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1 Introduction

Modern transformations in agricultural markets have reshaped rural landscapes. Agricul-
tural trade liberalization, mechanization, irrigation, and chemical inputs have increased
productivity but have also encouraged monoculture and landscape simplification—larger
contiguous fields, fewer crop types, and lower edge-to-area ratios (Tilman et al., 2001,
2002; Crossley et al., 2020). This homogenization has generated attention among poli-
cymakers. Citing concerns for ecosystem diversity, climate adaptation, and agricultural
system resilience, the European Union has started monitoring its crop diversity (FEuro-
pean Commission and Development, 2025), and several of its member states condition a
portion of their agricultural subsidies on minimum crop counts that scale with farm area
(European Commission and Development, 2023). Yet, while the negative ecological con-
sequences of landscape simplification for pollination and biodiversity are well-documented
(Schroeder et al., 2024; Hemberger et al., 2021; Palmu et al., 2014), its causal effect on

agricultural vulnerability to pests remains largely untested.

In this paper, we show that local crop diversity slows pest spread. To do so, we exploit
one of the most damaging pest shocks to U.S. agriculture: the diffusion of the boll weevil
across the Cotton Belt between 1890 and 1930 (Hunter, 1923; Lange et al., 2009; Bloome
et al., 2017). This historical setting allows us to estimate the unmitigated effect of crop
diversity on pest diffusion as the boll weevil shock predates the introduction of commercial
pesticides (Hunter, 1923).

We estimate that a one-standard-deviation increase in the county-level Gini-Simpson
index of crop diversity reduces the annual hazard of first contamination by about 12
percentage points, or 36 percent relative to the mean annual risk. Moving a county from
the 25th to the 75th percentile of crop evenness reduces the annual hazard by roughly
16 percentage points and, under a simple constant-hazard approximation, delays median

contamination by two years.

Our empirical strategy combines a new long-run measure of crop diversity with quasi-
experimental variation in terrain ruggedness. First, we construct a county-level panel
of planted acres for major crops from 1850 to 2007 by developing a machine-learning
algorithm that predicts historical crop distributions to harmonize the U.S. Census of
Agriculture across shifting county boundaries. Second, we use terrain ruggedness as an
instrument for crop diversity. Rugged landscapes affect drainage, erosion risk, soil depth,
and the ease of plowing and irrigation, and in our data they are strongly associated with
a less even mix of crops: a one-standard-deviation increase in ruggedness lowers the

Gini-Simpson index of crop diversity by about 0.22 standard deviations.

To address the concern that ruggedness might also influence boll weevil diffusion through



other channels—such as cotton suitability, local climate, or access to transportation net-
works—we condition on historical cotton intensity, total agricultural area, long-run tem-
perature and rainfall, and state-by-decade fixed effects. We show that our results are
robust to adding controls for distance to rail and market access, and to restricting atten-
tion to neighboring counties along the moving frontier of diffusion. Section 3 develops this
IV strategy and its identifying assumptions in detail, and reports additional robustness
checks which demonstrate that results are not sensitive to alternative choices of diversity

index.

A key feature of our setting is that the boll weevil only feeds on cotton. This charac-
teristic narrows the range of potential channels which can link its diffusion to landscape
structure. The first of these is the resource concentration hypothesis: more diverse agri-
cultural landscapes tend to be more fragmented, and host plants—here cotton—tend to
be less contiguous, slowing pest reproduction and migration (Tilman et al., 2002; Larsen
and Noack, 2017). By controlling for initial cotton shares, we isolate how the spatial
distribution of cotton and non-cotton land affects pest spread, independent of host plant
availability. The second is the natural enemies hypothesis: more diverse landscapes also
support non-crop habitat for predators such as birds, bats, and beneficial insects that
suppress pest populations (Hunter, 1923; Gurr et al., 2003; Lin, 2011; McDaniel et al.,
2014; Landis et al., 2008; Sirami et al., 2019). A third, complementary mechanism is that
crop diversity often correlates with grazing practices that reduce overwintering sites for
pests (Hunter, 1923).

This paper makes three main contributions. First, we develop a new historical dataset
that traces county-level crop diversity in the United States from 1850 to 2007. To over-
come shifting county boundaries and the heterogeneous spatial distribution of cropland
within counties, we construct a machine-learning linking algorithm that predicts the
fine-scale location of cultivated land using topography and climate. This approach sub-
stantially improves on the area-weighted crosswalks commonly used in economic and
ecological work (e.g., Hornbeck and Naidu, 2014; Crossley et al., 2020; Eckert et al.,
2020), and provides a more accurate, spatially consistent series of planted acres for the
full U.S. agricultural census. Using this harmonization, we document a 48 percent decline
in county-level crop diversity since the mid-twentieth century, a number in line with prior
accounts of long-run landscape homogenization (Aguilar et al., 2015; Hijmans et al., 2004;
Crossley et al., 2020).

Second, we provide the first causal evidence that higher crop diversity slows the spatial
diffusion of an agricultural pest, complementing ecological research showing that biodi-
versity can buffer disease emergence (Weitzman, 2000) and transmission (Hartfield et al.,
2011; Civitello et al., 2015; Rohr et al., 2020; Manning and Ando, 2022). Our empirical

setting allows us to quantify this relationship at scale and complements theoretical, exper-



imental and field-based ecological studies (Berry et al., 2019; Gurr et al., 2003; Lin, 2011;
McDaniel et al., 2014; Landis et al., 2008) by showing that these mechanisms aggregate

to measurable reductions in pest spread across counties.

Third, we contribute to the economics of sustainable pest management practices (Fiswerth
et al., 2018; Liebhold and Griffin, 2016; Epanchin-Niell et al., 2021) and the broader
literature on spatial externalities in agriculture. This literature is developed against a
backdrop of increasingly well-documented health costs of pesticide exposure (Frank, 2024;
Dias et al., 2023; Taylor, 2022; Calzada et al., 2023). Because farmers currently address
pest pressure primarily through pesticide inputs, the spatial diffusion of pests gener-
ates both economic losses and downstream health externalities. Our results show that
individual farmers’ land-use decisions generate sizable externalities by altering the like-
lihood and speed with which a pest reaches neighboring fields. Yet existing agricultural
policy instruments fail to internalize these landscape-level interactions. More efficient
policy design could promote diversified planting or preserve non-crop habitat. A sim-
ple back-of-the-envelope calculation suggests that moving a county from the 25th to the
75th percentile of crop evenness would have increased expected annual cotton revenues
by roughly $2,300 (in 1890 dollars, corresponding to 5 percent of annual county-level
cotton revenues). Beyond these direct gains, greater diversification could also lower re-
liance on chemical pesticides. While our analysis focuses on quantifying the pest-diffusion
channel, these complementary health and ecological gains further strengthen the case for

incorporating landscape externalities into agricultural policy.

