distance (ρ = 0.96 for rates from Detroit, ρ = 0.97 for Chicago), and when adjusted for inflation and
multiplied by the weight of contemporary tractor models (available from Dunning 1999) they were 5-10 percent of tractors’
advertised f.o.b. prices in the median counties (as high as 20 percent in distant counties). Controls for county distance from
Detroit and Chicago are intended to capture any effect that distance from these terminals may have had on tractor diffusion,
be it in the form of added shipping costs, declining information spillovers, or other.
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[Tables 6 about here]

The regressions in these tables define diffusion as the fraction of farms in a county reporting ownership

of a tractor. This measure of diffusion imposes an assumption of perfect indivisibility, despite evidence of

cooperative ownership (Myers 1921) and custom work (Gilbert 1930). To ensure that the results are not

sensitive to this assumption, in Appendix B I re-estimate these regressions defining diffusion as the number

of tractors per 100 acres of county farmland, which assumes perfect divisibility of a tractor across farms.

The results of this exercise are qualitatively similar to the baseline regressions.30

The 1940 Census of Agriculture provides detailed information on farms’ ownership of tractors by model

vintage, reporting the number of farms whose latest model-year tractor is pre-1930, 1931-1935, and 1936-

1940. Tables 7 and 8 regress the share of each vintage among farms reporting any tractor vintage in 1940

on crop mix and the controls used in previous regressions.31 As with the diffusion regressions, I provide

two variants (OLS and IV). OLS estimates reveal that counties concentrated in corn, oats, barley, and rye

were significantly more likely to own later-vintage tractors in 1940 relative to the average county, while the

opposite is the case for wheat. The IV estimates provide similar results but emphasize that the tendency to

own the latest-vintage tractors was in counties concentrated in corn and barley.

[Tables 7 and 8 about here]

In addition to the delayed diffusion of tractors in the Corn Belt, two additional results stand out across all

regression tables. First, barley-heavy counties both adopted early (Tables 5 and 6) and were using later-

vintage tractors in 1940 (Tables 7 and 8), suggesting that barley growers had high very demand for tractors

– a result which is likely explained by barley’s exceptionally short harvest season. According to the USDA

(1997, 2010), the active harvest season lasts between one and three weeks in most states growing barley;

wheat’s active season typically lasts three weeks, while corn’s active season typically extends beyond a month.

The barley harvest is brief and frenzied, and any labor, feed, or animal shortage or mechanical failure could

cause a ruinous disruption. The tractor reduced barley farmers’ reliance on local labor and draft animals,

and the reliability of newer models was especially valuable on these farms.

The other surprising result is that rye was associated with the lowest rates of tractor adoption of all the

crops studied. This result is surprising for two reasons: counties growing other small grains adopted tractors

at breakneck pace, and rye has an even shorter, more hectic harvest than barley.

30In Appendix C I explore the robustness of the baseline results to weighting observations by farm count, under the premise
that diffusion is the aggregation of individual adoption choices. Appendix Tables C.1 to C.4 re-estimate the specifications of
Tables 5 and 8 applying these weights. The results are quantitatively similar. Appendix D provides additional robustness
checks allowing for spatial correlation in errors that is declining in the distance between county centroids up to 25-, 50-,
and 100-mile cutoffs (Conley 1999). I estimate Conley standard errors for the baseline OLS and IV models of 1930, 1940,
and 1930-1940 diffusion (the Conley procedure does not readily allow for weighting; I compare spatial standard errors to the
unweighted robust standard errors). While spatial standard errors tend to increase with the distance cutoff, this adjustment
does not generally affect the significance of the differential diffusion patterns across counties with different crops.

31The vintage shares are taken over all farms answering the vintage question on the Census form, which is generally less than
but close to the number of farms reporting tractors. The median rate of underreporting is 1.55 percent of farms with tractors.
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As Table 1 shows, rye acreage on average generally comprises less than one percent of county farmland, so

to some extent it is surprising that the coefficients on rye for tractor diffusion are estimated to be anything

other than zero. Further reading suggests that several technical factors may have limited the effectiveness

of tractors in the production of rye. Rye grows on especially large stalks, sometimes reaching over six feet

in height. When threshers or combines are fed the entire stalk, they can get jammed by the excess chaff.

Another possibility is that rye shatters (breaks from the hull) easily, and the implements of the 1920s and

1930s may have been too destructive to make the tractor a sensible investment. Rye’s tendency to lodge

(bend, or flatten) in the field may have also limited tractors’ effectiveness.

5.1 Diffusion in Other Regions

The increasing generality of the tractor is similarly apparent from diffusion throughout most other parts of

the country. Table 9 shows the fraction of farms in each state that owned a tractor in 1920, 1925, 1930,

1940, and 2002. Between 1920 and 1940, the Midwest Census Region led the country in tractor adoption,

with 42.4 percent of farms owning a machine by 1940. Farms in Northeastern and Western states were also

mechanizing at high rates (29.2 and 27.9 percent of farms, respectively), reflecting the general utility of

tractors across applications. The striking exception to this trend was the South: in states where agriculture

was largely sharecropped, less than five percent of farms owned a tractor in 1940.

[Table 9 about here]

Since the tractor was by this time suitable for use in cotton production, the rejection of mechanization in

the South complicates the assertion in this paper that diffusion patterns can indicate generality of purpose.

How can this evidence be reconciled with that from other regions such as the Midwest, where generalization

and diffusion go hand in hand? The example is edifying because it reveals the limitations of this method,

particularly in the presence of institutions interfering with technological progress.

A large literature has sought to explain the lack of mechanization in southern agriculture prior to WWII.32

Researchers have largely converged on two explanations: southern agricultural labor institutions that dis-

couraged the adoption of labor-saving machinery, and the difficulty of designing an affordable, functional

mechanical cotton picker. Some arguments have also pointed to small farm sizes, relative factor prices, and

uneven terrain as reasons why southern farms were slow to adopt the tractor, though farm size and wages

are endogenous to – and reflective of – the institutions of the place and time.

The challenge of the engineering problem is summarized by Fite (1980), who catalogs the many reasons why

“the nature of the cotton plant made the invention of a successful harvesting machine especially difficult.”

32See Fite (1950), Fite (1980), Musoke (1981), Whatley (1985), Whatley (1987), and Hornbeck and Naidu (2013) for evidence
and discussion of barriers to tractor diffusion in the South. Several of these papers, and many others cited therein, also
address the mechanization of the cotton harvest specifically.
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Whatley (1985, 1987) explains how this obstacle, in conjunction with southern agrarian institutions, inhibited

even partial mechanization of cotton production. Without a mechanical cotton harvester, southern farmers

required a large population of farm workers to collect the harvest. In states where this labor was supplied

by a migrant workforce, such as those on the Mexican border, cotton farms could mechanize pre-harvest

operations without cutting into the harvest labor supply – but in most southern states, labor was supplied by

annual contract in the form of tenancy and sharecropping, which was necessary to guarantee the availability

of farm hands when they were needed most. Under these circumstances, mechanization became an all-or-

nothing proposition: as long as the harvest technology was labor-intensive, and labor could only be secured

with annual contracts, year-round operations tended to remain labor-intensive as well.

The Institutional Hypothesis (Whatley 1985) is supported by the evidence in Table 9. In the cotton-heavy

states of Texas and Oklahoma, where migrant labor was abundant, tractor diffusion increased between

1930 and 1940 to a level comparable to much of the rest of the country. According to Fite (1950), cotton

mechanization in these states indeed began in the mid-1920s with the G-P tractor, and with the subsequent

development of implements for pre-harvest operations, “remarkable progress occurred in the mechanization

of cotton” even prior to the invention of a functional cotton picker. Given that cotton farms in these states

were using tractors, the lagging diffusion in the rest of the South cannot be explained by the technology

alone, which was common to both regions. The Institutional Hypothesis is further bolstered by evidence

from Hornbeck and Naidu (2013), who find that farms in the Mississippi Delta mechanized in response to

the large rural outmigration caused by the Great Mississippi Flood of 1927.

Following the development of mechanical cotton pickers, tractor diffusion in the lagging regions of the South

accelerated, to the point where they are now comparable with the rest of the country (Table 9). At first

glance, this history suggests the binding constraint was the harvester problem – but Whatley (1985) argues

that the delayed invention of the mechanical cotton picker was itself more the consequence of institutions

than the engineering challenge: “the structure of the plantation economy reduced the southern demand for

new inventions,” and it therefore “may have been no accident that the technical ‘difficulties’ of mechanizing

the cotton harvest were solved soon after the tractor became available, sharetenancy began to disappear,

and the locus of cotton production began moving westward, away from the traditional Cotton South.” These

arguments all point to institutions as the foremost impediment to mechanization.

The discrepancy between the tractor’s generality of purpose in cotton production and its (heavily delayed)

adoption by southern farms can thus be attributed to institutions undermining demand for mechanical power.

Without this context, we might erroneously conclude the tractor had not yet generalized to applications

in southern agriculture by 1940, when in fact it had – as evidenced by the experience of cotton farms

in Texas, Oklahoma, and the San Joaquin Valley of California. This example thus serves to illustrate how

institutions that limit demand for innovation can interfere with the empirical identification of general-purpose

technologies, though such instances are typically exceptions rather than the rule.
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6 Re-evaluation of Other (Alleged) GPTs

Technologies as diverse as the wheel, bronze and iron tools, iron steamships, railroads, steam engines, electric

dynamos, information technology, and factory production have been argued to be GPTs.33 Many of these

alleged GPTs are ambiguously defined – some represent the “invention of a method of inventing,” as Griliches

(1957) describes hybrid corn, rather than any particular type of device – and nearly all were tagged as GPTs

as a matter of opinion, based on anecdotal evidence alone. These shortcomings reflect a general state of

confusion about what exactly a GPT is, what makes it distinct from other technologies, and how one can

be discerned. This confusion is precisely what has led many researchers to believe that “GPT-vs-other” is

not a conceptually useful or empirically relevant way of categorizing inventions.

In the previous sections I have sought to bring some much-needed clarity to the GPT framework to re-assert

its usefulness in evaluating the importance of specific innovations. In doing so, I made an empirical case

for classifying the farm tractor as an agricultural GPT and traced the tractor’s generalization using spatial

variation in its diffusion. The success of diffusion as an empirical proxy for the tractor’s generality begs a

new question: Which of the previously alleged GPTs are in fact general-purpose?

In this section, I re-examine previous arguments for water wheels, steam engines, internal combustion engines,

and electric dynamos as GPTs in U.S. manufacturing using braod-based diffusion as a concrete, theoretically-

motivated measure of their generality. I also show that like the tractor, these GPTs were not born general,

but rather evolved out of technologies with much more limited application.

6.1 Water Wheels and Steam Engines

If there is such a thing as a consensus GPT, the steam engine is surely it. Steam engines have been

characterized as a GPT in at least eight academic papers (Field 2008), and they are among the handful of

technologies that motivated the Bresnahan and Trajtenberg (1995) GPT model. They have also recently

been the focus of research in their own right: Rosenberg and Trajtenberg (2004) find that Corliss steam

engines (a type of stationary steam engine used in factories) allowed industry and population to agglomerate

in urban areas, away from the rivers that were previously needed to power water wheels, though this result

has since been challenged by Kim (2005) and Abrams, Li, and Mulligan (2008).

