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Abstract

Subsurface tile drainage has played a crucial role in U.S. agriculture since the late 1800s, and

it remains a subject of considerable interest and debate in the context of sustainable intensifica-

tion of agriculture. This paper examines the impact of tile drainage on county average corn and

soybean yields and yield resilience using 2017 U.S. Census of Agriculture data. Employing a

control function approach with land slope as an instrumental variable to address endogeneity,

we find a significant, positive effect of tile drainage on yield, especially in high precipitation ar-

eas. Additionally, tile drainage reduces long-term yield variability, enhancing yield resilience.

Using the point estimates from the econometric analysis, we find that the marginal value of in-

vestment in additional tile drainage exceeds approximations of annualized costs in large parts

of our study area. Potential agricultural surplus gains from tiling are found to be higher in

areas with flatter topography, which require higher coordination among neighboring farmers.

Climate change simulation results show up to 12% higher soybean yields and up to 10% higher

corn yields for tiling-adapted counties than those that remain at 2017 levels of tiling.
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In the United States, agricultural drainage infrastructure covers around 22.48 million hectares

of cropland, out of which, 18.79 million ha are in the six Midwestern states (Valayamkunnath

et al., 2020). The major reason for installing subsurface drainage is to improve farmland produc-

tivity in locations where excess moisture is common and natural drainage capacity is limited. As

climate change intensifies precipitation variability and extreme weather events, the role of drainage

infrastructure in agricultural resilience has come into focus. Although yield effects of tiling have

been examined in experimental studies, the lack of data on tile drainage has limited the number of

studies on systematic yield impacts in actual farm situations at the regional scale.

Tile drainage or subsurface drainage refers to the process of removing excess water from plant

root zones by a system of pipes and drains placed below the ground surface level. Much of the

upper Midwest is flat and wet, but has fertile underlying soils. In their natural state, these soils are

prone to retain excess moisture when rains occur. The first-order benefits of drainage systems are

two-fold: (I) to protect soil and crop health, (ii) to save valuable time for fieldwork and allow earlier

planting (Pavelis, 1987). Castellano et al. (2019) also found increased nitrogen use efficiency and

reduced nitrous oxide emissions in tile-drained cropland relative to undrained cropland. The

Upper Midwest was tile-drained to convert wetlands to cultivable cropland about a century ago.

However, it is generally recognized that many of these drainage systems need upgrading to keep

pace with changing climate. Notably, climate change has led to notable shifts in weather patterns,

including higher annual temperatures, warmer winters and springs, and a rise in extreme precipi-

tation events during the growing season. It is anticipated that these temperature and precipitation

trends will persist on an annual basis and throughout most seasons (Lengnick, 2018), a trend that

holds true even in regions characterized by overall lower precipitation levels (Easterling et al.,

2017). The National Climate Assessment’s (2018) findings indicate that heavy precipitation events

in the United States have not only increased in frequency but have also intensified, surpassing the

trends observed in average precipitation.

It is noteworthy that the majority of field crops can withstand heavy rainfall events without

incurring long-term damage, provided that the water table recedes to a depth of six inches below
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the ground surface within a single day and drops further to 18 inches from the ground surface

within a span of three days (Hofstrand, 2016). This highlights the need for expeditious removal

of excess water from agricultural fields, to ensure the resilience and reliability of our food supply.

On the policy side, climate change has been linked with increasing crop insurance program costs

(Tack et al., 2018), which are likely to grow as climate change intensifies. Thus, it is important to

investigate the efficacy of climate change adaptation measures. Meyer and Keiser (2016) argued

that drainage becomes a critical adaptation tool in the face of extreme precipitation events, while

Castellano et al. (2019) explored its importance in the context of the sustainable intensification of

agriculture. We provide empirical evidence in favor of tile drainage playing an effective role in

mitigating the damaging effects of climate change.

The tile drainage investment decision is complicated by coordination issues (Edwards and

Thurman, 2022). Drainage systems comprise a network of pipes installed on individual farmlands,

which drain into a community-owned main drain. The in-farm investments and the main drain can

be considered strict complements since they go hand-in-hand in removing excess water from local

farmlands. The provision of the main drain is dependent on a collective action mechanism. Coordi-

nation failures emerge in such situations when individual actors face private costs in the pursuit of

collective benefits, leading to suboptimal group outcomes despite shared objectives. These failures

manifest across diverse economic settings: in public health where individual vaccination decisions

affect herd immunity (Lim and Zhang, 2020); in national defense where NATO members’ contri-

butions to collective security vary with domestic constraints (Olson and Zeckhauser, 1966; George

and Sandler, 2018); and in environmental conservation where wildlife corridor preservation de-

pends on coordinated landowner actions (Epanchin-Niell and Wilen, 2015). In federal systems,

these coordination challenges are particularly acute, whether between states implementing water

quality standards Sigman (2005) or cities coordinating transportation infrastructure (Brooks and

Liscow, 2023).

Certain states have created drainage districts to overcome the challenges of coordinating drainage

initiatives. These special districts possess the authority to levy local taxes and utilize eminent

2



domain, facilitating collective investments in drainage projects. Foundational work by Olson Jr

(1971) on collective action and Ostrom (1990) on common-pool resource management help us

investigate drainage infrastructure investment. Drainage districts exemplify Ostrom’s principles

of nested governance structures, collective decision-making, monitoring, and conflict resolution

for the sustainable management of a common pool resource: the main drain. The efficacy of

institutional arrangements like the drainage district varies systematically with geographical con-

ditions. Edwards and Thurman (2022) posit that regions with high topographic roughness often

have naturally separated drainage basins, reducing coordination requirements. Conversely, flatter

topography increases the area over which coordination is required, making successful cooperation

more challenging. Our analysis provides empirical evidence for this relationship, showing that

the yield benefits of drainage districts are largest in flat areas where coordination requirements are

highest. This finding connects to broader research on how geography shapes institutional effec-

tiveness, such as that on terrain ruggedness and institutional development in Peru Dell (2010), and

the analysis of how rugged terrain affects the implementation of extractive institutions(Nunn and

Puga, 2012).

The primary goals of this paper are threefold: 1) quantify the impact of marginal increases

in tiled acres on crop yields and yield resilience, assess the impact of possible coordination fail-

ures, 2) assess the economic viability of tile drainage adoption through Net Present Value (NPV)

calculations, and 3) explore the role of tile drainage as an adaptation strategy in the context of

climate change. We find that tile drainage increases both corn and soybean yields across the Corn

Belt, with the most substantial benefits occurring in areas with high precipitation. Tile drainage

also enhances yield resilience by reducing yield variability, particularly in regions where higher

levels of coordination are required. Our NPV analysis suggests that tile drainage is economically

viable in several counties, indicating the potential for expanded adoption in these areas. Lastly, our

projections show that counties adjusting their tiling strategies in response to future climate change

stressors could experience up to 10% higher corn yields and 12% higher soybean yields compared

to non-adapters.
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This paper fills the gap in the literature by estimating the effect of tile drainage on agricultural

production in the midwestern US. Previous studies on the effect of tile drainage on yields have used

experiments conducted at research stations under controlled environments. A five-year experiment

in Illinois showed that corn yields increased by 15 bushels per acre due to drainage improvements

Walker et al. (1982). A long-term experiment in Ohio showed that tile-drained soil increased

average crop yields from 60 to 116 bushels per acre, or by 93% Schwab et al. (1985). A recent

study on soybean yields by Mourtzinis et al. (2021) used experimental data and self-reported survey

data. The experimental data showed a yield increase of 8% in artificially drained land relative to

naturally drained land, while the survey data showed a 4% increase. The authors hypothesize

that the survey data results underestimated the yield benefits due to differences in biophysical and

management backgrounds at the artificially drained and naturally drained fields.

We make several distinct contributions. First, we provide the first causal estimates of drainage

infrastructure’s impact on agricultural productivity at a regional scale. Moreover, we are the first to

assess how tile drainage affects yield resilience and to quantify the potential impact of future cli-

mate change on tile drainage demand and agricultural output. We also provide the first large-scale

empirical evidence of losses due to coordination failure by exploiting variation in topographical

roughness index (TRI) as a natural measure of required coordination.

The article proceeds as follows. The next section provides an overview of the data sources and

a visual inspection of the data. After this, we describe the empirical methodology followed in the

analysis. The following section discusses the coefficient estimates and their implications. The final

sections concludes with a summary of takeaways.

Background

Tile drainage was introduced in the United States in 1835 as a solution to the persistent challenge

of excessive water in soils (McCrory, 1928). The concept of draining wetlands and poorly drained

fields had been recognized much earlier, but it was not until the 19th century that innovations in co-

ordinated drainage enterprises, engineering, and tile manufacturing led to its widespread adoption,

particularly in the agricultural heartlands of the U.S. Midwest and Southeast.
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Early drain tile systems comprised clay tiles laid in trenches, and created subterranean channels

that efficiently removed excess water from the soil (Prince, 2008). This innovation revolutionized

farming in regions plagued by waterlogging, making it possible to cultivate land that was previ-

ously unusable for agriculture. The adoption of tile drainage not only allowed for agricultural

expansion but also significantly increased the overall productivity and economic viability of the

land. From the early 1800s to the mid-1900s, underground drainage pipes were primarily crafted

from clay and cement, and installed within trenches typically dug by hand Pavelis (1987). The

term "drain tile" originated from the use of these materials. The advent of polyethylene plastic

in the early 1940s facilitated the adoption of flexible, corrugated, perforated plastic drain pipes or

tubing for subsurface drainage systems by the late 1960s. The introduction of trenchless installa-

tion methods, such as the "tile plow," substantially reduced both the time and cost associated with

implementing subsurface drainage systems Hatfield and Sauer (2020). Notably, the earliest doc-

umented agricultural research employing perforated plastic drainage pipes dates back to studies

conducted by G.O. Schwab, commencing in 1947 Schwab (1955).

Historically, natural wetlands in the United States were often considered unproductive and eco-

nomically wasteful, a perception that persisted until at least 1956 McCorvie and Lant (1993). To

encourage their development through drainage, Congress passed a series of Swamp Land Acts in

1849, 1850, and 1860, which granted wetlands to the states. However, these Acts were only the

initial step, as the reclamation of these lands required substantial investment. Initially, it was as-

sumed that states would finance drainage projects using funds generated from land sales. However,

this proved to be inadequate, and state governments were hesitant to support such public works.

Consequently, responsibility for reclamation shifted from states to counties, which subsequently

transferred ownership of the lands to private entities with the aim of attracting investors willing to

undertake drainage projects Prince (2008). Eventually, the task of improving drainage fell upon

individual landowners, and it was achieved over time through local investments, both private and

public, rather than through federal or state support. Drainage projects necessitated coordination

across vast expanses of land, as well as the construction of new ditches, levees, and embankments
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on private lands. Moreover, common law in several states, including Iowa and Illinois, interpreted

farmers’ rights to include water outflow onto neighboring properties. Coordination efforts entailed

not only the costs associated with construction and ongoing maintenance but also the expenses tied

to collective investment and collaborative efforts, such as the construction of new ditches, levees,

and embankments on private properties, as highlighted by Wright (1907) and Prince (2008).

Olson (1989) offers a valuable framework for understanding the complexities of solving this

coordination and investment problem of collective action. While each farmer stands to benefit

from drainage investment, they also have the incentive to free-ride on the investment of others,

and one farmer’s action can detrimentally affect another’s. Achieving collective action in drainage

necessitates a mechanism by which farmers agree to cooperate. Ostrom (1990) sheds light on

situations where community-level entities can effectively collaborate in the management of natural

resources. Of particular relevance to this study is her finding that local groups often excel in this

role. In outlining her principles for the success of organizations, Ostrom proposed the importance

of granting local communities the authority to organize, with decision-making structures nested

within these local organizations.