2 Context and Data

The boll weevil is an insect native to Mexico and Central America. It was first ob-
served in the U.S. in 1892 in Brownsville, Texas, and later spread across the entire Cotton
Belt, where it caused substantial agricultural damage (Lange et al., 2009).! We track its
county-level advance using digitized historical maps. These reveal a concentric diffusion
pattern and a contamination frontier moving north and east across the cotton belt Fig-
ure 1. This pattern is consistent with its primarily wind-driven spread (Bloome et al.
(2017); Lange et al. (2009)). At the same time, during the 1900s, the boll-weevil expan-
sion was concentrated along the low crop diversity eastern border of Texas (Figure 3), a
pattern we return to in Section 3. Critically, this pest shock predates the widespread use
of effective pesticides—calcium arsenate was not introduced until the late 1920s (Hunter,

1923). As a result, the pest’s spatial dynamics during this period reflect relatively un-

1Cotton production in contaminated counties declined by 40%. Impacted counties experienced significant out-migration,
and by transforming the prevalence of tenant farming, the boll weevil even reduced marriage rates among young African
Americans in the South (Bloome et al., 2017).



Figure 1: Boll Weevil Contamination over Time
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Notes: The figure shows the decade each county was first contaminated by the boll weevil, based on digitized historical
maps (Bloome et al., 2017). The sample includes all counties where cotton was grown at the start of the twentieth century.

mediated interactions between its behavior and landscape features, making it a uniquely

clean setting to study the ecological consequences of crop diversity.

Measuring crop diversity. We measure crop diversity using the Gini-Simpson index,
defined as the probability that two randomly selected hectares in a county are planted
with different crops. The index increases with both the number of crops grown and the
evenness of land allocation (Jost, 2006).2* While many dimensions of biodiversity may
influence the spread of pests, we chose county-level crop diversity as our primary metric
for three key reasons. First, crop diversity shapes the abundance and spatial distribution
of host plants, which in turn affects pest survival and transmission (Strobl, 2021; Tilman
et al., 2002). Second, it correlates with broader landscape characteristics relevant to pest
ecology: more diverse croplands tend to be more fragmented and provide greater non-
crop habitat, which can support natural enemies of agricultural pests (Gurr et al., 2003;
Lin, 2011; McDaniel et al., 2014; Landis et al., 2008; Palmu et al., 2014). As such, crop
diversity serves as a useful proxy for key landscape configurations. Finally, crop diversity
is one of the few landscape structure-related variables that can be consistently measured
across the entire twentieth century in the U.S., thanks to the systematic coverage of the

U.S. Census of Agriculture.

County boundaries have shifted over time, complicating longitudinal comparisons within
the U.S. Census of Agriculture. To make historical data comparable across years, re-
searchers typically reassign historical data to a fixed map of counties. However, standard
crosswalk methods (e.g., Eckert et al. (2020)) use area-based weights for this reassign-

ment, assuming cropland is evenly distributed within counties—an unrealistic assumption

2In a two-crop landscape, the index can never rise above 0.5. In a four-crop landscape, the maximum increases to 0.75.
Holding the number of crops constant, the index increases with the evenness of land allocation.

3In robustness exercises, we use the Pielou index, which captures evenness of crop abundance within a county.



Figure 2: Crop Diversity over Time
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Notes: The figure shows the evolution of crop diversity in the U.S. over time. Each dot represents a U.S. county, the solid
line is the national average, and the dotted lines are the 10th and 90th percentiles. We construct the crop diversity index
from the U.S. Census of Agriculture. See Appendix A.l for construction details.

that can bias temporal comparisons.? We address this limitation by developing a novel
linking algorithm. First, we train a machine learning model on modern fine-grained crop-
land data, using topography and climate as predictors.” Second, we use this model to
predict where agricultural activity was most likely concentrated within each historical
county between 1890 and 1930, the period of expansion of the boll weevil. Finally, we
use the predicted distributions to construct reweighting schemes that refine traditional

area-based methods. Appendix A.1 provides full details.

Using the harmonized county-level dataset, we construct a balanced panel of planted acres
for 12 major crops.® Consistent with prior work (Crossley et al., 2020), we find a sharp
decline in crop diversity across the U.S. beginning over the second half of the twentieth
century (Figure 2). Between 1950 and 2010, crop diversity fell by 48 percent from 0.56 to
0.29. This sustained loss of crop diversity reinforces the importance of understanding its
ecological consequences, particularly its potential role in shaping the spatial dynamics of

pest diffusion.”

4Figure A.1 shows sub-county cultivated areas in Kansas, illustrating that this homogeneity assumption fails for most
counties.

5We use the Cropland DataLayer that has a 30-meter resolution to recover current cropland distribution (United
States Department of Agriculture and National Agricultural Statistics Service, 2023). We obtain data on historical and
contemporary weather from the Parameter-elevation Regressions on Independent Slopes Model (PRISM) group (PRISM
Climate Group, Oregon State University, 2025).

6Rice, cane sugar, wheat, corn, cotton, potato, sweet potato, barley, rye, tobacco, buckwheat, and oats are included.
Notice the exclusion of soybeans, which is only accounted for in the U.S. Census of Agriculture from 1920 onwards. Results
are robust to using a larger set of crops in an unbalanced panel.

"Figure C.4 compares the temporal evolution of crop diversity derived from our machine-learning algorithm with the
standard area-based crosswalk used in previous literature. Relying on the area-based method significantly distorts the
observed trend, yielding a curve that stays flat longer, begins declining ten years later, and drops at an accelerated pace.
Because the area-based approach assumes a spatially uniform distribution of cropland, it structurally smooths out cross-
county variation in diversity estimates. This homogenization inherently misrepresents counties undergoing early or late
agricultural transitions, likely driving both the delayed onset of the aggregate decline and its artificially compressed, steeper
slope.



3 Empirical Strategy

A key empirical challenge is that many long-run determinants of cropping patterns—such
as the suitability of land for cotton, climate conditions, or access to markets and trans-
portation—can influence both crop diversity and the diffusion of the boll weevil. Simple

correlations between diversity and contamination are therefore unlikely to be causal.

