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AGRICULTURAL RISK MANAGEMENT POLICY AND
PRODUCER DECISION MAKING

Abstract

by Nathan Daniel DeLay, Ph.D.
Washington State University
May 2018

Chairs: Hayley H. Chouinard, Thomas L. Marsh
This dissertation consists of three papers on agricultural risk management and producer decision
making. The first paper estimates the potential for federal crop insurance subsidies to crowd-out
participation in the Conservation Reserve Program (CRP). Using an instrumental variables (IV)
regression technique, I find that crop insurance removes a small amount of land from CRP and
that crowding-out effects vary by land use heterogeneity. The second paper explores the effects
of crop insurance agent market structure on the insurance decisions of producers. The paper uses
a comprehensive insurance policy-level dataset to estimate the relationship between agent market
power and insurance coverage. Results indicate that agent market power matters for insurance
decisions, though effects vary by region. Generally, insurance agents use market power to
influence producers in ways that improve actuarial profitability. The third chapter analyzes the
determinants of calving intervals in Western Kenya and explores how improvements in herd
fertility affect household milk production, consumption, and nutrition.
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CHAPTER ONE
THE IMPACT OF FEDERAL CROP INSURANCE ON THE
CONSERVATION RESERVE PROGRAM
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Abstract

In this study, I directly estimate the acre-for-acre impact of crop insurance participation on CRP
enrollment. Federal crop insurance subsidies receive criticism for bringing environmentally
sensitive land into crop production, potentially crowding out efforts to conserve lands. The
Conservation Reserve Program (CRP) is America’s largest and most successful program devoted
to retiring marginal farmland. The government may be sponsoring competing interests if
subsidized insurance increase production at the expense of CRP. The empirical strategy uses four
major policy changes during the 1990s and 2000s that increased subsidy rates for crop insurance
to instrument for endogenous insurance choices. Results suggest that an additional 1,000 acres
insured reduces the number of acres entering CRP by about six acres, translating to a median
elasticity of -0.05. Crop insurance has larger negative impacts on CRP in the Northern Great
Plains, Great Lakes states, and the Corn Belt where estimated elasticities at the median are -0.20,
-0.14, and -0.14 respectively. Smaller negative effects appear in Appalachian and Southeastern
states while no effect is present in the Pacific, Mountain West, Southern Plains, and Northeastern
regions. I find a small but positive relationship between crop insurance and CRP in the
Mississippi Delta states. Crowding out effects are pronounced in regions where corn, soybeans,
and barley are the main crops produced.
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1. Introduction
U.S. farm policy has increasingly emphasized crop insurance as the main risk management
option for farmers. To this end the Federal Crop Insurance Corporation (FCIC) subsidizes crop
insurance premiums so farmers do not bear the full cost of insurance. Program participation has
increased rapidly in recent decades. The percentage of crop acres insured under the program
grew from 36 percent in 1990 to 73 percent in 2000 and has since risen above 80 percent of all
cropland. Program costs have also grown substantially. In 2012, the federal government spent
over 14 billion dollars on the crop insurance program, up from 1.4 billion in 1995 (USDA
RMA).
The Conservation Reserve Program (CRP) is America’s largest voluntary conservation
program. CRP pays farmers to remove environmentally sensitive cropland from production and
plant resource conserving covers such as grasses and trees. As of 2015, 23.6 million acres were
enrolled in the program, costing the government 1.7 billion dollars (USDA FSA). CRP has been
touted for producing environmental and wildlife benefits that more than offset its cost to
taxpayers (Wu and Weber, 2012). Wildlife and recreation amenities conferred by conserving
cropland generate positive spillover effects. Gleason et al. (2008) estimate that CRP helped
restore 5.4 million acres of migratory bird habitat in the Prairie Pothole Region of the Northern
Great Plains.
The purpose of this paper is to examine the acreage effects of crop insurance on CRP.
Crop insurance subsidies may affect CRP participation by altering the expected returns
associated with marginal cropland. Crop insurance subsidies lower the out of pocket expense of
insurance relative to potential losses, making environmentally sensitive cropland more attractive
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for planting insurable crops. The government may be effectively competing with itself over
sensitive cropland by sponsoring conflicting interests.
I hypothesize that additional acreage insured under federal crop insurance draws down
the amount of land enrolled in CRP. Displacement can be at most a one-for-one, i.e. an acre
taken out of CRP cannot increase production by more than one acre. Therefore, I predict the
crowding out effect to be between zero and one and small. The effect is also likely to vary
geographically. In parts of the country where the margin between production and retirement is
thin, such as the Upper Mid-West and the Corn Belt, crowding out will be more pronounced. In
areas where crop production competes with many land use practices, such as haying or livestock
grazing, the effect will be less detectable or non-existent.
Land on the extensive margin of production is often more erodible, prone to nutrient
runoff, and may require greater application of chemical fertilizers. Hence, government policies
that reduce the economic vulnerability of land could encourage negative environmental
outcomes (Lubowski et al., 2006). In their seminal paper, Goodwin, Vandeveer, and Deal (2004)
show small but statistically significant increases in acreage planted to insured crops. Young,
Vandeveer, and Schnepf (2001) find similarly small acreage effects. They simulate the complete
elimination of all crop insurance subsidies, finding that total acres in production would shrink by
a mere 0.4 percent.
Though small, acreage effects may imply larger environmental damage if occurring at the
extensive margin. Areas likely to shift into production due to crop insurance are more susceptible
to environmental damage (Wu and Adams, 2001). Wu (1999) demonstrates that crop insurance
encourages the conversion of land from low impact pasture and hay to chemically intensive corn
production (Wu, 1999). Environmental effects also vary regionally. As many as 157,900 acres of
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grassland in the Prairie Pothole Region were converted to crop production as a direct result of
crop insurance subsidies according to Miao, Hennessy, and Feng (2016b) while Walters et al.
(2012) show both negative or positive environmental effects attributable to crop insurance
depending on geography.
Another body of literature examines the effect of crop insurance through producer
behavior at the intensive margin. Schoengold, Ding, and Headlee (2014) show that crop
insurance deters the use of certain types of conservation tillage. Papers by Smith and Goodwin
(1996) and Babcock and Hennessy (1996) find that insured farmers are less likely to use
intensive chemical inputs. Reduced chemical use indicates the presence of moral hazard in crop
insurance but also that crop insurance may limit chemical runoff as a side-effect. Wu (1999)
however, points out that extensive margin effects outweighs any potential intensive margin gains
associated with lower chemical application.
The influence of subsidized crop insurance on the Conservation Reserve Program (CRP)
has important policy implications but has not been addressed extensively in the literature. Miao
et al. (2016a) show that, because it ignores savings from avoided crop insurance subsidies, the
current CRP enrollment mechanism is inefficient. Miao et al. (2016a) propose an alternative
mechanism that both increases enrollment in CRP and generates environmental benefits without
altering total government outlays.
Lubowski et al. (2006) simulate what would have happened to various types of land had
subsidy increases brought about by the Federal Crop Insurance Reform Act of 1994 (FCIRA) not
occurred. They estimate that FCIRA reduced acreage in CRP by only 0.11 percent. Claassen,
Langpap, and Wu (2016) examine how federal crop insurance influences land use and cropping
patterns in the Corn Belt states. Using parcel level data, they simulate the introduction of revenue
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crop insurance, showing a decline of 0.23 percent in CRP acreage. Feng, Hennessy, and Miao
(2013) find that increasing crop insurance subsidies by one dollar per acre would reduce the
amount of land offered for CRP enrollment by about 6,000 acres in the Dakotas. Both Lubowski
et al. (2006) and Claassen, Langpap, and Wu (2016) rely on simulations and do not make the
acreage effects of insurance on CRP the focus of their analysis while Feng, Hennessy, and Miao
(2013) focus on a single geographic region.
I extend the work of Miao et al. (2016a), Lubowski et al. (2006), Claassen, Langpap, and
Wu (2017), and Feng, Hennessy, and Miao (2013) on the extensive margin, by directly
estimating the acre-for-acre impact of subsidized crop insurance on CRP enrollment over an
extensive period. I examine the relationship between insurance and CRP regionally, giving
results greater external validity. Previous studies either consider the national level or specific
geographic areas. Using a comprehensive dataset spanning 25 years, I estimate the change in
CRP acreage resulting from an additional acre insured under federal crop insurance. Results
indicate that crop insurance crowds out a small but statistically significant amount of CRP land
(an average of six acres removed for every 1,000 additional acres insured) and that effect sizes
vary by region. High crop production regions such as the Corn Belt and Northern Great Plains
are the most susceptible to crowd out while I detect little or no crowd out in areas with less
competition between crop production and land retirement.
In the following section, I provide a brief history of federal crop insurance and CRP.
Then I present a theoretical framework to model a producer’s conservation behavior. From there
I describe the data used for this analysis and discuss the empirical strategy, results, and potential
policy implications.
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2. Federal Crop Insurance and the Conservation Reserve Program
Crop insurance policies carry varying levels of coverage for which the government sets
actuarially fair premiums.1 Subsidy rates (the percentage of total premium paid by the
government) vary by plan and coverage level and are typically lower for high coverage “buy-up”
and revenue plans.2 The government increased subsidy rates over time to encourage greater crop
insurance participation and reduce reliance on ad-hoc disaster assistance. Four important policy
changes occurred during the scope of this study (1989-2013).
First, the Federal Crop Insurance Reform Act of 1994 (FCIRA) mandated participation in
federal crop insurance to retain eligibility for other commodity support programs. Insurance use
rose by a record 220 million acres following the 1994 Act. Despite the boost in participation,
several weather and price shocks in the late 1990s provoked Congress to pass ad-hoc disaster
relief legislation in 1998 and 1999 that included increases in subsidies for crop insurance. These
changes led to greater adoption of buy-up coverage policies (Glauber and Collins, 2002). The
third major policy change occurred in the year 2000 when Congress passed the Agricultural Risk
Protection Act (ARPA). ARPA raised subsidies for all plans but increased the subsidy rates for
buy-up and revenue plans most aggressively. Table 1 illustrates the impact of ARPA by policy
type and coverage level. Lastly, the 2008 Farm Bill further emphasized crop insurance by raising
subsidy rates for enterprise and whole farm units.3

The coverage level is the percent of historical yield or revenue (typically the farmer’s 10-year average) guaranteed
by the policy. If production or revenue falls below the guarantee, the policy pays out an indemnity equal to the
difference between actual revenue and guaranteed revenue.
2
Revenue insurance protects producers against both production and price volatility while traditional yield plans only
cover production related risks such as drought and hail.
3
Producers insure crops at different levels of aggregation called units based on ownership structure, location, and
practice. Enterprise and whole farm are the highest level of insurance aggregation and typically carry lower
premiums.
1
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Figures 1 and 2 depict the impact of these policy changes on different crop insurance
types between 1989 and 2013. The vertical dashed lines correspond to the passage of each of the
four major policies. Subsidy rates for all coverage levels increased following FCIRA in 1994,
though rates for 50 and 55 percent coverage plans rose most dramatically. The introduction of
catastrophic (CAT) plans drives much of the increase.4 Sharp increases in subsidy rates for high
coverage buy-up plans are discernable in 1999 and 2001 corresponding to the ad-hoc subsidy
increases of 1998 and 1999 followed by ARPA in 2000. Rates are generally flat until 2009
following the passage of the 2008 Farm Bill.
Efforts to increase participation in federal crop insurance were largely successful. Figure
3 shows the trend in total acres insured from 1989 to 2013. Enrollment surged in response to
most of the legislative changes, though FCIRA clearly had the largest impact. The Farm Bill of
2008 however, does not appear to have increased crop insurance use in the years immediately
following its passing. Acreage does begin to rise again in 2011 suggesting that Farm Bill may
have had a delayed effect.
The Conservation Reserve Program is designed to reduce soil erosion, improve water
quality, and protect wildlife habitat (Ferris and Siikamaki, 2009). The program enrolls land
through two main conventions. Under the General Sign-up convention, whole farms or fields
enter the program through a competitive bidding process based on the Environmental Benefits
Index (EBI).5 Continuous Sign-ups enroll small tracts of land to be devoted to specific

4

CAT policies are a special type of yield insurance with a 50 percent coverage level and are 100 percent subsidized
by the government. CAT policies were introduced as part of the FCIRA of 1994 which required farmers to purchase
insurance to remain eligible for other commodity support programs. Graphs and statistics for yield and 50 percent
coverage policies include CAT policies.
5
The EBI is based on different environmental benefit factors including wildlife habitat, water quality, erosion
control, long-term benefits, air quality, and cost to the agency.
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conservation practices such as filter strips, riparian buffers, and wildlife habitat. General Signups are subject to competitive bidding and scheduled irregularly by the USDA while land can
enter through Continuous Sign-Up at any time.6 Expiring CRP contracts are not automatically
renewed but must re-apply through either a General or Continuous Sign-up.
National enrollment was originally capped at 45 million acres but has changed over time
to reflect budgetary conditions.7 Figure 4 illustrates the trends in CRP participation and the total
enrollment cap from 1989 to 2013. Enrollment increased gradually until 1996 thanks to
successful early General Sign-ups in 1989, 1991, and 1992, but suffered throughout the late
1990s despite the introduction of the Continuous Sign-up convention. Changes in total
enrollment over time generally reflect the national enrollment cap, commodity prices, and
climate (Claassen and Hellerstein, 2008; Secchi et al., 2009; Rashford, Walker, and Bastian,
2010).

3. Theoretical Model of Crop Insurance and CRP Tradeoff
Producers with land eligible for CRP face a tradeoff between production and conservation. The
relative costs and benefits of each option determine how much of the farmer’s total land holdings
he devotes to each. The availability of government subsidized crop insurance may change the
size of these relative benefits in favor of production over conservation.
I model the behavior of a representative producer who chooses to conserve a proportion
𝑥 ∈ [0,1] of their total farm acreage into CRP and plant on the remaining (1 − 𝑥) percent. The

6

The Continuous Sign-up convention began in 1996 and has been offered every year since.
USDA sets nationwide enrollment caps for CRP acreage. This is usually done as part of the Farm Bill. Acreage is
also capped at 25 percent of a county’s total cropland acreage.
7
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proportion of total land eligible for retirement is represented by 𝑥̅ which forms the upper bound
of 𝑥. The amount of eligible acreage 𝑥̅ is determined by the soil characteristics of the land which
vary by farm and across geographic regions. Note that the decision over 𝑥 involves a choice
between whole-farm retirement, i.e. 𝑥 = 𝑥̅ = 1, partial-farm retirement where 𝑥 ≤ 𝑥̅ ∈ (0,1),
and no participation where 𝑥 = 0 (Chang and Boisvert, 2009).
I employ a Just and Pope (1978) production function where output (yield per acre
harvested) is a function of both a deterministic component and a stochastic shock as follows:
(1)

𝑦(𝑥, 𝜀) = 𝑓(Γ(𝑞, 1 − 𝑥)) + ℎ(𝑥)𝜀

The deterministic component of the production function, 𝑓(∙), depends on the average soil
quality of land in production Γ(∙).8 Average soil quality itself depends on two factors: an
exogenous soil quality index 𝑞, which varies regionally and across farms, and 1 − 𝑥, the
proportion of land placed in production. The former captures spatial heterogeneity in cropping
capability where Γ𝑞 > 0. For example, a farm in the Corn Belt will be endowed with a higher 𝑞
than a typical farm in the arid West. The later incorporates the effect of land allocation choices
on production. Assuming the producer plants their highest quality acreage first and gradually
expand into less productive areas, then the average quality of soil in production will fall as 1 − 𝑥
rises, making the partial Γ(1−𝑥) negative. The land allocation effect is attenuated and may be
completely offset in high soil quality regions, i.e. Γ(1−𝑥)𝑞 > 0.
The stochastic portion of yield is captured by the term ℎ(𝑥)𝜀. Production shocks such as
drought, hail, or flooding are represented by 𝜀 where 𝐸(𝜀) = 𝜀̅ and 𝑉𝐴𝑅(𝜀) = 𝜎𝜀2 . Retiring land

8

The deterministic portion of the Just and Pope (1978) production function is typically modeled using producer
inputs or farm practice. I modify the model to depend on soil quality.
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into CRP can mitigate the negative consequences of weather shocks on output. Participation in
CRP often involves installing riparian buffers and other interventions that prevent wind and
water erosion and retain key nutrients within the field. These interventions may limit the extent
of loss due to severe weather (FAPRI, 2007). The function ℎ(𝑥) represents the weather
mitigating effect of retiring area 𝑥. Because weather shocks reduce output, ℎ(𝑥) < 0 by design
and ℎ′(𝑥) > 0.
Producers face a constant per acre input cost 𝑐 associated with planting and fertilizing.
The farmer purchases federal crop insurance on planted land which triggers an indemnity
payment I(𝜀) in the event of a loss. The total premium cost per acre is made to be actuarially fair,
i.e. equal to expected indemnities 𝐸(I(𝜀)) = I.̅ The government subsidizes premiums at rate 𝑠 ∈
(0,1) so the total insurance cost to the producer is (1 − 𝑠)I.̅ 9 Crop insurance compensates
producers when realized yield or revenue falls below a guaranteed level based on historical
production averages and price forecasts. This historical average is known as Actual Production
History (APH) and is usually determined by the farmer’s average yield over the previous 10
years. Insurance indemnities rise as yields falls further and further below APH. Because weather
shocks depress yields, the derivative of indemnities with respect to the weather shock I′ (𝜀) is
positive.
For the retired portion of their landholding 𝑥 ∈ [0,1], the producer receives an annual per
acre rental payment 𝑟(𝑞) which is determined by USDA Farm Service Agency (FSA) according
to the soil properties of the county. In practice, the producer can affect the rental rate through the

9

Crop insurance premiums, subsidy rates, and potential indemnities differ by policy type. For simplicity, I assume
there is only one type of crop insurance product for the producer to choose from. Expanding the model to include
heterogeneous insurance choices is a source of future work.
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General Sign-up’s competitive bidding process. By offering to accept less than the established
rate, the producer raises the probability of their land being accepted into CRP. For simplicity, I
assume all producers that bid into the program are accepted and receive the maximum rental rate
𝑟(𝑞) for their region.10 Certain costs such as planting cover crops or establishing wildlife habitat
are associated with CRP participation. These costs, represented by 𝑘, are treated as fixed per
acre.
Combining (1) with the other terms, I create the following function for the producer’s per
acre profit:
(2)

Π = [𝑝(𝑓(Γ(𝑞, 1 − 𝑥)) + ℎ(𝑥)𝜀) − 𝑐 + I(𝜀) − (1 − 𝑠)I]̅ (1 − 𝑥) + (𝑟 − 𝑘)𝑥

Where 𝑝 is the output price per unit of yield per acre which is assumed to be exogenous to the
producer and independent of land use decisions. The expectation of profit is expressed as:
(3)

̅ (𝑥) = [𝑝(𝑓(Γ(𝑞, 1 − 𝑥)) + ℎ(𝑥)𝜀̅) − 𝑐 + 𝑠I]̅ (1 − 𝑥) + (𝑟 − 𝑘)𝑥
𝐸(𝛱) = 𝛱
To incorporate producer risk aversion, I express the utility derived from expected profit

as a twice differentiable, monotonically increasing, and concave function of expected profit. The
utility function represents the producer’s objective function to be maximized by choosing the
proportion of land to be retired 𝑥.
(4)