From a contemporary governance standpoint, a drainage district serves as one among many ex-

amples of special districts, which are now commonplace and encompass diverse responsibilities.

These special-purpose governments manage specific functions like mosquito abatement, airport

operations, mass transit, and library management. In the case of drainage districts, their core

functions typically include maintaining shared drainage infrastructure, collecting assessments for

maintenance and improvements, and exercising eminent domain when necessary for system ex-

pansion. However, they generally do not engage in broader land use planning or environmental

regulation, which remain under municipal or county jurisdiction. Special districts allow landown-

ers to retain rights to operate their properties at the scale and for the purposes dictated by economic

factors while relinquishing one property right "stick" to a locally elected body. Drainage district

laws furnished sufficient legal structure to coordinate investment in drainage infrastructure through

local taxing authority. In addition to facilitating public investment, eminent domain authority re-
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solved the issue of neighbors impeding drainage onto or across their land. Eminent domain refers

to the authority to take private property for public use with just compensation. For example, when

a drainage district needs to construct a main drainage channel across multiple properties, it can

compel holdout landowners to grant necessary easements, ensuring the system’s effectiveness isn’t

compromised by individual resistance. Similarly, if a landowner refuses to allow neighboring farms

to drain water across their property, potentially creating upstream flooding, the district can use em-

inent domain to establish drainage rights-of-way. This authority resolves what economists call the

"holdout problem," where individual property owners could otherwise block projects benefiting

the broader community Miceli and Segerson (2007). Without eminent domain powers, a single un-

cooperative landowner could effectively veto drainage improvements that would benefit hundreds

of neighboring farms. Ultimately, it was the drainage district that equipped local landowners with

the means to undertake the collective investment in a manner consistent with the nested structure

delineated by Ostrom (1990).

Conceptual Framework

To illustrate individual and collective decision-making related to drainage investment, we consider

a two-farmer drainage district. The crop revenue per acre per year for each farmer, denoted by i

and j where i, j ∈ {1,2}, is assumed to be a function of on-farm tiling intensity levels (xi and xj),

acreage of each farm (Ai and Aj), and main drain investment (D). We represent this revenue as

Ri(xi,xj ,Ai,Aj ,D), where revenue is an increasing and concave function of both on-farm tiling

intensity and main drain investment.

Cost per acre of on-farm drainage is w, and profit-maximizing farmers choose their optimal

on-farm tiling intensity x∗
i to maximize their revenue, as follows:

(1) R̂i(xj ,Ai,Aj ,D;w) ≡ argmax
xi

Ri(xi,xj ,Ai,Aj ,D)−wAixi −α(D)

This setup illustrates the interconnectedness between individual and watershed-level decision-

making regarding drainage systems. We can envision a situation where the value of an extra unit of

an individual farmer’s on-farm investment decreases in the other farmer’s investment (∂2Ri/∂xi∂xj <

0). This may arise if farmer j has higher acreage Aj and, consequently, a higher drainage require-
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ment. Congestion in the main drain would reduce the possible increased revenue from additional

drainage for farmer i. Conversely, an increase in main drain investment would lead to a better

return for an individual farmer’s additional acre of investment (∂2Ri/∂xi∂D > 0) since it would

lead to a main drain of higher capacity. This indicates complementarity between on-farm tiling in-

tensity and main drain investment. Incentives to make main drain investments will differ between

farmers within the watershed. Individual farmers may underinvest in main drain infrastructure,

expecting the other farmer to compensate, leading to a suboptimal outcome for both.

The maximizing argument x∗
i represents the optimal on-farm tiling intensity for each farmer,

α(.) denotes the exogenously determined cost sharing rule for the main drain which determines

that share of the total annualized main drain investment D incident on farmer i. For example,

α(D) = D/2 would mean that the total cost is divided equally among the two farmers. Here,

dx∗
i (D)/dD > 0 is to be expected as on-farm investments are of little use when the drain gauge is

insufficient to remove backed up water. Investment amount is given in annualized form.

The Samuelsonian condition (Samuelson, 1954) for optimal investment, assuming private tiling

to be the numeraire good, is the value of main drain investment D, denoted as D∗, that satisfies the

following equation:

(2)
∑

i∈{1,2}

dR̂i(D;w,α)
dD

∣∣∣∣∣
D=D∗

= 1

However, coordination failure between the two farmers may lead to:∑
i∈{1,2}

dR̂i(D;w,α)
dD

∣∣∣∣∣
D=D∗

̸= 1. In particular, there may exist a value D = D′ that satisfies:

∑
i∈{1,2}

dR̂i(D;w,α)
dD

∣∣∣∣∣
D=D′

> 1. In other words, the joint benefits of drainage investment for both

farmers are not fully realized, and further investment in main drains may still lead to additional

profits for the farmers. The inefficiency caused by coordination failure can result in suboptimal

investment decisions.

The efficiency condition is presented in Figure 1. The figure portrays the relationship between

investment in the main drain (x-axis) and crop revenue in the watershed (y-axis). At the opti-

mal investment level (D∗), where the slope of the curve equals 1, investment in the main drain
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reaches its socially optimal point, maximizing crop revenue in the watershed. However, below this

optimal threshold lies D′, a suboptimal investment level where the sum of the marginal benefits

of investment across both farmers exceeds 1, indicating that there exists a level of investment at

which the marginal social benefit of additional investment outweighs the marginal cost. Herein lies

the crux of coordination failure: despite the potential for increased revenue with additional invest-

ment, individual farmers may refrain from investing. This hesitancy to coordinate efforts leads to

suboptimal investment levels and undermines the collective welfare of the drainage district. The

result is lower investment in main drains, on-farm tile drains, and consequently lower agricultural

efficiency. This inefficiency may result in lower average product and potentially more variable

income for the farmers.

Why might coordination failure occur?

Watersheds present unique challenges for coordinating drainage management due to the inherent

heterogeneity among stakeholders. Farmers and landowners within the same watershed often op-

erate under vastly different conditions – from variations in soil types and topography to diverse

farming practices and financial capabilities. This heterogeneity directly impacts their ability to co-

ordinate on main drain maintenance and improvement. Ostrom identified eight design principles

that enable efficient management of common resources Ostrom (1990, 2010); Cox et al. (2010).

Particularly relevant to watershed management is the principle of proportional equivalence be-

tween benefits and costs. Members must negotiate a system that rewards contributions fairly – a

challenge that becomes more complex in watersheds where benefits from drainage improvements

(Ri) and cost allocations (α(.)) vary significantly across participants. The sources of heterogeneity

in watershed management are multifaceted. Spatial location within the watershed creates natural

asymmetries, as upstream and downstream farmers face different drainage challenges. Operation

size affects both the capacity to contribute and benefits received from drainage improvements.

Land tenure arrangements – whether owned or rented – influence long-term investment incentives.

Even intended land use, such as row crops versus specialty crops, shapes individual priorities for

drainage management. Bardhan and Dayton-Johnson (2002) synthesizes evidence showing how
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such heterogeneity can impede cooperation in common-pool resource management. Their analysis

reveals that economic disparities among watershed stakeholders can create distributional conflicts

and collective action problems. However, they also note that heterogeneity isn’t uniformly detri-

mental – it can sometimes facilitate cooperation through mechanisms like side payments or by

enabling certain stakeholders to emerge as leaders in coordination efforts. The key insight for

watershed management is that successful coordination requires institutional arrangements that ex-

plicitly account for and address these various dimensions of heterogeneity.

The investment condition

In light of possible coordination issues as illustrated above, is the current level of drainage invest-

ment sufficient to maximize agricultural sector surplus? This boils down to an investment problem,

which is to determine the discounted present value of investment at the margin, as a function of

the current tiling level, net of the annualized per acre cost. The net present value (NPV) of a

corn-soybean rotation system can be expressed as:

(3) NPVr(D) =
∞∑

t=1

Pc ×Cshare× dCyield
dD (D)+Ps×Sshare× dSyield

dD (D)
(1+ r)t

− dCost
dD

where: NPV : Net Present Value of the corn-soybean rotation, t: Time period, Pc: Price of

corn, Cshare: Share of corn in rotation acres, Ps: Price of soybean, Sshare: Share of soybean

in rotation acres, dCost
dD : Marginal cost of tiling investment.The expressions (dCyield/dD)(D) and

(dSyield/dD)(D) denote the marginal increases in corn yield and soybean yield, respectively,

from an additional acre of tiling, evaluated at the current value of D.

The Net Present Value (NPV) analysis will allow us to assess the efficiency of drainage invest-

ment in the agricultural sector and identify potential areas for improvement. A positive NPV for

a marginal increase in tiling level implies that the benefits derived from the increased crop yields

(due to better drainage) outweigh the costs associated with the additional tiling investment. In

terms of Figure 1, a positive NPV would indicate the current level of tiling is at D=D’. By mak-

ing additional investments in drainage, farmers can further enhance their crop yields and overall
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revenue, leading to a more efficient and profitable agricultural sector.

Data

Tile Drainage

The 2017 U.S. Census of Agriculture provides the most current data on tile drainage. This dataset

includes information on the number of farms using tile drainage, as well as the number of acres

drained. Figure 2 (Panel A) illustrates the distribution of tile drainage across the Midwestern

United States, with the highest concentration in Iowa, Illinois, Indiana, Ohio, and southern Min-

nesota. The map shows the acres tiled in each county as a percentage of acres of cropland, labeled

here as share_tiled. In some counties in these states, tile drainage is used on over 70% of cropland,

with the highest percentage found in Henry County, Ohio, where tile drainage is used on 84% of

cropland.

Climate

To obtain climate data, we used Oregon State University’s PRISM datasets. These datasets pro-

vide information on maximum and minimum temperatures and precipitation for 481,631 grid cells

across the contiguous United States. Each grid cell measures 2.5 square miles, and we used daily

data from 1982-2017 to calculate yearly climate variables. We limited our data to April through

September to approximate the growing season, as is the convention in the literature Schlenker

et al. (2006) and Deschênes and Greenstone (2007). We then averaged these yearly climate vari-

ables over a 30-year period to approximate the climate. We derived two temperature variables

frequently used in agronomic literature called growing degree days (GDD) and harmful degree

days (HDD, also known as stress degree days), following Schlenker and Roberts (2006), to cap-

ture non-linear responses of crop growth to heat. GDD is the number of degree days between

50 F and 86 F, indicating the number of days within a growing season that was ideal for crop

growth, while HDD refers to degree days above 86 F to indicate temperatures that are harmful to

plant growth. Following Schlenker and Roberts (2006), we included quadratic specifications of

climate variables. The inclusion of quadratic specifications for climate variables reflects the well-

documented non-linear relationship between crop growth and climate factors. For example, several
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studies have found that the marginal benefit of additional precipitation decreases as precipitation

levels increase, making a quadratic specification particularly appropriate (Schaetzl et al., 2009).