We address this concern using an instrumental-variables (IV) approach in a linear prob-
ability model.® Specifically, using Census data for the 1890-1930 period, we estimate a
two-stage least squares (2SLS) model that leverages county-level terrain ruggedness as a

source of quasi-exogenous variation in the Gini-Simpson index of crop diversity:”
Gini-Simpson,, = y;Ruggedness, + X172 + 0s(e)t + Ect- (1)

We define the terrain ruggedness index, Ruggedness,, as the mean of the absolute differ-
ences in elevation between a focal grid cell and its eight neighbors (Wilson et al., 2007).
Elevation data come from the Landfire 2020 raster provided by the USGS (U.S. Depart-
ment of the Interior, U.S. Geological Survey and U.S. Department of Agriculture, 2013).
The fitted values from this regression are used in the second stage to estimate the effect

of crop diversity on pest diffusion:
BollWeevil,; = 54 Gini—/SiEpsonct + XetB2 + Co(opt + Vet (2)

The outcome variable is a binary indicator equal to 1 if county ¢ is contaminated by the
boll weevil in decade t. Because the boll weevil feeds exclusively on cotton, we restrict
our analysis to counties that cultivated cotton at least once between 1890 and 1930. Once
contaminated, counties remain so in future years. 7, and () are state-by-decade fixed
effects and X, corresponds to a vector of controls. Standard errors are clustered at the
county level to account for autocorrelation.! Summary statistics for the main variables

used in the analysis are shown in Table B.3.

Relevance. Terrain ruggedness imposes physical constraints on agriculture by affecting
drainage, irrigation feasibility, soil depth, soil organic content, and erosion risk, all of
which influence the ease and profitability of plowing and cultivation (Patton et al., 2019;
Vollering et al., 2025; Khawlie et al., 2002). As a result, rugged landscapes tend to

have less flexible cropping possibilities and more limited scope for diversified rotations.

8In robustness checks, we verify that results are largely unchanged when using a logit model with a control function.

9We use the Gini-Simpson index as our main measure of crop diversity and show in Table C.4 that results are robust
when using the Pielou index.

10We test in the appendix the robustness of our results to allowing for spatial correlation via Conley standard errors
with different distance cut-offs.



Figure 3: Crop Diversity and Terrain Ruggedness

(a) Gini-Simpson (b) Ruggedness

Notes: Panel (a) shows the Gini-Simpson index across cotton-growing counties in 1890. See Appendix A.1 for details on
the construction of this crop diversity index. Panel (b) shows the spatial distribution of the ruggedness index, defined as
the terrain ruggedness index, or the mean of the absolute differences in elevation between a focal grid cell and its eight
neighbors (Wilson et al., 2007). A higher index value corresponds to a more uneven terrain. Elevation data come from the
Landfire 2020 raster provided by the USGS (U.S. Department of the Interior, U.S. Geological Survey and U.S. Department
of Agriculture, 2013).

Because our instrument relies on this specific physical constraint, our estimates have a
local average treatment effect (LATE) interpretation: we isolate the mitigating effect of
crop diversity in areas where agricultural homogeneity is dictated by terrain, rather than

by farmer preference or policy.

In our data, more rugged counties have systematically lower crop diversity. A one-standard-
deviation increase in terrain ruggedness reduces the Gini-Simpson index of crop diversity
by about 0.01 (0.22 standard deviations; Table 1, column (2)). The first-stage F-statistic
of 37.4 exceeds the conventional threshold for instrument strength. Figure 3 maps the

spatial distribution of both variables and illustrates this negative association.

Exclusion. A valid instrument must not affect boll weevil diffusion through any channel
other than crop diversity. In our context, the main concern is that ruggedness could
be correlated with other determinants of pest spread—such as the density and spatial
configuration of cotton fields, local climate, or access to transportation networks—even

after conditioning on crop diversity.

We address these threats in several ways. First, we explicitly control for agronomic and
climatic determinants of boll weevil reproduction that might co-vary with ruggedness.
The boll weevil depends exclusively on cotton to reproduce, thrives under warm and wet
conditions, and suffers from cold winters (Hunter, 1923; Lange et al., 2009). To account
for these mechanisms, we compare counties with a similar baseline share of cropland
devoted to cotton and total agricultural acreage in 1880 (the decade of first boll weevil

entry into the United States), as well as long-run averages of annual rainfall and minimum



and maximum daily temperatures.!* Conditioning on both cotton’s share of cropland and
overall agricultural area helps absorb much of the variation in host-crop availability and
crop density that could otherwise provide a separate pathway from ruggedness to pest

diffusion.

Second, we include state-by-decade fixed effects, which flexibly control for unobserved
policy shocks, pest-management practices, and broader regional climate patterns that
evolve over time. This structure absorbs, for example, state-level responses to contam-
ination, extensions services, or large-scale climate anomalies that might be correlated
with ruggedness at broad spatial scales. While we do not directly observe historical wind
speeds or directions, these fixed effects and weather controls substantially limit the scope
for terrain-induced differences in climate to bias our estimates outside of their influence

on cropping patterns.

Third, we consider additional channels explicitly in the results section. In particular,
ruggedness could also be correlated with access to trade and transportation networks,
allowing boll weevils to travel along rail or water routes. To address this, we show that
our IV estimates are robust to including controls for distance to rail and Donaldson
and Hornbeck (2016)-style market access and to restricting attention to counties on the
moving frontier of infestation, where exposure risk is similar across counties. These
exercises suggest that the variation in boll weevil diffusion used for identification is not
primarily driven by differences in market access or location relative to the initial entry

point.

Taken together, the host specialization of the boll weevil, the controls for baseline cotton
intensity and agricultural area, the long-run climate variables, and the rich set of fixed
effects greatly reduce the range of alternative channels through which terrain ruggedness
could affect pest diffusion. Our key identifying assumption is that, once these factors and
crop diversity are accounted for, any remaining influence of ruggedness on boll weevil
spread operates only through the cropping patterns it induces. In the next section, we
document that the estimated effect of diversity is stable across a wide set of specifications

and samples, which is consistent with this assumption.

4 Results

Table 1 reports estimates of the effect of crop diversity on pest diffusion for the full sample.
Column (1) presents OLS estimates, which are small and statistically insignificant, while

column (2) reports the baseline 2SLS specification. The IV estimates indicate that a

HBaseline share of cotton acreage is computed in 1880, at the time of first entry of the boll weevil in the U.S. We
compute weather averages between 1895-1997 using data from PRISM (PRISM Climate Group, Oregon State University,
2025). Results are robust to using alternative windows, such as 1895-1930.



one-standard-deviation increase in the Gini-Simpson index of crop diversity reduces the
annual probability of boll weevil contamination by roughly 12 percentage points—about
36 percent relative to the mean annual risk.'?> The difference between the OLS and IV
estimates suggests that the OLS coefficients are attenuated, reflecting downward bias
arising from the endogeneity of crop diversity. This implies that within-state-decade
unobservables likely drive both the spread of the boll weevil and local crop diversity. For
example, anomalously mild winters could simultaneously encourage farmers to plant a
wider variety of crops (Kukal and Irmak, 2018) and improve the overwinter survival rates

of the weevil, thereby biasing the OLS estimate toward zero.