̅ (𝑥))
max 𝑈(𝛱
𝑥

Where 𝑈′(∙) > 0 and 𝑈′′(∙) < 0. The first order condition is then:
(5)

𝑈 ′ (∙) [[−𝑝(𝑓 ′ Γ(1−𝑥) − ℎ′ 𝜀̅) + 𝑐 ′ Γ(1−𝑥) ](1 − 𝑥) − 𝑝(𝑓 + ℎ𝜀̅) + 𝑐 − 𝑠I̅ + 𝑟 − 𝑘] =
𝑈 ′ (∙)𝜙 = 0
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Conditional on being accepted into CRP, rental payments depend on the soil properties of the land to reflect
prevailing cash cropland rent in the county and not the environmental benefits generated by being in the program. If
it were the case that rental rates were based on environmental sensitivity, then 𝑟 would be a function of 𝑥.
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Where the term 𝜙 = [−𝑝(𝑓 ′ Γ(1−𝑥) − ℎ′ 𝜀̅) + 𝑐 ′ Γ(1−𝑥) ](1 − 𝑥) − 𝑝(𝑓 + ℎ𝜀̅) + 𝑐 − 𝑠I̅ + 𝑟 − 𝑘 is
substituted for simplicity. Because the utility function is monotonically increasing in profit,
i.e. 𝑈 ′ (∙) is always greater than zero, 𝜙 must equal zero. According to equation (5) the utility
maximizing choice of 𝑥 depends on output price, soil quality, expected climate, expected
indemnities, the prevailing CRP rental rate, fixed conservation costs, and the rate of premium
subsidization. Optimal 𝑥 can be expressed as the following general function of parameters:
(6)

𝑥 ∗ = 𝑥 ∗ (𝑝, 𝑞, 𝜀̅, I,̅ 𝑟, 𝑘, 𝑠)
The relationship of interest is the effect of decreasing the out of pocket cost of insurance

on the amount of acreage retired into CRP. Provided actuarially fair premiums remain constant,
the per acre cost of insurance to the producer will fall due to an increase in the government
determined subsidy rate 𝑠. The relevant comparative static is then

𝜕𝑥 ∗ (𝑝,𝑞,𝜀̅ ,I̅,𝑟,𝑘,𝑠)
𝜕𝑠

which I derive

by applying the implicit function to equation (5).
(7)

𝜕𝑥 ∗ (𝑝,𝑞,𝜀̅ ,I̅,𝑟,𝑘,𝑠)
𝜕𝑠

=−

−I̅(𝑈 ′′ (∙)(1−𝑥)𝜙−𝑈 ′ (∙))
𝑆𝑂𝐶𝑥

By the first order condition, 𝜙 is zero and Equation (7) reduces to:
(8)

𝜕𝑥 ∗ (𝑝,𝑞,𝜀̅ ,I̅,𝑟,𝑘,𝑠)
𝜕𝑠

=

𝑈 ′ (∙)I̅
𝑆𝑂𝐶𝑥

<0

The second order condition with respect to 𝑥 which forms the denominator of (8) must be
negative as a necessary condition for utility maximization. Therefore, the model predicts the
relationship between subsidies and conserved land to be negative.
Raising the rate of premium subsidization increases the amount of land planted under
insurance at the expense of land retired into CRP. Holding CRP rental payments constant, higher
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subsidy rates increase the expected returns to insurance relative to conservation practices. I
estimate the above relationships using a reduced form econometric approach.

4. Data
Data for this project come from the USDA Risk Management Agency, USDA Farm Service
Agency, The Chicago Board of Trade, USDA National Agricultural Statistical Service, and the
National Oceanic and Atmospheric Administration. Data are observed at the county level for the
years 1989 to 2013. The chosen years span the enactment of four major crop insurance policies
that exogenously increased insurance participation (FCIRA of 1994, ad-hoc rate increases,
ARPA of 2000, and the 2008 Farm Bill) as well as 14 separate CRP General Sign-ups. The
geographic scope of the study includes all 48 contiguous states. The USDA Risk Management
Agency (RMA) operates the federal crop insurance program and maintains thorough records of
all crop insurance policies sold since 1981. RMA reports these data at the county level and
makes them publicly available through an online database. From RMA, I collect the number of
acres insured, total premiums charged, and total government subsidies paid in each county by
policy type.11
County level CRP enrollment data come from USDA Farm Service Agency (FSA) which
provides county totals for acres retired and total rental fees paid every year. To determine the
average CRP rental fee per acre, I simply divide total payments made in a county by the number
of acres enrolled. I correct CRP rental rates for inflation using the Producer Price Index (PPI). I
also observe the years in which a General Sign-up or Continuous Sign-up were offered between

11

RMA aggregates all crop insurance policy data for a given county year. Total premiums paid include both the
portion paid by farmers and subsidies paid by FCIC.
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1989 and 2013. Continuous Sign-up was made available in every year after 1996 while General
Sign-ups occurred in 1989, 1991, 1992, 1995, 1997, 1998, 2000, 2003, 2004, 2006, and 2010-13.
The relevant measure of CRP participation over time is the total CRP acreage enrolled in a
county. This number includes both acres enrolled through General and Continuous Sign-up
conventions. I exclude counties from the dataset that have no CRP enrollment in any of the 25
years examined.12
Commodity prices play a key role in both land retirement and crop insurance choices.
Harvest prices are not known when crop insurance policies and CRP contracts are established so
landowner decisions in each year are based on expectations. For insurance, RMA uses averages
of December corn, November soybeans, and September wheat futures prices traded during the
month of February to determine premiums and guarantees.13 I collect futures prices for corn,
soybeans, and wheat from the Chicago Board of Trade through an online database made
available by Quandl Inc.14 I take the average February settlement price for each futures contract
for the years 1989 to 2013 and adjust for inflation using the Producer Price Index for each
commodity.15 From USDA National Agricultural Statistical Service (NASS) I collect the number
of acres harvested of corn, soybeans, and wheat in each observed county from 1979 to 2013.
From this I calculate a measure of each commodity’s importance based on its percentage of total

12

Only about six percent of counties with some insurance participation between 1989 and 2013 had zero CRP
enrollment data for this time period.
13
Losses on yield based policies are indemnified at the relevant February futures price. Revenue policies are
indemnified at the higher of the February futures price or the harvest price.
14
Quandl provides data aggregation services from numerous sources. Commodity futures price data from Chicago
Mercantile Exchange can be accessed at https://www.quandl.com/data/CME.
15
Producer Price Indices for corn, soybeans, and wheat for the month of February are used to adjust nominal futures
prices. PPI data are taken from the St. Louis Federal Reserve FRED database.
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acres harvested over the previous 10 years. I then create a weighted average of all three futures
prices as follows:
∑𝑡−1
𝜏=𝑡−10 𝐻𝑗𝑖𝜏

𝑃𝑖𝑡 = ∑𝑗 𝜇𝑗𝑖𝑡 𝑝𝑗𝑡 , where 𝜇𝑗𝑖𝑡 = ∑

𝑡−1
𝑗 ∑𝜏=𝑡−10 𝐻𝑗𝑖𝜏

The term 𝐻𝑗𝑖𝜏 represents the total acres harvested of crop j in county i during year 𝜏 for j = corn,
soybeans, wheat. Missing values for crop production weights are replaced with averages for the
state in which the county resides.
The National Oceanic and Atmospheric Administration (NOAA) publishes the Palmer
Drought Severity Index (PDSI) at the state level for all contiguous states. The PDSI measures
soil moisture levels where positive values indicate wet conditions and negative values
correspond to drought. From annual average PDSI values I create an indicator variable equal to
one in years when states experienced moderate to extreme drought conditions.16
The compiled dataset includes 2,756 counties observed between 1989 and 2013 for a total
of 68,900 observations. Table 2 summarizes the variables described above for each of the
relevant crop insurance policy periods. The important policy changes that occur during the
observation period include the Federal Crop Insurance Reform Act of 1994 (FCIRA), ad-hoc
subsidy rate increases in 1998 and 1999, the Agricultural Risk Protection Act of 2000 (ARPA),
and the 2008 Farm Bill. I consider a policy period the years between the passing of a given crop
insurance law and the enactment of a new policy.
The trend in CRP enrollment shown in Table 2 generally reflects that of Figure 4.
Average enrollment in CRP responds negligibly to FCIRA but drops by nearly 1,000 acres per

16

PDSI values of -2, -3, and -4 correspond to moderate, severe, and extreme drought conditions respectively. I
create a dummy variable equal to one if the state PDSI is -2 or below in a given year.
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county after the introduction of ad-hoc subsidies. CRP acreage actually rises following the
enactment of ARPA to over 12,600 acres per county before falling again to about 11,000 acres
per county during the 2008 Farm Bill period.17 A large number of expiring contracts in the late
2000s, a lower enrollment cap taking effect in 2010, and high nominal commodity prices are all
possible contributors to the reduction (Claassen and Hellerstein, 2008). Real CRP rental rates
decline steadily over the four policy periods. Prior to FCIRA of 1994, participants received close
to 45 dollars per acre but only 34 dollars per acre in real terms between 2009 and 2013. Nominal
rental rates however, rise steadily between 1989 and 2013, suggesting that compensation for land
retirement has failed to keep pace with inflation.
Total acreage under federal crop insurance exhibits a general upward trend throughout
the observation period with large jumps occurring after FCIRA in 1994, ARPA of 2000, and the
Farm Bill of 2008. Acres insured more than double after passage of the 1994 Act to over 70,000
acres per county. Insurance participation increases steadily in response to subsidy rate increases
brought about during the early 2000s. Trends in subsidy rates for various policy types illustrate
the differential effects of the four policy changes. For example, because catastrophic insurance
(CAT) carries a 50 percent coverage level, changes in subsidy rates for 50 and 55 percent
policies reflect the full subsidization of CAT insurance brought about by FCIRA in 1994.
Similarly, buy-up policies experience their largest increases in subsidy rates during the ad-hoc
and ARPA policy periods. Note that 80 percent policies and revenue based policies do not enter

17

Contracts on the very first acres to enter CRP in 1986 began to expire in 1996. No acres were able to leave the
program during the pre-FCIRA period. The timing of expiring contracts helps explain the trend in net acres enrolled
between 1989 and 1998.
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the market until 1993 and 1996 respectively so their subsidy rates are zero prior to the FCIRA
policy period.
Climate and commodity prices likely exert influence on both CRP and crop insurance
behavior. Poor weather and low crop prices should make CRP more attractive relative to
production because, provided requirements to get into CRP are satisfied, rental fees are riskless.
Drought conditions are most widespread in 1999 and 2000 and from 2009 to 2013.18 Inflation
adjusted futures prices for corn, soybeans, and wheat are presented in Table 2 along with the
historical proportion of acres harvested of each crop. Expected price refers to the production
weighted average futures price as described above. Corn and soybeans prices peak in the 19992000 period and fall gradually thereafter while wheat prices appear to oscillate over time,
reaching a peak of $3.67 per bushel during the 2008 Farm Bill period. The relationship between
price expectations, crop insurance participation, and CRP enrollment is not obvious from the
summary statistics presented in Table 2. A moderate shift away from wheat production and into
soybeans is evident over time. Crop insurance may induce changes in crop mix or rotation,
favoring soybeans over wheat in some areas (Claassen, Langpap, and Wu, 2016).

5. Estimating the Impact of Crop Insurance on CRP
The total number of CRP acres in any given year can be modeled as existing acres enrolled less
expiring acreage plus new acres entering the program. The number of acres leaving the program
in any given year can be expressed as a proportion of the total acres enrolled the year prior. The
true number of acres eligible to leave CRP is difficult to calculate. This is because after 1996,

18

A drought and heat wave in 2000 severely affected much of the intermountain West, Southern Plains, and
Southeastern states.
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annual changes in CRP acreage includes both acres entering and leaving the program but FSA
data only provide the net change. Acres coming into and coming out of CRP are not reported
separately. This limitation makes it impossible to know exactly how many of the acres eligible
for release from the program actually leave and how many contracts renew for an additional 10
to 15 years. To contend with this, I assume that CRP acreage “depreciates” at an average annual
rate of 𝜹. I assume this CRP depreciation rate to be constant over time and across counties.
The total number of acres enrolled in CRP in a county 𝑖 during year 𝑡 can be expressed as
the sum of existing acres less acres exiting plus newly enrolled acres.
(9)

𝐶𝑅𝑃𝑖𝑡 = 𝐶𝑅𝑃𝑖𝑡−1 − 𝜹𝐶𝑅𝑃𝑖𝑡−1 + 𝜼(𝐴𝑐𝑟𝑒𝑠 𝐼𝑛𝑠𝑢𝑟𝑒𝑑𝑖𝑡 , 𝑋𝑖𝑡 )

New acres entering CRP in each year, represented by 𝜼, depend on the number of acres insured
under federal crop insurance as well as a vector of exogenous control variables 𝑋𝑖𝑡 affecting both
insurance and conservation behavior. The vector 𝑋𝑖𝑡 includes CRP rental rates, expectations of
drought, and expected commodity prices along with county level characteristics that do not
change over time (county fixed effects) and unobservable factors that impact all counties in each
year (time fixed effects). Assuming linear relationships between CRP participation and all
explanatory variables, I estimate the following panel data fixed effects regression using Ordinary
Least Squares:
(10)

𝐶𝑅𝑃𝑖𝑡 = (1 − 𝜹)𝐶𝑅𝑃𝑖𝑡−1 + 𝜶𝑖 + 𝝉𝑡 + 𝝍𝑅𝑒𝑛𝑡𝑖𝑡 + 𝜷𝐴𝑐𝑟𝑒𝑠 𝐼𝑛𝑠𝑢𝑟𝑒𝑑𝑖𝑡 + 𝜽𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑠𝑡−1 +
𝝓𝑃𝑖𝑡 + 𝒆𝑖𝑡

The variables 𝜶𝑖 and 𝝉𝑡 represent county and time fixed effects respectively. I also estimate a
model without time controls to compare with year fixed effects.
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The primary incentive for producers to enter CRP is the per acre rental rate, represented
in the model by the variable 𝑅𝑒𝑛𝑡𝑖𝑡 .19 The estimate of the coefficient 𝝍 should be positive and
highly significant as high rental rates invite more acres to join CRP. Because the depreciation
rate is a small number between zero and one, the estimated coefficient on lagged CRP acreage
should be a number close to one.20
To control for climate shocks that impact both CRP and crop insurance decisions, I
include a drought indicator. As described above, the variable 𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑠𝑡−1 is a dummy variable
equal to one if the county located in state 𝑠 has an average Palmer Drought Severity Index
(PDSI) of negative two or below in year 𝑡 − 1.21 Drought conditions may positively or
negatively affect CRP acreage. Poor growing conditions make predictable CRP rental fees more
attractive while at the same time increasing expected payouts from insurance. I leave the
coefficient 𝜽 unsigned prior to estimation.
I average inflation adjusted futures prices for corn, soybeans, and wheat for each countyyear using weights that reflect each crop’s importance to the county. I compute weights using the
county’s production history over the previous 10 years as described in the Data section. As CRP
rental payments are fixed for the duration of the contract, high crop prices raise the opportunity
cost of CRP so I expect to estimate a negative coefficient on the variable 𝑃𝑖𝑡 .
The right-hand side variable of interest is the total number of acres insured in county 𝑖
during year 𝑡. I predict that land insured under federal crop insurance crowds out potential new
acres entering CRP and cause existing acres to exit the program. The magnitude of the effect,
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The variable 𝑅𝑒𝑛𝑡𝑖𝑡 is deflated using the Producer Price Index.
The estimate of the CRP depreciation factor 𝛿 can be calculated by subtracting the estimated coefficient on lagged
CRP acreage from one.
21
Additional
20

20

however, should be small in accordance with previous literature. Goodwin, Vandeveer, and Deal
(2004) show that an additional acre insured under federal crop insurance expands corn and barley
production by 0.39 and 0.60 acres respectively, while estimates for wheat and soybeans are
̂ will be
inconclusive. Only a portion of newly planted acres are likely to be eligible for CRP so 𝜷
a negative number near zero.
The endogeneity of insurance activity to land retirement complicates the above
specification. Producers make crop insurance and CRP decisions jointly so the estimated impact
of insured acres on CRP could be exaggerated. Higher crop insurance participation may be the
result of increased production as opposed to its cause. Greater production due to factors
unrelated to crop insurance will naturally reduce the amount of land available for CRP.
Conversely, data aggregation may bias estimates of 𝜷 in a positive direction. Some producers
may respond to risk by entering CRP while others in the same county may make greater use of
insurance. Because I observe data at the county level and not the farm level, higher rates of
insurance use may correspond with higher enrollment in CRP over time.
Moreover, equation (10) does not incorporate subsidies for crop insurance but only the
total amount of insured acreage. The number of insured acres within a county may vary for many
reasons unrelated to subsidization which are not the focus of this paper. I address these issues by
employing an instrumental variables approach. While total insurance premiums and subsidies
paid are endogenous to actuarial risk and producer choices, government policy exclusively sets
the subsidy rates applied to each policy type. I exploit increases in subsidy rates resulting from
four major crop insurance policy changes, the Federal Crop Insurance Reform Act of 1994
(FCIRA), ad-hoc subsidy rate increases in 1998 and 1999, the Agricultural Risk Protection Act
of 2000 (ARPA), and the 2008 Farm Bill. Figures 1 and 2 illustrate the impact of government
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policy changes (denoted by vertical dashed lines) on subsidy rates of different types of crop
insurance.22
Policy changes altered the schedule of subsidy rates for crop insurance products to
increase participation. I use dummy variables for each policy period (FCIRA, ad-hoc, ARPA,
and the 2008 Farm Bill) to instrument for changes in the number of acres insured. Policy
indicators can explain within-county variation in acres insured over time but do not provide the
spatial (between-county) variation necessary for proper instrumentation. Crop insurance
legislation is set at the national level, meaning every county in the dataset receives the policy
“treatment” at the same time but may not receive it in the same way. A measure of the degree to
which various policies affect a county is required. To do this, I measure the preferences for
different types of insurance prior to the enactment of each legislative change.
From Figure 1 we see that FCIRA of 1994 dramatically impacts subsidy rates for 50 and
55 percent policies while “buy-up” plans (60 percent coverage and above) experience smaller but
meaningful increases in subsidy rates. The large change in subsidy rates for low coverage plans
reflects the introduction of fully subsidized catastrophic coverage (CAT). To measure the extent
to which the 1994 Act impacts a county, I calculate the average number of acres insured at each
coverage level category (50-55 percent, 60-65 percent, 70-75 percent, and 80-85 percent) in the
period prior to the enactment of FCIRA (1989 to 1994). I divide this average by the total amount