Soil and Demographics

To control for differences in land quality across the United States, we included a group of vari-

ables from the STATSGO soil data set. This data set divides the United States into over 10,000

“map units” and determines soil characteristics by statistically expanding the results of several

samples in each unit. We calculated measures of topographic slope (land gradient), erodibility

(k-factor) and drainage class as the average of map unit variables within a county. The drainage

class (drainagecl) variable offers insights into natural soil wetness or the degree of saturation. The

term "natural" pertains to the frequency and duration of wet periods under conditions resembling

those in which the soil originally developed. Alterations of the water regime by human activities,

either through drainage or irrigation, are not a consideration unless they have significantly changed

the soil morphology. The natural drainage class further consists of seven subclasses, ranging from

very poorly drained to well-drained and excessively drained soils. The exact acreage of a map

unit varies, but it suffices to say that a map unit is a far more granular unit of measurement than a

county; in other words, there are several map units within a county. The data behind Figure 1 is

the map unit level soil data aggregated to the county level. Specifically, this shows the acreage in

each county that has been classified as “poorly drained”, which we define to be any land classified

under either one of the 3 categories: “Somewhat poorly drained”, “Poorly drained”, “Very poorly

drained”, as a percentage of total acreage. The other possible classifications in the drainagecl vari-

able are: “Excessively drained” and “Somewhat excessively drained”, “Moderately well drained”,

and “Well drained”. Table 1 summarizes the variables used in the empirical analyses, while Table

2 offers the definitions of those variables. On average, tile drainage is used on 25% of cropland

in a county, while 40% of soils are poorly drained. Growing degree days and precipitation have

roughly symmetric distributions, with means of 2959 degree days and 577.05mm, respectively.

Slope has a low mean, indicating mostly flat land in the study area.

Panel A in Figure 2 displays the density distribution of county-level fractions of tiled cropland
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(in purple), while Panel B shows the distribution of fractions of poorly drained soil (in brown).

From Figure 2, it is evident that the number of counties with a high fraction of poorly drained

soil exceeds the number of counties with a high fraction of tiled cropland. This suggests that,

while many counties have significant areas of poorly drained soil, fewer of these areas have been

extensively tiled. As the Corn Belt expands into these counties with poorly drained soil, there will

likely be an increasing need to implement tile drainage to make the land suitable for cultivation.

Estimation Strategies

Yield Effects

The empirical exercise is to estimate the marginal effect of an increase in 1 acre of tile drainage

on corn (dCyield/dD) and soybean yield(dSyield/dD), which can be used to do the NPV analy-

sis (Eq. 3). The effect of tile drainage being considered here is along the extensive margin, that

is, acres of land under tile drainage. The econometric approach of choice is the Control Func-

tion (CF) approach following Wooldridge (2015), and similar to the Heckman (1977) two-stage

selection model. This addresses the selection bias inherent in the problem: areas that will benefit

from drainage are more likely to invest in drainage. This potential bias arises from differences

in the distribution of unobservable characteristics between counties with high and low adoption

of tile drainage. These unobservable characteristics may affect both the decision to increase tile

drainage and the outcomes of interest. Examples of unsuccessful ventures in subsurface drainage

in Wisconsin (Prince, 1995) and North Carolina (Forrest, 1999), indicate that drainage practices

do not merely hinge on technological breakthroughs followed by application to various types of

land. Instead, they were profoundly influenced by the prevailing drainage and land management

knowledge, increased extension activities, history of adoption of conservation practices, the aver-

age farmers’ managerial efficiency, and peer effects. These factors could influence both agricultural

yield and drainage adoption levels but are unobserved by the researcher.

Furthermore, as noted in Edwards and Thurman (2022), conditions in agricultural markets and

possibly investor perceptions about investment viability contributed to this successful adoption of

drainage practices. Controlling for this bias requires careful consideration and, ideally, the avail-
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ability of a strong instrumental variable that solely impacts the decision to increase tile drainage

without directly affecting the outcomes of interest. The idea is to uncover the effect of tile drainage

while dealing with the selection issue. To deal with the selection issue, we used a topographical

variable, slope, as an instrument.

The assumptions required for slope to be a valid instrument are: a) Slope should be strongly

correlated with tiled acres, and b) it should not have an effect on the dependent variable, yield,

through unobservable factors not included in the second stage equation.The assumption that slope

is correlated with tiled acres is grounded in fundamental topographical principles (Fausey, 2005;

Valayamkunnath et al., 2020). Sloping terrain naturally facilitates water runoff, meaning that in

hilly regions, there is less risk of waterlogging or excess soil moisture. In contrast, flat lands often

lack natural drainage outlets, making them more susceptible to water accumulation and necessitat-

ing artificial drainage systems, such as tile drainage. This relationship between land gradient and

infrastructure investment has been effectively exploited in other contexts; for instance, Dinkelman

(2011) uses land gradient as an instrument for electricity infrastructure placement, arguing that

gradient affects installation costs and thus investment decisions while being plausibly exogenous

to economic outcomes. Studies such as Pierce et al. (1984) and, more extensively, Lal (1998);

Thaler et al. (2021) indicate that slope affects yield through its effect on soil erosion. Therefore,

we control for a soil erosion susceptibility measure given by the variable "kffact". This takes care

of the exogeneity requirement. Therefore, slope can be considered to be a randomized lever that

determines what fraction of a county requires tile drainage. The spatial distribution of slope is

illustrated in Figure 3.

The Control Function (CF) approach was selected over the traditional IV-2SLS technique for

two key reasons. First, CF handles nonlinear endogenous explanatory variables more parsimo-

niously than IV-2SLS, which would require two separate instruments for the linear and quadratic

forms of the endogenous variable (Wooldridge, 2015). Second, CF provides a simple heteroskedasticity-

robust Hausman test for endogeneity (Wooldridge, 2010).
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First stage regression

The control function method first directly characterizes the choice problem, which in this case is

the county-level choice of tile-drained acres as a share of cropland (si). The method uses the full

specification of the assignment rule together with an instrument to derive a control function that,

when included in the outcome equation, controls for endogenous selection. To estimate the share

of tiled land, we use a fractional probit model with the following equation:

(4) Pr(si > 0) = Φ(β0 +β1Xi +β2Zi + ϵi)

Here, X represents a vector of control variables, including Growing Degree Days (GDD), Harmful

Degree Days (HDD), precipitation (mm), fraction of poorly drained soil, and the metric of erosion

susceptibility, kffact. The instrumental variable is represented by Z, which in this case is the slope

of the land, Φ(.) is the standard normal cumulative distribution function, and ϵi is the error term.

For detailed variable definitions, see Table 2. We used the fractional probit model to allow for the

fractional [0,1) nature of the response variable.

The first stage model looks at the characteristics of climate and soil that are more likely to result

in tile drainage adoption. The extent of drainage will depend on how dry or wet a particular area

is, and we would expect to see land in wetter counties invest in drainage. Similarly, soil quality

may determine moisture retention. Land prone to ponding, for example, would greatly benefit

from installing subsurface drainage. Topography, i.e., the slope of the land, determines how much

natural drainage exists.

The unobservables in the first stage selection equation represent the residual variation that re-

mains unexplained even after considering the factors influencing the choice of treatment. Modeling

the endogenous error term and including it as a regressor in the outcome equation is a critical as-

pect because it enables the unexplained variability in the selection process to be extended into the

outcome model. The variables referred to as ’control functions’ are central components in the

Heckit methodology (Heckman, 1977). We estimated the above model to obtain the inverse mills

ratio (IMR), which is our control function, using the following equation:

(5) λi(ziβ̂) = ϕ(ziβ̂)/Φ(ziβ̂)
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Here, ziβ̂ denotes the predicted value of the first-stage regression, Φ(.) is the standard normal

cumulative distribution function, and ϕ(ziβ̂) is the probability density function of the standard

normal distribution.

Second stage regression

Individuals who are more or less likely to be selected into the sample may also differ systematically

in their unobservable characteristics. Without accounting for this, we might incorrectly attribute

the differences in outcomes solely to the explanatory variables, when in fact, they are partially

influenced by the selection process itself. Including the IMR as a regressor in the second stage

helps "control" for this bias, allowing the isolation of the true relationship between the outcome

and explanatory variables of interest (Wooldridge, 2010). To estimate the effect of the share of

tiled land on corn yields, we used the following linear regression model:

Yi = α0 +α1si +α2s2
i +α3Xi +α4λi(.)+ui(6)

where Yi is the average yield across 2013-2017 for county i, and all other variables are as defined

previously. In addition to the variables from the first stage regression, the IMR is included as a

regressor. In the case where there are no interaction terms contained in X, we get:

dYi

dsi
= α1 +2∗α2 ∗ si(7)

We are interested in the right-hand side term, α1 + 2 ∗ α2 ∗ s, which is the marginal effect of tiled

acres on yield. The assumptions required for identification are the relevance and exogeneity con-

ditions outlined above.

In order to delve deeper into the selection issue and the effect we are isolating, we start with

the underlying relationship between yield, drainage needs (θ) and the adoption of tile drainage (δ)

for each county i. We represent this relationship as yi(θ,δ), where θ ∈ [0,1] represents the range

of drainage needs, and δ is a binary variable (1 for tile drained, 0 for not tile drained). This is a

simplification of the scenario at hand, where 1 would represent adopting at the margin, in other

words, increasing county level tiling by one acre, while 0 would represent unchanged tling levels.

The distribution of drainage needs is denoted as G(θ).

To address the selection issue, we introduce a cut-off threshold θ∗ above which tile drainage
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is adopted and below which it is not.θ∗ represents the unobserved propensity to select into the

sample. The mean yield effect for the county is then expressed as:

(8) Mean yield effect =
∫ 1

θ∗
yi(θ,1)dG(θ)+

∫ θ∗

0
yi(θ,0)dG(θ)

This equation captures the overall impact on yield by considering the different drainage needs in

the population. Our effect of interest, which is the effect of an increased acre of drainage, in other

words, the effect at the margin,may be calculated as:

(9) Marginal effect of tiling = yi(θ∗,1)−yi(θ∗,0)

This is the marginal treatment effect we are estimating using the Heckman model. Going back to

equation (6) in our analysis, which relates the county-level yield (Yi) to the share of tiled land (si),

the explanatory variables included in the equation (Xi) along with the IMR(λi) serve to control for

the observables and the unobservables that determine θ∗, and thus we identify marginal effect of

tiling on yield while controlling for selection biases.

Climate Change Adaptation

Interaction effects

In order to assess the viability of tile drainage as a means of adapting to the effects of climate

change on crop yields, we first examine the role of historical average precipitation in mediating the

impact of tile drainage on yields. To do so, we incorporate an interaction term into the regression

equation that evaluates the relationship between tiled acres and yield. By including this interaction

term, we aim to capture the extent to which the historical average precipitation level mediates the

effect of tile drainage on crop yields.

(10) Yi = α0 +α1si +α2s2
i +α3 · si ·ppti +α4Xi +α5λi(.)+ui

(11)
dYi

dsi
= α1 +2∗α2 ∗ si +α3 ∗ppti

In essence, this approach allows me to investigate whether the benefits of tile drainage are greater

or lesser depending on the average precipitation level in a given region. This is an important

consideration in light of climate change, as changing precipitation patterns are likely to affect the

effectiveness of tile drainage as an adaptation strategy.
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By conducting this analysis, we hope to shed light on the potential for tile drainage to miti-

gate the impacts of climate change on agricultural productivity, and to provide insights into the

conditions under which this strategy may be most effective.

Climate change simulations

We consider future projected climate data from the NEX-GDDP-CMIP6 dataset (Thrasher et al.,

2022), which consists of downscaled climate scenarios obtained from General Circulation Model

(GCM) simulations conducted as part of the Coupled Model Intercomparison Project Phase 6

(CMIP6) (Eyring et al., 2016) 1. The CMIP6 GCM simulations were developed in preparation

for the Sixth Assessment Report of the Intergovernmental Panel on Climate Change (on Cli-

mate Change, 2023). These simulations are based on four primary greenhouse gas emissions sce-

narios, referred to as Shared Socioeconomic Pathways (SSPs) (O’Neill et al., 2016; Meinshausen

et al., 2019), which represent different future socioeconomic conditions and their associated emis-

sions trajectories. There are five SSPs in total, ranging from SSP1 to SSP5, each depicting a

different socioeconomic storyline and associated levels of greenhouse gas emissions and climate

change mitigation efforts. They range from SSP1, which is a path of sustainability and low emis-

sions, to SSP5, which depicts a dystopian fossil fuelled future. The SSPs are not predictions but

rather exploratory scenarios that help researchers understand the range of possible futures under

different societal choices and policy pathways. We consider climate change projections based on

the Hadley Global Environment Model (HADGEM), a component of the CMIP6 outputs, specifi-

cally focusing on SSP2-4.5, which corresponds to a radiative forcing of 4.5 Watts/m2 and a CO2

concentration equivalent of 650 ppm by 2100. The selected SSP, SSP2-4.5, represents a plausible

middle-of-the-road scenario where socioeconomic development follows historical trends, resulting

in moderate greenhouse gas emissions and associated climate change impacts. It serves as a useful

reference point for assessing the implications of climate change under realistic but not extreme

conditions.