To interpret magnitude, consider a shift from the 25th to the 75th percentile of pre-
dicted evenness in the first stage (0.49 to 0.57). This interquartile-range increase reduces
the annual hazard of contamination by approximately 16 percentage points. Under a
constant-hazard approximation it delays the median time to pest arrival by roughly 2

years and increases the expected time to arrival by about 2.9 years.!?

Using USDA-NASS (2008), we estimate that total U.S. cotton revenues in 1890 were
approximately $43 million, or about $40,000 per cotton-growing county. Together with
historical evidence that boll weevil infestation reduced cotton output by roughly 40-50
percent (Lange et al., 2009), this implies that the estimated reduction in annual hazard
corresponds to an expected annual revenue gain of about $2,300 per county. Through the
timing channel, a two-year delay in median arrival and annual losses of about 45 percent
of revenues post contamination therefore implies avoided cotton losses of roughly $36,000

per county (1890 dollars).

Mechanisms Several mechanisms may explain the negative relationship between crop
diversity and pest spread. Increased crop diversity may reduce pest spread by fragment-
ing the spatial continuity of host crops—an effect consistent with the resource dilution
hypothesis (Larsen and Noack, 2017; Clough et al., 2020). The boll weevil depends ex-
clusively on cotton and remains largely sedentary outside of its brief August migration
period, during which it spreads out to other locations (Hunter, 1923). In more diverse
agricultural landscapes, cotton fields tend to be more spatially fragmented, reducing the
size and contiguity of suitable habitat and making it harder for migrating weevils to lo-
cate food. Historical USDA reports from the 1920s recognized this principle, proposing
the use of non-cotton “barrier crops” to slow the advance of the pest. This mechanism

is supported by the results in columns (3) and (4) of Table 1, where we include baseline

12Following standard IV practice, all summary statistics used to interpret IV coefficients refer to the predicted endogenous
variable from the first stage, since this reflects the variation used for identification.

13Under a constant annual hazard h, the probability that a county remains uncontaminated after ¢ years is (1 —h)*. The
median arrival time is therefore Tp.5 = In(0.5)/In(1 — k), and the expected arrival time is 1/h. Applying these expressions
to the baseline hazard (hg = 0.33) and to the hazard implied by the 25th—75th percentile increase in diversity (k1 = 0.17)
yields a median delay of about 2 years and an increase in expected arrival time of roughly 2.9 years.
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Table 1: Diversity and Boll Weevil Diffusion

Dependent Variable: Boll Weevil Presence
Model: (1) (2) (3) (4)
OLS v OLS v

Crop Diversity (Gini-Simpson) -0.033 -1.975%* -0.027 -1.715%*
0.047)  (0.735)  (0.047)  (0.563)

State x Decade FE Yes Yes Yes Yes
Baseline Crop Diversity No No Yes Yes
Observations 3,895 3,895 3,895 3,895
Number of Clusters 1,080 1,080 1,080 1,080
R? 0.86 0.72 0.86 0.76
Mean Boll Weevil 0.33 0.33 0.33 0.33
SD Boll Weevil 0.47 0.47 0.47 0.47
Mean Gini-Simpson 0.54 0.53 0.54 0.53
SD Gini-Simpson 0.10 0.06 0.10 0.06
First Stage -0.011 (0.003) -0.011 (0.003)
Mean Ruggedness 1.34 1.34
SD Ruggedness 1.27 1.27
F-statistic 374 54.1

Notes: This table reports results from OLS and IV estimation of the effect of crop diversity on boll weevil con-
tamination, measured by the Gini-Simpson index. The sample contains observations of counties in the cotton belt
between 1890 and 1930. The dependent variable is equal to 1 if a county is affected by the boll weevil in decade t,
and 0 otherwise. In all specifications, we control for state by decade fixed effects. In columns (1) and (2), we control
for the share of cotton in agricultural acreage in 1880, agricultural acreage in 1880, average rainfall, average daily
minimum, and maximum temperature. In columns 3 and 4, we additionally control for the richness index measured
in 1880. Standard errors are clustered at the county level. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.

crop richness as a control. The estimate remains large and statistically significant: a one-
standard-deviation increase in evenness reduces the annual probability of contamination
by 10 percentage points (31 percent relative to the mean annual risk). This suggests that
the reduction in pest spread is primarily driven by evenness in land allocation—i.e., lower
crop homogeneity—rather than by the number of crops grown.'* Importantly, we control
for the share of cotton in 1880 in all specifications, ensuring that these results are not

driven by variation in cotton availability across counties.

Second, diverse cropping systems may suppress pest populations by supporting a greater
abundance of natural predators—a mechanism known as the natural enemy hypothesis
(Larsen and Noack, 2017; Fahrig et al., 2011). A more heterogeneous cropland provides
varied habitat and foraging resources for beneficial insects, birds, and bats that prey on
agricultural pests (Hiller et al., 2025). Historical USDA reports identified dozens of natu-
ral insect enemies of the boll weevil and noted that birds were frequent predators (Hunter,

1923). These predator groups are known to decline in more homogeneous agricultural

14Duye to limited spatial variation in crop count during our study period, we do not use richness as an alternative crop
diversity index, but include it as a control to help isolate the specific contribution of agricultural homogeneity.
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landscapes (Hemberger et al., 2021; Hiller et al., 2025).

Third, crop diversity may correlate with more varied land management practices, in-
cluding fall grazing, which inhibits boll weevil hibernation by removing plant residues
(Hunter, 1923). Historical studies document that agricultural specialization at the county
level often involved a shift toward either cropland or livestock production (Winsberg,
1982; Gregson, 1996; MacDonald and Newton, 2018), potentially reducing the presence

of grazing animals in crop-dominant areas.

These last two mechanisms likely complement the role of host plants homogeneity in
explaining our results. However, the lack of data on historical predator abundance,
management intensity, or grazing practices prevents us from directly quantifying their

role in our context.

Accounting for transportation networks A key identifying assumption of our strat-
egy is that terrain ruggedness affects pest diffusion only through its influence on crop
diversity. One potential threat to this assumption is that rugged terrain may also be
correlated with access to trade networks. While previous research has shown that the
boll weevil spread primarily via wind rather than trade routes (Lange et al., 2009), we

test the robustness of our estimates by controlling for proxies of historical market access.