The first practical steam engine was the Newcomen steam engine, invented in 1712 for the exclusive purpose

of pumping water out of British coal mines. For the next 50 years, steam engines were known for pumping

water but not much else. In 1776 James Watt improved on the Newcomen design, making it more powerful

and fuel-efficient.34 The great leap occurred in 1781, when Watt developed a steam engine that could produce

33A more complete list is available in Table 1 of Field (2008).
34The principal improvements introduced by Watt were to move the condenser to a separate cylinder, and to seal the main

cylinder and obtain more powerful downstroke from injected, low-pressure steam rather than atmospheric-pressure air.

27



continuous rotary motion using a crank and flywheel and power machinery with a drive belt, opening up the

steam engine to effectively all industrial applications. The following year Watt developed a double-acting

cylinder, which made it possible to produce both forwards and backwards belt movement; prior to this

improvement steam engines could only produce uni-directional motion. By the mid-1780s, Watt had taken

the steam engine from a device with one use – pumping water, primarily out of coal mines – to a technology

that could be used to power factories, vessels, and locomotives.

To provide an empirical basis for understanding the steam engine’s generality of purpose, I examine the

transition to steam power in U.S. manufacturing firms using the Atack, Bateman, and Weiss (1999; hereafter

ABW) nationally representative samples from the 1850 to 1870 U.S. Census of Manufactures. The data were

originally collected from the manuscripts of Census enumerators and include data not previously published

as part of the U.S. Census. In particular, the ABW dataset includes a “power type” variable that specifies

the principal power source for each firm. This variable can be coded as steam, water, hand (manual), animal

(draft), a combination of the above, or not given. I drop firms in the latter category to focus on comparisons

across firms and industries with known use of each power type.

Table 10 shows the share of firms reporting each of the five power types by decade. Manual labor was clearly

the dominant source of power at this time. Water began the period with four times as much use as steam

but ended the period below it. Draft animals did not power many firms at this time.35

[Table 10 about here]

Table 11 collapses the sample to the industry level and reports summary statistics on the share of firms

in each industry associated with the given power source, by decade. Here we see the early ascendancy of

steam and the decline of water and manual power. Based on the results of previous sections, a technology’s

generality is expected to manifest in the form of broad-based diffusion – in other words, in the similarity

of adoption rates across using industries – and eventual ubiquity. The last row for each decade reports the

coefficient of variation as a standardized measure of dispersion in adoption rates; lower values indicate more

dispersion and are thus suggestive of higher generality.36 By this measure, manual power was not only the

most common power source during the sample period, it was also the most general. Steam became both

more common and more general over the intervening two decades. In contrast, water power (i.e., the water

wheel) at its height was neither pervasive nor very evenly used across industries. Diffusion data would thus

seem to rule out water wheels as a general-purpose technology. Similar patterns are found when measuring

the concentration of power sources with a Herfindahl index, as in Appendix F.

35The table contains some odd patterns in steam and manual power usage, most notably that the share of firms reporting
manual power drops sharply in 1860 and then returns to its previous level in 1870. It is unclear why this occurs. Potential
explanations include sampling variance, non-representative samples, or dislocations caused by the Civil War in the 1860s.
These patterns persist if the sample is restricted to Union states east of the Mississippi and north of the Ohio Rivers, where
most U.S. manufacturing activity was concentrated at the time.

36The coefficient of variation is calculated as the ratio of the s.d. to the mean and is useful as a standardized/unitless measure
of dispersion. It is especially useful in this context due to the fact that power source shares are truncated at 0 and 1; the s.d.
of such a variable will mechanically tend to be small when its mean is near zero.
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[Table 11 about here]

There are many reasons to believe that water wheels were not general in purpose. The first of these reasons

relates to engineering: in contrast to steam engines, water wheels provide only unidirectional rotary motion,

cannot support variable loads, and must have a very large diameter to provide enough torque to generate

any substantial horsepower, given typical rates of water flows. These engineering constraints – especially

size and horsepower – impose inherent limits on what water-powered devices can accomplish and the set of

applications in which water wheels can be used as the primary source of motive power.

Other reasons why water wheels may not be general in purpose include geography and hydrography. Plants

powered by water wheels must situate at locations with high water flows, such as large rivers and rapids along

the fall line (Rosenberg and Trajtenberg 2004, Bleakley and Lin 2012), which limits industrial agglomeration

and plants’ proximity to existing markets. The horsepower generated by water wheels can also be subject

to the whims of nature, as water flows rise and fall unpredictably with climatological conditions. Thus,

although water power has played historically important roles in certain industries such as textiles and grain

milling, its generality is constrained by many of its defining properties.

6.2 Gas Engines and Electric Dynamos

A similar exercise can be performed for electric dynamos and internal combustion engines in U.S. manufac-

turing around the turn of the 20th century. Like the steam engine, electric power is widely thought to be a

general-purpose technology and was another example motivating BT (1995).37 David (1990) was among the

first studies to refer to the dynamo as a “general purpose engine” and connect its place in history to modern

information technology. David and Wright (1999), Jovanovic and Rousseau (2005), and others have since

emphasized the role of electricity in the productivity surge in U.S. manufacturing in the 1920s. Internal

combustion engines are also often regarded as a GPT; their ubiquity in cars, trucks, and other transport

applications suggests that the gas engine is indeed a GPT in this domain, but their generality in industrial

settings – where they are less commonly used – may be another story.

Though attempts at designing an electrical generator were made throughout the 19th century, the earliest

practical dynamos were invented in 1867 by Werner Siemens (in Germany) and Charles Wheatstone (in

England). Shortly after, Zenobe Gramme (of Belgium) introduced a distinct design capable of providing

a constant flow of high-voltage, direct current power to attached motors. During a public demonstration,

Gramme also discovered that current supplied to the dynamo caused the crank to turn, transforming the

37Note that electric dynamos and motors are effectively the same machine by different names. The dynamo was originally
developed as a device that transformed mechanical energy (such as the turn of a crankshaft) into electrical current. It was
then discovered that this process also works in reverse: supplying the dynamo with current turns it into an electric motor.
Preset-day electricity generation and consumption has descendant technologies working at either end of the line: a turbine
powered by water or steam generates the electricity that powers end-user mechanical devices.
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dynamo into a motor. The Gramme dynamo found use in electroplating38, but as a motor it was limited

by its inability to provide a constant-speed rotary motion under variable loads, making it inadequate for

other industrial uses. The first direct current motor capable of operating at a constant speed was invented by

Frank Sprague in 1886, and together with Edison’s development of power stations it marked the beginning of

electrification. Using this motor design, Sprague developed the first electric streetcars in Richmond, electric

subway trains in Chicago, and electric elevators in New York.

Around the same time, others inventors were experimenting with alternating current, which was preferred

over direct current for long-distance electricity transmission because it reduced power loss. As with the

dynamo, alternating current generators trace back to discoveries of Michael Faraday in the 1830s, but the

most important advances occurred in the 1880s, when Galileo Ferraris and Nikola Tesla independently

developed working induction motors and Mikhail Dolivo-Dobrovolsky created the three-phase generator,

transformer, and induction motor that are still widely used today. The transmission advantages of alternating

current led to its victory in the standards battles of the late 19th century, and the three-phase electrical

system became the basis for the modern power grid and most industrial applications.

The 1910 U.S. Census of Manufactures provides some of the earliest evidence of electricity’s generality in

manufacturing. The Census includes a table listing the primary horsepower from electricity, gas engines,

steam engines, and water wheels for 102 manufacturing industries in 1899, 1904, and 1909. I use these data

to study the generality of electrical power at the turn of the 20th century. In the following tables I censor

industries with the five percent largest power demands to reduce the effects of outliers.

Table 12 shows the share of total horsepower in U.S. manufacturing produced by each of the four primary

power sources by year. In 1899, around 80 percent of horsepower in manufacturing was generated by

steam engines, declining sharply to 65 percent by 1909. The share produced by water wheels falls even

more precipitously, from almost 10 percent to under 5 percent. The difference is entirely made up by electric

power. In contrast to electricity, gas engines have almost no presence in manufacturing, despite contemporary

technological advances and their increasing use in transportation sector applications.

[Table 12 about here]

Table 13 reports summary statistics on share of industry-level horsepower obtained from each power source,

by decade. The ascendancy of electric power and decline of steam between 1899 and 1909 is equally apparent

from this table. The last row for each decade reports the coefficient of variation as a standardized measure

of dispersion in the diffusion rates for each power source, with lower values suggestive of higher generality.

By this measure, steam is the most common and most general source of power in 1899, water is the least

general, and electricity and internal combustion appear to be roughly equally general. Over the following

38Electroplating is the process of coating of a conductive surface with a thin layer of metal; for example, electroplating is the
process by which pennies are coated in copper.
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decade, electricity’s generality and share of power increase while those of steam declines. Although gas

engines’ share of horsepower is stagnant or moderately declining, they do appear to be growing increasingly

general in the sense that they are being used more evenly across industries; the reason why gas engines never

took hold in manufacturing may simply be that they were supplanted by electricity. Similar patterns can

also be seen for this time period by measuring the concentration of power sources with a Herfindahl index

(Appendix F). The industries with the largest fraction of power in electricity in 1899 are Cars and general

shop construction and repairs by street-railroad companies (at 59 percent) and Copper, tin, and sheet-iron

products (41 percent), reflecting the earliest uses of electricity.39

[Table 13 about here]

6.3 Discussion

The evidence from the foregoing review of motive power in manufacturing confirms the two main premises

of the paper: that generality of purpose can be discerned from patterns in diffusion, and that GPT-like

technologies develop out of more primitive, predecessor technologies with more limited application, typically

as the consequence of extensive experimentation and discovery.

This second point is underemphasized but not entirely new to existing literature on general-purpose tech-

nologies, and it accords with the theory and evidence that much of innovation is cumulative in nature.

For example, Rosenberg and Trajtenberg (2004) remark that “GPTs unfold over the long haul through a

sequence of innovations” and treat the Corliss steam engine as merely one such instantiation. Thirty years

prior, Rosenberg had already noted that “Watt’s improvements on the steam engine transformed it from an

instrument of limited applicability at locations peculiarly favored by access to cheap fuel, to a generalized

power source of much wider significance” (Rosenberg 1972). The evidence that these historically important

innovations evolved out of something much more primitive suggests that the technologies of the future may

be “hiding in plain sight” – already lurking in our midst – and that studying their early diffusion patterns

might be a promising avenue for finding them.

7 Conclusion

This paper argues that economically important technologies will be general in purpose, in the sense of David

(1990) and Bresnahan and Trajtenberg (1995); that any given technology’s generality can be inferred from

patterns in its diffusion, not only in retrospect but often also in real time, simultaneous with decisions over

the allocation of R&D spending; and that GPT-like technologies develop gradually as the accumulation of

39The street-railroad industry obtained 84 percent of its power from electricity in 1904 and 87 percent in 1909.
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many discoveries and modifications. To this last point, as Rosenberg (1972) aptly puts it, “by concentrating

our attention upon the sharp discontinuities associated with major inventions, we are misrepresenting the

manner in which the gradual growth in the stock of useful knowledge is transformed into improvements in

resource productivity.” These results offer a new approach to understanding and evaluating innovation as

well as an answer to criticism of existing research on general-purpose technologies.

One implication of these findings is that the “next big thing” that generates an extended wave of productivity

growth may already be out there, awaiting generalization to a broader set of applications. A likely candidate

for a future GPT is a high-capacity battery technology that can be used to safely and reliably power vehicles,

airplanes, and other machinery not permanently connected to the electrical grid.40 Another implication of

both the model and the evidence in this paper is that we can identify up-and-coming GPTs from the

breadth of early diffusion. The generalization of the tractor was complete when it was adapted for use on,

and rapidly adopted by, corn fields and cotton farms. The generality of steam engines and electricity was

evident in diffusion patterns when they comprised less than 20 percent of power used in U.S. manufacturing.