22

Subsidy rates in the dataset are reported for groups of coverage levels as opposed to each individual coverage
level, e.g. 60 percent and 65 percent plans are combined and one rate is reported for both. This creates some
variation in subsidy rates that is due to producer preferences and not government policy, though the variation is
negligible.
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of cropland in the county for the corresponding time period.23 This approach generates betweencounty variation in exposure to FCIRA subsidy rate increases that is unrelated to CRP decisions.
Ad-hoc subsidy increases passed in 1998 and 1999 raise subsidy rates for buy-up and
revenue plans (see Figures 1 and 2) but leaves low coverage and yield based policies relatively
unaffected. ARPA of 2000 added to these changes and the Farm Bill of 2008 further increases
rates for high coverage products. I capture a county’s exposure to these policy changes by
averaging the number of acres insured under each coverage level in the periods directly
preceding the passage of each legislative change as a percentage of total cropland.
Insurance participation is measured as a percentage of cropland to control for the scale of
production capacity in each county. USDA calculates total cropland for each county as part of
the Census of Agriculture every five years. I use acres of cropland in 1992 to calculate
percentages of insured acres during the pre-FCIRA period, cropland in 1997 to calculate
insurance percentages in the FCIRA and ad-hoc policy periods, and cropland in 2002 for the
ARPA period. The Census of Agriculture did not begin recording cropland acreage at the county
level until 1997. However, the USDA Economic Research Service (ERS) records total annual
cropland at the state level for years prior to 1997. To calculate county level cropland for 1992, I
find each county’s proportion of total state cropland for Census years 1997, 2002, 2007, and
2012 and take a simple average. I then apply these average proportions to the total acres of state
cropland for 1992 provided by ERS.
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USDA defines total cropland as the total of harvested cropland, crop failure, cultivated summer fallow, cropland
pasture, and idled cropland. This broad measure is used to calculate crop insurance participation as a percentage
because it represents the total possible area in a county that could be cultivated and insured.
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As instruments for insured acres, I interact these policy exposure measures with dummy
variables representing each of the four policy change periods.24 These interactions can be used to
determine how much a county sees it’s effective subsidy rates increase and can be used to
estimate the variation in insured acreage due only to changes in government policy and not to
contemporaneous land use decisions. Pre-policy exposure measures reflect a county’s entrenched
preferences for certain types of insurance. Therefore, when new legislation acts on these preexisting preferences, causing insurance participation to rise or fall, we can be confident that the
resulting variation in acres insured is attributed only to exogenous government policy and not
jointly determined CRP enrollment.
I use insurance behavior in neighboring states to provide further spatial variation in
insured acres that is uncorrelated with conservation decisions. USDA designates 10 farm
production regions based on regional differences in farm specialization. The map in Figure 5
illustrates which states belong to each production region. For each county year, I calculate the
average number of insured acres in counties within the same farm production region but outside
the state in which the county resides. For example, the value for Whitman County, Washington
for 2005 would equal the average number of insured acres across all Oregon and California
counties in the same year. Insurance use in nearby counties will be correlated with insurance
participation based on shared production practices and climate but will be unrelated to the
conservation decisions within a specific county. Neighboring counties within the same state are
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Though policy changes affect yield and revenue type insurance as well as different coverage levels, I do not use
preferences for yield and revenue insurance as policy exposure instruments. This is due to high collinearity detected
between coverage preference instruments and insurance type preference instruments causing the covariance matrix
of moment conditions to not be of full rank.
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not used because states often provide cost-share agreements and other incentives for CRP
participation that could be correlated with insurance trends within a state.
Limiting the variation in insured acres to only that which results from the instruments and
not CRP decisions will correct for any joint determination or bias resulting from data
aggregation. I estimate the following first stage regression with endogenous acres insured as the
dependent variable. Policy indicators, interactions between policy indicators and policy exposure
measures, and average acres insured in nearby counties are included as instruments along with
all exogenous variables from equation (10).
(11)

𝐴𝑐𝑟𝑒𝑠 𝐼𝑛𝑠𝑢𝑟𝑒𝑑𝑖𝑡 = (1 − 𝜹)𝐶𝑅𝑃𝑖𝑡−1 + 𝜶𝑖 + 𝝉𝑡 + 𝝍𝑅𝑒𝑛𝑡𝑖𝑡 + 𝜽𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑠𝑡−1 +
𝝓𝑃𝑖𝑡 + ∑4𝑘=1 𝜸𝑘 Ω𝑘 + ∑4𝑘=1 ∑80
𝑗=50 𝝀𝑗𝑘 (Ω𝑘 ∗ Γ𝑖𝑗𝑘−1 ) + 𝝁Ψ−𝑖𝑡 + 𝒆𝑖𝑡
The term𝑠 Ω𝑘 for 𝑘 = 1, … , 4 are dummy variables representing each of the four major

policy changes during our observation period. The value 𝑘 = 1 corresponds to the period
following FCIRA of 1994, 𝑘 = 2 corresponds to the ad-hoc subsidy period of 1999 and 2000,
𝑘 = 3 is the APRA period from 2001 to 2008, and 𝑘 = 4 represents the post 2008 Farm Bill
period. Each dummy variable equals one in the years following the passage of its respective
policy and becomes zero when a new policy replaces it, e.g. Ω1 “turns on” following FCIRA of
1994 and becomes zero in 1999 when ad-hoc subsidies are passed. The coefficients 𝜸1 , … , 𝜸4
capture the effect of each policy change on insurance participation across all counties. I measure
how the policy changes affect specific counties with the variables 𝚪𝑖𝑗𝑘−1.
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Variables 𝚪𝑖𝑗𝑘−1 for 𝑗 = 50, 60, 70, 80, and 𝑘 = 1, … , 4 measure the percent of total
cropland in county 𝑖 insured under policies in the coverage level category 𝑗. 25 It is computed as:
𝚪𝑖𝑗𝑘−1 =

𝐴𝑐𝑟𝑒𝑠 𝐼𝑛𝑠𝑢𝑟𝑒𝑑𝑖𝑗𝑘−1
𝑇𝑜𝑡𝑎𝑙 𝐶𝑟𝑜𝑝𝑙𝑎𝑛𝑑𝑖

Where 𝐴𝑐𝑟𝑒𝑠 𝐼𝑛𝑠𝑢𝑟𝑒𝑑𝑖𝑗𝑘−1 is the average number of acres insured at coverage level 𝑗 during the
policy period 𝑘 − 1. For example, the formula for 𝚪𝑖,60,2 would be the following:

𝚪𝑖,60,2

1 1998
∑𝑡=1995 𝐴𝑐𝑟𝑒𝑠 𝐼𝑛𝑠𝑢𝑟𝑒𝑑 60 − 65%𝑖𝑡
=4
𝑇𝑜𝑡𝑎𝑙 𝐶𝑟𝑜𝑝𝑙𝑎𝑛𝑑𝑖𝑡

Interacting each policy indicators with measures of policy exposure allows my instruments to
vary across counties. Each coefficient 𝝀𝑗𝑘 captures the effect of each policy change for counties
with varying levels of pre-policy preference for each coverage level. Because FCIRA of 1994
had an outsized effect on catastrophic plans, we might expect the coefficient 𝝀50,1 to be very
large and significant in the first stage regression while 𝝀70,1 may be small or insignificant.
Similarly, 𝝀60,3 , 𝝀70,3, and 𝝀80,3 should be large and significant while 𝝀50,3 may be small because
ARPA of 2000 favored high coverage buy-up plans.
The variable Ψ−𝑖𝑡 represents average insurance use in counties outside the state but
within the same production region. Its coefficient, 𝝁, will likely have a positive and significant
effect on insured acres in the first stage regression.
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Note that in computing policy exposure measures, I combine policies at the 50 and 55 percent coverage level into
one group and refer to it as the 50 percent coverage level. I do the same for 60, 70, and 80 percent coverage
categories.
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After estimating equation (11), the predicted values of insured acres take the place of
actual values in model (10). The second stage regression with instrumented crop insurance
participation is then:
(12)

𝐶𝑅𝑃𝑖𝑡 = (1 − 𝜹)𝐶𝑅𝑃𝑖𝑡−1 + 𝜶𝑖 + 𝝉𝑡 + 𝝍𝑅𝑒𝑛𝑡𝑖𝑡 + 𝜷𝐴𝑐𝑟𝑒𝑠̂
𝐼𝑛𝑠𝑢𝑟𝑒𝑑𝑖𝑡 + 𝜽𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑠𝑡−1 +
𝝓𝑃𝑖𝑡 + 𝑒𝑖𝑡

To estimate the above models, I use Stata’s XTIVREG2 command which accommodates both
instrumental variables and clustering of standard errors. Standard errors are clustered at the state
level as opposed to the county level following Cameron, Gelbach, and Miller (2011). They show
that for the nested clusters, it is best to aggregate to the highest level possible while maintaining
enough clusters for estimation.26

6. Results
Regression results with county fixed effects and instrumental variables are reported in Table 3. A
Hausman test to compare the performance of random and fixed effects confirms that a fixed
effects model is preferable. Specification (1) of Table 3 does not include temporal controls while
(2) applies year fixed effects. R-square values in both specifications indicate the models fit the
data well overall and first stage F-statistics show strong relevance of instruments to endogenous
insured acres.
As expected, the estimated effect of CRP rent is positive and highly significant in both
specifications. A one dollar increase in the real CRP rental rate boosts CRP participation by 20 to
23 acres per county. Given that the average county contains nearly 12,000 acres of CRP land,
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We find that standard errors are significantly larger when clustering at the county level which may produce Type I
error in testing coefficient significance.
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this effect is surprisingly modest, implying an elasticity of 0.07 to 0.08 percent. The model
indicates that 88 percent of existing CRP acres in a county remain in the program from year to
year, suggesting an annual average exit rate of 12 percent.
Enrollment in CRP increases substantially if a drought was present in the previous year,
though the estimated coefficient is not statistically significant when year fixed effects are
applied. Column (1) shows that a state-wide drought increases CRP enrollment by an estimated
338 acres per county. Drought conditions may be spatially correlated across large parts of the
United States and year fixed effects may be absorbing all variation in the drought variable,
leading to the lack of statistical significance in specification (2).
The first specification of Table 3 reports a positive and statistically significant coefficient
for commodity futures prices but a negative and significant coefficient when year fixed effects
are introduced. Specification (1) contradicts much of the literature showing that high commodity
prices raise the opportunity cost of land retirement and remove acreage from programs like CRP.
The way I weight futures prices may explain the discrepancy. The mix of corn, soybeans, and
wheat production do not vary drastically over time within counties (see commodity harvest
percentages in Table 2). Because futures prices on the Chicago Board of Trade apply to all
counties nationwide, the price variable could be picking up non-price related factors that vary
across time but not between counties. Once yearly fixed effects are applied, the true effect of
price expectations can come through. According to column (2) of Table 3, a one dollar increase
in average futures prices removes 228 acres per county from CRP.
Taken together, these results indicate that CRP enrollment respond more to price and
climate expectations than to program rental rates. Policymakers should consider this when
determining the best way to expand land retirement programs.
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The estimated coefficients on insured acres is statistically significant at the 0.01
significance level under both specification strategies. Instrumental variable results suggest that
an additional acre insured in response to higher subsidies decreases the number of acres enrolled
in CRP by between 0.006 and 0.009. Put another way, we could expect a 1,000 acre increase in
the number of acres insured in a county to reduce the number of acres enrolled in CRP in that
county by six to nine acres. The effect size is small but consistent with previous estimates of
acreage effects from crop insurance. Goodwin, Vandeveer, and Deal (2004) predict that an
additional acre insured brings between 0.09 and 0.6 acres into production. My results indicate
that a portion of this increase occurs on land in or eligible for CRP. Based on their estimates,
land that would otherwise be enrolled in CRP makes up somewhere between one and 10 percent
of land brought into production due to crop insurance, depending on crop type. Because effect
sizes are sensitive to the inclusion of year fixed effects and because CRP and insurance trends
are clearly affected by temporal factors at the national level, I consider the 0.006 crowding out
effect to be the most reliable of the two estimates. Therefore, I base all further applications of the
estimated crowding out effect on this value.
Computed at the median of insured acres and CRP enrollment, the associated elasticity
implies that a one percent increase in acres insured under federally subsidized crop insurance
reduces the number of acres in CRP by 0.05 percent.27 Though small, the estimated elasticity is
large when compared to general acreage elasticities of crop insurance found elsewhere in the
literature. Goodwin, Vandeveer, and Deal (2004) find planted acreage elasticities for corn and
soybeans of 0.01 and 0.0025 respectively. The effect of crop insurance on CRP is small in
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The mean number of acres insured and CRP enrollment across all counties and years is 71,437 acres per county
and 11,938 acres per county respectively.
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absolute acreage terms but appears relatively large in percentage terms. For the average county, a
one standard deviation increase in insurance use would reduce CRP enrollment by 718 acres, or
six percent.
The modest crowding out effect may have broader environmental implications.
According to the Food and Agricultural Policy Research Institute (FAPRI), soil runoff falls by
99 percent when land enters CRP compared to crop production. Enrollment in CRP reduces
water erosion of soils by 2.13 tons per acre, nitrogen loss by 7.73 lbs. per acre, and phosphorus
loss by 1.67 lbs. per acre (FAPRI, 2007). Wind erosion is also reduced by 9.99 tons for every
acre enrolled. Based on my estimates, a one percent increase in national crop insurance use could
increase soil erosion by over 25,000 tons, nitrogen loss by over 91,000 lbs., and phosphorus loss
by nearly 20,000 lbs. nationwide.28 These estimates are based on average acreage enrolled in
CRP and may not reflect the environmental sensitivity of land that would actually be removed
from CRP and put into production. The erosion and soil nutrient losses I predict should be
considered upper bounds of the true environmental impact.
Policymakers should be aware of these potential environmental effects associated with
subsidizing crop insurance. Soil erosion creates chemical runoff which contaminates water
sources and generates an externality in agricultural input use not borne by producers.
Conservation requirements tied to farm support programs have been effective tools for dealing
with this issue (Claassen et. al., 2017). Since the passage of the 1985 Food Security Act,
producers growing on highly erodible land must implement a conservation system to maintain
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These figures are computed by taking one percent of the average yearly total number of acres insured nationwide
and multiplying by the estimated crowding out effect of -0.006 shown in Table 3. I then multiply this value by the
per acre erosion, nitrogen, and phosphorus benefits estimated by FAPRI (2007).
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eligibility for federal programs such as price support and disaster payments. Crop insurance
premium subsidies were recently added to the list of support programs lost if found in violation
of conservation requirements. This could be extended to specifically target acres exiting CRP to
be planted and insured under federal crop insurance. Greater scrutiny may be required in these
cases based on the relatively modest effect sizes found in this study.
To check for regional differences in crowding out effects, I estimate the IV model with
year fixed effects separately for each farm productions region (see Figure 5). Certain geographic
regions in the United States could be driving the main results. Table 4 displays the point
estimates for the effect of acres insured on CRP enrollment and their associated elasticities by
farm production region. Standard errors are clustered at the county level as opposed to the state
level due to a limited number of states in several of the production regions.
Crop insurance acreage effects are statistically significant in six of the 10 production
regions but vary in magnitude. The estimated effect is largest in the Northern Plains where an
additional 1,000 acres insured crowds out 22 acres from CRP. Evaluated at the median, this
translates into a 0.2 percent loss in CRP enrollment due to a one percent increase in insurance
participation. Elasticities vary over the distribution of insurance acreage. At the 75th percentile, a
one percent increase in insurance use reduces CRP acreage by 0.31 percent vs. a 0.1 percent loss
at the 25th percentile. CRP enrollment in the Northern Plains has declined in recent years while
insurance use has remained high, making potential losses in CRP due to even small increases
insurance large in percentage terms. Using the most recent data available for Northern Plains
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counties in 2017, a one percent increase in insured acres would reduce CRP by 0.5 percent per
county.29
Because the Northern Plains contains much of the Prairie Pothole Region, an area where
CRP contributes greatly to waterfowl habitat, this effect could have significant implications.
Nielson et al. (2008) estimate that a mere four percent increase in CRP acreage leads to a 22
percent rise in pheasant counts, suggesting that even small changes in CRP due to crop insurance
can have large impacts on wildlife. This could also have financial consequences given the
economic importance of recreational bird hunting in the Prairie Pothole region.
Crowding out effects are large in the Great Lakes and Corn Belt states with median
elasticities of -0.14 for both regions. For counties at the 75th percentile for insured acres and the
median CRP enrollment, the percent loss in CRP resulting from a one percent increase in
insurance rises to 0.38 for the Great Lakes states and 0.26 for the Corn Belt. Appalachian and
Southeastern states display small but statistically significant median effects of -0.04 and -0.05
percent, respectively. The negative effects grow to -0.2 for both regions at the right tail of their
respective insurance acreage distributions. Crop insurance participation does not appear to crowd
out CRP in the Pacific, Mountain West, Southern Plains, or Northeastern farm production
regions but a small positive correlation is found in the Mississippi Delta region where a one
percent increase in insurance use increases CRP acreage by 0.005 percent for the median county.
Insurance seems to have a meaningful impact on CRP in regions where field crops are of
greater importance. This is not a surprising result. The intensity of competition between crop
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The estimated percentage loss in CRP is computed using the median acres insured (224,493) and median CRP
enrollment (9,934) for counties in the Northern Plains during the year 2017. These data were retrieved from RMA
Summary of Business tables and CRP enrollment tables published by FSA.
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production and conservation will likely influence the crowding out effect of insurance. We
would not expect to find large effects in livestock grazing regions such as the Mountain West
and Southern Plains nor in highly urbanized regions such as the Northeast. Table 4 indicates that
the external validity of this analysis is limited to specific geographic regions.
To explore these region differences further, I estimate the relationship between insurance
and CRP for counties with differing crop makeups and report the results in Table 5. First, I
calculate each county’s total agricultural land per USDA’s definition (sum of all cropland,
pasture, woodland, and other acreage) and divide the amount of cropland by this total.30 I
consider a “majority cropland county” to be one where cropland makes up at least 50 percent of
total agricultural land. I estimate the main IV model with year fixed effects for majority cropland
counties and minority cropland counties and report the effects of insured acres in the first two
rows of Table 5.
Not surprisingly, the estimated crowding out effect in majority cropland counties is
0.012, four times the estimate for non-majority cropland counties. The difference in estimated
elasticities is even greater. At the median, a one percent increase in acres insured is correlated
with a 0.17 percent loss in CRP enrollment in cropland counties while the same increase in
insurance leads to a negligible 0.01 percent decline in CRP for minority cropland counties. I also
determine which crop has the highest share of harvested acres in each county based on USDA
NASS survey data.31 I run the model separately for counties dominated by each of the major
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I create a single value for total agricultural land and total cropland in each county by averaging each over the
years observed. This allows me to classify each county as a majority or minority cropland county whose status does
not change over time.
31
I calculate each crop’s percentage of total harvested acres in each county for each year observed then take the
average across all 25 years. The major crop in the county is determined to be the one with the highest percentage
among all crops.
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field crops insured in the U.S.: corn, soybeans, wheat, cotton, sorghum, barley, and rice. Table 5
shows that the effect of crop insurance on CRP enrollment is negative and statistically significant
at the 0.05 level for corn, soybeans, and barley. Computed at the median, these effects translate
into elasticities of -0.06, -0.04, and -0.12, respectively. The large percentage effect found among
barley growing counties is driven by low CRP participation relative to insurance use at the
median. Computed at the mean, the elasticity for barley counties diminishes to -0.04. These
results indicate that crop insurance effects may be crop specific.
Counties where corn is the principal crop grown show the largest crowding out effect,
suggesting that subsidies make the returns to crop insurance policies for corn most attractive
relative to CRP. Because soybeans are often grown in rotation with corn, it is not surprising that
a significant effect is also found in regions where soybeans dominate the crop mix. Barley is
grown primarily in the West. Of the 65 counties where barley is the primary crop, all but six are
in the Pacific Coast or Mountain West production regions. The model did not show statistically
significant relationship between crop insurance and CRP in either of these regions. The result for
barley indicates that crowding out effects in the western United States exist but are limited to
barley producing counties.
Variation in CRP rental rates may help explain the observed differences. We might
expect regions with lower prevailing CRP rental rates to be most vulnerable to crowding out due
to the low relative opportunity cost of switching out of CRP and into insured production.
Paradoxically, rental rates are highest in regions where corn and soybean production have the
largest share of total crop production, averaging 46 dollars and 42 dollars per acre vs. 31 dollars
per acre for all other crops. Recall however, that USDA sets CRP rental rates in proportion to
prevailing cash rental rates for cropland. The high CRP rental rates correlate with superior farm
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profitability in those areas causing high demand for cropland. It could be the case that marginal
farmland in highly profitable counties becomes relatively more attractive for production when
crop insurance subsidies rise, providing an affordable back-stop if yields fail. Further research
into the tradeoffs of crop insurance vs. conservation at the farm level could shed light on the
specific factors driving the crowding out effects I identify in this study.
Table 6 displays the first stage regression results used for the IV estimation shown in
Table 3. Specification (2) drops the policy indicators due to perfect collinearity with year fixed
effects. The signs on all four policy indicators are statistically insignificant in the first
specification with the exception of the ARPA dummy, suggesting that crop insurance legislation
does not increase insurance use in counties with no preference for insurance prior to each policy
change. Ten of the 16 interaction instruments between policy indicators and policy exposures are
statistically significant at the 0.10 level or higher. Policy changes generally have the largest
effects on insured acres in counties with pre-policy preferences for the types of insurance
targeted by each policy change. The average number of insured acres in nearby counties has a
positive and statistically significant influence on acres insured. An additional acre insured in
surrounding counties is associated with a 0.41 to 0.45 acre increase in insurance participation. I
interpret predicted acres insured from the first state regression as the exogenous portion of
insurance participation resulting from government policy and uncorrelated with CRP enrollment.
The first stage regressions show high joint significance among instruments. Table 6
reports F-statistics for excluded regressors of 306.38 and 253.35 respectively, confirming that the
chosen instruments are highly relevant. I reject under-identification and weak-identification of
insured acreage based on Angrist-Pischke chi-squared and F statistics which are significant at the
0.01 level in both specifications. I perform a Sargan-Hansen test for overidentifying restrictions
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where the null hypothesis is that all chosen instruments are valid and are correctly excluded from
the second stage regression. The null is rejected at the 10 percent significant level for
specification (1) (no temporal controls) but cannot be rejected for specification (2). Because the
policy change dummy variables act as like year fixed effects, the Sargan-Hansen test shows that
they should not be excluded from the model. Instrument validity is supported when year fixed
effects are controlled for, lending further support for including year fixed effects in the model.
A Sargan-Hansen chi-squared test (option endog in Stata’s XTIVREG2 command) for
endogeneity fails to reject the null hypothesis that insured acres can be treated as exogenous to
CRP enrollment. However, comparing IV and OLS results (found in Table 7) shows a
meaningful discrepancy between the estimated coefficient on acres insured. The OLS model
estimates an average crowding out effect of two to three acres per 1,000 insured. I manually
perform a Durbin-Wu-Hausman test by regressing CRP acres on the residuals from the first stage
regression. The estimated coefficient instructs me to reject the hypothesis that crop insurance
usage is exogenous to CRP participation at the 0.10 level for both specifications. If in fact
insurance participation is exogenous, the IV estimator may be inefficient relative to OLS but
remains consistent given the strong relevancy of the instruments. Running the OLS model by
farm production region and crop mix confirms the results shown in Tables 4 and 5, though point
estimates tend to be smaller in magnitude.