In Table 2, we report IV estimates controlling for two transportation-related variables. In
column (2), we control for the evolving distance between each county’s centroid and the
nearest rail segment. In column (3), we instead use the market access measure developed
by Donaldson and Hornbeck (2016) (Donaldson and Hornbeck, 2016), which accounts
for a county’s connectivity to national transport networks via rail, canals, and natural
waterways. Across both specifications, the estimated effect of crop diversity remains
negative and statistically significant. FEffects increase slightly in magnitude to 13-14
percent for the one-standard-deviation increase in diversity observed in our main sample,

compared to 12 percent in the baseline.

Alternative samples To further support the validity of our identification strategy,
we estimate the model on increasingly restrictive samples that reduce the risk of reverse
causality and strengthen identification. One concern is that farmers may have responded
to boll weevil contamination by diversifying their crops. While the use of an instrumental
variable should generally address this concern, the presence of ruggedness-dependent
adaptation to the weevil could still bias our results: for example, adaptation through crop
diversification might be only available as a strategy to farmers in low-ruggedness counties.
In this case, including post-contamination years could bias our estimates by entangling

the ex-ante protective effect of diversity with ex-post adaptive responses. Column (1) in

12



Table 2: Diversity and Boll Weevil Diffusion—Transportation Networks

Dependent Variable: Boll Weevil Presence
Model: (1) (2) (3)
v v v

Crop Diversity (Gini-Simpson) -1.975% -2.153** -2.391**

(0.735) (0.879) (1.105)
State x Decade FE Yes Yes Yes
Additional Controls Distance to rail Market Access
Observations 3,895 3,895 2,949
Number of Clusters 1,080 1,080 1,055
R? 0.72 0.70 0.67
Mean Boll Weevil 0.33 0.33 0.43
SD Boll Weevil 0.47 0.47 0.50
Mean Gini-Simpson 0.53 0.54 0.52
SD Gini-Simpson 0.06 0.07 0.08
First Stage -0.011 (0.003) -0.015 (0.0023) -0.018 (0.005)
Mean Ruggedness 1.34 1.34 1.33
SD Ruggedness 1.27 1.27 1.25
F-statistic 374 27.7 20.7

Notes: This table reports IV estimates of the effect of crop diversity, measured by the Gini-Simpson index, on
boll weevil contamination. Column (1) reproduces the baseline IV specification. Column (2) adds a control for the
distance from the county centroid to the nearest rail segment. Column (3) includes a control for county-level market
access (Donaldson and Hornbeck, 2016). All specifications control for state-by-decade fixed effects, as well as for
the 1880 share of cotton in agricultural acreage, total cultivated area in 1880, average rainfall, and average daily
minimum and maximum temperature. Standard errors are clustered at the county level. Significance levels: ***
p<0.01, ** p<0.05, * p<0.1.

Table 3 reproduces our baseline IV estimates. In column (2), we restrict the sample to
counties that are either not yet contaminated or in their first decade of contamination,
when such adaptive responses were rarely observed (Hunter, 1923). The estimated effect
remains negative and statistically significant: a one-standard-deviation increase in crop
diversity reduces the annual likelihood of contamination by 11 percentage points, or 33
percent of the average contamination probability. The stability of this estimate relative
to our baseline confirms that our results are driven by the effects of landscape structure,

rather than by reverse causality from farmers adapting to the infestation.

In column (3), we further restrict the sample to counties on the boundary of the con-
taminated zone, defined as those with at least one neighboring county contaminated in
the previous decade. This allows for comparisons among counties with similar exposure
risk. This more restrictive sample helps address the possibility that more diverse counties
were systematically located farther from the initial zone of boll weevil contamination. By
neutralizing the spatial spillovers of residing behind a buffer of diverse neighbors, this

specification also isolates the local treatment effect of a county’s internal crop diversity.
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Table 3: Diversity and Boll Weevil Diffusion—Alternative Samples

Dependent Variable: Boll Weevil Presence
Model: (1) (2) (3)
v v v

Crop Diversity (Gini-Simpson) -1.975%* -1.551%* -1.728*

(0.735) (0.491) (0.729)
State x Decade FE Yes Yes Yes
Sample Full Drop After Contamination

Contamination Boundary

Observations 3,895 3,440 804
Number of Clusters 1,080 1,080 685
R? 0.72 0.74 0.61
Mean Boll Weevil 0.33 0.25 0.61
SD Boll Weevil 0.47 0.43 0.49
Mean Gini-Simpson 0.53 0.54 0.51
SD Gini-Simpson 0.06 0.07 0.09
First Stage -0.011 (0.0023) -0.016 (0.003)  -0.020 (0.005)
Mean Ruggedness 1.34 1.40 1.67
SD Ruggedness 1.27 1.31 1.51
F-statistic 374 52.7 24.0

Notes: This table reports IV estimates of the effect of crop diversity on boll weevil contamination—measured by the
Gini-Simpson index—using progressively more restrictive samples. Column (1) reproduces the baseline IV specification
(Equation 2. Column (2) drops counties in all decades after their first contamination. Column (3) further restricts
the sample to counties with a neighboring county contaminated in the previous period. All specifications control for
state-by-decade fixed effects, the 1880 share of cotton in agricultural acreage, total cultivated area, average rainfall,
and daily minimum and maximum temperature. Standard errors are clustered at the county level. Significance levels:
** p<0.01, ** p<0.05, * p<0.1.

Even in this most conservative sample, the effect of crop diversity remains large and statis-
tically significant: a one-standard-deviation increase in crop diversity, using the baseline
standard deviation value for comparison, reduces the likelihood of contamination by 16

percentage points.

Robustness The main IV estimates are robust to allowing for nonlinear link func-
tions. Table 4 reports logit and probit specifications estimated using a control-function
approach, which corrects for the endogeneity of crop diversity by including the first-stage
residual from the ruggedness regression. The coefficients in the nonlinear models are
substantially larger in magnitude, as expected given the steepness of the logit and probit
response functions in the range of baseline contamination risks observed in our sample.
However, the implied effects on the annual probability of contamination remain similar
to our baseline linear IV estimates: a one-standard-deviation increase in predicted crop
diversity reduces the annual hazard of contamination by roughly 20-22 percentage points

(compared to 12 percentage points in the linear model).
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Table 4: Diversity and Boll Weevil Diffusion - Nonlinear Models

Dependent Variable: Boll Weevil Presence
Model: (1) (2) (3)
v Logit + CF  Probit + CF

Crop Diversity (Gini-Simpson) -1.975%* -78.45"* -38.10"**

(0.734) (19.02) (10.17)
State x Decade FE Yes Yes Yes
Observations 3,895 1,364 1,364
Number of Clusters 1,080 691 691
Marginal effect (1 s.d.) -0.124 -0.226 -0.206
Mean Boll Weevil 0.33 0.33 0.33
SD Boll Weevil 0.47 0.47 0.47
Mean Gini-Simpson 0.53 0.53 0.53
SD Gini-Simpson 0.06 0.06 0.06
First Stage -0.011 (0.003) -0.011 (0.003) -0.011 (0.003)
Mean Ruggedness 1.32 1.32 1.32
SD Ruggedness 1.22 1.22 1.22