This approach is equally capable of ruling out GPTs: diffusion patterns indicate that water wheels were not

general in purpose, contrary to assertions in previous research.

A natural next step would be to re-consider the generality of other alleged GPTs on empirical grounds. It

would also be worthwhile to examine historical GPTs in more detail around the time that they generalized

to better understand whether it was anticipated by contemporary observers and to find more informative

real-time indicators of technological generalization. Further evidence on this question would be valuable to

managers and policymakers directing or funding research and development.

40For example, large capacity lithium-ion batteries depreciate rapidly and have thus far proven prone to overheating and
catching fire or exploding, limiting their generality as well as their incorporation in the design of heavy machinery. A battery
chemical that is truly general-purpose, in the sense that it can be harnessed to safely store and convert large amounts of
chemical energy into electrical energy for use in any application, may still be in the making.

32



References

Abrams, Burton A., Jing Li, and James G. Mulligan, “Did Corliss Steam Engines Fuel Urban

Growth in the Late Nineteenth Century? Less Sanguine Results,” The Journal of Economic History,

2008, 68 (4), 1172–1176.

Abrams, David S., Ufuk Akcigit, and Jillian Popadak, “Patent Value and Citations: Creative

Destruction or Strategic Disruption?,” 2013. NBER Working Paper 19647.

Acemoglu, Daron, “Directed Technical Change,” Review of Economic Studies, 2002, 69 (4), 781–809.

Alston, Lee J., “Farm Foreclosures in the United States during the Interwar Period,” The Journal of

Economic History, 1983, 43 (4), 885–903.

Ankli, Robert, “Horses vs. Tractors on the Corn Belt,” Agricultural History, 1980, 54 (1), 134–148.

and Alan Olmstead, “The Adoption of the Gasoline Tractor in California,” Agricultural History,

1981, 55 (3), 213–230.

Atack, Jeremy, Fred Bateman, and Thomas Weiss, “Nineteenth-Century U.S. Industrial Develop-

ment through the Eyes of the Census of Manufactures,” Historical Methods, 1999, 32 (4), 177–188.

, , and , Samples from the Manuscript Censuses of Manufactures, 1850-1880. Available at: https:

//my.vanderbilt.edu/jeremyatack/data-downloads/.

Bleakley, Hoyt and Jeffrey Lin, “Portage and Path Dependence,” Quarterly Journal of Economics,

2012, 127 (2), 587–644.

Bresnahan, Timothy F. and Manuel Trajtenberg, “General purpose technologies: ‘Engines of

growth’?,” Journal of Econometrics, 1995, 65 (1), 83–108.

Carter, Susan B., Scott Sigmund Gartner, Michael R. Haines, Alan L. Olmstead, Richard

Sutch, and Gavin Wright, eds, Historical Statistics of the United States, Earliest Times to the

Present: Millenial Edition, New York: Cambridge University Press, 2006.

Clarke, Sally, “New Deal Regulation and the Revolution in American Farm Productivity: A Case Study

of the Diffusion of the Tractor in the Corn Belt, 1920-1940,” The Journal of Economic History, 1991, 51

(1), 101–123.

Conley, Timothy G., “GMM Estimation with Cross-Sectional Dependence,” Journal of Econometrics,

1999, 92 (1), 1–45.

Crafts, Nicholas, “The Solow Productivity Paradox in Historical Perspective,” 2002. CEPR Discussion

Paper 3142.

33

https://my.vanderbilt.edu/jeremyatack/data-downloads/
https://my.vanderbilt.edu/jeremyatack/data-downloads/


, “Steam as a General Purpose Technology: A Growth Accounting Perspective,” The Economic Journal,

2004, 114 (495), 338–351.

David, Paul A., “The Mechanization of Reaping in the Ante-bellum Midwest,” in Henry Rosovsky, ed.,

Industrialization in Two Systems: Essays in Honor of Alexander Gerschenkron, John Wiley & Sons,

1966, pp. 3–39.

, “The Dynamo and the Computer: An Historical Perspective on the Modern Productivity Paradox,”

American Economic Review: Papers and Proceedings, 1990, 80 (2), 355–361.

and Gavin Wright, “General Purpose Technologies and Surges in Productivity: Historical Reflections

on the Future of the ICT Revolution,” 1999. Discussion Paper in Economic and Social History, University

of Oxford.

Donaldson, Dave and Richard Hornbeck, “Railroads and American Economic Growth: A “Market

Access” Approach,” 2013. NBER working paper 19213.

Dunning, Lorry, The Ultimate American Farm Tractor Data Book, Osceola: MBI, 1999.

Economist, Farming in Nigeria: Feed yourself May 4 2013. Available at: http://www.economist.com/

news/middle-east-and-africa/21577113-if-only-nigeria-could-revamp-its-farms-feed-yourself.

Federal Deposit Insurance Corporation, Bank Deposit Data 1920-1936. Available from the National

Historical Geographic Information System: https://www.nhgis.org/.

Field, Alexander J., “Does Economic History Need GPTs?,” 2008. Available at SSRN: http://papers.

ssrn.com/sol3/papers.cfm?abstract id=1275023.

Fishback, Price V., Shawn Kantor, and John Wallis, “Can the New Deal’s Three R’s Be Rehabili-

tated? A Program-by-Program, County-by-County Analysis,” Explorations in Economic History, 2003,

40 (3), 278–307.

, William C. Horrace, and Shawn Kantor, “Did New Deal Grant Programs Stimulate Local

Economies? A Study of Federal Grants and Retail Sales During the Great Depression,” The Journal of

Economic History, 2005, 65 (1), 36–71.

, , and , “The Impact of New Deal Expenditures on Mobility During the Great Depression,”

Explorations in Economic History, 2006, 43 (2), 179–222.

Fite, Gilbert C., “Recent Progress in the Mechanization of Cotton Production in the United States,”

Agricultural History, 1950, 24 (1), 19–28.

, “Mechanization of Cotton Production Since World War II,” Agricultural History, 1980, 54 (1), 190–207.

34

http://www.economist.com/news/middle-east-and-africa/21577113-if-only-nigeria-could-revamp-its-farms-feed-yourself
http://www.economist.com/news/middle-east-and-africa/21577113-if-only-nigeria-could-revamp-its-farms-feed-yourself
https://www.nhgis.org/
http://papers.ssrn.com/sol3/papers.cfm?abstract_id=1275023
http://papers.ssrn.com/sol3/papers.cfm?abstract_id=1275023


Fogel, Robert W., “Railroads and American Economic Growth,” 1964.

Gilbert, C. W., An Economic Study of Farm Tractors in New York, Ithaca: Cornell University, 1930.

Griliches, Zvi, “Hybrid Corn: An Exploration in the Economics of Technological Change,” Econometrica,

1957, 25 (4), 501–522.

Gross, Daniel P., “Hiding in Plain Sight: The Identification and (Humble) Origins of General Purpose

Technologies,” 2014. Working Paper.

, “The Role of Geography in the Diffusion of the Farm Tractor,” 2014. Working Paper.

Hall, Bronwyn H., Adam B. Jaffe, and Manuel Trajtenberg, “Market Value and Patent Citations,”

RAND Journal of Economics, 2005, 36 (1), 16–38.

Hanlon, Walker, “Necessity is the Mother of Invention: Input Supplies and Directed Technical Change,”

2013. Working Paper.

Helpman, Elhanan and Manuel Trajtenberg, “A Time to Sow and a Time to Reap: Growth based on

General Purpose Technologies,” in Elhanan Helpman, ed., General Purpose Technologies and Economic

Growth, Cambridge: MIT Press, 1998, pp. 55–83.

Hornbeck, Richard, “Barbed Wire: Property Rights and Agricultural Development,” The Quarterly

Journal of Economics, 2010, 125 (2).

, “The Enduring Impact of the American Dust Bowl: Short- and Long-Run Adjustments to Environ-

mental Catastrophe,” American Economic Review, 2012, 102 (4), 1477–1507.

and Suresh Naidu, “When the Levee Breaks: Black Migration and Economic Development in the

American South.” Forthcoming in American Economic Review.

International Harvester Company, Annual Reports 1917-1940. Available from the Wisconsin Historical

Society: http://www.wisconsinhistory.org/libraryarchives/ihc/.

, Harvester World Magazine 1917-1940. Available from the Wisconsin Historical Society: http://www.

wisconsinhistory.org/libraryarchives/ihc/.

Iverson, George W., “Possibilities of the All-Purpose Tractor,” Agricultural Engineering, 1922, 3, 147.

Jaffe, Adam B., Manuel Trajtenberg, and Michael S. Fogarty, “Knowledge Spillovers and Patent

Citations: Evidence from a Survey of Inventor,” American Economic Review: Papers and Proceedings,

2000, 90 (2), 215–218.

Jovanovic, Boyan and Peter L. Rousseau, “General Purpose Technologies,” in Philippe Aghion and

Steven N. Durlauf, eds., Handbook of Economic Growth.

35

http://www.wisconsinhistory.org/libraryarchives/ihc/
http://www.wisconsinhistory.org/libraryarchives/ihc/
http://www.wisconsinhistory.org/libraryarchives/ihc/


Kim, Sukkoo, “Industrialization and Urbanization: Did the Steam Engine Contribute to the Growth of

Cities in the United States?,” Explorations in Economic History, 2005, 42, 586–598.

Leffingwell, Randy, Ford Farm Tractors, Minneapolis: Voyageur Press, 1998.

, The American Farm Tractor: A History of the Classic Tractor, Minneapolis: Voyageur Press, 2002.

Lipsey, Richard G., Cliff Bekar, and Kenneth Carlaw, “What Requires Explanation?,” in El-

hanan Helpman, ed., General Purpose Technologies and Economic Growth, Cambridge: MIT Press,

1998, pp. 15–54.

Manuelli, Rodolfo E. and Ananth Seshadri, “Frictionless Technology Diffusion: The Case of Trac-

tors,” American Economic Review, 2014, 104 (4), 1368–1391.

Minnesota Population Center, National Historical Geographic Information System: Version 2.0, Min-

neapolis: University of Minnesota, 2011.

Moser, Petra, “Innovation without Patents: Evidence from World’s Fairs,” Journal of Law and Eco-

nomics, 2012, 55 (1), 43–74.

and Tom Nicholas, “Was Electricity a General Purpose Technology? Evidence from Historical Patent

Citations,” American Economic Review: Papers and Proceedings, 2004, 94 (2), 388–394.

Musoke, Moses S., “Mechanizing Cotton Production in the American South: The Tractor, 1915-1960,”

Explorations in Economic History, 1981, 18 (4), 347–375.

Myers, W. I., An Economic Study of Farm Tractors in New York, Ithaca: Cornell University, 1921.

Olmstead, Alan and Paul Rhode, “The Agricultural Mechanization Controversy of the Interwar Years,”

Agricultural History, 1994, 68 (3), 35–53.

and , “Reshaping the Landscape: The Impact and Diffusion of the Tractor in American Agriculture,

1910-1960,” The Journal of Economic History, 2001, 61 (3), 663–698.

Olmstead, Alan L., “The Mechanization of Reaping and Mowing in American Agriculture, 1833-1870,”

The Journal of Economic History, 1975, 35 (2), 327–352.

and Paul W. Rhode, “Beyond the Threshold: an Analysis of the Characteristics and Behavior of

Early Reaper Adopters,” The Journal of Economic History, 1995, 55 (1), 27–57.