7. Robustness Checks
To test the robustness of these results, I re-estimate the instrumented model with year fixed
effects shown in Table 3 for various time periods. The effect of crop insurance should be larger
in years when CRP General Sign-ups are offered and smaller when they are not. This is because
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the clear majority of CRP acres enter the program through the General Sign-up convention.32
Non-General Sign-up years between 1989 and 2013 include 1993, 1994, 1996, 1999, 2001, 2002,
2005, 2007, 2008, and 2009. Continuous Sign-ups are offered every year after 1996 meaning that
1993 and 1994 represent years in which no means of entering CRP are available. Continuous
contracts constitute a small percentage of overall program participation because the land enrolled
is small and highly targeted as opposed to the whole field or whole farm practices of General
Sign-ups. However, acres are eligible to exit the program in every year after 1996 (10 years after
the first CRP General Sign-up in 1986).
Column (1) of Table 8 shows IV results limited to only General Sign-up years between
1989 and 2013 (1989, 1991, 1992, 1995, 1997, 1998, 2000, 2003, 2004, 2006, 2010-2013).
Column (2) displays the same results for non-General Sign-up years. When restricted to only
General Sign-up years, the crowding out effect of acres insured grows in magnitude to -0.007
and shrinks by 14 percent to -0.006 during non-General Sign-up years.
The relative sizes of these effects generally support the main results but the difference is
not as large as one might expect given that General Sign-ups produce most new CRP
enrollments. Moreover, the statistical significance of the effect of acres insured during nonGeneral Sign-ups far exceed that of the General Sign-up periods. The modest difference implies
two things. First, the effect of crop insurance is meaningful for acres enrolled through the
Continuous Sign-up convention, suggesting that subsidized crop insurance causes encroachment
into the most environmentally vulnerable lands targeted by CRP. Second, subsidies for crop
insurance may be more likely to draw acres out of CRP than to prevent new acres from entering
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Continuous Sign-ups have steadily gained popularity since their introduction in 1996 as the program attempts to
be more targeted to specific conservation practices.
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the program. This is because producers can remove acres eligible for exit from CRP in every
non-General Sign-up year after 1996. Producers up for renewal may find insured production
more attractive as premium subsidies rise.
A possible source of bias in the results presented in Table 3 is the timing of various
policy changes. National enrollment in CRP is capped periodically to meet overall program
goals. Figure 4 displays changes in the enrollment cap between 1989 and 2013. The cap falls on
two occasions during the observation period, once following the Farm Bill of 1996 and again
after the Farm Bill of 2008. The change brought about by the 2008 Farm Bill does not take effect
until 2010 while the reduction made by the 1996 Farm Bill takes effect immediately. These cuts
closely parallel the timing of changes in crop insurance subsidies brought about by the Federal
Crop Insurance Reform Act of 1994 (FCIRA) and the 2008 Farm Bill. The negative effect of
crop insurance on CRP enrollment may be exaggerated if policy induced changes in acres
insured correlate with cuts in total allowable CRP enrollment.
To test this, I estimate the model excluding the FCIRA policy period (1995-1998) as well
as the 2008 Farm Bill policy period (2009-2013). Results from this restricted model are
presented in column (3) of Table 8. The estimated effect of a 1,000 acre increase in crop
insurance participation remains at negative six acres, suggesting that the main estimation results
in Table 3 are robust to contemporaneous changes in government policy. It should also be noted
that the CRP acreage cap is lifted in 2002 from 36.4 million acres to 39.2 million acres. The
timing of this change corresponds closely to the subsidy rate increases of the Agricultural Risk
Protection Act of 2000 (ARPA). To the extent that policy overlaps bias my results, the estimated
coefficient in column (3) of Table 8 may be biased in the positive direction. More to the point,
the identification strategy relies on degrees of exposure to crop insurance policy changes, not just
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the discrete policy changes themselves. General increases in crop insurance may be correlated to
general draw downs in CRP due to policy timing but pre-policy insurance preferences should be
independent of changes in CRP policy at the national level.

8. Conclusion
Much of the literature on federal crop insurance shows that greater participation leads to small
positive effects on acreage planted to insured crops. Environmental consequences could follow if
land brought under cultivation is environmentally sensitive. Crop insurance subsidies reduce the
cost of insurance to producers thereby increasing the expected returns from insurance and
encouraging production on marginal farmland. Several papers have shown this to be the case
though effect sizes are typically small. Though many papers address the environmental effects of
crop insurance, little attention has been paid to the relationship between federally subsidized crop
insurance and the Conservation Reserve Program (CRP).
As America’s largest and most successful land retirement program, CRP prevents soil
erosion and chemical runoff, enhances wildlife habitat, and contributes recreational amenities
enjoyed by the public. The government incentivizes participation by paying a per acre rental fee
to remove qualifying land from production. Government policy may come into conflict however,
if subsidies for crop insurance deters enrollment in conservation programs. I directly estimate
this “crowding out” of CRP by crop insurance using a comprehensive panel dataset covering
over 2,700 counties and spanning 25 years.
To contend with the inherent endogeneity between crop insurance and land retirement
decisions, I exploit four major changes in government policy towards crop insurance during the
1990s and 2000s. I measure the extent to which legislative changes affect counties to isolate
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exogenous variations in crop insurance use. Results generated by Two Stage Least Squares
estimation indicate that a 1,000 acre increase in crop insurance participation crowds out about six
acres from CRP. This translates to a -0.05 percent decrease in CRP for every one percent
increase in insured acres. Though small, these estimates could imply larger environmental
effects. Based on work by the Food and Agricultural Policy Research Institute (FAPRI), I
estimate that a one percent increase in national crop insurance use could increase soil erosion by
up to 25,000 tons, nitrogen loss by 91,000 lbs., and phosphorus loss by nearly 20,000 lbs.
nationwide.
Estimated effects are robust to various specifications and time periods but vary
substantially by region. High field crop production areas of the Northern Great Plains, Great
Lake states, and the Corn Belt are susceptible to the largest crowding out effects as well as
counties where corn, soybeans, and barley are the predominant crops produced.

40

References
Babcock, B. A. and D. A. Hennessy. 1996. Input Demand under Yield and Revenue Insurance.
American Journal of Agricultural Economics 78 (2): 416-427.
Cameron, A. C., J. B. Gelbach, and D. L. Miller. 2011. Robust Inference with Multiway
Clustering. Journal of Business and Economic Statistics 29 (2): 238-249.
Chang, H. H. and R. N. Boisvert. 2009. Distinguishing between Whole-Farm vs. Partial-Farm
Participation in the Conservation Reserve Program. Land Economics 85 (1): 144-161.
Claassen, R. and D. Hellerstein. 2008. Conservation Reserve Program Acreage to Decline; Will
Benefits Also Fall? Amber Waves. USDA Economic Research Service.
Claassen, R., C. Langpap, and J. Wu. 2017. Impacts of Federal Crop Insurance on Land Use and
Environmental Quality. American Journal of Agricultural Economics 99 (3): 592-613.
Claassen, R., M. Bowman, V. Breneman, T. Wade, R. Williams, J. Fooks, L. Hansen, R.
Iovanna, and C. Loesch. 2017. Conservation Compliance: How Farmer Incentives Are
Changing in the Crop Insurance Era. USDA Economic Research Service, Economic
Research Report No. 234.
Coble, K., T. Knight, R. Pope, and J. Williams. 1997. An Expected Indemnity Based Approach
to the Measurement of Moral Hazard in Crop Insurance. American Journal of
Agricultural Economics 79 (1): 216-226.
Food and Agricultural Policy Research Institute. 2007. Estimating water quality, air quality, and
soil carbon benefits of the Conservation Reserve Program. FAPRI -UMC Report #01-07.
University of Missouri, Columbia, MO.

41

Feng, H., D. A. Hennessy, and R. Miao. 2013. The Effects of Government Payments on
Cropland Acreage, Conservation Reserve Program Enrollment, and Grassland
Conversion in the Dakotas. American Journal of Agricultural Economics 95 (2): 412418.
Ferris, J. and J. Siikamaki. 2009. Conservation Reserve Program and Wetland Reserve Program:
Primary Land Retirement Programs for Promoting Farmland Conservation. Washington,
DC: Resources for the Future.
Glauber, J. W., K. J. Collins. 2002. Crop Insurance, Disaster Assistance, and the Role of the
Federal Government in Providing Catastrophic Risk Protection. Agricultural Finance
Review 62 (2): 81-101.
Gleason, R. A., M. K. Laubhan, B. A. Tangen, and K. E. Kermes. 2008. Ecosystem Services
Derived from Wetland Conservation Practices in the United States Prairie Pothole Region
with an Emphasis on the U.S. Department of Agriculture Conservation Reserve and
Wetlands Reserve Programs. US Geological Survey Professional Paper 1745.
Goodwin, B. K., M. L. Vandeveer, and J. L. Deal. 2004. An Empirical Analysis of Acreage
Effects of Participation in the Federal Crop Insurance Program. American Journal of
Agricultural Economics 86 (4): 1058-1077.
Goodwin, B. K. and V. H. Smith. 2013. What Harm is Done by Subsidizing Crop Insurance?
American Journal of Agricultural Economics 95 (2): 489-497.
Heimlich, R., D. Gadsby, R. Claassen, and K. Wiebe. 2003. Wetlands Programs. Agricultural
Resources and Environmental Indicators, edited by R. Heimlich. Agriculture Handbook
No. AH722.

42

Ifft, J., S. Wu, T. Kuethe. The Impact of Pasture Insurance on Farmland Values. 2014.
Agricultural and Resource Economics Review 43 (3): 390-405.
Lubowski, R. N., S. Bucholtz, R. Claassen, M. J. Roberts, J. C. Cooper, A. Gueorguieva, and R.
Johansson. 2006. Environmental Effects of Agricultural Land-Use Changes: The Role of
Economics and Policy. USDA Economic Research Service, Economic Research Report
No. 25.
Miao, R., H. Feng, D. A. Hennessy, X. Du. 2016a. Assessing Cost-effectiveness of the
Conservation Reserve Program (CRP) and Interactions between the CRP and Crop
Insurance. Land Economics 92(4): 593-617.
Miao, R., D. A. Hennessy, H. Feng. 2016b. The Effects of Crop Insurance Subsidies and
Sodsaver on Land-Use Change. Journal of Agricultural and Resource Economics 41(2):
247-265.
Nielson, R. M., L. L. McDonald, J. P. Sullivan, C. Burgess, D. S. Johnson, D. H. Johnson, S.
Bucholtz, S. Hyberg, and S. Howlin. 2008. Estimating the Response of Ring Necked
Pheasants to the Conservation Reserve Program. The Auk 125 (2): 434-444.
Rashford, B. S., J. A. Walker, and C. T. Bastian. 2010. Economics of Grassland Conversion to
Cropland in the Prairie Pothole Region. Conservation Biology 25 (2): 276-284.
Reynolds, R. E., C. R. Loesch, B. Wangler, and T. L. Shaffer. 2007. Waterfowl Response to the
Conservation Reserve Program and Swampbuster Provision in the Prairie Pothole
Region, 1992-2004. Washington DC: US Fish and Wildlife Service / US Geological
Survey.

43

Roberts, M. J., N. Key, and E. J. O'Donoghue. 2006. Estimating the Extent of Moral Hazard in
Crop Insurance Using Administrative Data. Review of Agricultural Economics 28 (3):
381-90.
Schoengold, K., Y. Ding, and R. Headlee. 2014. The Impact of Ad Hoc Disaster and Crop
Insurance Programs on the use of Risk-Reducing Conservation Tillage Practices.
American Journal of Agricultural Economics 97 (3): 897-919.
Secchi, S., P. W Gassman, J. R. Williams, and B. A. Babcock. 2009. Corn-Based Ethanol
Production and Environmental Quality: A Case of Iowa and the Conservation Reserve
Program. Environmental Management 44 (4): 732–744.
Smith, V. H. and B. K. Goodwin. 1996. Crop Insurance, Moral Hazard, and Agricultural
Chemical Use. American Journal of Agricultural Economics 78 (2): 428-348.
Stubbs, M. 2014. Conservation Reserve Program (CRP): Status and Issues. Washington, DC:
Congressional Research Service.
Sullivan, P., D. Hellerstein, L. Hansen, R. Johansson, S. Koenig, R. N. Lubowski, . . . S.
Bucholz, (n.d.). 2004. The Conservation Reserve Program: Economic Implications for
Rural America. SSRN Electronic Journal SSRN Journal.
USDA Farm Service Agency. 2016. Conservation Reserve Program Statistics. Washington, DC:
U.S. Department of Agriculture.
USDA Risk Management Agency. 2016. Summary of Business Report. Washington, DC: U.S.
Department of Agriculture.
Walters, C., C. R. Shumway, H. Chouinard, and P. Wandschneider. 2012. Crop Insurance, Land
Allocation, and the Environment. Journal of Agricultural and Resource Economics
37 (2): 301-320.

44

Wu, J. 2000. Slippage Effects of the Conservation Reserve Program. American Journal of
Agricultural Economics 82 (4): 979-992.
Wu, J. 1999. Crop Insurance, Acreage Decisions, and Nonpoint-Source Pollution. American
Journal of Agricultural Economics 81 (2): 305-320.
Wu, J., R. M. Adams. 2001. Production Risk, Acreage Decisions and Implications for Revenue
Insurance Programs. Canadian Journal of Agricultural Economics 49: 19-35.
Wu, J., B. Weber. 2012. Implications of a Reduced Conservation Reserve Program. The
Conservation Crossroads in Agriculture. The Council on Food, Agricultural, and
Resource Economics.
Young, C. E., M. L. Vandeveer, and R. D. Schnepf. 2001. Production and Price Impacts of U.S.
Crop Insurance Programs. American Journal of Agricultural Economics 83 (5): 11961203.

45

Subsidy Rate

Figure 1. Crop Insurance Subsidy Rates by Coverage Level
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Figure 2. Crop Insurance Subsidy Rates by Policy Type
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Figure 3. Total Acres Insured by Federal Crop Insurance
1989-2013
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Figure 4. Total Acres Enrolled in CRP
1989-2013
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Figure 5. USDA Farm Production Regions

48

Table 1. Table 1. Changes in Crop Insurance Subsidies Due to Agricultural Risk Protection Act
of 2000 (ARPA).
Coverage
Level
0.50
0.65
0.70
0.75
0.85

Pre-ARPA Subsidy Rate

Post-ARPA Subsidy Rate

Yield
Insurance
0.55
0.42
0.32
0.24
0.13

Yield
Insurance
0.67
0.59
0.59
0.55
0.38

Revenue
Insurance
0.42
0.32
0.25
0.18
0.1

Revenue
Insurance
0.67
0.59
0.59
0.55
0.38

Source: University of Nebraska Cooperative Extension, Cornhusker Economics, January 24, 2001
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Percent Change
Yield
Insurance
22
40
84
129
192

Revenue
Insurance
60
84
136
206
280

Table 2. Summary Statistics by Crop Insurance Policy Period.
Pre-FCIRA

FCIRA

Ad-hoc

ARPA

2008 Farm Bill

1989-1994

1995-1998
Std.
Mean
Dev.

1999-2000
Std.
Mean
Dev.

2001-2008
Std.
Mean
Dev.

2009-2013
Std.
Mean
Dev.

23.80

11.10

25.30

12.63

27.94

11.06
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Variable

Mean

Std.
Dev.