We consider two thirty-year periods, 1982-2011 and 2032-2061, following standard practice

in climate-economy analysis (Burke et al., 2015), allowing us to filter out year-to-year weather
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variations while capturing meaningful climate trends. To forecast future weather conditions for

the period 2032–2061 relative to 1982–2011, we derive future weather projections by applying a

change vector to historical station-level weather data, following Arora et al. (2020). This change

vector, calculated from model-based daily climate projections data, accounts for the anticipated

shifts in daily weather patterns due to climate change. We use projections of historical tempera-

tures because climate model simulations often show biases in current climate conditions in certain

regions. This means that the temperatures observed today may not match the temperatures simu-

lated by the models for the present day. To avoid introducing biases into estimates of temperature

changes, we compare the future model-projected temperatures with the historical model-projected

temperatures rather than with the current observed temperatures, as is the commonly accepted

approach Auffhammer et al. (2013); Burke et al. (2015).

Let Fk,y,m,d represent the historical temperature or precipitation values in county k on day

d of month m in year y, and F̃k,y,m,d denote the model-based climate projections. We define

∆F̃k,y′,y,m,d = F̃k,y′,m,d − F̃k,y,m,d as the daily shift in projected weather for each county k on

corresponding dates 50 years apart, where y′ = y + 50. However, direct application of Fk,y′,m,d =

Fk,y,m,d + ∆F̃k,y′,y,m,d may yield undesirable outcomes, such as negative precipitation values. To

address this, we implement a 31-day moving average (MA) mean-shift operator, given by:

(12) ∆F̃MA(31),k,y′,y,m,d =
∑15

µ=−15 ∆F̃k,y′,y,m,d+µ

31 ;

We use this daily shift operator to compute an annual shift operator, summing over all days in the

growing season (April–September) as follows:

(13) ∆F̃k,y′,y,m,d =
∑

m,d∈y ∆F̃k,y′,y,m,d∑
m,d∈y 1(m∈[4,8])

In this expression, 1m∈[4,8] denotes an indicator function that is 1 if m belongs to the months 4 to

8 (inclusive), and 0 otherwise. We take the mean of these annual shifts for every county and add

the shifts to the historical climate variables to approximate climate change.

19



Effect on Yield Variability

To analyze how tiled land affects yield variability, corn yield data from 1982-2017 were used. First,

the county average yield trend in the data was removed using a local averaging regression known

as the LOESS (Locally Estimated Scatterplot Smoothing) method (Cleveland and Devlin, 1988).

This approach is a non-parametric regression method that models a smooth curve through the data

by using weighted moving averages. LOESS allows for local adaptation by estimating regression

relationships over smaller, data-defined regions. This attribute makes the method well-suited for

capturing variations in data that may not be linear across the entire dataset. It can handle data

with outliers and noise by giving less weight to data points further from the point of interest. This

robustness makes it valuable for analyzing real-world agricultural data, which can often be noisy.

In summary, the advantages of using LOESS may be summarized as follows: non-parametric

(relatively assumption-free about the nature of the data), locally adaptive, and robust to outliers.

Hafen (2010) offers a detailed discussion on LOESS methods.

The LOESS regression model is represented mathematically as:

(14) yi = f(xi)+ ϵi

Where yi represents the corn yield, xi is the time (year), f(xi) is the smoothed trend function, and

ϵi are the residuals representing yield variability.

The most critical fitting parameter is the "span," which is a smoothing parameter and lies be-

tween 0 to 1. Selecting the appropriate span is crucial to avoid two significant issues: overfitting

and underfitting. Overfitting occurs when the span is too small, resulting in excessively erratic and

jagged fits. Underfitting happens when the span is too large, leading to overly smooth fits that fail

to capture the nuances in the data. Thus, the span parameter represents the bias-variance trade-

off. In some cases, visual inspection and trial and error can help choose an appropriate level of

smoothing. However, when dealing with datasets with a high density of points, relying solely on

visual cues can be misleading. In our case, since we have 879 counties, each with multiple years

of yield data, the use of model-fitting criteria becomes essential. We use the Generalized Cross

Validation (GCV) technique to select the optimum span parameter for every county (Craven and
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Wahba, 1978; Reiss and Todd Ogden, 2009). GCV works by fitting penalized generalized ridge

regressions with unknown scale parameters. To select the span parameter using GCV, the goal is

to find the value of span that minimizes GCV(span) using a grid search. The GCV criterion is

mathematically expressed as:

(15) GCV (span) = 1
n

n∑
i=1

(
yi − ŷi

1− tr(S)/n

)2

Figures A6 and A7 in the Appendix illustrate the selection criterion and a comparison between

optimal and suboptimal span parameters, with an example county.

In order to measure the effect of tiling on yield variability, we used the standard deviation of

yield residuals as the dependent variable in the second stage (Eq. 10). The standard deviation is

calculated as:

(16) σresiduals =
√√√√ 1

n−1

n∑
i=1

(ϵi − ϵ̄)2

The intuition behind this analysis is that yield variability should decrease with tile drainage, as

tiling would help even out the distribution of water in the soil and reduce the likelihood of extreme

weather events affecting the crop. An observed change in yield variance could be linked to factors

other than tile drainage. In particular, the variance of residuals may encapsulate all the unmodeled

determinants of yield, including the presence or absence of pests, issues with machinery, supply

chain issues particular to a given year, labor issues particular to a given year, and so on. To

address this possibility of spurious correlation, our analysis controls for a range of variables that

could influence yield variance. These include historical factors like average growing degree days,

harmful degree days, the presence of poorly drained soils, topographical characteristics such as

slope, and the susceptibility of the soil to erosion.

Coordination Issues

Here, we focus on a hypothesis put forth by Edwards and Thurman (2022), who argue that high

roughness areas are likely to be spatially isolated and require low coordination efforts to establish

drainage networks. In spatially isolated areas, where farms or land parcels are distant from each

other due to rough terrain or geographical features, individual drainage systems can be a viable
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solution. Each landowner can independently address their drainage needs without the necessity

of a shared or coordinated drainage network. The water flows on these isolated farms are not

significantly interconnected, so actions taken by one landowner to manage their water, such as

installing drainage systems, don’t substantially impact neighboring properties. In such settings,

coordinated agricultural investments may also be prohibitively expensive in terms of infrastructural

costs, as indicated in Nunn and Puga (2012). The sustained success of institutions like the drainage

district is crucially dependent on topography.

We use the recently updated terrain ruggedness index data from U.S. Department of Agricul-

ture, Economic Research Service (2023) as our measure of topographical roughness. The Ter-

rain Ruggedness Index (TRI) was introduced by Riley et al. (1999), and is computed using data

obtained from a digital elevation model (DEM), which provides a detailed representation of the

Earth’s surface terrain at a small, uniform grid cell scale. For each grid cell, the TRI is calculated

by measuring the cumulative change in elevation between the cell and its eight adjacent neigh-

bors. This method allows for the quantification of topographic variability within a 3-by-3 grid

cell neighborhood. Lower TRI values indicate regions with relatively consistent elevation, while

higher values signify areas characterized by significant elevation disparities. The data we use is

available at the census tract level, which we aggregate up to the county level for the purpose of

our study. The spatial distribution of roughness as measured by TRI is illustrated in Figure 4A.

We further highlight only the areas with roughness higher than the 75th percentile in Figure 4B,

to identify areas of comparatively low coordination requirement. We perform a subsample anal-

ysis to delve deeper into this argument and isolate the opportunity cost of coordination failure in

areas where neighboring farmers must coordinate more closely. This subsample analysis allows

for a more detailed examination of the potential impact of tile drainage as an adaptation strategy in

these specific areas.
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Results

Causal Estimates of Yield Impact

The results for the first-stage probit model are shown in column 1 of Table 3. In our preferred

specification, we separated precipitation into early season (April-June, PptE) and late season (July-

September, PptL) measures to account for the distinct impacts of rainfall timing on agricultural

productivity. For example, excessive early-season precipitation can significantly affect planting

dates by impacting farmers’ field access and soil workability, compressing the growing season, and

potentially reducing yields (Urban et al., 2015; Ortiz-Bobea and Just, 2013). By separating these

periods, we allow for distinct effects on yield, acknowledging that water availability at different

stages of crop growth can have varying impacts on overall productivity. The estimated coefficients

indicate that the probability of adopting tile drainage has a quadratic relationship with early-season

precipitation, growing degree days (GDD), and heating degree days (HDD). This suggests that

farmers are more likely to adopt tile drainage in response to increases in early-season precipitation

and favorable growing conditions, but the marginal effect diminishes at higher levels of these

variables. Soil and land characteristics continue to follow intuitive patterns. Poorly drained soil

has a strongly positive relationship with tile drainage adoption, while an increase in slope reduces

the need for artificial drainage due to enhanced natural runoff, resulting in a negative coefficient.

The significance of slope at the 1% level strengthens the evidence that the relevance condition for

our instrument is satisfied.

The second-stage OLS estimates are presented in columns 2 and 3 of Table 3. While the coef-

ficient estimates for the share of tile-drained acres (s) and its square (s2) provide initial insights,

the key aspect for our analysis is the marginal effect of tiling on yield. The marginal effect cap-

tures how an incremental increase in tiling affects crop yield, accounting for the nonlinearities and

interactions in our model.

dYi

dsi
= α1 +2α2si +α3PptEi +α4PptLi
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where α1 is the coefficient on s, α2 is the coefficient on s2, α3 and α4 are coefficients on the

interaction terms s × PptEi and s × PptLi respectively, si is the share of land tiled in county i, and

PptEi and PptLi are early and late season precipitation in county i.

For corn yields, drainage shows substantial benefits that eventually taper off. The marginal ef-

fect at sample means of tiling share (24.8%), early-season precipitation (257mm), and late-season

precipitation (299mm) peaks when about 86% of farmland is tiled. The positive and strongly sig-

nificant coefficient on the interaction term s × PptL indicates that the marginal effect of tiling on

yield increases with higher late-season precipitation. This suggests that tiling is particularly effec-

tive in mitigating the adverse effects of excessive rainfall later in the growing season, which can

lead to waterlogged soils and hinder crop maturation. This aligns with the agronomic understand-

ing that corn is especially sensitive to excess moisture during reproductive stages. Soybeans tell a

different story. The benefits of drainage show little evidence of diminishing returns, and drainage

proves valuable throughout the growing season, with positive interactions in both early (0.063,

p<0.01) and late-season precipitation (0.121, p<0.01). This broader seasonal benefit might reflect

soybeans’ different growth pattern and their ability to compensate for early-season stress, making

consistent soil moisture management important throughout the season. The significant positive

coefficient on the inverse Mills ratio (IMR) indicates that selection bias in the share-tiled variable

cannot be rejected, i.e., farmers’ drainage decisions aren’t random - they’re strategic choices based

on local conditions. This underscores the importance of using the control function approach to

obtain unbiased causal estimates of the effect of tiling on yield.