Notes: This table compares estimates of the effect of crop diversity on the probability of boll weevil contamination
across three models. Column (1) presents the baseline linear IV specification estimated by 2SLS, where crop
diversity (Gini-Simpson index) is instrumented with terrain ruggedness. Columns (2) and (3) report logit and
probit models estimated using a control-function approach: the first-stage residual from regressing crop diversity
on ruggedness and controls (with state-by-decade fixed effects) is included as an additional regressor to correct
for endogeneity. All models include state-by-decade fixed effects and the same set of covariates as in the baseline
specification. Standard errors are clustered at the county level. The logit and probit marginal effects (about 2022
pp for a one-standard-deviation increase in predicted diversity) closely match the linear IV results, indicating
robustness to functional form. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.

In Appendix C, we present four additional robustness exercises. First, we re-estimate
our main specification using the Pielou index as an alternative measure of crop diversity,
which isolates the evenness of crop distribution, in contrast to the Gini-Simpson index,
which reflects both richness and evenness (Piclou, 1966). The results—a 11-14 percentage
point reduction in contamination risk—are statistically significant and closely aligned
with our baseline estimates. Second, we test the sensitivity of our results to alternative
fixed effect specifications. The estimated effect of crop diversity remains stable whether
we control only for state fixed effects or only for decade fixed effects, rather than their
interaction. Third, we evaluate the robustness of our results to spatial correlation using
Conley standard errors. The coefficients remain statistically significant when we consider
a threshold of spatial correlation below 50 km. To put this threshold in perspective,

counties in our sample have an average diameter of 41 km.

Finally, Table C.6 reports results analogous to Table 1, but using the area-based crosswalk
to construct the agricultural panel. The results continue to indicate that crop diversity
reduced pest diffusion, but they are less precisely estimated. Relative to our baseline
approach, the area-based crosswalk substantially weakens the first stage, lowering the

F-statistic by 35%. The area-based crosswalk fails to capture sub-county spatial hetero-
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geneity and therefore overstates crop diversity in more rugged counties, where agricultural
land use is more spatially clustered. This obscures part of the true negative relationship
between ruggedness and diversity, attenuating the first stage. The resulting second-stage
estimate is therefore both noisier and larger in magnitude—roughly 25% larger than in

the baseline.

5 Conclusion

We provide causal evidence that local crop diversity dampens the spatial spread of a
specialist pest. In our preferred IV specification, a one-standard-deviation increase in
the Gini-Simpson index reduces the annual hazard of first boll weevil contamination
by about 12 percentage points, or roughly 36 percent relative to the mean annual risk.
Under a constant-hazard approximation, this corresponds to delaying the median time
to contamination by two years and increasing the expected time to arrival by about 2.8

years.

The magnitude of the effect is consistent with two well-established ecological mechanisms.
More even cropland allocations reduce the contiguity of host plants, limiting the ability
of a specialist herbivore to reproduce and spread, and more heterogeneous landscapes
tend to support higher abundance of natural enemies. Although our county-decade data
do not allow us to disentangle these channels, the consistency of the estimates across
specifications suggests that landscape configuration plays a central role in shaping pest

diffusion.

Our study focuses on a primarily wind-borne, specialist herbivore in a pre-pesticide era.
Many modern pests are mobile along trade networks, and pesticides alter population dy-
namics. Even so, where pest movement is local (e.g., many beetles, moths, and fungal
vectors) and where enemies benefit from field margins and mixed land use, we expect
qualitatively similar effects, though magnitudes may vary with patchiness, crop phenol-

ogy, and resistance traits.

As agricultural landscapes continue to simplify, our evidence highlights a cost that mit-
igates the benefits of scale economies in production. The historical boll weevil diffusion
shows that modest increases in crop evenness materially slow diffusion. Overall, the re-
sults suggest that landscape diversification can be a valuable complement to chemical

control.
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A Data and Methods

A.1 Linking the U.S. Census of Agriculture over time

The boundaries of U.S. counties have undergone many changes over time, making the
linking of U.S. Census of Agriculture data challenging. In order to account for these
changes, one needs to use a stable map of U.S. counties and reallocate the data—as

collected in each U.S. Census of Agriculture wave—to that map.

Two traditional methods exist to perform this reallocation exercise. The first method
entails identifying the smallest time-invariant geographic units—which could be much
larger than a county. This method is assumption-free, and therefore quite useful, but
leads to significant aggregation if one wishes to look at U.S Census of Agriculture data

over more than a few decades.'®

The second method distributes the data to a selected target map assuming homogeneous
distribution of the measured variables over the old geographic units. In what follows,
we call this method the area-based method. Historically, this algorithm is preferred for
ecological and economic work based on the U.S. Census or the U.S. Census of Agriculture
(Hornbeck and Naidu, 2014; Crossley et al., 2020). Recently, Eckert et al. (2020) published
readily available datasets of aggregation weights for applying this method to all U.S.
counties since 1790. While easy to implement, this method relies on a strong spatial
homogeneity assumption, unlikely to hold in the agricultural context. Figure A.1 shows
the 2021 distribution of agricultural coverage in Kansas. White outlines correspond to the
boundaries of the 1997 U.S. counties. Agricultural coverage is far from being homogeneous
within each shape. This makes the area-based linking method assumption implausible,
leading to mismeasurement bias when applying this method. In a regression context,
this mismeasurement is likely to cause an omitted variable bias rather than a classical

measurement error, and also create heteroskedasticity in the errors.

We propose a machine-learning-based method to relax the homogeneity assumption of
the area-based linking method and reduce the bias in agricultural census linking exer-
cises. We start by training a cropland coverage prediction model using fine-grid land
use from the Cropland Data Layer (United States Department of Agriculture and Na-
tional Agricultural Statistics Service, 2023), weather data from PRISM (PRISM Climate
Group, Oregon State University, 2025) and topographic data from the Landfire dataset
(U.S. Department of the Interior, U.S. Geological Survey and U.S. Department of Agri-
culture, 2013). This model can then be applied to any historical weather dataset to

predict where crops were grown. The spatial resolution of the weather data, however,

5Horan and Hargis developed such a county crosswalk for 1840-1990, which is freely available on the ICPSR, website.