Acres in CRP (1,000s of acres)

11.99

23.56

12.00

CRP Rent ($ per acre enrolled)

44.84

11.90

41.73

13.20

39.81

18.83

37.39

21.01

34.20

20.03

Acres Insured (1,000s of acres)

32.37

61.99

70.47

102.12

71.90

106.07

84.71

142.37

97.67

137.44

Subsidy Rate - 50%-55% Coverage

0.30

0.00

0.91

0.10

0.90

0.09

0.86

0.10

0.82

0.09

Subsidy Rate - 60%-65% Coverage

0.29

0.03

0.40

0.03

0.55

0.04

0.60

0.02

0.63

0.04

Subsidy Rate - 70%-75% Coverage

0.17

0.01

0.25

0.04

0.46

0.04

0.58

0.03

0.64

0.06

Subsidy Rate - 80%-85% Coverage

0.10

0.14

0.31

0.06

0.45

0.08

0.49

0.06

0.56

0.06

Subsidy Rate - Revenue Policies

0.00

0.00

0.27

0.17

0.48

0.06

0.58

0.04

0.64

0.07

Palmer Drought Severity Index

0.71

2.03

1.32

1.59

-0.72

1.92

-0.15

1.97

0.10

2.57

Drought Indicator (PDSI < -2)

0.10

0.30

0.00

0.01

0.30

0.46

0.18

0.39

0.23

0.42

Dec. Corn Price ($ per bushel)

2.59

0.18

2.51

0.26

2.93

0.10

2.87

0.27

2.43

0.35

Nov. Soybeans Price ($ per bushel)

6.09

0.28

5.84

0.29

6.21

0.13

5.93

0.58

5.63

0.28

Sept. Wheat Price ($ per bushel)

3.52

0.27

3.33

0.22

3.56

0.08

3.39

0.28

3.67

0.13

Corn Harvest (%)

0.38

0.32

0.39

0.31

0.39

0.30

0.39

0.29

0.39

0.28

Soybeans Harvest (%)

0.27

0.26

0.26

0.25

0.27

0.24

0.28

0.25

0.30

0.25

Wheat Harvest (%)

0.35

0.36

0.35

0.25

0.34

0.36

0.32

0.36

0.30

0.36

Expected Price

3.86

0.83

3.67

0.75

4.02

0.71

3.91

0.74

3.78

0.67

Observations

16,536

11,024

5,512

22,048

24.82

13,780

Notes: CRP rental rates are adjusted for inflation using annual averages of the Producer Price Index for all goods. Commodity futures prices are adjusted for inflation
using the Producer Price Index specific to each commodity for the month of February.
Sources: CRP data come from USDA FSA statistics on CRP enrollment. Crop insurance data provided by USDA RMA data files. PDSI generated by state specific
queries on NOAA Climate Monitoring website. Futures prices from the Chicago Board of Trade are made available by Quandl Inc. Crop harvest data downloaded from
USDA NASS Quick Stats online database. Producer Price Indices for each commodity were retrieved from the St. Louis Fed FRED online database.

Table 3. The Relationship Between Crop Insurance Participation and Enrollment in the Conservation Reserve
Program (CRP).
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Variable
CRP Rent ($ per acre enrolled)
CRP Acres Lag
Acres Insured
Drought
Expected Price
Year Fixed Effects
Observations
Counties
First Stage F-Statistic
R-Square

IV Fixed Effects
(1)
(2)
Acres Enrolled in CRP
Acres Enrolled in CRP
Coef.
Std. Error
Coef.
Std. Error
23.191***
(6.731)
20.354***
(6.413)
0.882***
(0.012)
0.883***
(0.012)
-0.009***
(0.002)
-0.006***
(0.002)
337.662**
(140.254)
171.905
(161.691)
175.721***
(48.058)
-227.906**
(104.548)
No
Yes
68,900
68,900
2,756
2,756
855.50
>40,000
0.80
0.81

Notes: Estimates generated using Two Stage Least Squares regressions with county fixed effects. Standard errors clustered at the
state level are shown in parenthesis. Drought is an indicator equal to 1 if the PDSI was less than -2 in the previous year to reflect
producer expectations. CRP rental payments are expressed in real terms using the PPI. Futures prices for corn (Dec.), soybeans
(Nov.), and wheat (Sep.) are converted to real terms and weighted by historical production of each commodity over the previous
10 years.
* Statistically significant at the 0.10 level, ** Statistically significant at the 0.05 level, *** Statistically significant at the 0.01 level

Table 4. Point Estimates of the Effect of Insured Acres on CRP Enrollment by Farm Production Region.
Elasticities (%)
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Farm Production Region
Pacific (CA, OR, WA)
Mountain (ID, MT, WY, NV, UT, CO, AZ, NM)
Northern Plains (ND, SD, NE, KS)
Southern Plains (OK, TX)
Lake States (MN, WI, MI)
Corn Belt (IA, MO, IL, IN, OH)
Delta States (AR, LA, MS)
Northeast (NY, VT, NH, ME, MA, CT, DE, RI, NJ, PA, MD)
Appalachia (VA, WV, NC, KY, TN)
Southeast (AL, GA, SC, FL)

Coef.
0.002
0.001
-0.022***
0.000
-0.013***
-0.009***
0.002**
-0.001
-0.004***
-0.018***

Std. Error
(0.003)
(0.001)
(0.003)
(0.001)
(0.003)
(0.001)
(0.001)
(0.002)
(0.001)
(0.004)

25th
percentile
0.000
0.000
-0.063***
0.000
-0.011***
-0.019***
0.000**
-0.001
-0.001***
-0.001***

50th
percentile
0.000
0.000
-0.128***
0.000
-0.055***
-0.068***
0.003**
-0.003
-0.006***
-0.019***

75th
percentile
0.007
0.003
-0.193***
0.000
-0.145***
-0.131***
0.014**
-0.011
-0.028***
-0.085***

Notes: Point estimates of the effect of insured acres on acres enrolled in CRP were generated using Two Stage Least Squares regressions with county
and year fixed effects. Standard errors are clustered at the county level as opposed to the state level due to the small number of states in several of the
farm production regions. Associated elasticities are computed at the 25th, 50th, and 75th percentiles of insured acreage and the mean of CRP
enrollment for each region.
* Statistically significant at the 0.10 level, ** Statistically significant at the 0.05 level, *** Statistically significant at the 0.01 level

Table 5. Point Estimates of the Effect of Insured Acres on CRP Enrollment by Major Crop in
County.
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Crop
Majority Cropland Counties (> 50% of Ag Land)
Minority Cropland Counties (< 50% of Ag Land)
Major Crop in County
Corn
Soybeans
Wheat
Cotton
Sorghum
Barley
Rice

Effect of Acres Insured on CRP Acres
Coef.
Std. Error
Elasticity (%)
-0.012***
(0.002)
-0.165***
-0.003***
(0.001)
-0.014***
-0.007***
-0.005***
-0.002
0.001
-0.000
-0.020**
-0.000

(0.001)
(0.001)
(0.001)
(0.001)
(0.001)
(0.010)
(0.000)

-0.064***
-0.042***
-0.010
0.005
0.000
-0.115**
0.000

Notes: Point estimates of the effect of insured acres on acres enrolled in CRP were generated using Two Stage
Least Squares regressions with county and year fixed effects. Standard errors clustered at the county level.
Associated elasticities are computed at the median of the data for each major crop region.
* Statistically significant at the 0.10 level, ** Statistically significant at the 0.05 level, *** Statistically significant
at the 0.01 level

Table 6. The Relationship Between Endogenous Crop Insurance Participation and Instrumental Variables.
First Stage Regression - Dependent Variable: Acres Insured
(1)
(2)
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Variable
Exogenous Control Variables
FCIRA Dum
Ad-hoc Dum
ARPA Dum
2008 Farm Bill Dum
FCIRA * Percent 50-55% pre-FCIRA
FCIRA * Percent 60-65% pre-FCIRA
FCIRA * Percent 70-75% pre-FCIRA
FCIRA * Percent 80-85% pre-FCIRA
Ad-hoc * Percent 50-55% pre-Ad-hoc
Ad-hoc * Percent 60-65% pre-Ad-hoc
Ad-hoc * Percent 70-75% pre-Ad-hoc
Ad-hoc * Percent 80-85% pre-Ad-hoc
ARPA * Percent 50-55% pre-ARPA
ARPA * Percent 60-65% pre-ARPA
ARPA * Percent 70-75% pre-ARPA
ARPA * Percent 80-85% pre-ARPA
Farm Bill * Percent 50-55% pre-Farm Bill
Farm Bill * Percent 60-65% pre-Farm Bill
Farm Bill * Percent 70-75% pre-Farm Bill
Farm Bill * Percent 80-85% pre-Farm Bill
Average Acres Insured in Nearby Counties
Year Fixed Effects
Observations
Counties
F-Statistic
F-Statistic for Excluded Instruments

Coef.
Yes
-14,250.07
-7,156.31
-10,143.98***
-9,267.55
401,073.80**
101,623.20***
72,844.07
1,399,107.00**
35,723.20**
79,465.72***
80,006.11*
250,160.00
-32,841.32**
169,270.80**
2,509.91
383,095.60
25,719.46
121,116.20***
46,617.78***
-3,322.66
0.45***
No
68,900
2,756
855.50
306.38

Std. Error
(9,014.99)
(4,965.28)
(3,458.23)
(6,082.26)
(160,165.00)
(18,196.49)
(48,228.79)
(589,843.8)
(15,102.09)
(22,183.10)
(44,850.46)
(172,041.00)
(15,774.17)
(79,816.41)
(69,461.50)
(241,680.10)
(20,928.07)
(31,626.08)
(8,120.19)
(14,991.47)
(0.14)

Coef.
Yes
_
_
_
_
405,579.40**
102,893.00***
73,853.55
1,434,057.00**
35,689.97**
79,731.02***
76,780.70*
249,637.30
-33,146.87**
171,069.20**
1,679.79
381,236.90
22,746.29
125,085.30***
46,823.55***
-3,522.58
0.41***
Yes
68,900
2,756
>400,000
253.35

Std. Error
_
_
_
_
(159,898.20)
(18,496.50)
(47,300.50)
(600,609.40)
(15,192.76)
(22,471.32)
(43,060.01)
(170,788.80)
(15,815.86)
(79,989.69)
(68,403.23)
(242,257.10)
(20,815.99)
(32,432.20)
(8,173.51)
(14,964.63)
(0.15)

Notes: First stage regression estimated using Ordinary Least Squares. Standard errors clustered at the state level are shown in parenthesis. Instruments include
indicators for policy changes, policy indicators interacted with measures of policy change exposure, and average acres insured in counties within the same farm
production region. Policy indicators in (2) are dropped due to multicollinearity with year fixed effects. All exogenous control variables shown in the second stage
regressions are included.
* Statistically significant at the 0.10 level, ** Statistically significant at the 0.05 level, *** Statistically significant at the 0.01 level

Table 7. The Relationship Between Crop Insurance Participation and Enrollment in the Conservation Reserve
Program (CRP).
OLS Fixed Effects
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Variable
CRP Rent ($ per acre enrolled)
CRP Acres Lag
Acres Insured
Drought
Expected Price
Year Fixed Effects
Observations
Counties
R-Square

(1)
Acres Enrolled in CRP
Coef.
Std. Error
30.348***
(8.890)
0.877***
(0.011)
-0.003**
(0.001)
293.854*
(163.029)
177.331***
(50.512)
No
68,900
2,756
0.81

(2)
Acres Enrolled in CRP
Coef.
Std. Error
20.508***
(6.262)
0.881***
(0.011)
-0.002*
(0.001)
152.487
(173.337)
-233.359**
(101.610)
Yes
68,900
2,756
0.82

Notes: Estimates generated using OLS fixed effects regression. Standard errors clustered at the state level are shown in
parenthesis. Drought is an indicator equal to 1 if the PDSI was less than -2 in the previous year to reflect producer expectations.
CRP rental payments are expressed in real terms using the PPI. Futures prices for corn (Dec.), soybeans (Nov.), and wheat (Sep.)
are converted to real terms and weighted by historical production of each commodity over the previous 10 years.
* Statistically significant at the 0.10 level, ** Statistically significant at the 0.05 level, *** Statistically significant at the 0.01 level

Table 8. Check for Robustness of the Effect of Crop Insurance on CRP Enrollment.
(1)
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Variable
CRP Rent ($ per acre enrolled)
CRP Acres Lag
Acres Insured
Drought
Expected Price
Year Fixed Effects
Observations
Counties
First Stage F-Statistic
R-Square

General Sign-up Years
Acres Enrolled in CRP
Coef.
Std. Error
21.906***
(7.248)
0.869***
(0.017)
-0.007*
(0.004)
103.203
(174.882)
-254.889*
(131.343)
Yes
38,584
2,756
2,009.27
0.78

Fixed Effects (with IV)
(2)
Non-General Sign-up
Years
Acres Enrolled in CRP
Coef.
Std. Error
18.683***
(5.912)
0.898***
(0.010)
-0.006***
(0.001)
363.031**
(178.409)
-71.360
(63.026)
Yes
30,316
2,756
1,056.35
0.87

(3)
1989-1994, 1999-2008
Acres Enrolled in CRP
Coef.
Std. Error
19.693***
(6.725)
0.868***
(0.016)
-0.006***
(0.002)
178.649
(140.153)
26.280
(62.825)
Yes
44,096
2,756
228.26
0.86

Notes: Estimates generated using Two Stage Least Squares regressions with county fixed effects. Standard errors clustered at the state level are
shown in parenthesis. Specifications (1) is limited to years when a General Sign-up was offered. Specification (2) excludes General Sign-up years
while (3) excludes the periods following FCIRA of 1994 and the 2008 Farm Bill. Drought is an indicator equal to 1 if the PDSI was less than -2 in
the previous year to reflect producer expectations. CRP rental payments are expressed in real terms using the PPI. Futures prices for corn (Dec.),
soybeans (Nov.), and wheat (Sep.) are converted to real terms and weighted by historical production of each commodity over the previous 10 years.
* Statistically significant at the 0.10 level, ** Statistically significant at the 0.05 level, *** Statistically significant at the 0.01 level

CHAPTER TWO
THE MARKET STRUCTURE FOR CROP INSURANCE AND THE
EFFECTS ON INSURANCE CONTRACTS
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Abstract

In this paper, we examine how the market structure for crop insurance agent services impacts
their pursuit of rents in the federal crop insurance program. Agents may attempt to influence
producers’ insurance choices to maximize total compensation. The ability of agents to exercise
this influence likely depends on the level of competition among selling agents. We develop a
theoretical model of producer-agent interaction from which we generate testable hypotheses for
how loss potential, agent compensation mechanisms, and agent market power affect the amount
of coverage selected by producers. Using a producer level dataset from five states, we find
evidence that agent market power matters in the insurance coverage decisions of producers and
the actuarial performance of policies. Effects of agent market power on contract premiums and
liabilities are mixed across states which may be attributable to differences in how agents are
compensated. In Iowa, we find that a 10-percentage point increase in an agent’s market share
increases the premiums of policies they sell by an average of $0.36 per acre. In Washington, the
same increase in market share is associated with a decrease of $0.11 per acre. We find evidence
that agent market power can alleviate adverse selection problems in the federal crop insurance
program by limiting the behavior of opportunistic producers.
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1. Introduction
The U.S. federal crop insurance program has become the primary source of government provided
risk management for American farmers, covering over 80 percent of all U.S. cropland. The
federal crop insurance program is administered by the United States Department of Agriculture
(USDA) Risk Management Agency (RMA). The RMA partners with private insurance
companies to deliver the federal crop insurance program through agents who sell policies
directly to producers. The government provides subsidies to market participants in the form of:
discounted producer premiums, reimbursement of administrative and operating (A&O) costs for
private companies, and a reinsurance market for private companies to reduce loss exposure.33
The government subsidizes premiums such that producers pay only a portion of the total
cost of insurance. A&O subsidies are intended to cover the costs of selling (i.e., agent
commissions) and servicing crop insurance policies while the reinsurance market allows
companies to share losses with the federal government in bad years (Appel and Borba, 2009).
Since 2007 total program costs average 7.1 billion dollars per year but have been as high as 13.4
billion in a single year (USDA RMA, 2017). Across the subsidy categories, producer premiums
represent the largest cost, averaging 5.9 billion per year, followed by A&O subsidies which
average 1.4 billion per year.
Subsidization of market participants may encourage rent-seeking behavior (Glauber,
2012; Lusk, 2016; Smith et al., 2016). A considerable amount of work has identified producer
rent-seeking behavior through asymmetric information (Skees and Reed 1986; Horowitz and
Lichtenberg, 1993; Quiggen, Karagannis, and Stanton, 1993; Babcock and Hennessy, 1996;

33

Government reinsurance, the assigned risk fund, is used for policies identified as undesirable by companies. As a
result, all producers, regardless of risk, can be insured.
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Smith and Goodwin, 1996; Coble et al., 1997; Roberts, Key and O’Donoghue, 2006;
Schoengold, Ding, and Headlee, 2014; Walters et al., 2014). Generally, producers that enter the
insurance pool are more susceptible to losses than their self-insured counterparts. Recent work
considers the rent-seeking behavior of insurance companies (Pearcy and Smith, 2015; Smith et
al., 2016) but little consideration has been given to the potential for rent-seeking behavior from
insurance selling agents.
Individual insurance agents act as middlemen between farmers and insurance companies
by procuring policies from producers and selling their portfolio of contracts, referred to as the
book of business, to authorized insurance companies. Crop insurance agent compensation
depends on the total premiums they transfer to insurance companies and may be influenced by
the expected losses associated with their book of business. Agents may pursue rents by writing
contracts for insurance products and coverage levels that maximize the agent’s total
compensation, which may not maximize producer outcomes. Agents’ ability to influence
producers’ insurance decisions depends on their market power and the farmers’ production
knowledge and relative risk level.
We examine how agent market share and agent competition influence the crop insurance
decisions of producers. We consider two types of producers, opportunistic and passive. Passive
producers do not observe their individual probability of loss when selecting insurance while
opportunistic producers possess more information relative to the agent and act accordingly. We
model the interaction between producers of each type and a representative crop insurance agent
in the context of a signaling game. We hypothesize that the effect of an increase in the agent’s
market power on passive producers depends on the agent’s beliefs about the producer’s loss
probability as well as the agent compensation mechanisms. We predict that as an agent gains
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market power, they will attempt to reduce the coverage selected by opportunistic producers to
increase the quality of the book of business.
We test these hypotheses empirically using contract level data from five states that have
very different growing conditions and crops: Iowa, Nebraska, Oklahoma, Montana, and
Washington. We estimate the relationship between measures of market power and the insurance
coverage choices of producers. We find both positive and negative market power effects on the
premiums and liabilities chosen by passive producers and generally negative effects on
opportunistic producers. Our results suggest that agents with market power can improve the
federal crop insurance program by offsetting some adverse selection.
The Standard Reinsurance Agreement (SRA) stipulates the rules governing the
relationship between the government and authorized private insurance companies. Authorized
private insurance companies sell and service insurance products and share underwriting gains
and losses with the federal government. The government provides an Administrative and
Operating (A&O) subsidy, which is calculated as a proportion of total premium, to pay for
administrative and operating costs such as agent commissions, adjustor costs and regulatory
requirements. Agent compensation is based on the total amount of insurance transferred to
insurance companies (total premiums) and the historical performance of their portfolio of
business (underwriting gains or losses) (Walters et al., 2010). The agents’ incentives include
maximizing the premiums collected by farmers and the actuarial performance of the policies they
sell to insurance companies. We refer to these motivations as the volume incentive (premiums
collected) and quality incentive (actuarial performance).
The SRA restricts agent behavior in two important ways. First, producer premiums
cannot be influenced by agents or insurance companies. Agents found manipulating premiums
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can be banned from the industry (Pearcy and Smith, 2015). Second, agents must sell any
approved policy to a producer that demands it, provided the agent does business in the
producer’s state. Agents cannot compete on the basis of premium price or refuse the business of
high risk farmers (Glauber, 2004). In this context, we can define agent rent-seeking as any excess
profit derived by selling coverage that is sub-optimal for the producer.
Agents may leverage their knowledge of insurance products to influence the insurance
type purchased by farmers. More comprehensive insurance policies (e.g. those that cover
revenue and transfer high levels of liability to the insurer (high coverage “buy-up” plans)) carry
higher premiums which increase agent compensation.34 Alternatively, if an agent expects a
prospective customer to suffer major losses, the quality incentive may direct the agent to
minimize their exposure. The extent to which an agent can exert either type of influence will
depend on the agent’s individual market share, the regional concentration of agents, i.e. how
much competition exists among sellers, and the producer’s perceived risk level.
Just, Calvin, and Quiggin (1999) show that three incentives motivate a producer to
participate in federal crop insurance or not: risk aversion, premium subsidies, and asymmetric
information. When purchasing crop insurance, the producer chooses a percentage of their
historical average yield (in crop insurance the historical average yield is commonly referred to as
the Actual Production History (APH)) to insure, known as the coverage level. For yield
insurance, if the actual yield falls below the yield guarantee (coverage level times APH) the
policy generates an indemnity equal to the difference and paid at a pre-determined price.35 The

34

Note that the difference in commissions between revenue policies and all other is not linear in percent since the
A&O subsidy rate is capped at 18.5% of premium for revenue policies vs. 21.9% of premium for all other policies.
35
Crop insurance use commodity futures prices to determine the guarantee. For example, the average of December
corn futures in February (for soybeans the RMA uses the average of November soybean futures in February)
determines the projected price, which represents the price used for yield insurance.
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further the producer’s actual yield falls below this guaranteed level, the larger the insurance
payout.
Traditional economic models of insurance show that risk averse producers should elect
the maximum coverage level possible as subsidies make crop insurance actuarially
advantageous. Much of the literature, however, does not support this theory. Producers generally
do not choose coverage per the standard expected utility maximization framework. Babcock
(2015) states that producers treat federal crop insurance as an investment instrument and less of a
risk management tool. Producers choose coverage that maximizes the difference between
expected indemnities (payments for losses) and out-of-pocket premiums (total premium less
government subsidies) without regard for risk aversion.
When choosing a crop insurance product, farmers must select from a menu of options
including the coverage level, policy type, individual vs. area protection, unit type and price
election. Product characteristic combinations can easily number in the hundreds, making many
producers highly reliant on agent expertise (Schnitkey and Sherrick, 2017). Agents with market
power may take advantage of these and other information asymmetries to maximize
compensation.
High market concentration leads to higher prices than would be realized in a competitive
market (Cotterill, 1986; Calem and Carlino, 1991; Davis, 2005). Several studies focus
exclusively on health insurance where premiums are found to increase with the market power of
insurance companies (Wholey et al., 1995; Bates et al., 2012; Dafny et al., 2012). In contrast,
Shim (2015) finds that high market concentration is associated with greater firm fragility in the
case of property-liability insurance. We extend this body of work to the market for crop
insurance.