To illustrate the marginal effects, we compute dYi
dsi

for each county using their specific levels

of tiling and precipitation. We analyze these effects by grouping counties based on their share of

tiling into ranges of 0–0.2, 0.2–0.4, 0.4–0.6, 0.6–0.8, and 0.8–1. For each group, we compute the

average marginal effect for counties experiencing different levels of precipitation, as illustrated in

Figure 5.

Consider the plot for corn in Figure 5. Within the 0–0.2 share tiled range, the marginal increase

in yield associated with an additional acre of tiling is more pronounced in regions with higher
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cumulative growing season precipitation. This trend persists across all tiling ranges, indicating that

tiling provides greater yield benefits in wetter conditions. This is intuitive, as tile drainage mitigates

excess soil moisture, which is more problematic in areas with higher precipitation. Figure A1 in the

Appendix offers a visualization of the quadratic relationship of yield with respect to precipitation.

Marginal effects for each county, calculated at their current levels of tiling and average precipi-

tation, are aggregated to the state level and presented in Table 4. This provides a clearer exposition

of the effects of a marginal increase in tiling on both corn and soybean yields across different

regions.

Table 5 extends our analysis to examine how tile drainage affects yield resilience, measured

by the standard deviation of detrended yield residuals (Y r
i ). Just as drainage affects yield levels

differently for corn and soybeans, we find distinct impacts on yield stability. The marginal effect

of tiling on standard deviation of detrended yield is given by:

d(S.D.(Y r
i ))

dsi
= β1 +2β2si +β3Ppti

where β1, β2, and β3 are the coefficients from the yield variability regression.

For corn, evaluating at the mean precipitation (577mm), the marginal effect of drainage on

yield variability reaches its minimum when s = 0.216, or about 22% of land tiled. This suggests that

moderate levels of drainage help stabilize yields, but this benefit diminishes beyond this threshold.

Higher precipitation generally reduces yield variability, though with diminishing effects. Poorly

drained soils are associated with higher yield variability, suggesting that drainage infrastructure

may be particularly valuable for stabilizing yields on these soils. For soybeans, the effect maxi-

mizes at s= 0.564, suggesting that drainage’s yield-stabilizing benefits peak when about 56% of

land is tiled. The negative precipitation interaction (-0.009, p<0.01) indicates that drainage results

in stronger yield resilience in wetter counties. This aligns with our earlier finding that drainage

benefits soybean yields throughout the growing season.

The significant inverse Mills ratios for both crops again confirm the importance of accounting

for the selective adoption of drainage systems in our estimation strategy.
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Figure 6 illustrates the Average Marginal Effects (AMEs) of the share of tiled cropland on yield

variability for corn and soybeans across different levels of total growing season precipitation.

For corn, the downward-sloping lines indicate that yield variability decreases as the share

of tiled land increases, regardless of the level of precipitation. This suggests that additional tile

drainage consistently improves yield stability for corn. The greatest reduction in variability is ob-

served in counties with the highest share of tiled cropland, especially in areas with more extreme

precipitation (represented by the 75th percentile line in red). This implies that tile drainage is par-

ticularly beneficial in reducing the unpredictability of corn yields, helping to stabilize production

in response to moisture fluctuations.

For soybeans, the trends show a more nuanced effect. Although yield variability tends to in-

crease with a higher share of tiled cropland, the AMEs remain negative across most of the tiling

range. This means that, even though there is an upward trend, tile drainage continues to pro-

vide overall benefits in terms of reducing yield variability compared to fields without tiling. The

differences between corn and soybeans could be attributed to soybeans’ greater physiological plas-

ticity—their ability to adapt to soil moisture conditions throughout their growing season. Soybeans

may be less reliant on intensive drainage compared to corn, which leads to less pronounced im-

provements in stability as tile drainage increases.

The results for both corn and soybeans provide encouraging evidence supporting tile drainage

as a tool to bolster yield resilience, particularly in the context of increasing variability in precip-

itation patterns due to climate change. By focusing on the marginal effects, we highlight how

the benefits of tiling are influenced by both the current level of tiling and the climatic conditions,

offering valuable insights for farmers considering investment in tile drainage systems.

Climate Change Results

We start our climate change analysis by investigating the county-level shifts in climate variables

(Eq.13) as computed from the forecasts and hindcasts of the HADGEM model. Table 6 offers a

summary of these shifts. The middle road scenario considered for the predictions shows a small

decrease in long-term average precipitation, but this change has a high standard deviation, indi-
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cating an increase in variability in precipitation. GDD and HDD are both increasing, with HDD

significantly increasing, considering the observed mean of 86.82 from observed historical data

(Table 1).

We add the model-predicted changes in Table 6 to our historical observed climate variables,

and we use our estimated coefficients to simulate the projected impacts of climate change, which

are summarised in Table 7. In the table, the No Adaptation section summarises the responses of

relevant variables to climate change under the scenario where the level of tiling remains unchanged

in counties in the long run. The With Adaptation section summarises those same responses when

the level of tiling changes, i.e., the predicted level of tiling responds to climate change (Eq 4).

Here, we assume that the counties do not reduce their level of tiling, which is based on ground-

level knowledge of tiling behavior. It does not make sense for landowners to pull out tiles from

their land, unless it is for the purpose of putting in new tiles. The mean of the share tiled variable

(Table 7) is projected to increase under climate change, and change in the 1st Quartile from 2%

to 2.8% represents a significant change compared to an imperceptible change in the 3rd Quartile,

indicating most of the tiling adoption is expected to happen in counties with lower levels of current

tiling. Figure 7 highlights the areas where tiling demand is projected to increase. Both corn and

soybean yields are projected to fall on average, possibly due to the grim projection of a significant

increase in harmful degree days. However, both corn and soybean yields are better off with tiling

adaptation than without. This is seen in the ∆(Adaptation) section in Table 7. Looking at Figures

8 and 9 provide a clearer picture of these projected changes in space. We see up to 10% higher corn

yields in counties which adapt to climate change by increasing tiling, as opposed to those who do

not, and comparing Figure 8 with Figure 7, we see these changes are pronounced in areas where

the tiling demand is projected to go up, as one would expect. For soybeans as well, the same can

be observed. For example, in Figure 7, there are counties in Kansas that are projected to increase

tiling, and Figure 9 shows that if tiling does increase, yield will be significantly higher than if it

does not. The difference between yield with adaptation and yield absent adaptation goes up to 12%

for soybean. In other words, tiling adaptation helps offset yield reductions due to climate change
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in specified regions.

Coordination Analysis

For our subsample analysis, we look at the impact of adopting tile drainage on corn and soy-

bean yield in areas with different roughness levels as measured by the Terrain Ruggedness Index.

The hypothesis here is that areas with lower roughness, indicating flatter croplands, would ex-

perience greater benefits from tile drainage compared to rougher areas. However, implementing

tile drainage in such smoother terrains might require more coordination among farms due to their

spatial interconnectedness (Edwards and Thurman, 2022).

To delve deeper into the nuanced relationship between terrain roughness, tile drainage, and

agricultural yield and to isolate the opportunity cost of coordination failure in areas where neigh-

boring farmers must coordinate more closely, we perform a subsample analysis based on rough-

ness. Specifically, we narrow our focus to subsets of counties that have topographical roughness

below certain cutoff points. These cutoff points are determined as percentiles of the roughness dis-

tribution (for an illustration, see Figure A2). We consider four different cutoff points: 90th, 80th,

65th, and 40th percentiles. For each cutoff, we create a subsample of counties with roughness val-

ues below that respective percentile. For example, a cutoff of 75% indicates a sample that includes

only counties that have a TRI value below the 75th percentile. Figure 4, discussed previously,

serves as an illustration of the county subsetting process. Counties in red have roughness indices

higher than the 75th percentile, and if we consider the 75th percentile threshold, we would include

only the counties in white in our subset. The reason for choosing these specific cutoffs is to assess

the yield effects of tile drainage in areas where coordination requirements are likely to be higher

due to higher roughness. Subsequently, we use the control function estimation approach to assess

the impact of tile drainage adoption on yield in these subsamples.

Table 8 shows the marginal effects on corn and soybean yield (eq. 11), at mean level of share

tiled and precipitation, corresponding to the different cutoffs. The marginal effects decrease as

more counties with higher topographical roughness are included in the sample. The insight here

is that the potential yield increase from a one-acre increase in tiling is higher in areas with flatter

28



topography. Under the assumption that flatter topography requires a higher level of coordination,

our analysis indicates large potential costs of coordination failure in terms of foregone yield. Even

without the stated assumption, these results underscore the importance of terrain characteristics

in designing effective agricultural interventions like watershed-level extension activities related to

tile drainage.

NPV and Investment Efficiency

In this section, we analyze the efficiency of the current level of tiling from Eq.3, using our estimated

marginal effects, data on crop prices and crop shares, and for a range of possible annualized costs

of tiling and discount rates. Figure 10 plots the estimated marginal benefits of tiling, assuming

prices for corn and soybean to be $4 and $11 per bushel respectively, and discount rate to be

5%. The marginal benefits are plotted along the distribution of share tiled, simulated through

for three fixed values of precipitation: 1. high precipitation, which is mean(Ppt) + S.D.(Ppt), 2.

mean precipitation, and 3. low precipitation, which is mean(Ppt) - S.D.(Ppt). The red dashed line

represents the annualized cots of tiling, which is assumed to be $1500 per acre. It is clear that

under the stated set of assumptions, counties on the lower end of the share tiled distribution are

currently tiling at an inefficient level, irrespective of precipitation levels. This is further illustrated

in Figures 11 through 13. Here, prices are calculated as 5 year (2013-2017) state-wise averages

of the variable price of corn grain and soybean grain in $/bu from USDA NASS. From the same

source, corn shares for each county were computed by taking the ratio of harvested acres of corn

and total acres of cropland. The same procedure was followed for soybean shares. We calculate

NPVr using the collected data and estimated average marginal effects, under a set of different

combinations of annualized costs and discount rates(Schnitkey et al., 2022). The counties with

positive NPV are highlighted on a gradient from white to purple, darker shades indicating higher

values of NPV. Counties with high values of NPV can potentially increase agricultural surplus

by expanding tiled acres. However, the maps need to be read with caution. There may be some

aggregation bias in the variables from using county-wide averages, which may lead to dubious

suggestions like tile drainage along the Loess Hills would be beneficial. However, in other cases,
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like that of South Dakota, the findings corroborate existing knowledge of frictions in drainage

institutions that act as barriers to drainage investment.

Discussion

While our analysis provides evidence that coordination requirements affect drainage investment

and agricultural productivity, two important limitations warrant discussion. We organize these

concerns into four main categories: aggregation effects and real options.

Aggregation Effects

Our county-level analysis, while necessary given data availability, may mask important within-

county heterogeneity in drainage needs and coordination requirements. The aggregation of farm-

level decisions to county averages could understate the true extent of coordination failures, partic-

ularly in counties with diverse topographical features or varying soil conditions. For instance, a

county might show moderate average drainage adoption while containing both intensely drained

and under-drained areas, potentially leading us to underestimate coordination failures in specific

watersheds. Additionally, our measure of topographical roughness (TRI) at the county level may

not fully capture the micro-level drainage basin characteristics that determine actual coordination

requirements between neighboring farms.