PRISM Climate Group at Oregon State University, United States Average Monthly or Annual

Precipitation, 1971-2000 and 1981-2010 2012. Available at: http://prism.oregonstate.edu/products/

matrix.phtml?vartype=ppt&view=data.

Rogers, Everett M., Diffusion of Innovations, New York: Simon & Schuster, 1962.

36

http://prism.oregonstate.edu/products/matrix.phtml?vartype=ppt&view=data
http://prism.oregonstate.edu/products/matrix.phtml?vartype=ppt&view=data


Rosenberg, Nathan, “Factors Affecting the Diffusion of Technology,” Explorations in Economic History,

1972, 10 (1), 3–33.

and Manuel Trajtenberg, “A General-Purpose Technology at Work: The Corliss Steam Engine in

the Late-Nineteenth-Century United States,” The Journal of Economic History, 2004, 64 (1), 61–99.

Sanders, Ralph W., The Farm Tractor: 100 Years of North American Tractors, Minneapolis: Voyageur

Press, 2009.

Spence, A. Michael, “Monopoly, Quality, and Regulation,” Bell Journal of Economics, 1975, 6 (2),

417–429.

Steckel, Richard H. and William J. White, “Engines of Growth: Farm Tractors and Twentieth-

Century US Economic Welfare.” NBER Working Paper 17879.

U.S. Census Bureau, Thirteenth Census of the United States, Washington: GPO, 1910.

, Census of Agriculture, Washington: GPO, 1910-1954.

, Census of Agriculture, Washington: GPO, 2002.

, Census of Agriculture, Washington: GPO, 2007.

U.S. Dept. of Agriculture, Usual Planting and Harvesting Dates for U.S. Field Crops 1997. Available

at: http://www.nass.usda.gov/Publications/Usual Planting and Harvesting Dates/uph97.pdf.

, Usual Planting and Harvesting Dates for U.S. Field Crops 2010. Available at: http://usda01.library.

cornell.edu/usda/nass/planting/2010s/2010/planting-10-29-2010.pdf.

U.S. Geological Survey, National Elevation Dataset 2009. Available at: http://ned.usgs.gov/.

Whatley, Warren C., “A History of Mechanization in the Cotton South: The Institutional Hypothesis,”

Quarterly Journal of Economics, 1985, 100 (4), 1191–1215.

, “Southern Agrarian Labor Contracts as Impediments to Cotton Mechanization,” Journal of Economic

History, 1987, 47 (1), 45–70.

White, William J., “An Unsung Hero: The Tractor’s Contribution to Twentieth-Century United States

Economic Growth,” 2000. Unpublished dissertation.

, “Economic History of Tractors in the United States,” 2010. EH.Net Encyclopedia. Available at: http:

//eh.net/encyclopedia/article/white.tractors.history.us.

Williams, Robert C., Fordson, Farmall, and Poppin’ Johnny: A History of the Farm Tractor and Its

Impact on America, Urbana: University of Illinois Press, 1987.

W.J. Hartman Publishing, Hartman’s Western Freight Rates, Chicago: W.J. Hartman, 1916.

37

http://www.nass.usda.gov/Publications/Usual_Planting_and_Harvesting_Dates/uph97.pdf
http://usda01.library.cornell.edu/usda/nass/planting/2010s/2010/planting-10-29-2010.pdf
http://usda01.library.cornell.edu/usda/nass/planting/2010s/2010/planting-10-29-2010.pdf
http://ned.usgs.gov/
http://eh.net/encyclopedia/article/white.tractors.history.us
http://eh.net/encyclopedia/article/white.tractors.history.us


Figure 1: Draft Animals, Tractors, and Implements in the U.S.

Figure 2: Tractor Diffusion by State and Year
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Figure 3: Crop Shares of Midwest Farmland

Figure 4: Crop Shares of Midwest Cropland

Figure 5: Crop Shares of Midwest Harvested Acreage
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Figure 6: Percent of farmland in wheat, 1910

Figure 7: Percent of farmland in corn, 1910
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Figure 8: Tractor diffusion, 1930

Figure 9: Change in tractor diffusion, 1930-1940

Figure 10: Tractor diffusion, 1940
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Figure 11: Fraction of tractor farms with early vintage, 1940

Figure 12: Fraction of tractor farms with late vintage, 1940
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Figure 13: Tractor diffusion, 1950

Figure 14: Combine diffusion, 1950
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Figure 15: Corn harvester diffusion, 1950

Figure 16: Hay baler diffusion, 1950
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Table 1: County Crop Mix and Tractor Diffusion, by year

1910 1920 1930 1940
(N=1035) (N=1035) (N=1035) (N=1035)

Percent in corn 0.168 0.143 0.145 0.128
(0.12) (0.11) (0.12) (0.10)

Percent in wheat 0.080 0.122 0.082 0.070
(0.09) (0.10) (0.11) (0.08)

Percent in oats 0.075 0.081 0.078 0.064
(0.06) (0.06) (0.07) (0.06)

Percent in barley 0.014 0.011 0.021 0.019
(0.03) (0.02) (0.03) (0.03)

Percent in rye 0.005 0.015 0.005 0.007
(0.01) (0.02) (0.01) (0.01)

Percent in hay 0.120 0.149 0.110 0.097
(0.04) (0.06) (0.05) (0.05)

Tractor diffusion 0.267 0.437
(0.16) (0.21)

Notes: Table reports average crop percentages and tractor diffusion for all
counties in the sample. Crop percentages are calculated as harvested crop
acreage as a fraction of county farmland. Tractor diffusion is the fraction of
farms reporting tractors, available in 1930 and 1940. Standard deviations
are provided in parentheses below each average.

Table 2: Tractor Diffusion, by crop intensity and year

1930 (N=1035) 1940 (N=1035)

Above Below Above Below
median median t-stat median median t-stat

Tractor diffusion, when 0.270 0.264 0.60 0.473 0.400 5.77 ***
1910 corn acreage is: (0.13) (0.18) (0.19) (0.22)

Tractor diffusion, when 0.299 0.236 6.68 *** 0.473 0.400 5.72 ***
1910 wheat acreage is: (0.16) (0.15) (0.19) (0.22)

Tractor diffusion, when 0.325 0.210 12.80 *** 0.522 0.352 14.51 ***
1910 barley acreage is: (0.15) (0.15) (0.17) (0.21)

Notes: Table reports average tractor diffusion in 1930 and 1940 in counties with more and less
than the median fraction of farmland in the given crop. Groups are formed based on crop acreage
reported in the 1910 Census of Agriculture to avoid classifications on the basis of endogenous crop
choice; at this time, tractors were owned only about 1,000 farms in the U.S. (Historical Statistics,
2006). Standard deviations are provided in parentheses below each average, and t-statistics for
the difference in means is reported to the right. ***, **, and * indicate significance at the 1%, 5%,
and 10% levels respectively. The table suggests that tractor adoption was not sensitive to the frac-
tion of farmland in corn prior to the 1930s but was sensitive to the fraction of farmland in wheat
and especially sensitive to the fraction of farmland in barley.
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Table 3: Effect of tractor diffusion on corn harvester diffusion, 1950

(1) (2) (3) (4)
Tractor diffusion, 1950 0.272*** 0.507*** 0.498*** 0.506***

(0.025) (0.072) (0.090) (0.066)
x Pct. in corn, 1910 1.364*** 1.237*** 1.245*** 1.238***

(0.043) (0.067) (0.083) (0.062)
Constant -0.126*** -0.267*** -0.262*** -0.266***

(0.017) (0.042) (0.051) (0.039)
N 1032 1032 1032 1032
R2 0.83 0.82 0.82 0.82
RMSE 0.08 0.08 0.08 0.08
Min. F-stat 105.36 78.93 80.36
J-stat 0.03 0.01 0.03
J-stat pval 0.87 0.92 0.99

Notes: Table shows the effect of tractor diffusion on that of corn harvesters. Tractor
diffusion and its interaction with corn concentration are instrumented as described in
the text. The minimum F-statistic from first stages is provided, as are the J-statistic
and associated p-value for a test of overidentifying restrictions. State FEs included
but not shown. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels,
respectively. Robust SEs in parentheses.

Table 4: Effect of tractor diffusion on hay baler diffusion, 1950

(1) (2) (3) (4)
Tractor diffusion, 1950 0.076*** 0.125*** 0.105*** 0.121***

(0.007) (0.014) (0.014) (0.013)
x Pct. in hay, 1910 0.278*** 0.267*** 0.329*** 0.277***

(0.034) (0.037) (0.044) (0.037)
Constant 0.002 -0.032*** -0.022** -0.030***

(0.005) (0.009) (0.009) (0.009)
N 1032 1032 1032 1032
R2 0.42 0.38 0.40 0.39
RMSE 0.02 0.02 0.02 0.02
Min. F-stat 102.80 107.52 81.08
J-stat 30.44 25.83 32.18
J-stat pval 0.00 0.00 0.00

Notes: Table shows the effect of tractor diffusion on that of hay balers. Tractor
diffusion and its interaction with hay concentration are instrumented as described in
the text. The minimum F-statistic from first stages is provided, as are the J-statistic
and associated p-value for a test of overidentifying restrictions. State FEs included
but not shown. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels,
respectively. Robust SEs in parentheses.
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Table 5: Effect of crop mix on tractor diffusion, 1930 and 1940; OLS

Diffusion Diff. Change Diffusion Diff. Change
1930 1940 1930-1940 1930 1940 1930-1940

Pct. in corn -0.095* 0.466*** 0.296*** 0.033 0.395*** 0.164***
(0.049) (0.070) (0.035) (0.059) (0.051) (0.043)

Pct. in wheat 0.907*** 0.788*** 0.122*** 0.695*** 0.477*** -0.019
(0.042) (0.070) (0.037) (0.043) (0.046) (0.046)

Pct. in oats 1.108*** 1.378*** 0.611*** 0.995*** 1.129*** 0.466***
(0.069) (0.099) (0.053) (0.082) (0.070) (0.057)

Pct. in barley 0.898*** 1.430*** 0.728*** 0.795*** 1.141*** 0.657***
(0.182) (0.146) (0.089) (0.152) (0.135) (0.093)

Pct. in rye -1.068*** -1.465*** 0.321** -1.270*** -1.166*** 0.091
(0.309) (0.324) (0.141) (0.247) (0.247) (0.136)

Constant 0.136*** 0.226*** 0.077*** 0.957** 1.818*** -0.702**
(0.013) (0.020) (0.009) (0.479) (0.489) (0.353)

N 1034 954 954 1034 941 941
R2 0.70 0.71 0.67 0.79 0.90 0.73
RMSE 0.09 0.11 0.05 0.07 0.06 0.05
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes

Notes: Table shows the tendency of counties with different crop mixes to adopt the farm tractor in 1930, 1940, and
from 1930-1940. All specifications regress the fraction of farms with tractors on contemporaneous crop mixes.
Columns (4)-(6) add controls. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively.
Robust SEs in parentheses.