Figure A.1: Spatial Distribution of Agricultural Land in Kansas—2021
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Notes: Lighter shades of green indicate a higher agricultural share within the 4km x 4km pixel.
White shapes correspond to the boundaries of the U.S. counties in 2021. Agricultural land is not
homogeneously distributed within counties.

needs to be smaller than a county, which is the case for the historical PRISM series that
we use. With land use predictions at hand, we refine the area-based aggregation weights,
only taking into account the predicted agricultural areas to compute reallocation weights.
Figure A.2 provides a stylized example comparing the outcomes of the area-based and

the machine-learning-based linking methods.

A.1.1 Machine-learning-based agricultural census linking method

The machine-learning-based agricultural census linking method relies on the observation
of the spatial distribution of agricultural area within counties. Unfortunately, data on
sub-county cropland fractions do not exist for the period of interest (1880-2012). These
cropland fractions can, however, be predicted at a fine scale using historical weather
data, as well as topographic data. In what follows, we describe the steps of the machine-

learning-based linking algorithm.

First, we build a model of agricultural area spatial distribution using fine-scale land use
data from the Cropland Data Layer (CDL) for the period 2008-2020. Predictive features
are PRISM weather data available at a 4 km x 4 km grid for the contiguous U.S., and
elevation and slope data from the Landfire dataset (U.S. Department of the Interior, U.S.
Geological Survey and U.S. Department of Agriculture, 2013). An XGBoost model is
used to predict the presence of agriculture over each pixel. Out-of-sample, we reach an
accuracy of 85.5 percent for 2021. In Table A.1, we provide a discretized confusion matrix
to test the accuracy of our model. We predict the percentage of agricultural coverage in
each PRISM cell for 2021, using 2021 PRISM weather data, and then compare it with



Figure A.2: Stylized example—Area-based versus Machine-learning-based methods to
linking agricultural Censuses

001 002
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Assume that two counties 001 and 002 at time t; are split in half by time t2 and rearranged to create counties 001’,
002’, and 003’. Second, assume that the agricultural area is not homogeneously distributed over county 001; green shapes
denote agricultural areas. We are interested in creating a time series of an agricultural stock variable X, e.g. corn acreage,
and we need to reallocate measures of X at t; to counties observed at t2. The area-based linking method is blind to
the distribution of agricultural area and we get: X917 = 0.5X001, Xgg2r = 0.5X001 + 0.5X002 and X931 = 0.5Xp02.
The machine-learning-based linking method aims at predicting the agricultural coverage at a sub-county level and we get:
Xoo1r = 0, Xgo2r = Xoo1 + 0.5Xg02 and X931 = 0.5Xgp2. Note that while improving on the first method, the second
method is not hypothesis-free: we still need to assume that within areas B, C, and D, which are the agricultural areas in
the picture above, the variable X is homogeneously distributed.

Table A.1: Confusion Matrix for 2021 CDL

0-25% 25%-50% 50% - 75% 75% - 100%

0-25% | 275511 23495 5666 238
25% - 50% 21491 15523 5902 447
50% - 75% 7349 15671 11232 1415
75% - 100% 1957 10428 19309 7975

Notes: Number of PRISM cells per bin of agricultural coverage. Rows indicate the true catego-
rization, and columns are the predicted category. We also obtain an R? of 0.63 and a RMSE of
0.17. Note that assuming a homogeneous complete agricultural coverage of the U.S. would lead to
an RMSE of 0.87.

the 2021 cropland data layer. Predicted and target values are continuous. We thus bin
the values to produce the confusion matrix. We see that the diagonal contains the largest
number of cells and that numbers decrease as we move further off the diagonal—a sign
of the model’s accuracy. However, the model is not so accurate as to precisely predict

the acreage in medium-range cells, with coverage ranging between 25 percent and 75%.

Second, we use this model to predict cropland presence for each U.S. census of Agriculture
between 1880 and 1997. Because PRISM only goes back to 1895, we use the 1895-1924

average weather for censuses prior to 1900.

Finally, we choose the 1997 U.S. county map as our target map and intersect it with every
historical county map. For stock variables'®, we use the agricultural area predictions and

compute the fraction of agricultural area for all intersected areas. Reallocation weights
Amaj

where J is the set of counties in 1997.
Ag.Areas.jeg

are given by

16We note that mean variables would use the origin county total agricultural area, rather than the destination one, as a
normalization. We provide both sets of weights in our dataset.



Figure A.3: Comparing the Distribution of Agricultural Fraction across Linking Methods
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Notes: We compute true 1870/2021 county-level agricultural fractions. The predictions based on 1870 counties
use either the area-based method or our machine-learning-based one. We note that our distribution is almost
always closer to the true distribution.

A.1.2 Comparing area-based versus machine-learning-based linking methods

The CDL and other fine-grain cropland coverage data sources only exist for relatively
recent years, whereas the county-level map of the U.S. mostly fluctuates in the early
years of the U.S. Census of Agriculture (end of the nineteenth and beginning of the
twentieth century). As such, the biases introduced by the intersected area method will

be higher for U.S. Census of Agriculture data gathered in the earlier years.

To test our algorithm against the area-based linking method, we choose to build an ex-
ample using the 1870 map of U.S. counties. We do not observe sub-county agricultural
data for 1870, and thus use the fine-resolution 2021 cropland data (CDL) to construct a
"counterfactual ground truth" for this 1870 map, i.e., we attribute 2021 land use patterns
to 1870 counties and use this fake map as our ground truth. Our goal is then to convert

this 1870/2021 map into a map of the same land cover with 1997 county boundaries.

First, we compare the accuracy performance of the two linking methods when reallocating
the total cropland area. Figure A.3 plots the distribution of reallocation weights obtained
using the two algorithms as well as the true weights (one for stock weights, and one for
averages). The prediction method outperforms the traditional one at almost every point of
the distribution. The reason for this improvement is that while most of the cells probably
have positive agricultural area, most are also only partially covered by agriculture, thus

making the homogeneous land cover assumption too coarse.

Second, we check the performance of the machine-learning-based algorithm in correctly



Table A.2: Crop-Specific Matching Improvement

Area-based ML-based RMSE gain

Corn 0.09 0.01 88%
Wheat 0.10 0.04 60%
Soy 0.03 0.04 -33%

Notes: The table presents the sum of squared distances between true county crop shares, and
the ones obtained using either the crosswalk assuming homogeneous distribution, or our crosswalk
based on agricultural areas

reallocating crop-specific areas. We compute the mean squared errors of the two methods:
first, when aggregating the data using the traditional area-based crosswalk (all area),
and second when using the agricultural area-based crosswalk. Results are presented in
Table A.2. Our method outperforms the area-based one for corn and wheat, and slightly
under-performs for soy, where error margins are smaller. The variation in performance
across crops is due to the relative spatial homogeneity of counties where these crops are
grown. It appears that soy is grown more homogeneously in counties that cultivate soy,

relative to wheat and corn.