Dynamic Considerations and Real Options

Our static analysis of drainage investment decisions may not fully capture the dynamic aspects

of farmers’ decision-making under uncertainty. Particularly important is the real options frame-

work, where farmers might rationally delay drainage investments due to uncertainty in commod-

ity prices, even when NPV calculations suggest immediate investment would be profitable. The

substantial sunk costs of drainage infrastructure, combined with volatile agricultural commodity

prices, could make waiting valuable—a factor our analysis doesn’t explicitly model. Furthermore,

climate change uncertainty might lead rational farmers to delay investment until more information

about local precipitation patterns becomes available. These dynamic considerations could explain

some of the apparent underinvestment we attribute to coordination failure.

Despite these limitations, several robustness checks support our main conclusions (see ap-
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pendix).

Conclusion

In agriculture, as in life, there are certain controllables and certain uncontrollables. One of the ma-

jor uncontrollable factors determining agricultural output is climate. There is no way to ensure the

optimum amount of precipitation, temperature and optimal soil conditions required for high crop

yield. Variable precipitation and increasing temperatures threaten an agricultural sector already

faced with increasing population and a subsequent need for sustainable intensification. We focus

on a controllable, tile drainage, which is a technology that has been historically used to drain wet-

lands into cultivable cropland. We test its efficacy as an adaptation to climate change and whether

it can profitably increase agricultural sector output.

We find that investment in tile drainage results in an increase in both corn and soybean yield at

the margin, across every state in our study area. We can make a causal claim on our findings as we

use the control function approach to account for sources of selection bias. We decompose these

effects by areas receiving differing amounts of precipitation, and our results, following intuition,

suggest that areas in high precipitation areas have the highest marginal yield gain from tiling. Im-

portantly, irrespective of precipitation levels, counties with low levels of current tiling can increase

their agricultural surplus by adding more tile. We also find yield standard deviation to be falling

both for corn and soybeans for majority of the counties,indicating the efficacy of tiling in terms

of boosting yield resilience. Additionally, areas requiring higher coordination have even higher

potential yield benefits from making the investment; conversely, foregone profits would be high if

coordination breaks down. The sensitivity analysis using propensity score matching (PSM) offers

additional evidence in favor of our control function results. We apply our framework to assess cli-

mate change impacts on future tiling demand, and we compare future yields with and without tiling

adaptation. Our projections suggest counties that adapt their tiling levels to meet the demands of

an agricultural sector under the stress of climate change would have up to 10$ higher corn yields

and 12% higher soybean yields than non-adapters in the future. Finally, we assess the economic

viability of tile drainage adoption through Net Present Value (NPV) calculations. Positive NPV
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values in certain counties suggest the potential for increased agricultural surplus by expanding tiled

acres in several counties.

This article raises questions that add to our understanding of efficiency in the agricultural sector

when standard welfare theorem conditions fail. The adverse effects of accelerated drainage rates

on water run-off add further opportunities for discussion because, in a second-best world, a reduc-

tion in drainage intensity may improve social welfare. A glaring illustration of the environmental

issues of tiling is evident in the Mississippi water basin, which has given rise to the notorious

hypoxic zone in the Gulf of Mexico. Today, agricultural drainage is recognized as having far

greater costs than originally envisioned. These costs manifest in reducing wetlands and establish-

ing more direct pathways for agricultural nutrients to infiltrate rivers, lakes, and oceans. Notably,

regions predicted to witness increased drainage activities include ecologically significant undevel-

oped wetlands, such as the Prairie Pothole Region (Dahl, 2014). In light of these challenges, there

is a pressing need for new institutional innovations that facilitate coordinated action addressing

wetland protection, nutrient pollution, and sustainable agricultural production concerns. Such in-

novations hold the potential to enhance the overall net value of adapting to the evolving landscape

of agricultural drainage.
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Figure 1: Coordination failure and agricultural sector efficiency in drainage districts
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Figure 2: Panel A: County-level fraction of acres with tile drainage, Panel B: County-level fraction
of poorly drained soil
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Figure 3: Spatial distribution of average slope

35



Figure 4: Panel A: Spatial distribution of topographical roughness as measured by TRI, Panel B:
Higher than 75th percentile of roughness highlighted in red, indicating high roughness subsample
of counties
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Figure 5: The Average Marginal Effect (AME) of Subsurface Drainage on Crop Yields Under Dif-
ferent Precipitation Conditions: Each line represents the marginal effect of tile drainage on yields
at different precipitation levels (25th, 50th, and 75th percentiles of total growing season precipita-
tion), plotted across different share-tiled bins. The "Corn" plot shows effects on corn yields and
the "Soybeans" plot shows effects on soybean yields. A positive marginal effect indicates that an
increase in tile drainage coverage improves yield under those precipitation conditions.
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Figure 6: The Average Marginal Effect (AME) of Subsurface Drainage on Standard Deviation of
Detrended Yield Residuals (Yr) Under Different Precipitation Conditions: Each line represents
the marginal effect of tile drainage on yield residual standard deviations at different precipitation
levels (25th, 50th, and 75th percentiles of total precipitation), plotted across different share-tiled
bins. The ’Corn’ plot shows effects on corn yield variability and the ’Soybeans’ plot shows effects
on soybean yield variability.

38



Figure 7: Spatial distribution of increases in tiling demand in terms of the fraction of cropland tiled
(share tiled) as a result of climate change
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Figure 8: Spatial distribution of the difference in future corn yield between counties who adapt by
increasing their tiling and counties where tiling remains at 2017 levels
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Figure 9: Spatial distribution of the difference in future soybean yield between counties who adapt
by increasing their tiling and counties where tiling remains at 2017 levels

41



Figure 10: Marginal benefits of tiling at different precipitation levels are indicated in orange, green
and blue (descending order), and marginal cost (i.e., annualized cost, $1500) is indicated by the
red dashed line
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Figure 11: County-wise distribution of positive NPV I
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Figure 12: County-wise distribution of positive NPV II
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Figure 13: County-wise distribution of positive NPV III
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Table 1: Summary Statistics

Variable Mean SD Pctl. 10 Median Pctl. 90 Min Max N
Share Tiled 0.25 0.26 0.00 0.11 0.67 0.00 0.88 879

Tiled Acres (1k) 57.24 79.62 0.56 17.77 17.75 0.006 473.98 879
Corn Yield 162.53 25.34 128.81 165.43 191.55 63.60 216.18 846

Soybean Yield 48.22 8.01 36.80 49.23 57.67 24.33 68.26 818
Precipitation 577.05 80.69 464.57 591.31 667.52 290.66 756.64 879

Poorly Drained 0.40 0.26 0.06 0.38 0.78 0.00 0.99 879
Slope 3.79 1.87 1.85 3.42 6.10 0.50 12.70 879
GDD 2958.87 456.29 2319.32 2967.11 3565.67 1824.39 4088.12 879
HDD 86.82 64.30 26.20 63.97 168.12 3.97 407.42 879

Erodibility 0.18 0.05 0.11 0.18 0.24 0.02 0.34 879

Note. Pctl. 10 and Pctl. 90 represent the 10th and 90th percentiles, respectively.
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Table 2: Variable Definitions

Variable Definition

Share Tiled Tiled Acres as a fraction of Acres of cropland in 2017

Tiled Acres (1K Acres) Acres under tile drainage in 2017

Precipitation (mm) Average total rainfall over the growing season across
1983-2017

Poorly Drained Fraction of a county with soil drainage class "poorly
drained"

Slope Average slope

GDD Average Growing Degree Days over the growing sea-
son across 1983-2017

HDD Average Harmful Degree Days over the growing sea-
son across 1983-2017

Kffact Erosion Susceptibility factor
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Table 3: Control Function Estimates for the Effect of Tiling on Corn and Soybean Yield

Dependent variable:
s Ycorn Ysoybean

First Stage Second Stage Second Stage
(1) (2) (3)

s 71.841∗∗∗ 15.637∗∗∗

(9.988) (3.089)
(s)̂ 2 -41.543∗∗∗ -4.500

(13.241) (4.099)
GDD 0.009∗∗∗ 0.215∗∗∗ 0.075∗∗∗

(0.001) (0.035) (0.012)
(GDD)̂ 2 -0.00000∗∗∗ -0.00003∗∗∗ -0.00001∗∗∗

(0.00000) (0.00001) (0.00000)
HDD -0.019∗∗∗ -0.120∗ 0.015

(0.004) (0.072) (0.024)
(HDD)̂ 2 0.00003∗∗∗ -0.0001 -0.0002∗∗∗

(0.00001) (0.0002) (0.0001)
PptE 0.016∗∗∗ 0.097 0.138∗∗∗

(0.005) (0.102) (0.035)
(PptE)̂ 2 -0.00002∗∗ -0.0003∗ -0.0003∗∗∗

(0.00001) (0.0002) (0.0001)
PptL 0.001 1.231∗∗∗ 0.498∗∗∗

(0.014) (0.219) (0.084)
(PptL)̂ 2 -0.00000 -0.002∗∗∗ -0.001∗∗∗

(0.00002) (0.0004) (0.0001)
Poorly Drained 1.003∗∗∗ 7.520 -2.440

(0.143) (5.106) (1.590)
Slope -0.142∗∗∗

(0.024)
Erodibility 3.828∗∗∗ 131.399∗∗∗ 27.244∗∗∗

(0.724) (13.624) (4.217)
IMR 58.398∗∗∗ 10.050∗

(19.258) (6.051)
s*PptE -0.073 0.063∗∗∗

(0.062) (0.019)
s*PptL 0.353∗∗∗ 0.121∗∗∗

(0.081) (0.025)
Constant -16.936∗∗∗ -434.539∗∗∗ -167.828∗∗∗

(2.597) (65.529) (22.280)
Observations 879 846 818
R2 0.575 0.610
Adjusted R2 0.568 0.603
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 4: State-wise Average Marginal Effects (AMEs)

State AME:Corn AME:Soybean
1 ILLINOIS 46.58 13.09
2 INDIANA 44.12 13.84
3 IOWA 40.53 13.49
4 KANSAS 65.59 16.28
5 MICHIGAN 36.51 6.46
6 MINNESOTA 37.55 8.60
7 MISSOURI 74.24 21.13
8 NEBRASKA 52.55 10.23
9 NORTH DAKOTA 29.61 -1.39

10 OHIO 40.69 11.08
11 SOUTH DAKOTA 39.07 3.98
12 WISCONSIN 56.96 13.59
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Table 5: Control Function Estimates for SD of Yield Residuals (Yr)

Dependent variable:
Yr : Corn Yr : Soybean

(1) (2)
s 3.189 -1.519∗∗∗

(2.114) (0.553)
(s)̂ 2 -7.380∗∗∗ 1.344∗

(2.738) (0.716)
GDD 0.020∗∗∗ -0.003∗

(0.006) (0.002)
(GDD)̂ 2 -0.00000∗∗ 0.00000

(0.00000) (0.00000)
Ppt -0.054∗∗∗ -0.003

(0.018) (0.006)
(Ppt)̂ 2 0.0001∗∗∗ 0.00001∗∗

(0.00002) (0.00000)
HDD -0.003 0.026∗∗∗

(0.013) (0.004)
(HDD)̂ 2 -0.00000 -0.00002∗∗∗

(0.00003) (0.00001)
Poorly Drained 6.964∗∗∗ -0.355

(0.979) (0.260)
Erodibility 4.198 -3.331∗∗∗

(2.738) (0.732)
IMRc 6.466∗

(3.845)
IMRsb -2.461∗∗

(1.012)
s*Ppt 0.004 -0.009∗∗∗

(0.010) (0.002)
Constant -13.582 13.304∗∗∗

(12.678) (3.720)
Observations 864 823
R2 0.447 0.367
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 6: Summary of predicted changes in climate variables from the HADGEM model, changes
computed as differences between two thirty year periods, 1982-2011 and 2032-2061

Mean SD 1st Quartile 3rd Quartile

∆(Ppt) -9.926108 28.09405 -29.21580 7.51728
∆(GDD) 27.990690 63.73228 -23.14594 83.58649
∆(HDD) 187.805993 40.32205 169.55350 214.63372