Table 6: Effect of crop mix on tractor diffusion, 1930 and 1940; IV

Diffusion Diff. Change Diffusion Diff. Change
1930 1940 1930-1940 1930 1940 1930-1940

Pct. in corn -0.271*** 0.034 0.333*** 0.056 0.375*** 0.397***
(0.073) (0.112) (0.046) (0.076) (0.083) (0.074)

Pct. in wheat 0.533*** 0.933*** 0.229*** 0.483*** 0.568*** 0.184**
(0.069) (0.118) (0.057) (0.062) (0.087) (0.079)

Pct. in oats 1.394*** 2.529*** 0.624*** 1.007*** 1.357*** 0.182
(0.105) (0.187) (0.095) (0.100) (0.123) (0.118)

Pct. in barley 0.243 0.589 0.918*** 0.594** 0.961*** 1.275***
(0.313) (0.421) (0.209) (0.287) (0.358) (0.288)

Pct. in rye -1.005** -0.953 0.023 -2.452*** -1.913*** -0.437
(0.447) (0.592) (0.332) (0.463) (0.475) (0.282)

Constant 0.181*** 0.218*** 0.061*** 1.102** 2.095*** -1.174**
(0.015) (0.024) (0.011) (0.488) (0.646) (0.532)

N 1034 954 954 1034 941 941
R2 0.66 0.66 0.66 0.78 0.89 0.69
RMSE 0.09 0.12 0.06 0.07 0.06 0.05
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes
Min. F-stat 18.67 20.79 20.79 23.35 15.98 15.98

Notes: Table shows the tendency of counties with different crop mixes to adopt the farm tractor in 1930, 1940,
and from 1930-1940. All specifications regress the fraction of farms with tractors on contemporaneous crop mixes
instrumented with pre-tractor era values. The lowest first stage F-stat is provided. Columns (4)-(6) add controls.
*, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively. Robust SEs in parentheses.
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Table 7: Effect of crop mix on tractor vintage, 1940; OLS

Vintage: Vintage: Vintage: Vintage: Vintage: Vintage:
Pre-1930 1931-35 1936-40 Pre-1930 1931-35 1936-40

Pct. in corn -0.723*** 0.127*** 0.596*** -0.468*** 0.122*** 0.346***
(0.058) (0.022) (0.053) (0.066) (0.026) (0.060)

Pct. in wheat -0.251*** 0.070*** 0.181*** -0.024 0.013 0.011
(0.053) (0.021) (0.045) (0.064) (0.025) (0.058)

Pct. in oats -0.386*** 0.024 0.362*** -0.640*** 0.139*** 0.501***
(0.090) (0.034) (0.084) (0.094) (0.037) (0.083)

Pct. in barley -1.221*** 0.484*** 0.737*** -1.296*** 0.520*** 0.775***
(0.196) (0.068) (0.150) (0.188) (0.065) (0.150)

Pct. in rye -1.177*** -0.160 1.337*** -1.097*** -0.029 1.126***
(0.282) (0.098) (0.224) (0.296) (0.101) (0.237)

Constant 0.450*** 0.167*** 0.384*** 1.411** 0.568** -0.979
(0.015) (0.006) (0.014) (0.668) (0.257) (0.599)

N 954 954 954 941 941 941
R2 0.65 0.42 0.62 0.72 0.53 0.68
RMSE 0.09 0.04 0.08 0.08 0.03 0.08
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes

Notes: Table shows the tendency of counties with different crop mixes to own tractors of different
vintages in 1940. All specifications regress the fraction of farms with tractors whose latest model-
year tractor is pre-1930, 1931-35, and 1936-40 on contemporaneous crop mixes. Columns (4)-(6) add
controls. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively. Robust SEs
in parentheses.

Table 8: Effect of crop mix on tractor vintage, 1940; IV

Vintage: Vintage: Vintage: Vintage: Vintage: Vintage:
Pre-1930 1931-35 1936-40 Pre-1930 1931-35 1936-40

Pct. in corn -0.856*** 0.114*** 0.742*** -0.592*** 0.153*** 0.439***
(0.091) (0.035) (0.082) (0.136) (0.047) (0.114)

Pct. in wheat -0.212** 0.079** 0.134 -0.203 0.095** 0.108
(0.098) (0.034) (0.083) (0.132) (0.043) (0.113)

Pct. in oats 0.304* -0.102 -0.202 0.179 -0.162** -0.017
(0.181) (0.067) (0.159) (0.210) (0.078) (0.167)

Pct. in barley -3.040*** 1.046*** 1.994*** -3.361*** 1.299*** 2.063***
(0.482) (0.164) (0.383) (0.640) (0.206) (0.498)

Pct. in rye -1.104* -0.665*** 1.769*** 0.381 -0.513** 0.132
(0.642) (0.234) (0.623) (0.697) (0.223) (0.599)

Constant 0.428*** 0.178*** 0.394*** 4.171*** -0.481 -2.690***
(0.021) (0.008) (0.019) (1.048) (0.369) (0.875)

N 954 954 954 941 941 941
R2 0.59 0.34 0.57 0.63 0.40 0.63
RMSE 0.10 0.04 0.09 0.10 0.04 0.08
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes
Min. F-stat 20.79 20.79 20.79 15.98 15.98 15.98

Notes: Table shows the tendency of counties with different crop mixes to own tractors of different
vintages in 1940. All specifications regress the fraction of farms with tractors whose latest model-year
tractor is pre-1930, 1931-35, and 1936-40 on contemporaneous crop mixes instrumented with pre-tractor
era values. The lowest first stage F-stat is provided. Columns (4)-(6) add controls. *, **, *** represent
significance at the 0.1, 0.05, and 0.01 levels, respectively. Robust SEs in parentheses.
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Table 9: Percent of Farms with Tractors, by region and year

Census Region 1920 1925 1930 1940 2002

Northeast 2.7 9.5 18.6 29.2 86.2
Midwest 6.8 13.6 25.7 42.4 89.6
South 1.0 2.3 4.0 7.9 91.8

excl. DE, MD, OK, TX 0.7 1.8 2.7 4.2 90.0
DE, MD alone 2.8 7.5 15.5 23.0 90.3
OK, TX alone 2.2 3.7 7.9 21.3 95.0

West 7.0 10.7 19.4 27.9 83.2

Notes: Table reports percent of farms in each region owning a tractor
in 1920, 1925, 1930, 1940, and 2002. The table highlights the lagging
adoption of tractors in Southern states through 1940, especially those
with historically poor labor institutions (slavery and sharecropping),
and their eventual catch-up to the rest of the country. Source: 1940
U.S. Census of Agriculture, Volume 1, State Table 11.
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Table 10: Shares of Firms in U.S. Manufacturing, by power source, 1850-1870

Steam Water Draft Manual Combo

1850 0.077 0.297 0.044 0.552 0.030
(N=5179)

1860
0.203 0.335 0.036 0.397 0.029

(N=3975)

1870 0.202 0.181 0.029 0.572 0.016
(N=4439)

Notes: Table reports the share of U.S. manufacturing firms associating with each
of five different power sources. Sample excludes firms not providing a primary
power source or for which the primary power source is unavailable. Source: Atack,
Bateman and Weiss nationally representative samples from manuscript Censuses
of Manufactures, 1850-1870.

Table 11: Shares of Firms in U.S. Industries, by power source, 1850-1870

Steam Water Draft Manual Combo

Mean 0.12 0.18 0.04 0.62 0.05
1850 Median 0.03 0.02 0.00 0.78 0.00

(N=92) S.D. 0.21 0.28 0.08 0.38 0.14
S.D./Mean 1.78 1.62 2.18 0.61 2.98

Mean 0.25 0.20 0.04 0.47 0.05
1860 Median 0.15 0.05 0.00 0.50 0.00

(N=98) S.D. 0.28 0.28 0.13 0.37 0.10
S.D./Mean 1.15 1.45 3.00 0.80 2.20

Mean 0.31 0.13 0.03 0.48 0.04
1870 Median 0.20 0.00 0.00 0.50 0.00

(N=102) S.D. 0.33 0.25 0.10 0.39 0.13
S.D./Mean 1.06 1.84 3.13 0.81 3.20

Notes: Table reports the mean, median, and standard deviation share of firms
in each industry associating with each of five different power sources. Sample
excludes firms not providing a primary power source or for which the primary
power source is unavailable. Coefficient of variation is reported in italic font.
Source: Atack, Bateman, and Weiss nationally representative samples from
manuscript Censuses of Manufactures, 1850-1870.
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Table 12: Shares of Horsepower in U.S. Manufacturing, 1899-1909

Electric Gas Steam Water

1899 0.065 0.044 0.800 0.091
(N=93)

1904
0.147 0.061 0.720 0.072

(N=97)

1909 0.247 0.052 0.653 0.048
(N=97)

Notes: Table reports the share of horsepower in U.S. manu-
facturing held by the four principal power sources in industry
at the turn of the 20th century. Horsepower shares are aggre-
gated over all industries reported in the 1910 U.S. Census of
Manufactures, censoring industries with the 5% largest power
demands in each year. Source: 1910 U.S. Census, Volume VIII
(Manufactures), Chapter III, Table 3.

Table 13: Shares of Horsepower in U.S. Industries, 1899-1909

Electric Gas Steam Water

Mean 0.10 0.08 0.76 0.06
1899 Median 0.07 0.05 0.82 0.03

(N=93) S.D. 0.11 0.09 0.17 0.08
S.D./Mean 1.12 1.11 0.22 1.40

Mean 0.18 0.07 0.71 0.04
1904 Median 0.15 0.05 0.72 0.02

(N=97) S.D. 0.13 0.07 0.16 0.06
S.D./Mean 0.74 0.92 0.23 1.40

Mean 0.31 0.06 0.60 0.03
1909 Median 0.30 0.05 0.61 0.01

(N=97) S.D. 0.18 0.05 0.19 0.05
S.D./Mean 0.58 0.88 0.31 1.59

Notes: Table reports the mean, median, and standard deviation
share of industry horsepower obtained from each of four different
power sources. Industries with total power demands at the 95th
percentile or greater are excluded from the sample in each year.
Coefficient of variation is reported in italic font. Source: 1910 U.S.
Census, Volume VIII (Manufactures), Chapter III, Table 3.
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A Data Appendix

The majority of the data used in the paper come from the U.S. Census of Agriculture for years 1910, 1920,

1925, 1930, and 1940. When possible, data were acquired from NHGIS; remaining variables were encoded

from PDF files obtained from the Census website.41 Stock variables (e.g., farms, farmland, number and

value of farm machinery and draft animals, etc.) are reported for the Census year; flows (inputs, outputs)

are always from the preceding year. Where corn acreage is separately reported for corn harvested for

grain, cut for silage, cut for fodder, and hogged or grazed off (1925 and later), I use the acreage of corn

harvested for grain, which is typically around 90 percent of total corn acreage and the subset most relevant to

mechanization. Certain crops are not reported for certain states in certain years (barley and rye in Missouri,

rye in Kansas – both in 1930) due to omission from the state-specific questionnaire, which likely resulted

from low acreage; production of these crops in the affected counties is coded as zero. Occasionally, a page

went missing in the Census documents; in these cases, the affected observations were coded as missing. Scans

of the 1954 Census of Agriculture (obtained from the USDA National Agricultural Statistics Service; see

link in footnote) provided data on tractor and implement ownership in 1950.

U.S. county shapefiles were obtained from NHGIS for each decade from 1910 to 1940. These maps were used

to calculate counties’ geographic centroids, mean and standard deviation elevation (calculated from USGS

National Elevation Dataset rasters), and average annual rainfall (calculated from the PRISM Climate Group

30-year normals). I use county entry and exit into/out of the dataset and movement in geographic centroids

to identify counties that formed, merged, split, or dissolved between Census years; any such counties are

dropped from the analysis. As the text explains, I also apply Hornbeck’s (2010) county border fix algorithm

as a robustness check. I calculate distance to the f.o.b. shipping locations of Ford (Detroit) and International

Harvester (Chicago) as a proxy for freight costs; comparison with point-to-point freight rates obtained from

W.J. Hartman Publishing (1916) establishes distance as a reasonable proxy, with correlations between route

distance and point-to-point rates of over 0.95 for routes originating in Detroit or Chicago.