63

A growing body of research considers the supply side of the crop insurance industry.
Pearcy and Smith (2015) model the interaction between farmers, insurance agents, and insurance
companies in a theoretical setting and draw conclusions about how government policy influences
the behavior of each market participant. They consider the possibility of insurance companies
colluding to exert market power but assume individual agents cannot do the same. Smith et al.
(2016) extend that work by empirically estimating the effect of insurance company market power
on the commission rates paid to agents. They find that monopsony power by insurance
companies significantly depresses agent compensation. We contribute to the growing literature
on the supply-side of crop insurance by analyzing the role of competition in the first tier of the
market.
In the following sections, we model the interaction between a producer buying a crop
insurance policy and a selling agent. We then describe the data and empirical model used in
estimation, present results, and summarize our conclusions.

2. Producer-Agent Interaction
We model the interaction between a crop insurance selling agent and a representative producer.
For simplicity, we focus on the producer coverage level decision since coverage level is the
primary decision influencing the amount of liability transfer. 36 Producers treat crop insurance as
a standalone investment instrument and choose coverage level 𝜇𝑖 to maximize the difference
between expected indemnity payments less premiums paid. As 𝜇𝑖 increases, both potential
indemnities and producer premiums rise. See Appendix A for a complete detailing of the

36

Other insurance choices include the policy type (e.g. yield vs. revenue coverage), unit structure, and price election
amount. We ignore these choices in the interest of simplicity.
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producer’s insurance maximization problem. We assume producers cannot perfectly observe
their optimal choice of insurance coverage, denoted 𝜇𝑖∗ , and vary in knowledge of their
subjective probability of experiencing a production loss. Due to imperfect knowledge, all
producers rely on agent expertise to some degree when making crop insurance decisions.
A representative producer 𝑖 has an individual yield distribution 𝑓(𝑦𝑖 ). We assume
producers vary in their knowledge of this distribution with either imperfect knowledge of 𝑓(𝑦𝑖 )
or no knowledge. Producers with imperfect knowledge of 𝑓(𝑦𝑖 ) can estimate their expected
production levels for the upcoming crop year and approximate their probability of loss. While
these types of producers cannot perfectly anticipate losses, or calculate their optimal coverage
level exactly, they may still exploit information asymmetries when purchasing crop insurance.
We refer to these as “opportunistic” producers. Conversely “passive” producers do not observe
𝑓(𝑦𝑖 ) and can only approximate future production based on broad population averages.
In addition to being opportunistic or passive, we model producers as having either a high
or low probability of loss, defined as actual yield falling below the producer’s average historical
yield. High-probability producers are more likely to suffer a production loss and receive an
indemnity payment for any given coverage level. The proportion of high risk producers in the
overall population is represented by 𝑝. High-probability and low-probability types have
cumulative yield distributions 𝐹(𝑦|𝐻) and 𝐹(𝑦|𝐿) respectively. A high-probability producer and
low-probability producer with identical historical average yields, denoted 𝑦̅, will differ in their
respective likelihoods of loss where 𝐹(𝑦|𝐻) exceeds 𝐹(𝑦|𝐿) for all yields below the historical
average, i.e.:
𝐹(𝑦|𝐿) ≤ 𝐹(𝑦|𝐻) ∀ 𝑦 < 𝑦̅
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In this way, 𝐹(𝑦|𝐻) can be treated as a mean preserving spread of 𝐹(𝑦|𝐿). Figure 1 provides a
visual depiction of the two distributions. The high loss probability type has the same historical
yield average as the low loss probability type but a wider yield variance around that historical
average. Therefore, the likelihood of loss, defined here as a below average crop year, is always
greater for the high loss probability type than for the low loss probability type.
The producer’s expected utility for a given insurance coverage level and loss probability
is:
𝔼[U𝑖 (𝜇𝑖 )|𝐿𝑜𝑠𝑠 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦]
We express the producer’s utility as an expectation as their returns from insurance are not
realized until harvest time when yields are observed.
Opportunistic producers are privately informed about their loss probability while passive
producers are not. Prior to any interaction with the insurance agent, producers of either type form
an approximation of their optimal coverage level 𝜇𝑖∗ . Opportunistic producers use their private
information to approximate 𝜇𝑖∗ while passive producers cannot. Producer 𝑖 communicates their
approximated optimal coverage level 𝜇𝑖 to a representative crop insurance agent 𝑗 who then
recommends a coverage level 𝜇𝑗 defined as follows:
𝜇𝑗 (𝜇𝑖 , 𝛼𝑗 ) = 𝜇𝑖 + 𝛼𝑗
The term 𝛼𝑗 captures the agent’s influence over the producer’s coverage choice. The agent
chooses a positive 𝛼𝑗 to increase the producer’s coverage and a negative 𝛼𝑗 to reduce coverage.
The choice of a positive or negative recommendation depends on the agent’s beliefs about the
risk level of the producer and how agents are compensated.
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Crop insurance agents sell policies to maximize the total commission received from the
insurance company who acquires the policy. This commission, equal to some commission rate
times total premiums transferred, can increase in two ways. First, the commission rate
(percentage of total premium transferred) can rise. Insurance companies may pay higher
commission rates for high-quality policies that generate underwriting gains (premiums exceeding
indemnities). The incentive to maximize the commission rate, what we refer to as the “quality
incentive,” may lead the agent to recommend a negative 𝛼𝑗 to a producer that is likely to suffer a
loss. Reducing the coverage of a high loss probability producer reduces exposure to large
indemnity payments. Second, the agent can sell a policy with high total premiums (producer paid
plus government subsidies) by convincing the producer to purchase a high coverage policy. The
agent will recommend a positive 𝛼𝑗 in response to this “volume incentive.” (See Appendix B for
a detailed explanation of the agent’s profit maximization problem.)
The producer may find the recommendation made by the agent deviates too far from their
original approximation however, and opt to work with a different agent. Competition among
agents has the effect of attenuating any one agent’s ability to influence producers. A competing
agent 𝑘 may undercut agent 𝑗 by offering a recommendation closer to the producer’s
approximated optimal coverage level. The producer will choose to purchase a policy from agent
𝑘 carrying coverage level 𝜇𝑘 = 𝜇𝑖 + 𝛼𝑘 if:
|𝜇𝑖 + 𝛼𝑘 | < |𝜇𝑖 + 𝛼𝑗 | ⇒ |𝛼𝑘 | < |𝛼𝑗 |.
We denote the probability of being undercut by a competitor as V(𝛼𝑗 ) which is increasing
in 𝛼𝑗 if 𝛼𝑗 is positive and decreasing in 𝛼𝑗 if 𝛼𝑗 is negative. In other words, the probability of
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losing the sale grows as the agent’s recommendation deviates further and further from the
producer’s original approximation 𝜇𝑖 in either direction.
V′(𝛼𝑗 ) {

< 0 𝑖𝑓 𝛼𝑗 > 0
> 0 𝑖𝑓 𝛼𝑗 < 0

The prospect of losing the producer to a competing agent forms a natural constraint on the
agent’s influence.
To see how an increase in market power impacts the agent’s influence, we examine the
agent’s objective function for each producer type separately. We begin with the case of an
opportunistic producer.

3. Opportunistic Producer Profit Function
The agent’s expected profit given the producer’s approximated coverage level 𝜇𝑖 is as follows:
max 𝔼[Π𝑗 (𝛼𝑗 |𝜇𝑖 )] = V(𝛼𝑗 ) ∙ [𝑃(𝐻|𝜇𝑖 ) ∙ 𝔼[Π𝑗 (𝜇𝑖 + 𝛼𝑗 )|𝐻] + (1 − 𝑃(𝐻|𝜇𝑖 )) ∙ 𝔼[Π𝑗 (𝜇𝑖 + 𝛼𝑗 )|𝐿]]
𝛼𝑗

After producer 𝑖 communicates 𝜇𝑖 to the agent, the agent chooses 𝛼𝑗 to maximize expected
profit. The profit from selling a policy with coverage level 𝜇𝑖 + 𝛼𝑗 is expressed as Π𝑗 (𝜇𝑖 + 𝛼𝑗 )
which represents the product of the commission rate paid by the insurance company and the total
policy premium collected. Because insurance companies only pay commission rates after the
crop year is over and production losses are documented, the commission rate is expressed as an
expectation (See Appendix B).
𝔼[Π𝑗 (𝜇𝑖 + 𝛼𝑗 )] = 𝔼[𝑐(𝜇𝑖 + 𝛼𝑗 )] ∙ 𝜌(𝜇𝑖 + 𝛼𝑗 )
The insurance company may pay a lower commission rate 𝑐(∙) if the producer suffers a
loss and the indemnities incurred outweigh the premiums collected. For any production loss,
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indemnity payments rise with the elected coverage level so the change in expected profit due to
an increase in the producer’s coverage level, denoted 𝔼[Π𝑗 ′(∙)], depends on the probability of
loss and the importance of the quality incentive.
Opportunistic producers use private information about their loss potential when
approximating their optimal coverage level. Therefore, after observing 𝜇𝑖 , the agent attempts to
draw information about the producer’s likelihood of experiencing a loss. The term 𝑃(𝐻|𝜇𝑖 ) is the
conditional probability that a producer has a high loss probability given the observed coverage
approximation 𝜇𝑖 .
The probability that the producers accepts 𝛼𝑗 and the agent successfully closes the sale is
V(𝛼𝑗 ) while the probability of losing the sale to a competing agent is 1 − V(𝛼𝑗 ).37 Agent market
power has the effect of increasing the producer’s probability of accepting a recommendation
from the agent, i.e. V(𝛼𝑗 ) increases for all 𝛼𝑗 . This may be the result of fewer competing agents
in the insurance market, i.e. higher concentration, or an increase in the agent’s individual market
share. In either case, the result is a decreased likelihood of the agent losing the sale to a
competitor.
Taking the first order condition of the agent’s expected profit function and applying the
Implicit Function Theorem, the following comparative static describing the effect of market
power on agent influence emerges:

37

The full expected profit function adds the term (1 − V(𝛼𝑗 )) ∙ 0 to represent the probability weighted outcome of
losing the sale to a competitor and earning a profit of zero.
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−1

𝜕𝛼𝑗
| opportunistic producer
𝜕V(∙)

𝔼[Π𝑗 ′(∙)|𝐻]
> 0 if 𝑃(𝐻|𝜇𝑖 ) < [1 −
]
𝔼[Π𝑗 ′(∙)|𝐿]

≡ Ω(Λ)

−1

𝔼[Π𝑗 ′(∙)|𝐻]
< 0 if 𝑃(𝐻|𝜇𝑖 ) > [1 −
]
𝔼[Π𝑗 ′(∙)|𝐿]
{

where Λ ≡

𝔼[Π𝑗 ′(∙)|𝐻]
𝔼[Π𝑗 ′(∙)|𝐿]

≡ Ω(Λ)

≤1

The above conditions state that the agent’s response to greater market power (or less
competition) depends on two factors: the conditional probability that the producer is likely to
experience a loss 𝑃(𝐻|𝜇𝑖 ), and the threshold Ω(Λ) which is a function of the agent’s quality
incentive. If, given the producer’s approximated coverage level 𝜇𝑖 , the probability that the
producer is a high loss type exceeds Ω(Λ), the agent will use their market power to lower the
coverage level of an opportunistic producer. Conversely, if 𝑃(𝐻|𝜇𝑖 ) falls below the threshold
defined by Ω(Λ), the agent will leverage market power to increase the producer’s coverage.
The threshold Ω(Λ) captures the importance of the quality incentive to the agent’s
compensation. It establishes the tradeoff between increasing the producer’s coverage, thereby
increasing premiums, and the risk of loss invited by increasing coverage which may impact the
agent’s commission rate. The term Λ ≡

𝔼[Π𝑗 ′(∙)|𝐻]
𝔼[Π𝑗 ′(∙)|𝐿]

is the change in expected agent profit from

increasing a high loss probability producer’s coverage level divided by the change in expected
profit from increasing a low loss probability producer’s coverage level. It represents how
important policy quality is to the agent’s compensation because higher coverage levels expose
the insurance company to greater losses in the event of a below average production year. If agent
commissions are not tied to policy performance, i.e. there is no quality incentive for the agent,
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the ratio will be exactly one and agents will attempt to raise the coverage of all producers.38 If
commissions are highly sensitive to actuarial performance, then increasing the coverage of highloss types will hurt the agent’s compensation while increasing the coverage of low-loss types
will boost their compensation, making the ratio Λ negative.
As the quality incentive becomes more important, Λ becomes a larger negative number
and the threshold Ω(Λ) falls. A lower Ω(Λ) means the likelihood that the producer has a high risk
of loss must be very small for the agent to attempt to increase the producer’s chosen coverage
level. In fact, so long as both 𝔼[Π𝑗 ′(∙)|𝐻] and 𝔼[Π𝑗 ′(∙)|𝐿] are both non-negative, Ω(Λ) will be
greater than or equal to one and an increase in the agent’s market power will necessarily compel
them to increase the coverage of an opportunistic producer.
Recall that opportunistic producers make use of private information before entering the
insurance pool. Opportunists with a high probability of loss are more likely to purchase
insurance while those with little risk of loss will forgo insurance entirely. As a result,
opportunistic producers pose an adverse selection problem to insurers. Opportunists will have a
high conditional probability of loss 𝑃(𝐻|𝜇𝑖 ) that is close to one and likely exceeds Ω(Λ). The
most common outcome of an increase in agent market power will involve the agent
recommending a lower coverage level to the opportunistic producer. Cases where agents attempt
to increase opportunistic producers’ coverage levels will be rare or non-existent.

38

Note that the ratio Λ cannot exceed one as we assume the denominator will always be at least as large as the
numerator. High coverage policies sold to low-risk producers are at least as attractive to insurance companies as
high coverage policies sold to high-risk producers.
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4. Passive Producer Profit Function
The agent’s expected profit from selling a policy to a passive producer is as follows:
max 𝔼[Π𝑗 (𝛼𝑗 |𝜇𝑖 )] = V(𝛼𝑗 ) ∙ [𝑝 ∙ 𝔼[Π𝑗 (𝜇𝑖 + 𝛼𝑗 )|𝐻] + (1 − 𝑝) ∙ 𝔼[Π𝑗 (𝜇𝑖 + 𝛼𝑗 )|𝐿]]
𝛼𝑗

Passive producers differ from opportunists in that they cannot observe their own subjective
probability of suffering a loss. Passive producers can only play a pooling strategy where they
approximate an optimal coverage level without knowing if they are a high or low-loss probability
type and communicate this approximation to the agent. The agent, who cannot update his/her
beliefs about the passive producer’s true loss potential, recommends an 𝛼𝑗 to adjust the
producer’s approximated coverage level. The probability that the passive producer is a high-loss
type is the unconditional probability of dealing with a high-loss producer 𝑝.
To see how variations in market power impacts the agent’s recommendation to a passive
producer, we again take the first order condition of the above objective function and apply the
Implicit Function Theorem.
> 0 if 𝑝 < [1 −

𝜕𝛼𝑗
| passive producer
𝜕V(∙)
{

< 0 if 𝑝 > [1 −

where Λ ≡

𝔼[Π𝑗 ′(∙)|𝐻]
𝔼[Π𝑗 ′(∙)|𝐿]

𝔼[Π𝑗 ′(∙)|𝐻]
𝔼[Π𝑗 ′(∙)|𝐿]
𝔼[Π𝑗 ′(∙)|𝐻]
𝔼[Π𝑗 ′(∙)|𝐿]

−1

]

≡ Ω(Λ)

−1

]

≡ Ω(Λ)

≤1

The above condition is like that of opportunistic producers but the conditional probability
𝑃(𝐻|𝜇𝑖 ) is replaced with the unconditional probability 𝑝. Again, the effect of agent market
power depends on both the likelihood that the producer has a high probability of loss and
insurance companies’ preferences for actuarial quality, as reflected in the threshold Ω(Λ). If the
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overall proportion of high-loss producers in the population falls below Ω(Λ), the volume
incentive dominates, and market power increases the agent’s influence in a positive direction. If
the proportion of high-loss probability producers exceeds the threshold, the quality incentive
dominates, and powerful agents will act to reduce the producer’s coverage level.
The unconditional probability 𝑝 is determined by regional characteristics as opposed to
producer traits. Drought prone areas or regions with a large presence of marginal land, such as
many arid Western states, will have a high 𝑝 while areas with productive soil and predictable
growing conditions, such as the Corn Belt will have a low 𝑝. The threshold Ω(Λ) implies that
regional differences may emerge in how market power affects agents’ influence on passive
producers. Imagine two states with the same proportion of high-loss probability producers (𝑝𝐴 =
𝑝𝐵 = 𝑝) but differ in the way agents are compensated. In state A, insurance companies
generously reward agents for books of business that perform well, i.e. a strong quality incentive
exists. In state B, insurance companies emphasize total premiums so the volume incentive drives
agent behavior in that state. In this example, Λ A < Λ B meaning Ω(Λ A ) < Ω(Λ B ). If Ω(Λ A ) <
𝑝 < Ω(Λ B ) then an increase in agent market power will have different effects in each state
despite having equivalent levels of risk among their producer populations.
Using data from five states, we test the predicted effects of market power on agent
influence empirically for both opportunistic and passive producers. We provide an overview of
the data used in our analysis and discuss the empirical model in the following sections.