Table 7: Summary of Climate Change Impacts

Mean SD 1st Quartile 3rd Quartile

No Adaptation
Share Tiled 0.2478 0.2615 0.0208 0.4759
∆(Corn Yield)% -7.3805 12.1423 -15.0070 -1.2591
∆(Soybean Yield)% -15.2506 17.8704 -27.1725 -3.6559
With Adaptation
Share Tiled 0.2511 0.2596 0.0284 0.4759
∆(Corn Yield)% -7.1266 12.4505 -14.6426 -0.5709
∆(Soybean Yield)% -15.1396 17.7968 -27.0580 -3.6209
∆(Adaptation)%
Corn 0.2971 2.5469 -1.3102 1.6126
Soybean 0.1865 0.9553 -0.1297 0.2314

Table 8: Coordination Analysis: Marginal Effects of Tile Drainage on Crop Yields by Terrain
Roughness

Crop 40 65 80 90
Corn 63.01 50.83 43.54 43.75

Soybean 14.44 13.53 11.70 11.76
Note: The column headers (40, 65, 80, 90) represent percentile cutoffs of the Terrain Ruggedness Index
(TRI), where lower percentiles indicate flatter terrain. For example, the "40" column shows results for
counties with TRI values below the 40th percentile (flattest subsample). Values represent the expected
increase in bushels per acre from a one-acre increase in tile drainage, evaluated at mean levels of share tiled
and precipitation. The declining values from left to right demonstrate that tile drainage has larger marginal
effects in flatter terrain, suggesting higher costs of coordination failure in these areas where drainage systems
are more likely to be interconnected.
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Appendix

Figure A1: The estimated corn yield across a range of precipitation levels for counties with less
than or equal to 2% tiled cropland (red curve) and those with greater than 2% (blue curve). The
higher position of the blue curve demonstrates the yield benefits of tiling throughout the precipi-
tation distribution. The concave shape reflects the diminishing marginal effect of precipitation on
yield, consistent with the quadratic terms in our model.

Sensitivity Analysis

We check the robustness of our results with the propensity score matching (PSM) approach, intro-

duced by Rosenbaum and Rubin (1983). The fundamental idea behind PSM is to identify control

observations that closely resemble the treatment group in terms of observable characteristics. Since

our treatment variable is a continuous fraction between 0 and 1, we performed this analysis for a

range of threshold values of the share tiled variable. For example, if the threshold value is 0.2, then

counties that have share of tiled cropland acres at or above 0.2 are in the treatment group, while

those below are in the control group. In this case, we are using PSM to identify counties for the

control group, i.e., counties that could potentially have 20% or more of cropland acres tiled based

on observable determinants of tiling, but they fall below that threshold.

In this study, we adapt established practices in the matching literature by using a parametric
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fractional probit model, to estimate the propensity scores for each observation. We used Eq. 4

for this purpose, but we exclude the instrument average slope, in line with recommendations in

the literature (Wooldridge, 2015), Bhattacharya and Vogt (2007)), which show that including co-

variates that satisfy instrumental variable criteria in the propensity score equation produces biased

estimates.

The matching method employed was the "nearest neighbor" approach. This involves matching

each treated unit with one control unit based on their proximity in terms of propensity scores. To

ensure high-quality matches, a caliper was implemented. The caliper restricts the matching process

to units within a specified distance, typically a small value such as 0.1. To ensure balanced ob-

servables, we test whether observations with similar propensity scores exhibit similar distributions

of observable characteristics, regardless of their adoption status. This balancing property confirms

that, for a given propensity score, the adoption of tile drainage is effectively random, and adopters

below as well as above the threshold level of adoption are observationally identical on average.

Figure A3 shows covariate balancing before and after matching.

Once the matched estimates are determined, we can estimate the ATT, which serves as the

measure of the impact of tile drainage adoption while controlling for selection bias based on ob-

servables. Table A1 shows the results from the PSM procedure at the threshold value of 0.3 for

share tiled. This means that for the matched group of counties, those with a fraction of tiled acres

above 30% have 18.90 bu/ac higher yield on average than those just below 30%. The difference in

yield is negative for the unmatched counties. The discrepancy in results highlights the importance

of the PSM procedure in mitigating selection bias. For matched counties, the PSM procedure iden-

tified control observations that closely resemble the treatment group (counties with a fraction of

tiled acres above the threshold) and successfully controlled for selection bias based on observables,

providing a reliable estimate of the impact of tile drainage adoption. In contrast, the unmatched

counties lack comparable control groups, making it challenging to estimate the causal effect for

them.

The ATT for matched counties at each threshold value of share tiled above the 51st percentile
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(where available control units exceed treatment units) is plotted in Figure 24. Interestingly, al-

though the magnitudes are different, the general downward trend towards the higher end of the

share-tiled distribution is similar to the effects estimated from the control function approach.

A comparison of estimated effects from ordinary least squares (OLS), CF, and PSM methods is

shown in Figure A5. The effects are positive and decreasing in the fraction of tiled acres across the

board. From the CF approach, we could not reject the selection on unobservables. Since the PSM

approach assumes away the selection bias due to unobservables which we think are important,

we believe the CF approach offers the most reliable estimates of the magnitude of the effect.

Heckman and Navarro-Lozano (2004) find that matching approaches like PSM are sensitive to the

misspecification of conditioning variables, while the control function approach is robust to such

misspecifications.

Checking Validity of Instrumental Variable Using Heteroskedasticity-Based Identification

As a robustness check for our instrumental variable (IV) estimation, we employ the heteroskedasticity-

based identification method proposed by Lewbel (2012). This approach allows us to construct in-

ternal instruments from the model’s own data, exploiting heteroskedasticity in the error terms to

achieve identification. This method is particularly useful to check the validity of external instru-

ments Baum and Lewbel (2019).

Methodology

Following Lewbel (2012), we consider the following structural equations:

(A1) Y1i = X′
iβ +γY2i + ε1i,

(A2) Y2i = X′
iα + ε2i,

where Y1i is the dependent variable (crop yield), Y2i is the endogenous explanatory variable
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(share of land tiled), Xi is a vector of exogenous covariates, β and α are parameter vectors, γ is a

scalar parameter, and ε1i and ε2i are error terms that may be correlated.

Standard IV estimation requires at least one exogenous variable in Xi that affects Y2i but not

Y1i (exclusion restriction). However, when such instruments are weak or unavailable, Lewbel’s

method can be used to generate instruments by exploiting heteroskedasticity in ε2i.

The key assumptions for this method are as follows. First, the regression coefficients β and γ

represent fixed, invariant constants within the population under investigation. Second, we adopt the

standard exogeneity condition, requiring that E(X′ε1) = 0, E(X′ε2) = 0, and the matrix E(XX′)

is invertible. Third, and crucially for the heteroskedasticity-based instrumental variable approach,

we impose two additional moment conditions: Cov(Z, ε1ε2) = 0 and Cov(Z, ε2
2) ̸= 0, where Z

represents either the entire set of exogenous covariates X or a carefully selected subset of its

elements.

Estimation Procedure

The estimation proceeds in two steps:

1. First-Stage Regression: Regress the endogenous variable Y2i on the exogenous covariates

Xi to obtain the residuals ε̂2i = Y2i −X′
iα̂.

2. Instrument Construction and Second-Stage Regression: Construct the instruments (Zi −

Z̄)ε̂2i and perform two-stage least squares (2SLS) regression of Y1i on Y2i and Xi, using Xi and

the constructed instruments as instruments for Y2i.

In our application, we use both the constructed instruments from Lewbel’s method and our

external instrument (slope) to improve efficiency.

Results

Table A3 presents the results of the two-step GMM estimation for average corn and soybean yields

using the heteroskedasticity-based instruments. The inclusion of both generated instruments (Gen.)

from Lewbel’s method and the external instrument (Gen.& Slope) improves the efficiency of the

estimates, as reflected by smaller standard errors in the combined specifications.

The GMM estimation results largely corroborate our main findings from the control function
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approach while providing additional insights. The marginal effects of share tiled on yield remain

highly significant across all specifications and the signs remain consistent for both corn and soy-

bean yields, though the magnitudes differ somewhat from our control function estimates.

Most importantly, the diagnostic statistics support the validity of our instrumental variables

approach:

1. The Cragg-Donald and Kleibergen-Paap F-statistics (ranging from 10.99 to 30.13) exceed

the conventional threshold of 10, indicating that weak identification is not a concern. This is

particularly true in specifications that combine generated instruments with slope.

2. The endogeneity tests strongly reject the null hypothesis of exogeneity (p < 0.05 in all

specifications), confirming the necessity of instrumental variables estimation.

3. The Kleibergen-Paap rk LM statistics (p < 0.01) reject the null hypothesis of underidentifi-

cation, suggesting that our instruments are relevant.

4. The R-squared values (0.49-0.55) are comparable to those from our control function esti-

mates (0.57-0.61), indicating that we maintain similar explanatory power while addressing endo-

geneity concerns through an alternative method.

The GMM estimates largely confirm our findings regarding weather and soil characteristics:

Growing Degree Days (GDD), Harmful Degree Days (HDD), early-season (PptE) and late-

season (PptL) precipitation, soil characteristics (Poorly Drained and Erodibility) maintain their

significance and directional effects, providing further validation of our main findings. These results

demonstrate the robustness of our findings to alternative identification strategies. The consistency

of the key relationships across both the control function and GMM approaches strengthens our

confidence in the causal interpretation of the estimated effects of tile drainage on crop yields.

The application of Lewbel’s heteroskedasticity-based identification method provides additional

evidence supporting the validity of our instrumental variable approach. By addressing potential

concerns about instrument strength and endogeneity, we enhance the credibility of our conclusions

regarding the impact of tile drainage on crop yields.
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Distinguishing Intensive and Extensive Margins

The impact of tile drainage on agricultural productivity operates through two distinct channels: the

intensive margin and the extensive margin. The intensive margin refers to productivity improve-

ments on existing cropland through increased tile drainage (increasing tiled acres T while holding

cropland acres C constant), while the extensive margin captures the expansion of the total cropland

area made possible by drainage infrastructure (changing C).

In order to formalize this distinction, consider the share of tiled cropland, s, is defined as:

(A3) s = T

C

To understand how s changes with respect to changes in T and C, we compute the total differential

of s:

(A4) ds = ∂s

∂T
dT + ∂s

∂C
dC

Substituting the partial derivatives into the total differential:

(A5) ds = dT

C
− T

C2 dC

This equation shows that changes in s are influenced by both changes in tiled acres (dT ) and

changes in cropland acres (dC). We consider two cases of interest:

Case 1: Increase in Tiled Acres with Constant Cropland Acres (Intensive Margin)

When cropland acres remain constant (dC = 0), the change in s simplifies to:

(A6) ds = dT

C

An increase in tiled acres (dT > 0) leads to an increase in s. Since C is constant, this change

reflects improvements made on existing cropland—an intensive margin adjustment. The impact on

yield can be attributed solely to the increase in tiled acres.
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Case 2: Simultaneous Changes in Tiled Acres and Cropland Acres (Intensive and Extensive Mar-

gin)

In scenarios where both tiled acres and cropland acres change (dT ̸= 0 and dC ̸= 0), the change in

s is:

(A7) ds = dT

C
− T

C2 dC

The first term dT
C reflects the effect of changing tiled acres (intensive margin). The second term

− T
C2 dC captures the effect of changing cropland acres (extensive margin). The net change in s

depends on the relative magnitudes of dT and dC.