The data used in the New Deal and Dust Bowl robustness checks were obtained from Fishback, Kantor, and

Wallis (2003) and Hornbeck (2012), respectively. The New Deal robustness checks include the Fishback et

al. measures of AAA relief spending and FCA lending by county, normalized by county farm acreage; the

Dust Bowl robustness checks uses the Hornbeck measures of low, medium, and high soil erosion. The latter

are restricted to Midwest counties for which soil erosion data were available (those in Kansas, Nebraska,

North and South Dakota, Iowa, Minnesota).

Data on the diffusion of water wheels, steam engines, gas engines, and electricity in U.S. manufacturing were

obtained from the Atack, Bateman, and Weiss (1999) sample from the manuscript Census of Manufacturers

for 1850-1870 and the 1910 Census of Manufacturers.

41Historical Censuses and associated documents are available at http://www.census.gov/prod/www/decennial.html. A com-
plete collection of historical Agricultural Census publications can be found at http://www.agcensus.usda.gov/Publications/
Historical Publications/index.php.
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B Regressions for Tractors per Acre

Table B.1: Effect of crop mix on tractor diffusion, 1930 and 1940; OLS

Diffusion Diff. Change Diffusion Diff. Change
1930 1940 1930-1940 1930 1940 1930-1940

Pct. in corn 0.081** 0.612*** 0.302*** -0.025 0.211*** 0.146***
(0.040) (0.061) (0.028) (0.049) (0.054) (0.030)

Pct. in wheat 0.346*** 0.497*** 0.117*** 0.348*** 0.330*** 0.060**
(0.023) (0.048) (0.022) (0.026) (0.047) (0.027)

Pct. in oats 0.863*** 1.152*** 0.536*** 0.615*** 0.931*** 0.478***
(0.072) (0.092) (0.044) (0.057) (0.066) (0.037)

Pct. in barley 0.018 1.075*** 0.261*** 0.405*** 0.841*** 0.206***
(0.116) (0.207) (0.080) (0.094) (0.148) (0.061)

Pct. in rye -1.257*** -1.320*** -0.334*** -0.734*** -0.863*** -0.260***
(0.230) (0.293) (0.099) (0.185) (0.231) (0.093)

Constant 0.083*** 0.114*** 0.049*** -0.765* -1.030* -0.749**
(0.011) (0.017) (0.007) (0.460) (0.576) (0.312)

N 1034 954 954 1034 941 941
R2 0.50 0.63 0.65 0.75 0.87 0.82
RMSE 0.08 0.11 0.05 0.06 0.07 0.04
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes

Notes: Table shows the tendency of counties with different crop mixes to adopt the farm tractor in 1930, 1940, and
from 1930-1940. All specifications regress tractors per 100 farm acres on contemporaneous crop mixes. Columns
(4)-(6) add controls. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively. Robust SEs
in parentheses.

Table B.2: Effect of crop mix on tractor diffusion, 1930 and 1940; IV

Diffusion Diff. Change Diffusion Diff. Change
1930 1940 1930-1940 1930 1940 1930-1940

Pct. in corn 0.232*** 0.636*** 0.371*** 0.008 0.310*** 0.276***
(0.054) (0.083) (0.037) (0.064) (0.099) (0.050)

Pct. in wheat 0.278*** 0.591*** 0.173*** 0.308*** 0.399*** 0.131***
(0.045) (0.088) (0.036) (0.040) (0.094) (0.049)

Pct. in oats 0.762*** 1.761*** 0.701*** 0.593*** 1.377*** 0.621***
(0.099) (0.195) (0.085) (0.070) (0.144) (0.076)

Pct. in barley 0.354 -0.393 -0.369* 0.435** -0.453 -0.370**
(0.283) (0.504) (0.189) (0.209) (0.445) (0.186)

Pct. in rye -0.043 -1.056 -0.134 -2.210*** -1.767*** -0.224
(0.853) (0.747) (0.337) (0.476) (0.588) (0.278)

Constant 0.057*** 0.058*** 0.019** -1.042** 0.746 0.222
(0.012) (0.021) (0.008) (0.444) (0.784) (0.412)

N 1034 954 954 1034 941 941
R2 0.48 0.59 0.62 0.74 0.84 0.79
RMSE 0.08 0.11 0.05 0.06 0.07 0.04
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes
Min. F-stat 18.67 20.79 20.79 23.35 15.98 15.98

Notes: Table shows the tendency of counties with different crop mixes to adopt the farm tractor in 1930,
1940, and from 1930-1940. All specifications regress tractors per 100 farm acres on contemporaneous crop
mixes instrumented with pre-tractor era values. The lowest first stage F-stat is provided. Columns (4)-(6)
add controls. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively. Robust SEs in
parentheses.
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C Weighted Regressions

Table C.1: Effect of crop mix on tractor diffusion, 1930 and 1940, weighted by farms; OLS

Diffusion Diff. Change Diffusion Diff. Change
1930 1940 1930-1940 1930 1940 1930-1940

Pct. in corn 0.035 0.621*** 0.317*** 0.057 0.375*** 0.152***
(0.045) (0.063) (0.033) (0.059) (0.052) (0.040)

Pct. in wheat 0.873*** 0.780*** 0.153*** 0.626*** 0.439*** 0.012
(0.042) (0.067) (0.033) (0.048) (0.046) (0.043)

Pct. in oats 1.112*** 1.390*** 0.581*** 0.895*** 1.104*** 0.440***
(0.065) (0.091) (0.056) (0.073) (0.071) (0.058)

Pct. in barley 0.894*** 1.624*** 0.626*** 0.592*** 1.273*** 0.613***
(0.187) (0.139) (0.088) (0.164) (0.127) (0.091)

Pct. in rye -1.122*** -1.582*** 0.076 -1.272*** -1.392*** -0.137
(0.317) (0.337) (0.155) (0.261) (0.258) (0.144)

Constant 0.106*** 0.195*** 0.075*** 1.171*** 1.586*** -0.433
(0.012) (0.019) (0.009) (0.437) (0.514) (0.357)

N 1034 954 954 1034 941 941
R2 0.70 0.75 0.69 0.80 0.91 0.76
RMSE 0.08 0.10 0.05 0.06 0.06 0.05
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes

Notes: Table shows the tendency of counties with different crop mixes to adopt the farm tractor in 1930, 1940, and
from 1930-1940. All specifications regress the fraction of farms with tractors on contemporaneous crop mixes.
Columns (4)-(6) add controls. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively.
Regressions are weighted by farm count. Robust SEs in parentheses.

Table C.2: Effect of crop mix on tractor diffusion, 1930 and 1940, weighted by farms; IV

Diffusion Diff. Change Diffusion Diff. Change
1930 1940 1930-1940 1930 1940 1930-1940

Pct. in corn -0.014 0.360*** 0.334*** 0.014 0.343*** 0.290***
(0.062) (0.091) (0.040) (0.080) (0.078) (0.062)

Pct. in wheat 0.549*** 0.931*** 0.225*** 0.359*** 0.543*** 0.140**
(0.069) (0.111) (0.050) (0.071) (0.079) (0.071)

Pct. in oats 1.197*** 2.258*** 0.650*** 0.863*** 1.333*** 0.284***
(0.094) (0.152) (0.085) (0.090) (0.118) (0.101)

Pct. in barley 0.827** 1.090*** 0.700*** 0.520 1.187*** 0.955***
(0.375) (0.333) (0.191) (0.355) (0.297) (0.228)

Pct. in rye -1.499*** -1.563** -0.192 -2.673*** -2.700*** -0.718**
(0.580) (0.673) (0.365) (0.512) (0.532) (0.323)

Constant 0.131*** 0.169*** 0.061*** 1.232*** 1.701*** -0.696
(0.013) (0.020) (0.010) (0.434) (0.630) (0.486)

N 1034 954 954 1034 941 941
R2 0.68 0.73 0.68 0.79 0.90 0.74
RMSE 0.08 0.10 0.05 0.07 0.06 0.05
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes
Min. F-stat 22.01 20.86 20.86 25.09 17.66 17.66

Notes: Table shows the tendency of counties with different crop mixes to adopt the farm tractor in 1930, 1940,
and from 1930-1940. All specifications regress the fraction of farms with tractors on contemporaneous crop
mixes instrumented with pre-tractor era values. The lowest first stage F-stat is provided. Columns (4)-(6) add
controls. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively. Regressions are weighted
by farm count. Robust SEs in parentheses.
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Table C.3: Effect of crop mix on tractor vintage, 1940, weighted by farms; OLS

Vintage: Vintage: Vintage: Vintage: Vintage: Vintage:
Pre-1930 1931-35 1936-40 Pre-1930 1931-35 1936-40

Pct. in corn -0.810*** 0.161*** 0.649*** -0.448*** 0.118*** 0.330***
(0.064) (0.020) (0.061) (0.069) (0.024) (0.065)

Pct. in wheat -0.284*** 0.089*** 0.195*** -0.029 0.038 -0.009
(0.052) (0.021) (0.045) (0.068) (0.024) (0.064)

Pct. in oats -0.304*** 0.008 0.297*** -0.590*** 0.116*** 0.474***
(0.104) (0.033) (0.099) (0.100) (0.036) (0.089)

Pct. in barley -1.244*** 0.487*** 0.757*** -1.216*** 0.530*** 0.685***
(0.195) (0.059) (0.155) (0.188) (0.058) (0.156)

Pct. in rye -0.959*** -0.256** 1.215*** -0.895*** -0.124 1.019***
(0.293) (0.104) (0.233) (0.301) (0.102) (0.242)

Constant 0.473*** 0.159*** 0.368*** 1.189 0.326 -0.516
(0.015) (0.006) (0.013) (0.733) (0.263) (0.672)

N 954 954 954 941 941 941
R2 0.65 0.46 0.60 0.71 0.56 0.66
RMSE 0.09 0.03 0.08 0.08 0.03 0.07
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes

Notes: Table shows the tendency of counties with different crop mixes to own tractors of different
vintages in 1940. All specifications regress the frequency of each tractor vintage on contemporaneous
crop mixes. Columns (4)-(6) add controls. *, **, *** represent significance at the 0.1, 0.05, and 0.01
levels, respectively. Regressions are weighted by farm count. Robust SEs in parentheses.

Table C.4: Effect of crop mix on tractor vintage, 1940, weighted by farms; IV

Vintage: Vintage: Vintage: Vintage: Vintage: Vintage:
Pre-1930 1931-35 1936-40 Pre-1930 1931-35 1936-40

Pct. in corn -0.989*** 0.203*** 0.787*** -0.630*** 0.179*** 0.451***
(0.090) (0.031) (0.088) (0.129) (0.043) (0.113)

Pct. in wheat -0.311*** 0.100*** 0.211*** -0.245* 0.127*** 0.119
(0.091) (0.030) (0.079) (0.131) (0.038) (0.118)

Pct. in oats 0.265 -0.155*** -0.109 0.067 -0.174** 0.107
(0.174) (0.059) (0.163) (0.182) (0.068) (0.152)

Pct. in barley -2.589*** 0.882*** 1.707*** -2.605*** 1.094*** 1.510***
(0.414) (0.122) (0.337) (0.502) (0.150) (0.404)

Pct. in rye -0.615 -0.679*** 1.294** 0.416 -0.607*** 0.191
(0.663) (0.222) (0.619) (0.705) (0.226) (0.631)

Constant 0.470*** 0.163*** 0.368*** 3.093*** -0.492 -1.601*
(0.019) (0.007) (0.016) (0.995) (0.333) (0.870)

N 954 954 954 941 941 941
R2 0.60 0.41 0.57 0.66 0.47 0.64
RMSE 0.09 0.04 0.08 0.09 0.03 0.07
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes
Min. F-stat 20.86 20.86 20.86 17.66 17.66 17.66

Notes: Table shows the tendency of counties with different crop mixes to own tractors of different
vintages in 1940. All specifications regress the frequency of each tractor vintage on contemporaneous
crop mixes instrumented with pre-tractor era values. The lowest first stage F-stat is provided. Columns
(4)-(6) add controls. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively.
Regressions are weighted by farm count. Robust SEs in parentheses.
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D Spatial Standard Errors

Table D.1: Comparison to Conley (1999) Standard Errors, 1930 Diffusion; OLS

20-mile 50-mile 100-mile
Coefficient Robust s.e. Conley s.e. Conley s.e. Conley s.e.