5. Data
Data were obtained from the USDA Risk Management Agency (RMA) at the individual crop
insurance unit level. Units are separate parcels of land within a producer’s land holdings that are
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insured under individual contracts.39 Each insured unit has its own production history against
which actual yields and revenues are compared to determine if an indemnity payment is
triggered.
For each insured unit, the producer chooses what policy type to purchase and the amount
of coverage (as a percentage of historical yield or revenue) which together with how many acres
are insured, determine the premium cost and liability guaranteed by the policy.40 More
comprehensive policies come with higher premiums, lower subsidy rates, and larger liabilities.
For each producer-unit level contract, we observe the insured crop type, crop year, county
location, total premiums paid (producer out-of-pocket expense and government subsidies), total
dollar amount of liability insured, coverage level, number of acres insured, farm practice used on
the unit (e.g. irrigated vs. non-irrigated), whether transitional yields are used in calculating
historical yields, the insured’s share in any crop sharing agreement, and indemnities paid for
losses. We observe the agent who sold the policy and approved insurance company (AIP) that
ultimately acquires the contract.41
The data spans selected counties in five states (Iowa, Nebraska, Oklahoma, Montana, and
Washington) from 1995 to 2009.42 Iowa, Oklahoma, and Washington datasets contain counties
from across the growing regions in their respective states while Nebraska and Montana are
regionally focused.43 While the Nebraska counties we observe are in the western part of the state,
39

There are four types of crop insurance units: basic, optional, enterprise, and whole farm. Whole farm and
enterprise are the largest and most aggregated unit types while basic and optional units allow for smaller pieces of
land to be insured individually.
40
Coverage levels range from 50 percent to 85 percent in five percent increments. Over time, high coverage “buyup” policies have become more popular as subsidies for them have risen.
41
Some policies denote multiple selling agents. We drop these as we are unable to award the sale to a unique agent.
42
The dataset is highly confidential due to the individual farm level detail. As such, sharing of the dataset has been
strictly limited.
43
Nebraska coverage is limited to five counties in the west while Montana is limited to four counties in the northcentral part of the state.
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they are like Iowa in terms of land heterogeneity and crop mix. Oklahoma, Montana, and
Washington exhibit greater within-county variation in growing conditions (Walters et al.,
2014).44 We limit the crops analyzed to those most commonly planted in each state. For Iowa,
this includes corn and soybean contracts. Wheat, corn, and soybean policies are covered in
Nebraska while Oklahoma contains these three plus sorghum and cotton. Both Montana and
Washington focus on wheat and barley insurance policies as these make up more than 90 percent
of contracts observed in each state.
We construct two measures of agent market power. First, we determine each agent’s
yearly market share by dividing the number of producers who purchase at least one contract from
the agent by the total number of producers who purchased at least one contract within the county
that year. Each agent’s market share is then:
MS𝑗𝑛𝑡 =

∑𝐼𝑖=1 A𝑖𝑗𝑛𝑡
∑𝐽𝑗=1 ∑𝐼𝑖=1 A𝑖𝑗𝑛𝑡

The term A𝑖𝑗𝑛𝑡 equals one if producer 𝑖 operating in county 𝑛 purchases at least one contract
from agent 𝑗 for crop year 𝑡. We treat all policies sold to a single producer by a single agent as
one sale. This strategy deals with any potential endogeneity between producers with large
operations and coverage choice.45
We square and sum the individual market shares across all agents in the same county to
create a Herfindahl index of agent market concentration.

44

Walters et al. (2014) also used this dataset. See their work for more details.
This strategy is also the most consistent with our theoretical framework where market power is modeled as the
probability that a single producer receives recommendations from multiple agents. In this way, an agent’s market
share can be thought of as the percentage of crop insurance customers an agent sells to out of all crop insurance
consumers in the market.
45
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𝐽
2

HI𝑛𝑡 = ∑(MS𝑗𝑛𝑡 ) ∈ (0,1)
𝑗=1

The Herfindahl index is normalized to be between zero, denoting perfect competition among
agents, and one, representing monopoly by a single seller.
Many of the observed contracts after 2000 do not identify the agent selling the policy.46
This raises two important issues. One, contracts that do not report an agent may differ
systematically from those that do. Using only contracts with listed agents could introduce
selection bias into estimation results. The second challenge is the construction of individual
market shares and Herfindahl indices for agents when not all market information is available. To
make use of these missing agent contracts, we would have to assume that agents are randomly
left off contracts and each agent stands the same chance of being unobserved in order for market
shares and Herfindahl indices to be accurate and unbiased. This is a strong assumption that is
unlikely to hold.
Between the two issues raised by missing observations, we believe the later to be the
most serious. To deal with this, we limit our data to only counties-years with over 90 percent of
the contracts reporting a selling agent. This ensures that any effects of non-random missing
agents are minimized while maintaining large sample sizes.47
Using the actuarial performance data of policy holders over time, we distinguish between
opportunistic and passive producers. Opportunistic producers should generate higher returns to

46

Missing agents are concentrated to the Nebraska, Oklahoma, Montana, and Washington datasets for which 35%,
41%, 26%, and 39% respectively of all contracts do not report an agent. Only 6% of Iowa contracts are missing this
information making it the most reliable dataset for agent information.
47
We change the threshold for missing agent contracts and find our results to be robust (see Robustness Checks).
We still use contracts that do not report the agent for specifications involving Herfindahl indices, subject to the 90%
reporting threshold, but models using individual agent market shares drop these observations.

76

insurance relative to passive producers in the same region over time due to the adverse selection
problem. For each producer, we calculate their returns to insurance as the difference between
total indemnities received and total out-of-pocket premiums paid per acre over all years we
observe the producer. We define opportunistic producers as those in the 75th percentile for the
county in which they operate. We stipulate that opportunists must be observed for at least five
years to prevent a single isolated loss year placing them in the opportunistic group.48
Whether the insured is a producer-operator or a landlord with respect to a given unit may
influence their choice of crop insurance. We designate contracts where the insured has a greater
than 50 percent stake in the crop as being producer-operators. Producer-operators are likely
active farmers working the land vs. those with less than a 50 percent share who we deem to be
landlords.49
After dropping county-years that did not meet the minimum requirement for reporting
agents, we have a total of 423,388 observations. Iowa contributes close to half of the total
observations across all five states. This is due to both the reliability of the data (only six percent
of all observations do not report a selling agent) and the high concentration of row crop
production in the state (Iowa ranks first in the nation for corn and soybean production).
Table 1 displays summary statistics by state. Regional differences in insurance
preferences clearly emerge. Total premiums per acre (producer paid plus subsidies) range from
an average of two dollars per acre in Washington to almost nine dollars per acre in Iowa. Insured
liability, the amount a policy would pay out in the event of a total loss, is equally variable across

48

We also adjust the thresholds for defining opportunistic producers and discuss how our results change in the
Robustness Checks section.
49
A small number of contracts have insured shares of exactly 50%. It is not obvious in these cases whether the
insured is a producer-operator or a landlord. To deal with this, we take the average of insured acres for contracts
with 50/50 insured shares and classify contracts with above average acreage as producer-operators.
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states. Iowa stands out as having the highest premiums and insured liabilities per acre. This
reflects high crop values, higher coverage levels, and higher APH yields (the historical average
yield used to set policy guarantees). At 157 dollars of liability insured per acre, Iowa producers
appear to prefer more comprehensive coverage.
Figures 2 and 3 compare the distributions of total premiums and liabilities per acre in
each state. While premium and liability distributions skew right in all states, Iowa, Oklahoma,
and Washington contain more policies in the right tail of the distribution than do Nebraska and
Montana. Iowa is especially skewed with several policies costing close to $200 per acre with
almost $1,000 of liability per acre insured. The large right tails shown in Figures 2 and 3 suggest
that outliers in coverage may be present in our dataset.50
Transitional, or T-yields, are used when fewer than the required 10 years of production
history are available to compute a unit’s APH. Special T-yields are available for new producers
or a crop that is new to the producer.51 Iowa producers are far less likely to use transitional yields
in computing APH. Only nine percent of contracts in Iowa use some form of transitional yield
vs. 72 percent of policies observed in Washington. Producers in Montana and Washington insure
more acreage per unit than other states. This may be due to larger farm sizes or to fewer units
insured per farm.
Most contracts across the five states are sold to producer-operators with the exception of
Washington where over half of all policies are held by landlords. Iowa contains the largest
contingent of active producers at 71 percent of observed contracts. Land heterogeneity

50

We ultimately exclude outliers in our empirical estimation as these policies are found to influence our results. A
detailed explanation of outliers can be found in the results section.
51
T-yields are based on a historical county average. A unit must have the most recent four years of yield history to
be insured. If records are not available for any of the previous four years, a T-yield is used in its place.
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contributes to the observed differences is loss risk between states (Walters et al., 2014).
Contracts in Iowa, Nebraska, and Washington display the least amount of risk with four, seven,
and four percent of units respectively recording an indemnity during the 1995 to 2009 period.
Oklahoma demonstrates the highest risk with half the observed policies reporting an indemnified
loss and average indemnities of close to 30 dollars per acre. Montana is the second most risky
state behind Oklahoma at 20 percent of policies experiencing a loss and indemnities of $5.68 per
acre.52
Underwriting gains, defined as the difference between total premiums and indemnity
payments made per acre, reflect differences in actuarial risk across states. The average policy
sold in Iowa earns over seven dollars per acre for insurance companies. Nebraska and
Washington also maintain healthy insurance pools with average underwriting gains of $4.34 and
$1.31, respectively. Our sub-sample of Oklahoma contracts report net underwriting losses of
nearly 12 dollars per policy. The large losses shown for Oklahoma are partly explained by our
sampling criterion. There is an apparent correlation between contracts that report an agent and
whether the contract paid out an indemnity. Our requirement that over 90 percent of policies in a
county report the selling agent leaves us with a sample of policies with higher than average
losses. For comparison, the unrestricted Oklahoma sample has average underwriting losses of
only $1.48.
Walters et al. (2014) confirm the observed differences in loss risk. They show yield
performances in each state during the 1995 to 2009-time period relative to a historical average,

52

Note that summary statistics are based on a sub-sample of the dataset subject to the requirement that over 90% of
the policies in the county must report a selling agent. Agent reporting is strongly correlated with losses in all states.
This results in a sample that is more prone to losses and large indemnities than the overall dataset.
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concluding that the high losses experienced in Oklahoma and Montana can be partially explained
by a period of historically poor yields. Walters et al. (2014) also point out that land heterogeneity
in Oklahoma and Montana relative to homogeneous Iowa, Nebraska, and to a lesser extent
Washington, create greater variability in production.
Variations in risk help explain differences in the representation of opportunistic
producers in each state. By our definition, over a third of the observed contracts in Oklahoma
and 13 percent of Montana contracts are insured by opportunistic producers. This comports with
the high loss percentage and large indemnities paid to producers in those states.53 Opportunism
in crop insurance may increase with risk as producers learn from loss experiences and adjust
their coverage choices accordingly. Low loss percentage states Iowa, Nebraska, and Washington
report the fewest opportunists, possibly due to limited opportunities to learn from experience.
Agent competition varies moderately from state to state. Iowa has the greatest number of
agents operating at over 96 per county and the lowest average market share at six percent per
agent. The market concentration Herfindahl index is also the lowest of the five states at 0.05.
This could be driven in part by the high average premiums paid by Iowa producers.54 Oklahoma
appears to be the least competitive with an average market share and Herfindahl index of 13
percent and 0.12, respectively. While total premiums paid in Oklahoma are moderate, persistent
underwriting losses could explain the relatively low level of agent competition. All five states are
considered unconcentrated by the United States Federal Trade Commission.

53

The percentage of policies insured by opportunists in Oklahoma exceeds 25%, the percentile threshold used to
define opportunistic producers. This is because we define opportunists at the producer level based on all policies
insured over the observation period while summary statistics in Table 1 are reported at the unit-contract level.
Opportunists in Oklahoma insure more policies on average than opportunists in other states which explains the
overrepresentation.
54
We address this possible source of endogeneity between premiums and agent market competition in the empirical
section.
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The five states we observe differ significantly across several dimensions, most notably in
terms of land heterogeneity, loss risk, and the potential for underwriting gains. We describe our
empirical framework for estimating the effects of agent market competition on producer choices
in the following section.

6. Empirical Model of the Effects of Agent Market Power on Insurance Coverage
We estimate the influence of agent market power on producers’ insurance choices with the
following two specifications. We design specification (1) to estimate the effects of an individual
agent’s market power and specification (2) to capture effects of overall market competition for
agent services.

1. 𝐘𝑖𝑗𝑛𝑡 = 𝜶1𝑖 + 𝝉1 𝑡 + 𝜼1 𝑛 + 𝝀1 𝑛𝑡 + 𝑋𝑖𝑗𝑡 𝜷1 + 𝝎1 𝐿𝑜𝑠𝑠𝑖𝑡−1 + 𝜹1 (𝐿𝑜𝑠𝑠𝑖𝑡−1 ∗ 𝑂𝑃𝑅𝑇𝑖 ) +
𝜸1 𝑀𝑆𝑗𝑡 + 𝝍1 (𝑀𝑆𝑗𝑡 ∗ 𝑂𝑃𝑅𝑇𝑖 ) + 𝒆𝑖𝑗𝑛𝑡
2. 𝐘𝑖𝑗𝑛𝑡 = 𝜶2𝑖 + 𝝉2 𝑡 + 𝜼2 𝑛 + 𝝀2 𝑛𝑡 + 𝑋𝑖𝑗𝑡 𝜷2 + 𝝎2 𝐿𝑜𝑠𝑠𝑖𝑡−1 + 𝜹2 (𝐿𝑜𝑠𝑠𝑖𝑡−1 ∗ 𝑂𝑃𝑅𝑇𝑖 ) +
𝜸2 𝐻𝐼𝑛𝑡 + 𝝍2 (𝐻𝐼𝑛𝑡 ∗ 𝑂𝑃𝑅𝑇𝑖 ) + 𝝂𝑖𝑗𝑛𝑡

For each specification, the unit of observation is a single insurance contract purchased by a
producer 𝑖 from a crop insurance agent 𝑗. The policy is sold in county 𝑛 and covers the insured
for crop year 𝑡. A producer may purchase multiple contracts in the same year by dividing their
farm into separately insurable units. The term 𝐘𝑖𝑗𝑛𝑡 represents two dependent variables that
measure the producer’s insurance choice: total premiums per acre and the total liability insured
per acre. Premiums include both that which producers pay out-of-pocket and subsidies paid by
the government. Both premiums and liability rise as producers elect more comprehensive
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insurance plans. Agents are compensated proportionally to total premiums, so the agents’
influence should be most apparent for this variable. Insured liability, though highly correlated
with premiums, may capture other channels of agents’ influence not reflected in premiums.
Liabilities proxy for the agents’ risk exposure which can impact their commissions.
Despite modeling insurance decisions with respect to coverage level, we do not use
coverage level as an explicit dependent variable because a producer makes several decisions for
each insurance unit that together, determine premiums and guaranteed liabilities. Two different
policy types with the same coverage level may differ in premium by tens of dollars per acre.
Using coverage level as a single choice variable is the most tractable for modeling purposes but
incomplete for empirically estimating the agent’s influence.
Insurance preferences may vary across producers which could be correlated with agent
characteristics.55 Assuming these preferences vary by individual but not over time, we can
correct for preference heterogeneity with producer fixed effects, represented by 𝜶𝑖 . We include
𝝉𝑡 and 𝜼𝑛 as fixed effects to control for unobserved temporal and geographic heterogeneity in
insurance choices.56 We also include county-by-year interactions, denoted 𝝀𝑛𝑡 , to capture local
factors that vary over time such as weather and price shocks.57 Producer fixed effects were found
to be preferable to random effects per a Hausman test.
The dummy variable 𝑂𝑃𝑅𝑇𝑖 identifies opportunistic producers according to the criteria
described in the previous section. Note that because we consider opportunism a producer
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As an example, a producer who prefers high premium, high liability insurance may seek out an agent with large
market share that is well established within the county.
56
Although we use producer fixed effects, county fixed effects are included because some producers insure fields in
multiple counties.
57
County-by-year fixed effects are especially important in specifications where the dependent variable is premiums
as USDA Risk Management Agency (RMA) sets premiums by county and year to reflect local risk conditions.
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characteristic that does not change with time and we control for all time-invariant producer traits,
the variable 𝑂𝑃𝑅𝑇𝑖 does not enter the model by itself.
We control for observable factors specific to the producer, unit, and crop year that affect
premiums and liabilities with the row vector 𝑋𝑖𝑗𝑡 . These include the type of crop grown on the
unit, the practice used (e.g. irrigated vs. non-irrigated), actual production history of yield (APH),
and dummy variables denoting whether transitional yields are used in calculating the unit’s APH.
In addition to observable characteristics, we attempt to capture how different types of producers
choose insurance plans. We include in 𝑋𝑖𝑗𝑡 a dummy variable equal to one if the insured is
deemed a producer-operators as opposed to a landlord in crop sharing arrangements.
We include a dummy variable 𝐿𝑜𝑠𝑠𝑖𝑡−1 equal to one if the producer reported a loss and
received an indemnity from at least one contract during the previous crop year. Conditional on
APH, the lagged loss variable approximates the producer’s subjective probability of suffering a
loss during the year insured. Our theoretical model assumes produces vary in their knowledge of
yield variability. Opportunistic producers possess greater knowledge of their individual yield
distribution and their probability of experiencing a loss which they use when approximate their
optimal coverage level. Passive producers are less aware of their subjective loss probability. To
test for differences in risk knowledge, we interact the lagged loss variable with the opportunist
dummy variable. We expect that opportunists be more reactive to risk, meaning the coefficient 𝜹
should be positive and significant, holding all other factors constant.
We choose lagged losses over temporal losses to proxy for risk because as the policy’s
premiums and liabilities increase, the probability that the policy pays out an indemnity increases.
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Using current losses would invite endogeneity between our risk measure and dependent
variables.
The variables of interest in specification (1) are 𝑀𝑆𝑗𝑡 , the market share of the agent
selling the policy in year 𝑡, and 𝑀𝑆𝑗𝑡 ∗ 𝑂𝑃𝑅𝑇𝑖 , the interaction between market share and the
opportunistic producer dummy. The variable 𝜸1 is the effect of the selling agent’s market share
on passive, or non-opportunistic producers. The effect of market share on opportunistic
producers is the sum of 𝜸1 and 𝝍1 where 𝝍1 is the differential effect. The important variables in
specification (2) are 𝐻𝐼𝑛𝑡 , the Herfindahl index measuring overall agent competition in market 𝑛
during crop year 𝑡, and 𝐻𝐼𝑛𝑡 ∗ 𝑂𝑃𝑅𝑇𝑖 , the interaction between the Herfindahl index and the
opportunistic indicator for producer 𝑖. The coefficients 𝜸2 and 𝝍2 represent the effect of agent
market concentration on passive and opportunistic producer insurance choices. Note that the
variable 𝐻𝐼𝑛𝑡 is constant for all observations in the same county and year. To allow for variation
in this variable, we substitute crop reporting district by year fixed effects for 𝝀𝑛𝑡 in specification
(2).58
Per our theoretical model, the effect of agent market power on passive producers is
ambiguous depending on the overall risk level in the area and agent incentive structures within
the state. If insurance companies care about policy performance and risk levels are such that
increasing coverage negatively impacts the agent’s commission, then 𝜸1 and 𝜸2 should be
negative. If production risk is low and companies are less sensitive to actuarial performance, the
volume incentive will dominate the quality incentive and 𝜸1 and 𝜸2 will be positive. The adverse
selection problem is most pronounced in opportunistic producers. Assuming agents can observe
58

Crop reporting districts group together several counties within the same state according to shared crop production
attributes. USDA uses these districts for reporting purposes.
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opportunistic traits in producers such as education, years in farming, and crop insurance
sophistication, they will attempt to reduce their premiums and liabilities. We predict negative
market power effects on opportunists so estimates of 𝝍1 and 𝝍𝟐 should both be negative. We
estimate both specifications using STATA’s XTREG command with producer fixed effects.