Alternative Model Specifications to Address Simultaneous Changes

Modeling Production and Cropland Acres Separately

Production Equation:

(A8) ln(Qi) = θ0 + θ1 ln(Ti)+ θ2Xi + θ3λi + εi

Qi: Total production in county i. θ1: Elasticity of production with respect to tiled acres. Cropland

Acres Equation:

(A9) ln(Ci) = δ0 + δ1 ln(Ti)+ δ2Xi + δ3λi +νi

Ci: Cropland acres in county i. δ1: Elasticity of cropland acres with respect to tiled acres, indi-

cates how changes in tiled acres influence cropland acres, potentially reflecting land brought into

production due to improved drainage. Yield as a Function of Modeled Variables:

Since yield is Yi = Qi/Ci, taking logs:

ln(Yi) = ln(Qi)− ln(Ci)(A10)

= (θ0 − δ0)+(θ1 − δ1) ln(Ti)+(θ2 − δ2)Xi +(θ3 − δ3)λi +(εi −νi)(A11)

By modeling Qi and Ci separately, we can identify the differential impacts of tiled acres on

production and cropland area. The combined equation shows how tiled acres affect yield through

both production increases and changes in cropland acreage.
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Using Logarithmic Transformations to model the effect of tiled acres on yield controlling for

cropland acres

(A12) ln(Yi) = β0 +β1 ln(Ti)+β2 ln(Ci)+β3Xi +β4λi +ui

β1 is the elasticity of yield with respect to tiled acres. β2 is the elasticity of yield with respect

to cropland acres. - This model allows us to assess the percentage change in yield resulting from

a 1% change in tiled acres or cropland acres By expanding our econometric approach to include

these alternate specifications, we provide a more comprehensive analysis of how tile drainage and

cropland changes affect agricultural yield. This allows for more precise policy recommendations

regarding investments in drainage infrastructure and land management practices.

The ongoing expansion of the US Corn Belt (Green et al., 2018) provides an opportunity to

examine how tile drainage effects differ in regions experiencing agricultural expansion. Using

satellite-derived data from Lark et al. (2020), we identify counties with significant recent cropland

expansion. This subsample analysis helps isolate the effects of tile drainage in areas where the

extensive margin is particularly relevant, providing insight into the role of drainage infrastructure

in agricultural expansion, as well as providing further proof of the robustness of our main results.

The regression results reveal several important patterns in the relationship between tile drainage

and agricultural outcomes. In the yield models (Table A6), we find that a 1% increase in tiled acres

is associated with a 0.08% increase in corn yields and a 0.06% increase in soybean yields in the

full sample, with smaller and less significant effects in expanding regions. The production models

(Table A4) show larger elasticities (1.06 for corn and 0.86 for soybeans), suggesting substantial

extensive margin effects. This is confirmed by the cropland model, which shows that a 1% increase

in tiled acres is associated with a 0.42% increase in cropland acres in the full sample and 0.35%

in expanding regions. The strongly significant and positive coefficients in the subsamples for

corn and soybean yield and production suggest that tile drainage has a notable effect both along

the intensive and extensive margins. Newly converted agricultural land shows a slightly lower

productivity boost on the margin, perhaps due to differences in crop growing conditions. Weather

variables show expected patterns, with excessive heat (HDD) and poorly drained soils negatively
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affecting both yields and production. The negative coefficients on poorly drained soils (-0.157

for corn yield, -0.185 for soybean yield) highlight the importance of drainage infrastructure in

mitigating soil constraints. These findings have important implications for agricultural policy. The

substantial extensive margin effects suggest that drainage infrastructure investments may be as

much about enabling agricultural expansion as improving productivity on existing farmland. This

distinction is crucial for policymakers considering drainage subsidies or regulations, particularly

in regions where agricultural expansion may conflict with environmental conservation goals.

Figure A2: Density distribution of topographic roughness
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Figure A3: Love plot showing covariate balance before and after matching
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Figure A4: Distribution of difference in means for different treatment "thresholds"
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Figure A5: Comparison of Model Results

Figure A6: Selecting the appropriate span parameter for Adams County, IL: The selected span
parameter is 0.73 in this case

63



Figure A7: Blue line and red line represent LOESS fits with span parameters of 0.73 and 0.5
(arbitrary) respectively: The red line is clearly overfitting the data, while the blue line maintains a
balanced fit.
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Table A1: Comparison of Means for Treated and Control Groups: Threshold = 0.3

Sample Treated_Mean Control_Mean Difference P_Value
Matched 176.20 157.29 18.90 0.00
Unmatched 158.10 160.41 -2.31 0.00

Table A2: Variable Names and Descriptions used for PSM analysis

Variable Name Description
histavg_GDD Historical Average Growing Degree Days
histavg_ppt Historical Average Precipitation
avg_DI Average Drainage Index (Schaetzl et al., 2009)
avg_PI Average Productivity Index (Schaetzl et al., 2009)
poorly_drained Fraction of poorly drained land (drainagcl: gSSURGO)
well_drained Fraction of well drained land
avg_kffact Erodibility
avg_elev Average Elevation
cropland_operations Number of Cropland Operations
share_ditched Fraction of cropland with artificial ditches
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Table A3: Two-Step GMM Estimation Results for Average Corn and Soybean Yield

Variable Average Corn Yield Average Soybean Yield
Gen. Gen.& Slope Gen. Gen.& Slope

share_tiled 141.16∗∗∗ 128.35∗∗∗ 34.77∗∗∗ 31.23∗∗∗

(22.83) (14.04) (6.54) (4.37)
(s)̂ 2 -90.59∗∗∗ -109.63∗∗∗ -18.18∗∗ -22.03∗∗∗

(25.37) (17.37) (7.37) (5.36)
GDD -0.00 0.12∗∗∗ 0.016 0.048∗∗∗

(0.03) (0.03) (0.011) (0.011)
(GDD)̂ 2 0.00 -0.00∗∗∗ -0.00 -0.00∗∗∗

(0.00) (0.00) (0.00) (0.00)
HDD 0.31∗∗∗ 0.33∗∗∗ 0.134∗∗∗ 0.116∗∗∗

(0.09) (0.09) (0.028) (0.026)
(HDD)̂ 2 -0.00∗∗∗ -0.00∗∗∗ -0.00∗∗∗ -0.00∗∗∗

(0.00) (0.00) (0.00) (0.00)
PptE 0.02 -0.11 0.13∗∗∗ 0.09∗∗

(0.10) (0.09) (0.03) (0.03)
(PptE)̂ 2 -0.00 0.00 -0.00∗∗∗ -0.00∗∗

(0.00) (0.00) (0.00) (0.00)
PptL 1.52∗∗∗ 1.62∗∗∗ 0.43∗∗∗ 0.52∗∗∗

(0.33) (0.31) (0.08) (0.08)
(PptL)̂ 2 -0.00∗∗∗ -0.00∗∗∗ -0.00∗∗∗ -0.00∗∗∗

(0.00) (0.00) (0.00) (0.00)
Poorly Drained -20.99∗∗∗ -10.18∗∗∗ -8.57∗∗∗ -10.19∗∗∗

(3.45) (2.90) (0.98) (2.90)
Erodibility 123.49∗∗∗ 115.95∗∗∗ 24.96∗∗∗ 26.77∗∗∗

(13.90) (12.40) (3.98) (3.77)
Constant -106.77 -272.48∗∗∗ -63.93∗∗∗ -63.93∗∗∗

(66.05) (59.55) (17.77) (17.77)

Observations 846 846 818 818
R-squared 0.49 0.52 0.53 0.55
Cragg-Donald Stat 13.78 28.39 10.99 25.4
Kleibergen-Paap Stat 11.42 30.13 8.2 26.7
Endogeneity Test 0.00 0.00 0.00 0.05
K-P rk LM Stat 0.00 0.00 0.00 0.00
F-statistic 83.36 118.57 145.32 199.65
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table A4: IV Regression Results: Production Models

Corn Soybeans
Full Sample Subsample Full Sample Subsample

(Intercept) 6.959*** 8.864*** 7.212*** 8.301***
(0.507) (0.956) (0.411) (0.797)

log(T) 1.061*** 0.857*** 0.864*** 0.788***
(0.058) (0.109) (0.047) (0.092)

GDD -0.003*** -0.003*** -0.001** -0.001
(0.001) (0.001) (0.001) (0.001)

GDD2 0.000 0.000 0.000** 0.000**
(0.000) (0.000) (0.000) (0.000)

HDD 0.036*** 0.026*** 0.026*** 0.019***
(0.004) (0.006) (0.003) (0.005)

HDD2 -0.000*** -0.000*** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000)

PptE -0.003 0.006 -0.007*** 0.001
(0.002) (0.004) (0.002) (0.004)

PptE2 0.000*** 0.000 0.000*** 0.000
(0.000) (0.000) (0.000) (0.000)

PptL 0.003** -0.006* 0.001 -0.009***
(0.002) (0.003) (0.001) (0.003)

PptL2 -0.000** 0.000 -0.000 0.000
(0.000) (0.000) (0.000) (0.000)

Poorly Drained -1.928*** -1.516*** -1.128*** -1.040***
(0.271) (0.370) (0.222) (0.326)

Erodibility -1.438 1.158 -1.676* -0.986
(1.050) (1.629) (0.878) (1.437)

Observations 761 299 749 301

Note: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table A5: IV Regression Results: Cropland Model

Full Sample Subsample
(Intercept) 8.282*** 9.287***

(0.381) (0.798)
log(T) 0.418*** 0.347***

(0.047) (0.097)
GDD -0.001** -0.000

(0.000) (0.001)
GDD2 0.000 0.000*

(0.000) (0.000)
HDD 0.016*** 0.008**

(0.002) (0.004)
HDD2 -0.000*** -0.000***

(0.000) (0.000)
pptE -0.009*** -0.007***

(0.001) (0.002)
PptE2 0.000*** 0.000***

(0.000) (0.000)
PptL 0.004*** -0.001

(0.001) (0.001)
PptL2 -0.000** 0.000

(0.000) (0.000)
Poorly Drained -0.355* -0.599***

(0.192) (0.197)
Erodibility -0.717 -0.124

(0.539) (0.782)
Observations 879 352

Note: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table A6: IV Regression Results: Yield Models

Corn Soybeans
Full Sample Subsample Full Sample Subsample

(Intercept) 4.679*** 4.917*** 3.326*** 3.030***
(0.125) (0.305) (0.139) (0.289)

log(T) 0.080*** 0.065* 0.064*** 0.004
(0.015) (0.038) (0.016) (0.032)

log(C) -0.030 -0.034 0.001 0.068
(0.019) (0.048) (0.022) (0.043)

GDD -0.000 -0.000 -0.000 -0.000
(0.000) (0.000) (0.000) (0.000)

GDD2 -0.000 -0.000** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000)

HDD 0.001 -0.000 0.001 -0.000
(0.001) (0.001) (0.001) (0.001)

HDD2 -0.000*** 0.000 -0.000*** -0.000
(0.000) (0.000) (0.000) (0.000)

PptE -0.000 0.000 0.001** 0.002***
(0.000) (0.000) (0.000) (0.000)

PptE2 0.000 0.000 -0.000* -0.000**
(0.000) (0.000) (0.000) (0.000)

PptL -0.000 -0.000 -0.001*** -0.001***
(0.000) (0.000) (0.000) (0.000)

PptL2 -0.000*** -0.000*** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000)

Poorly Drained -0.157*** -0.153** -0.185*** -0.155***
(0.038) (0.067) (0.039) (0.056)

Erodibility 0.557*** 0.505*** 0.352*** 0.568***
(0.111) (0.192) (0.114) (0.175)

Observations 846 344 818 338

Note: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Notes
1Available at: https://doi.org/10.7917/OFSG3345
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