Pct. in corn 0.033 0.059 0.060 0.081 0.104
Pct. in wheat 0.695 0.043 *** 0.043 *** 0.054 *** 0.062 ***
Pct. in oats 0.995 0.082 *** 0.083 *** 0.117 *** 0.156 ***
Pct. in barley 0.795 0.152 *** 0.151 *** 0.188 *** 0.229 ***
Pct. in rye -1.270 0.247 *** 0.245 *** 0.283 *** 0.315 ***

Notes: Table compares heteroskedasticity-robust and Conley (1999) standard errors on the main indep-
endent variables in a regression of 1930 tractor diffusion on the fraction of farmland in each of the five
principal crops and controls. Conley (1999) standard errors allow for spatial correlation in the error term
that declines linearly in distance up to a cutoff-point, which is given in the column heading for each set
of standard errors. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively.

Table D.2: Comparison to Conley (1999) Standard Errors, 1940 Diffusion; OLS

20-mile 50-mile 100-mile
Coefficient Robust s.e. Conley s.e. Conley s.e. Conley s.e.

Pct. in corn 0.395 0.051 *** 0.051 *** 0.067 *** 0.087 ***
Pct. in wheat 0.477 0.046 *** 0.046 *** 0.056 *** 0.068 ***
Pct. in oats 1.129 0.070 *** 0.070 *** 0.093 *** 0.116 ***
Pct. in barley 1.141 0.135 *** 0.134 *** 0.166 *** 0.206 ***
Pct. in rye -1.166 0.247 *** 0.245 *** 0.301 *** 0.323 ***

Notes: Table compares heteroskedasticity-robust and Conley (1999) standard errors on the main indep-
endent variables in a regression of 1940 tractor diffusion on the fraction of farmland in each of the five
principal crops and controls. Conley (1999) standard errors allow for spatial correlation in the error term
that declines linearly in distance up to a cutoff-point, which is given in the column heading for each set
of standard errors. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively.

Table D.3: Comparison to Conley (1999) Standard Errors, 1930-40 Diffusion Change; OLS

20-mile 50-mile 100-mile
Coefficient Robust s.e. Conley s.e. Conley s.e. Conley s.e.

Pct. in corn 0.164 0.043 *** 0.043 *** 0.058 *** 0.079 **
Pct. in wheat -0.019 0.046 0.045 0.058 0.074
Pct. in oats 0.466 0.057 *** 0.056 *** 0.072 *** 0.091 ***
Pct. in barley 0.657 0.093 *** 0.092 *** 0.112 *** 0.136 ***
Pct. in rye 0.091 0.136 0.134 0.156 0.190

Notes: Table compares heteroskedasticity-robust and Conley (1999) standard errors on the main indep-
endent variables in a regression of the change in tractor diffusion from 1930 to 1940 on the fraction of
farmland in each of the five principal crops and controls. Conley (1999) standard errors allow for spatial
correlation in the error term that declines linearly in distance up to a cutoff-point, which is given in the
column heading for each set of standard errors. *, **, *** represent significance at the 0.1, 0.05, and
0.01 levels, respectively.
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Table D.4: Comparison to Conley (1999) Standard Errors, 1930 Diffusion; IV

20-mile 50-mile 100-mile
Coefficient Robust s.e. Conley s.e. Conley s.e. Conley s.e.

Pct. in corn 0.056 0.076 0.077 0.101 0.124
Pct. in wheat 0.483 0.062 *** 0.063 *** 0.085 *** 0.105 ***
Pct. in oats 1.007 0.100 *** 0.104 *** 0.143 *** 0.183 ***
Pct. in barley 0.594 0.287 ** 0.290 ** 0.387 0.469
Pct. in rye -2.452 0.463 *** 0.468 *** 0.548 *** 0.591 ***

Notes: Table compares heteroskedasticity-robust and Conley (1999) standard errors on the main indep-
endent variables in a regression of 1930 tractor diffusion on the fraction of farmland in each of the five
principal crops, instrumenting with 1910 values, and controls. Conley (1999) standard errors allow for
spatial correlation in the error term that declines linearly in distance up to a cutoff-point, which is given
in the column heading for each set of standard errors. *, **, *** represent significance at the 0.1, 0.05,
and 0.01 levels, respectively.

Table D.5: Comparison to Conley (1999) Standard Errors, 1940 Diffusion; IV

20-mile 50-mile 100-mile
Coefficient Robust s.e. Conley s.e. Conley s.e. Conley s.e.

Pct. in corn 0.375 0.083 *** 0.084 *** 0.103 *** 0.121 ***
Pct. in wheat 0.568 0.087 *** 0.087 *** 0.106 *** 0.127 ***
Pct. in oats 1.357 0.123 *** 0.126 *** 0.162 *** 0.192 ***
Pct. in barley 0.961 0.358 *** 0.362 *** 0.471 ** 0.569 *
Pct. in rye -1.913 0.475 *** 0.481 *** 0.555 *** 0.566 ***

Notes: Table compares heteroskedasticity-robust and Conley (1999) standard errors on the main indep-
endent variables in a regression of 1940 tractor diffusion on the fraction of farmland in each of the five
principal crops, instrumenting with 1910 values, and controls. Conley (1999) standard errors allow for
spatial correlation in the error term that declines linearly in distance up to a cutoff-point, which is given
in the column heading for each set of standard errors. *, **, *** represent significance at the 0.1, 0.05,
and 0.01 levels, respectively.

Table D.6: Comparison to Conley (1999) Standard Errors, 1930-40 Diffusion Change; IV

20-mile 50-mile 100-mile
Coefficient Robust s.e. Conley s.e. Conley s.e. Conley s.e.

Pct. in corn 0.397 0.074 *** 0.075 *** 0.094 *** 0.122 ***
Pct. in wheat 0.184 0.079 ** 0.079 ** 0.100 * 0.120
Pct. in oats 0.182 0.118 0.118 0.155 0.193
Pct. in barley 1.275 0.288 *** 0.289 *** 0.367 *** 0.448 ***
Pct. in rye -0.437 0.282 0.284 0.333 0.358

Notes: Table compares heteroskedasticity-robust and Conley (1999) standard errors on the main indep-
endent variables in a regression of the change in tractor diffusion from 1930 to 1940 on the fraction of
farmland in each of the five principal crops, instrumenting with 1910 values, and controls. Conley (1999)
standard errors allow for spatial correlation in the error term that declines linearly in distance up to a
cutoff-point, which is given in the column heading for each set of standard errors. *, **, *** represent
significance at the 0.1, 0.05, and 0.01 levels, respectively.
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E Alternative Explanations of Tractor Diffusion

E.1 New Deal Relief and Diffusion in the 1930s

Between the Great Depression, the New Deal, and the Dust Bowl, the 1930s was a tumultuous decade for

U.S. agriculture. These trends in 1930s agriculture may have affected tractor adoption and be correlated

with regional crop mix, generating bias in the baseline estimates. Here I rule out the possibility that New

Deal relief programs explain regional differences in tractor diffusion from 1930 to 1940.

Several New Deal programs provided grant and loan relief to farms across the U.S. beginning in 1933.

The principal sources of farm relief were the Agricultural Adjustment Administration (AAA), which paid

farmers to take farmland out of production and raise crop prices, and Farm Credit Administration (FCA),

which provided emergency farm mortgage debt relief and increased the supply of agricultural credit for all

purposes. AAA spending comprised 12.1 percent of all New Deal grants from March 1933 to June 1939,

while FCA lending totaled 12 percent of all New Deal loans (Fishback, Kantor, and Wallis 2003). In the

following analysis I use the county-level AAA and FCA relief variables of Fishback, Kantor, and Wallis (2003;

collected from a 1940 government publication) to isolate any potential confounding effects of New Deal relief.

The “New Deal” hypothesis of Clarke (1991) is that AAA payments and FCA loans landed disproportion-

ately in the hands of corn-growing farmers, aiding in their purchase of tractors. Indeed, though counties

concentrated in corn tended to receive AAA relief at the same rate as those concentrated in wheat, corn

counties received FCA loans at twice the rate of wheat counties (Table E.1). If the delayed diffusion of

tractors to the Corn Belt or other regions in the Midwest is primarily due to credit constraints, as Clarke

argues, then higher levels of FCA lending should positively affect diffusion.

[Table E.1 about here]

Table E.3 regresses the county-level change in tractor diffusion from 1930 to 1940 on crop mix, AAA relief

spending, and FCA loans. Similar to the alternative specifications of previous tables, column (1) uses

contemporaneous crop mix, Column (2) instruments with 1910 crop mix, and column (3) regresses directly

on 1910 values. Columns (4) to (6) add controls used in previous tables. The effects of New Deal relief are

notably absent from these results: AAA spending and FCA lending add little-to-no additional explanatory

power beyond the local crop mix. Controlling for New Deal farm relief does not refute the argument that

technical advances were the main force behind tractor diffusion in the 1930s.

[Table E.3 about here]

Fishback, Kantor, and Wallis (2003) provide one clue as to why New Deal relief might not have affected

tractor purchases: AAA spending and FCA lending favored “large farmers and high-income areas.” These

farms were more likely to own tractors even in the absence of New Deal relief and less likely to be dependent

on government financing for general equipment purchases.

E.2 Effects of the Dust Bowl

The Dust Bowl – a series of dust storms that severely eroded topsoil from Plains farmland in the 1930s –

may have also interfered with tractor diffusion in the 1930s. Hornbeck (2012) documents the short- and
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long-run effects of the Dust Bowl and finds that it had an immediate and persistent effect on agricultural

land values. These storms caused widespread crop failure and led to declines in agricultural land value on

the order of 30 percent in the most affected counties (Hornbeck 2012). Farmers living in affected counties

might have subsequently been unable to afford or borrow against their land to buy a tractor.

Figure 2 of Hornbeck (2012) provides a map of cumulative soil erosion in the 1930s across portions of 12 states

in or near the U.S. Plains region. Six of the states and 472 of the counties in this map are in the Midwest

sample studied here.42,43 Hornbeck (2012) digitally traces this map to calculate the fraction of farmland

in each county (using 1910 borders) with low, medium, and high erosion.44 Among the 472 counties in

both Hornbeck’s (2012) data and the border-adjusted Midwest sample, the average fraction of high-erosion

farmland is 0.18; medium-erosion, 0.39; and low-erosion, 0.44. The counties in this subsample were less

severely hit by the Dust Bowl than those in Hornbeck’s 779-county sample, where the average county has

37, 48, and 15 percent of its farmland in high-, medium-, and low-erosion areas, respectively.

The intersected sample nevertheless includes sufficient variation to distinguish the effects of the Dust Bowl

from those of crop mix and technological advances in tractor design. Table E.2 shows how the severity of

erosion varied with crop concentrations in this sample. Counties concentrated in corn suffered the most

severe erosion. Those growing wheat tended to experience moderate erosion; this pattern differs from that

of Hornbeck’s 779-county sample, over which the percent of farmland in wheat correlates with lower levels of

both moderate and severe erosion (Hornbeck 2012, Table 1). Counties growing oats and barley were among

the least affected, lying further away from the figurative eye of the storm.