B Descriptives

Table B.3: Summary Statistics

Statistic N Mean St. Dev. Min Max
Gini-Simpson 6,315 0.52 0.12 0.00 0.82
Ruggedness 6,315 1.32 1.22 0.06 10.99
Boll Weevil Presence 4,043 0.33 0.47 0 1

Distance to Rail 6,315 9 14 0 139
Minimum Temperature 6,315 10.75 2.37 —0.23 17.83
Maximum Temperature 6,315 23.73 2.19 15.35 31.53
Rainfall 6,315 1,104 335 77 2,199

County Agricultural Area 6,315 268,517 210,515 645 3,580,524

Notes: The tables show summary statistics for the main variables used in the analysis in the paper. Distance
to rail is expressed in kilometers. Rainfall is expressed in mm, temperatures in °C. Agricultural area is expressed

in acres. See Section 2 for details on data sources.



C Robustness

Figure C.4: Crop Diversity over Time: Role of Crosswalks
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Notes: This figure shows the evolution of crop diversity in the U.S. over time, using respectively our favored
machine-learning based crosswalk (in black), and the area based crosswalk (in green) used by the literature in the past.
Each dot represents a U.S. county, the solid line is the national average, and the dotted lines are the 10th and 90th

percentiles. We construct the crop-diversity index from the U.S. Census of Agriculture.



Table C.4: Diversity and Boll Weevil Diffusion — Alternative Crop Diversity Index

Dependent Variable: Boll Weevil Presence
Model: OLS v OLS v
Crop Diversity (Pielou Index) -0.0159 -2.695" -0.0061 -2.275"

(0.0576)  (1.0430)  (0.0574)  (0.7592)

State x Decade FE Yes Yes Yes Yes
Observations 3,895 3,895 3,895 3,895
Number of Clusters 1,080 1,080 1,080 1,080
R? 0.8608 0.6973 0.8608 0.7479
Mean Boll Weevil 0.33 0.33 0.33 0.33
SD Boll Weevil 0.47 0.47 0.47 0.47
Mean Pielou Index 0.40 0.39 0.40 0.39
SD Pielou Index 0.09 0.05 0.09 0.05
First Stage (Ruggedness) -0.008 (0.002) -0.008 (0.002)
Mean Ruggedness 1.34 1.34
SD Ruggedness 1.27 1.27
F-statistic 31.8 49.0

Notes: This table reports results from OLS and IV estimation of the effect of crop diversity on boll weevil contamina-
tion, measured by the Pielou index. The sample contains observations of counties in the cotton belt between 1890 and
1930. The dependent variable is equal to 1 if a county is affected by the boll weevil in decade t, and 0 otherwise. In all
specifications, we control for state by decade fixed effects. In columns (1) and (2), we control for the share of cotton
in agricultural acreage in 1880, agricultural acreage in 1880, average rainfall, average daily minimum and maximum
temperature. In columns (3) and (4), we additionally control for the richness index measured in 1880. Standard errors
are clustered at the county level. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.



Table C.5: Diversity and Boll Weevil Diffusion — Alternative Fixed Effects

Dependent Variable: Boll Weevil Presence
Model: (1) (2) (3)
Crop Diversity (Gini-Simpson) -1.975** -1.874% -1.773*
(0.7345) (0.6064) (0.6065)
State X Year FE Yes
State FE Yes Yes
Year FE Yes Yes
State X Year Time Trend Yes
Observations 3,895 3,895 3,895
Number of Clusters 1,080 1,080 1,080
R? 0.724 0.573 0.651
Mean Boll Weevil 0.33 0.33 0.33
SD Boll Weevil 0.47 0.47 0.47
Mean Gini-Simpson 0.53 0.53 0.53
SD Gini-Simpson 0.06 0.05 0.06
First Stage -0.011 (0.003) -0.010 (0.003) -0.011 (0.003)
Mean Ruggedness 1.32 1.32 1.32
SD Ruggedness 1.22 1.22 1.22
F-statistic 37.4 44.3 45.7

Notes: This table reports results from the IV estimation of the effect of crop diversity on boll weevil contam-
ination, measured by the Gini-Simpson index. The sample contains observations of counties in the cotton belt
between 1890 and 1930. The dependent variable is equal to 1 if a county is affected by the boll weevil in decade
t, and 0 otherwise. In all specifications, we control for state by decade fixed effects. We control for the share of
cotton in agricultural acreage in 1880, agricultural acreage in 1880, average rainfall, average daily minimum and
maximum temperature. We vary the set of fixed effects included in the three specifications, the one shown in
column (1) being our baseline specification. Standard errors are clustered at the county level. Significance levels:
% p<0.01, ** p<0.05, * p<0.1.



Figure C.5: Crop Diversity and Pest Diffusion — Conley Standard Errors
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Notes: This figure presents the robustness of our results to Conley standard errors accounting for spatial auto-correlation,

varying the distance threshold for the standard errors.
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Table C.6: Diversity and Boll Weevil Diffusion — Alternative Crosswalk

Dependent Variable: Boll Weevil Presence
Model: (1) (2) (3) (4)
OLS v OLS v
Crop Diversity (Gini-Simpson) -0.039 -2.455%* -0.033 -2.083**
(0.050) (1.044) (0.050) (0.761)
State x Year FE Yes Yes Yes Yes
Observations 3,893 3,893 3,893 3,893
Number of Clusters 1,080 1,080 1,080 1,080
R? 0.86 0.86 0.86 0.86
Mean Boll Weevil 0.33 0.33 0.33 0.33
SD Boll Weevil 0.47 0.47 0.47 0.47
Mean Gini-Simpson 0.55 0.54 0.55 0.54
SD Gini-Simpson 0.10 0.06 0.10 0.06
First Stage -0.008 (0.003) -0.008 (0.003)
Mean Ruggedness 1.34 1.34
SD Ruggedness 1.27 1.27
F-statistic 24.6 37.1

Notes: This table reports results from OLS and IV estimation of the effect of crop diversity on boll weevil contam-
ination, measured by the Gini-Simpson index. The dataset is construction here using the area-weighted crosswalk
previously used in the literature. The sample contains observations of counties in the cotton belt between 1890 and
1930. The dependent variable is equal to 1 if a county is affected by the boll weevil in decade ¢, and 0 otherwise. In all
specifications, we control for state by decade fixed effects. In columns (1) and (2), we control for the share of cotton
in agricultural acreage in 1880, agricultural acreage in 1880, average rainfall, average daily minimum, and maximum
temperature. In columns 3 and 4, we additionally control for the richness index measured in 1880. Standard errors
are clustered at the county level. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.
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