[Table E.2 about here]

These patterns suggest that the Dust Bowl cannot explain the relatively larger increases in tractor diffusion

from 1930 to 1940 across the Corn Belt, as counties in the heart of this region were among the most severely

impacted. Table E.4 incorporates the erosion variables into the baseline regressions for the change in diffusion

over the decade. Though the IV specification no longer has sufficient explanatory power in the first stage to

generate unbiased second-stage estimates, the regressions on 1910 crop mix (Columns 3 and 6) are identified.

The results suggest relatively modest, if any, effects of the Dust Bowl on tractor diffusion but continue to

highlight the importance of the local crop mix to the technology’s spread.

[Table E.4 about here]

42For all Dust Bowl-related regressions I apply Hornbeck’s (2010) border adjustment procedure to reapportion all post-1910
data for my sample to 1910 county borders. This allows me to merge Hornbeck’s (2012) erosion variables, which are defined
for 1910 county borders, to my data without any additional changes.

43The states in the intersected sample are Iowa, Kansas, Minnesota, Nebraska, North Dakota, and South Dakota. Other states
shown in Hornbeck’s map are Colorado, Montana, New Mexico, Oklahoma, Texas, and Wyoming. Substantial portions of
these states suffered severe erosion, especially areas in eastern Colorado, Oklahoma, and central Montana. Most of eastern
New Mexico and central Texas also suffered moderate erosion.

44“Low erosion” is defined to be less than 25 percent of topsoil lost; “medium erosion” indicates between 25 and 75 percent of
topsoil lost, and “high erosion” indicates more than 75 percent of topsoil lost.
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Table E.1: New Deal Farm Relief (AAA/FCA) by 1930 crop mix

(1) (2)
AAA spending ($/acre) FCA loans ($/acre)

Pct. in corn, 1930 8.151*** 3.052***
(0.624) (0.366)

Pct. in wheat, 1930 8.921*** 1.519***
(0.386) (0.216)

Pct. in oats, 1930 1.378* 2.824***
(0.811) (0.495)

Pct. in barley, 1930 9.426*** 4.794***
(1.603) (1.244)

Pct. in rye, 1930 -0.751 -0.277
(1.622) (3.150)

Constant 0.265 0.471***
(0.221) (0.131)

N 1032 1032
R2 0.71 0.49
RMSE 0.86 0.63

Notes: Table shows the rate at which counties with different crop mixes received
New Deal relief spending. Column (1) regresses AAA spending per acre of farmland
on the fraction of farmland in five principal crops. Column (2) regresses FCA
lending per acre on crop percentages. All regressions include state FEs (not shown).
*, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively. Robust
SEs in parentheses.

Table E.2: Dust Bowl Soil Erosion (low/med/high) by 1930 crop mix

(1) (2) (3)
Erosion: Low Erosion: Med. Erosion: High

Pct. in corn, 1930 -1.576*** 0.360* 1.216***
(0.206) (0.207) (0.153)

Pct. in wheat, 1930 -0.118 0.413*** -0.294***
(0.129) (0.150) (0.110)

Pct. in oats, 1930 2.197*** -0.399 -1.798***
(0.411) (0.401) (0.321)

Pct. in barley, 1930 1.738*** -2.036*** 0.298
(0.568) (0.482) (0.402)

Pct. in rye, 1930 -0.831 2.032 -1.201*
(1.533) (1.506) (0.618)

Constant 0.465*** 0.389*** 0.146**
(0.061) (0.059) (0.057)

N 471 471 471
R2 0.44 0.15 0.34
RMSE 0.29 0.31 0.24

Notes: Table shows the severity of the Dust Bowl across counties with different crop
mixes. Columns (1) to (3) regress the fraction of farmland with low, medium, and
high cumulative erosion in the 1930s (respectively) on the fraction of farmland in five
principal crops. All regressions include state FEs (not shown). *, **, *** represent
significance at the 0.1, 0.05, and 0.01 levels, respectively. Robust SEs in parentheses.
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Table E.3: Effect of crop mix on change in tractor diffusion, 1930-40, controlling for New Deal

(1) (2) (3) (4) (5) (6)
Pct. in corn 0.231*** 0.352*** 0.175*** 0.466***

(0.053) (0.062) (0.048) (0.093)
Pct. in wheat 0.070 0.246*** -0.007 0.258***

(0.044) (0.068) (0.046) (0.096)
Pct. in oats 0.630*** 0.632*** 0.458*** 0.114

(0.052) (0.096) (0.059) (0.126)
Pct. in barley 0.691*** 0.928*** 0.657*** 1.385***

(0.089) (0.209) (0.093) (0.297)
Pct. in rye 0.336** 0.007 0.083 -0.511*

(0.140) (0.328) (0.138) (0.294)
Pct. in corn, 1910 0.241*** 0.356***

(0.039) (0.050)
Pct. in wheat, 1910 0.142*** 0.120***

(0.037) (0.041)
Pct. in oats, 1910 0.581*** 0.293***

(0.045) (0.053)
Pct. in barley, 1910 0.665*** 0.676***

(0.114) (0.113)
Pct. in rye, 1910 -0.088 -0.481**

(0.275) (0.236)
AAA spending ($/acre) 0.007** -0.001 0.003 -0.002 -0.011*** -0.005*

(0.003) (0.003) (0.003) (0.003) (0.004) (0.003)
FCA loans ($/acre) -0.002 -0.002 0.002 0.002 0.004 0.004

(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Constant 0.075*** 0.062*** 0.048*** -0.681* -1.182** -0.821**

(0.009) (0.011) (0.009) (0.351) (0.546) (0.369)
N 953 953 1033 940 940 1015
R2 0.67 0.65 0.65 0.73 0.68 0.70
RMSE 0.05 0.06 0.06 0.05 0.05 0.05
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes
Min. F-stat 19.71 16.29

Notes: Table shows the tendency of counties with different crop mixes to adopt the farm tractor from 1930-1940.
Columns (1) and (4) regress the fraction of farms with tractors on contemporaneous crop mixes. Columns (2)
and (5) instrument with pre-tractor era crop mixes. Columns (3) and (6) regress on lagged crop percentages.
Columns (4)-(6) add controls. *, **, *** represent significance at the 0.1, 0.05, and 0.01 levels, respectively.
Robust SEs in parentheses.
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Table E.4: Effect of crop mix on change in tractor diffusion, 1930-40, controlling for Dust Bowl

(1) (2) (3) (4) (5) (6)
Pct. in corn 0.056 0.170** 0.065 0.519**

(0.047) (0.085) (0.071) (0.227)
Pct. in wheat 0.026 0.165* -0.114** 0.277*

(0.043) (0.090) (0.056) (0.148)
Pct. in oats 0.794*** 0.518** 0.673*** 0.036

(0.079) (0.213) (0.087) (0.200)
Pct. in barley 1.134*** 1.703*** 0.737*** 1.296**

(0.115) (0.436) (0.137) (0.612)
Pct. in rye 0.305** -0.515 0.014 -1.507**

(0.153) (0.604) (0.178) (0.742)
Pct. in corn, 1910 0.258*** 0.520***

(0.054) (0.082)
Pct. in wheat, 1910 0.108** 0.037

(0.045) (0.057)
Pct. in oats, 1910 0.607*** 0.320***

(0.077) (0.088)
Pct. in barley, 1910 0.706*** 0.501***

(0.130) (0.133)
Pct. in rye, 1910 -1.400* -1.840***

(0.714) (0.610)
Erosion: Med. -0.009 -0.018 -0.032*** -0.007 -0.017 -0.028**

(0.011) (0.012) (0.012) (0.012) (0.015) (0.012)
Erosion: High -0.003 -0.023 -0.018 -0.019 -0.013 -0.016

(0.017) (0.022) (0.016) (0.018) (0.026) (0.017)
Constant 0.123*** 0.132*** 0.112*** 1.633 -3.950* -1.334

(0.015) (0.028) (0.013) (1.648) (2.326) (1.897)
N 446 446 472 441 441 467
R2 0.60 0.54 0.55 0.66 0.51 0.60
RMSE 0.06 0.07 0.07 0.06 0.07 0.07
State FEs? Yes Yes Yes Yes Yes Yes
Controls? No No No Yes Yes Yes
Min. F-stat 9.64 4.65

Notes: Table shows the tendency of counties with different crop mixes to adopt the farm tractor from
1930-1940. Columns (1) and (4) regress the fraction of farms with tractors on contemporaneous crop mixes.
Columns (2) and (5) instrument with pre-tractor era crop mixes. Columns (3) and (6) regress on lagged
crop percentages. Columns (4)-(6) add controls. *, **, *** represent significance at the 0.1, 0.05, and 0.01
levels, respectively. Robust SEs in parentheses.
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F Additional Tables on Other GPTs

Table F.1: HHI Index of U.S. Industry Power Shares, 1850-1870

Steam Water Draft Manual Combo

1850 0.104 0.226 0.187 0.072 0.102
(N=92)

1860
0.173 0.248 0.108 0.073 0.055

(N=98)

1870 0.111 0.254 0.130 0.083 0.060
(N=102)

Notes: Table reports HHI index constructed from U.S. industries’ share of all firms
powered by the given technology. Higher values indicate that firms with that power
type are concentrated in a small number of industries. The index takes a minimum
value of 1/N (when all industries use that power source in an equal number of firms)
and a maximum of 1.0 (when only a single industry uses that power source). The HHI
measure does not account for differential number of firms across industries; concen-
tration in industries’ share of all firms with a given power source may be the result
of industrial organization rather than an indication that a power source isn’t general.
Source: Atack, Bateman and Weiss nationally representative samples from manuscript
Censuses of Manufactures, 1850-1870.

Table F.2: HHI Index of U.S. Industry Power Shares, 1899-1909

Electric Gas Steam Water

1899 0.055 0.060 0.042 0.269
(N=93)

1904
0.056 0.061 0.032 0.271

(N=97)

1909 0.031 0.072 0.041 0.272
(N=97)

Notes: Table reports HHI index constructed from U.S. industries’
share of all power from the given technology. Higher values indi-
cate that power of that type is concentrated in a small number
of industries. The index takes a minimum value of 1/N (when all
industries use that power source in equal amounts) and a maxi-
mum of 1.0 (when only a single industry uses that power source).
The HHI measure does not account for differential power needs
across industries; concentration in industries’ share of all power
from a given power source may be the result of these differential
power needs rather than an indication that a power source isn’t
general. Source: 1910 U.S. Census, Volume VIII (Manufactures),
Chapter III, Table 3.

63



G Additional Maps

Figure G.1: Percent of farmland in corn, 1910-1920
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Figure G.2: Percent of farmland in corn, 1930-1940
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Figure G.3: Percent of farmland in wheat, 1910-1920
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Figure G.4: Percent of farmland in wheat, 1930-1940
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Figure G.5: Percent of farmland in oats, 1910-1920

68



Figure G.6: Percent of farmland in oats, 1930-1940
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Figure G.7: Percent of farmland in barley, 1910-1920
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Figure G.8: Percent of farmland in barley, 1930-1940
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Figure G.9: Percent of farmland in rye, 1910-1920
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Figure G.10: Percent of farmland in rye, 1930-1940
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Figure G.11: Percent of farmland in hay, 1910-1920
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Figure G.12: Percent of farmland in hay, 1930-1940
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