7. Results
Tables 2 and 3 display our main regression results.59 The dependent variable in Table 2 is total
premiums paid per acre insured and the dependent variable in Table 3 is the total dollar amount
of liability insured per acre. We estimate the effects of agent market share and agent market
concentration separately for each state and report the estimates side-by-side. Coefficients on the
agent market share variable are interpreted as the effect of going from no market power (a
market share of zero) to selling all the policies in the county. For the market concentration
variable, coefficients represent the effect of going from perfect competition (Herfindahl index
equal to zero) to monopoly (Herfindahl index of one).60 The coefficients on the interactions
between market share and market concentration show how market power affects opportunists
differently than passive producers.61 Standard errors are corrected for clustering at the producer
level and shown beneath each coefficient in parenthesis.62
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We use district-by-year fixed effects for all Oklahoma specifications, including those with agent market share as
the variable of interest due to a large number of counties observed in that state’s dataset.
60
It should be noted that it is not possible to observe a value of zero for either agent market share or agent market
concentration. Instead, a zero value serves as a theoretical indication of perfect competition where competition is
increasing as both measures approach zero.
61
Our data contains several observations with much larger premiums and liabilities than expected. Results were
shown to be slightly sensitive to the inclusion of these observations. As such, we drop outliers from our estimations.
We define outliers using the interquartile range rule. Premiums and liabilities per acre below p(25)-1.5*IQR or
above p(75)+1.5*IQR are excluded where p(25) and p(75) are the 25 th and 75th percentiles respectively.
62
Our results are generally robust to clustering at higher levels of aggregation such as the crop reporting district
level and the county level.
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Table 2 shows that agent market share has a positive and statistically significant impact
on passive producers in Iowa. The estimated coefficient of 3.6 means that a 10-percentage point
increase in an agent’s market share will increase the premiums they collect by an average of
$0.36 per acre.63 The effect of the same increase in market share on opportunists nets out to a
decrease of $0.31 per acre. Translated to elasticities, these estimates indicate that a one percent
increase in agent market share increases the total premiums of passive producers by 0.03 percent
and decreases premiums of opportunistic producers by 0.02 percent.
Though small, these effects may be more meaningful in the context of the total premium
paid to insure a farm. Calculated at the mean, a typical farm operation in Iowa insures a total of
403 acres. Our estimated effects suggest that going from a market share of zero to dominating
the market would raise the total premium an agent collects from an Iowa farm by $1,451, a 45
percent increase. The same change in market share would cause the agent to reduce an
opportunistic producers total farm premium by $1,261, or 55 percent.64
Estimates from Washington indicate that an agent’s market share reduces premiums for
both passive and opportunistic producers. An increase of one percent in the selling agent’s
market share cuts premiums per acre by 0.06 percent for passive producers and by 0.08 percent
for opportunists. Though point estimates from Washington appear smaller in magnitude, they are
in fact larger than those found in Iowa in terms of elasticities.
The market share variable in Oklahoma is positively associated with the premiums of
opportunistic producers, contradicting our model prediction that agents with market power seek
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For most counties in our dataset a 10-percentage point change is roughly equal to a one standard deviation
increase.
64
The average acres insured per farm of 402.92 acres is the product of the average number of units insured by a
producer per year (4.77) and the average size of each unit (84.47 acres). The percent changes in total premiums are
calculated by dividing the change in farm premiums by average farm premiums for each producer type.
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to reduce the coverage taken on by opportunists. Although statistically insignificant, agent
market share effects on passive and opportunistic producers are positive and negative
respectively in both Nebraska and Montana.
Competition among agents impacts the premium choices of producers. Iowa displays the
clearest relationship between agent market power and producer choices. Estimates suggest that a
one percent increase in the concentration of agents raises premiums by 0.06 percent for passive
producers and reduces premiums by 0.06 percent for opportunists. Montana agents reduce the
premiums of opportunistic producers when competition is low. Competition for agent services in
Washington negatively impacts premiums for all producers with the effect on opportunists being
larger in magnitude. The difference in premiums per acre between perfect competition and
monopoly is estimated at -$2.08 per acre and -$8.75 per acre for passive and opportunistic
producers, respectively.
We estimate the relationship between agent market power and producer liability insured
in Table 3. As in the case of premiums per acre, agent effects on liabilities are most pronounced
in Iowa. A monopolistic agent sells policies carrying $34.25 more in guaranteed liability per acre
than an agent with no market share. This effect nets out to -$10.38 for opportunistic producers.
Coefficients from the agent market concentration model confirm these estimates. A one percent
increase in the agent Herfindahl index raises insured liability by 0.03 percent for passive types
and reduces liabilities by 0.01 percent for opportunistic types.
Nebraska estimates indicate a negative effect of agent market share on insured liability
for opportunistic farmers while overall market concentration appears to have a large positive and
significant effect on liability for all producers. Our model suggests a market concentration
elasticity of 0.1 percent – the largest found of the five states. Nebraska opportunists do not differ
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statistically in their response to agent competition, however. For a typical Nebraska farming
operation, the effect of moving from perfect competition to monopoly in agent services more
than doubles the insured liability of the operation.
We find a positive effect of agent market share on opportunistic producers in Oklahoma,
though the magnitude of the effect is small. Conversely, agent market concentration appears to
depress insured liabilities in Oklahoma. The negative correlation is larger for opportunists than
for passive producers, though effect sizes are small in both cases. A one percent increase in the
concentration of insurance agents in Montana leads to a 0.03 percent decline in liability insured
by opportunistic farmers. While meaningful, the coefficient is only significant at the 10 percent
level. Liabilities insured in Washington are negatively impacted by agent market share for all
producers while agent concentration does not have a statistical impact on liability.
Losses experienced in the previous crop year are positively and significantly correlated
with premiums in six of the 10 specifications shown in Table 2. Estimates indicate that passive
producers in Iowa, Nebraska, and Washington purchase policies with slightly higher premiums if
they received an indemnity the year prior. In Iowa we find strong evidence that opportunists are
more reactive to loss risk. Opportunistic producers in Iowa purchase contracts that cost $0.55
more than their passive counterparts if a loss was experienced in the previous crop year. We find
significant differential impacts of lagged loss on premiums between opportunistic and passive
producers in Montana and Washington. Table 3 does not show significant differences between
producer types in terms of liabilities. Producers in Iowa insure less following a loss, though the
effect size in negligible. Outside of Iowa, the evidence that opportunistic producers are more
knowledgeable about loss probabilities is weaker.
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The lack of evidence may be the result of how we measure a producer’s potential for
losses. Producer losses are not highly correlated across time in the states observed. Producer
knowledge of risk may be based on upcoming production and price variability as opposed to
historical performance. We find that opportunistic producers are significantly more adept at
predicting future losses and adjusting their insurance coverage accordingly. The way we define
opportunistic behavior empirically does not dictate whether the producer achieves superior
returns through adverse selection or through moral hazard.65 The apparent forecasting ability by
opportunists may be the result of production decisions made jointly with insurance decisions
(Walters et al., 2014).
Overall, the results presented in Tables 2 and 3 demonstrate that agents play a role in the
insurance decisions of producers which vary across states. Our theoretical model predicts that,
due to adverse selection, agent market power should have the effect of reducing coverage elected
by opportunistic producers. Estimated effects of market power on opportunistic producers tend to
confirm this hypothesis. Of the 20 market power effects on opportunists estimated in Tables 2
and 3, 17 are negative and 10 of those are statistically significant. The differential effects on
opportunists are especially clear in Iowa. The theory that agents make different
recommendations to different producer types rests on the assumption that agents can distinguish
between producer types. It may be the case that in Iowa, opportunists are more easily identifiable
or exhibit traits that agents perceive as opportunistic while passive and opportunistic producers
are less distinct in other states.
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For theoretical modelling purposes, we define opportunistic producers as demonstrating adverse selection.
Empirically however, we cannot be certain if adverse selection or moral hazard explains the opportunistic behavior
we observe.
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For passive producers, the predicted effect is ambiguous depending on two factors: the
overall risk level in the area and how actuarial performance affects agent compensation. If
insurance companies reward agents based on expected underwriting gains, the risk-level in the
county must be sufficiently low to entice agents into selling high coverage policies. Conversely,
if companies only care about maximizing premiums, agents will sell high coverage policies
without regard for loss risk.
Estimates for Iowa lend support to the former. Iowa agents with market power increase
both the policy premium and liability sold to passive producers. We find the opposite to be true
in Washington where agent market power appears to lower policy premiums for passive types.
Results from Nebraska, Oklahoma, and Montana are mixed or inconclusive. Examining the
actuarial performances of crop insurance policies in each state may help explain the observed
differences.
In Table 1, our samples of contracts from Iowa and Washington have the lowest loss risk
and indemnities per acre of the five states. Variability in losses and indemnities are also low
relative to other states. Results for Iowa confirm our hypothesis that in a low risk environment,
agents with market power recommend high coverage policies if the producer is not an
opportunistic type. In Washington, we find the opposite. Both agent market share and market
concentration are correlated with lower total premiums per acre for passive producers.
Washington appears much less risky than Nebraska, Oklahoma, and Montana and yet, agent
effects are not clearly negative in those states. If risk plays a key role in agent commission rates,
we should see negative effects emerge in the Plains states that are at least as negative as those
found in Washington.
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The lack of significant negative results in these states may be attributable to differences
in compensation structures between insurance companies operating in those states. Approved
insurance providers (AIPs) doing business in Washington may be more sensitive to potential
underwriting losses and pay commissions that reflect this. If the rewards for policies that produce
underwriting gains are sufficiently large, agents will exercise market power by selling safe, low
coverage policies even if the actual risk of loss is low. We do not observe commission rates in
our data, nor do we know how commissions mechanisms differ between states, thus we cannot
know how the relationships between commission rates and actuarial risk compare across states.
It may be the case that agents influence producers on an individual or case-by-case basis
as opposed to pursuing a single strategy for all producers based on broad averages. Our
theoretical model assumes that agents cannot observe a passive producer’s individual probability
of loss and must base their assessment on overall population characteristics. As a result, agents
will respond to increased market share in the same way for all passive producers. Our results
from Nebraska, Oklahoma, and Montana do not support this hypothesis.
Instead, agents may observe producer characteristics that allows them to tailor their
recommendation to the individual’s circumstances. If insurance companies do not emphasize
quality, there would be no need for this as agents would simply attempt to increase premiums
regardless of the producer’s potential for losses. But if the quality incentive is meaningful for
agents and agents possess some knowledge of the producer’s likelihood of loss, they could adjust
their recommendations based on factors unique to the producer in ways that improve the
actuarial performance of the policy.

91

8. Robustness Checks
A possible source of endogeneity in our main results relates to changes in producer preferences
over time. Producer fixed effects control for time invariant insurance preferences but as
producers gain experience in the crop insurance program, their preferences for different policy
types and coverage levels may change. Our estimated effects will be biased if these producer
specific trends coincide with characteristics of selling agents. As a producer increases their crop
insurance expertise, they may be drawn to more sophisticated crop insurance products that carry
higher premiums and liabilities. Expert producers may seek out well established insurance agents
with large market shares. In this example, the estimated effect of the agent’s market share on
premiums and liabilities chosen by the producer will be the result of reverse causality.
Note that this potential sources of bias affect the agent market share variable but not the
overall concentration of agents in a market, i.e. the agent Herfindahl index. This is because
market concentration characterizes an entire county during a year and not a specific agent that a
producer can seek out individually. We consider the agent Herfindahl index to be exogenous to
producer preferences.
To address the potential endogeneity of agent market share, we identify when a producer
purchases a policy from an agent for the first time and when they are a return customer. We
create a dummy variable equal to one if the producer has purchased a policy from the agent
before and introduce this as an explanatory variable. We interact the return customer dummy
with our agent market share variable to test if agent market share effects remain after the first
meeting between producer and agent. If the effects we observe in Tables 2 and 3 are driven by
producers with high coverage preferences seeking out high market share agents, the effect of
agent market share after the first encounter should net out to zero. Anecdotally, we know that
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producers often establish a relationship with their agent and work with them over multiple years.
Once a relationship is established and the producer is no longer seeking out agents that match
their changing insurance preferences or loss expectations, any variation in that agent’s market
share will be exogenous to the producer’s preferences.
For the correlation between an agent’s market share and premiums and liabilities to be
considered causal, the coefficients on the interaction of agent market share and the return
customer dummy will be insignificantly different from the un-interacted market share
coefficient. We report the estimated effect of agent market share on premiums and liabilities for
first time purchases and renewals in Table 4. We ignore differential effects for opportunistic
producers and only consider general effects on all producer types for simplicity.
We can confirm in three out of five states (Iowa, Nebraska, and Washington) that the
effect of the selling agent’s market share on policy coverage is not exclusive to the first
encounter between producers and agents. Not only does the market share effect persist in Iowa
after the first purchase, it strengthens in magnitude for both total premiums and liabilities.
Remarkably, market share effects on premiums and liabilities are only significant in Nebraska
when producers work with the same agent more than once. Effect sizes for premiums and
liabilities in Washington are attenuated when the producer renews with an agent, but the net
effect is still statistically different from zero. The model picks up a small agent effect on
premiums in Montana at $0.62 per acre for the first encounter with no statistical difference in
agent effects thereafter. Table 5 displays a generally negative correlation between coverage and
renewing with a low market share agent. To keep clients, agents lacking market power may be
forced to sell less expensive policies to producers as they continue to work together.
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As far as the first encounter represents a biased estimate of the market share effect and
repeat encounters represent the true causal effect, then our results for Washington in Tables 2
and 3 may be biased downward by around 40 percent while estimates for Iowa and Nebraska
could be underreported. We can also conclude that agents exercise their market share more after
establishing a relationship with a producer in Iowa and Nebraska. The coefficient on the uninteracted repeat customer dummy is negative in all 10 specifications and statistically significant
in six. This suggests that when a producer renews with an agent whose market share is near zero
and vulnerable to competition from other agents, the producer purchases less coverage. Our
model sheds some light on this result. In first encounter scenarios, the agent has little information
about the producer. We know anecdotally that when a new client comes to an agent, they can
observe their historical APH but little more. The agent can’t know how often they receive an
indemnity, what types of policies they prefer, or how much they insure on average. These
information asymmetries break down as the agent works with a producer over time which may
lead the agent to use their market power to influence the producer’s insurance decisions.
We recognize the possibility that low market share agents may also be the insured
producer. Cases of agents selling policies to themselves exist though it is unknown how
prevalent they are or to what extent they result in fraud. Producer-agents, either through adverse
selection or moral hazard, may sell themselves policies they know will generate large
indemnities. The inclusion of these policies could bias our estimates of the effects of agent
market share on contract coverage. Moreover, agent-producers will likely be classified as
opportunistic due to their ability to generate large returns from insurance which would
specifically bias effects for opportunistic producer types.
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To test for this possibility, we exclude all contracts sold by agents with fewer than five
customers during the year. Agents that insure themselves and collect large payouts will likely
sell to themselves and few, if any, other producers. The estimated effects of agent market share
on premiums and liabilities are shown in Table 5. Effects are generally unchanged for Nebraska,
Oklahoma, Montana, and Washington while effect sizes for opportunists in Iowa appear sensitive
to the exclusion of these contracts.
The impact of agent market share on premiums in Iowa rises for passive producers while
the net effect on opportunistic producers remains negative but shrinks in magnitude. The
exclusion of possible agent-producer contracts also raises the estimated effect of market share on
insured liabilities but generates a net zero effect for opportunistic types.
Agent-producers are more likely to be classified as opportunistic for two reasons: First,
agent-producers derive income from both indemnities on insurance policies bought and
commissions on insurance policies sold. The financial incentive to sell themselves highindemnity/low underwriting gain policies will outweigh the incentive to marginally increase their
agent commission rate. Second, agent-producers possess superior crop insurance product
knowledge which allows them to generate above average returns. We find evidence that
opportunism in Iowa is at least partially explained by this phenomenon.
We define several thresholds for defining variables and our results may be sensitive to
changes in those thresholds. The first is the cutoff for the percentage of policies in a county
reporting the selling agent. We establish a threshold where 90 percent of contracts in the county
must list an agent to be included in regressions. This requirement excluded a large number of
observations. To test the sensitivity of our results to this threshold, we lower this cutoff to 70 and
80 percent and re-estimate the models in Tables 2 and 3. We observe some variation in point
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estimates across the three thresholds, but results are generally robust. Estimates for Iowa and
Washington strengthen slightly as the threshold becomes more stringent, suggesting that
estimates are improved as data become more reliable.
We also test the sensitivity of our results to changes in the definition of opportunistic
producers. Originally, we classify opportunists as those with returns to insurance (indemnities
received less premiums paid out-of-pocket per acre) over all years observed in the 75th percentile
for their county. We re-run our regressions defining opportunists as those in the 70th, 80th, and
90th percentiles for their counties. Our results are robust to changes in the opportunist threshold.
In most cases where significant differential effects are found between passive and opportunistic
producers, those effects become larger in magnitude as the threshold for defining opportunists
increases, suggesting that as opportunism rises, so too do agents attempt to influence them.
Lastly, we change the definition of an insurance market from a county to a crop reporting
district (groups of neighboring counties that share similar agricultural traits) and the state as a
whole. We calculate agent market shares and agent Herfindahl indices accordingly and reestimate our main regressions. Generally, results are similar across the three market aggregation
techniques though effect sizes appear smaller for models defining the entire state as an insurance
agent market.

9. Conclusions
Federal crop insurance is delivered through a partnership between the federal government and
private crop insurance companies. This relationship is governed by the Standard Reinsurance
Agreement entered into by each party which stipulates the “rules of the game.” Crop insurance
agents sell policies directly to producers, then transfer the policies onto the books of insurance
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companies. Companies pay the agent a percentage of the total premium transferred but may also
reward agents for policies with low indemnities to help the company generate actuarial gains
(difference between premiums taken in and losses paid out). Crop insurance agents balance two
incentives: maximizing total premiums (volume incentive) and contributing to actuarial gains for
the company (quality incentive). We explore how agents use market power to pursue these
incentives and influence insurance contracts.
We model the interaction between a representative crop insurance agent and producers of
different types. Using a comprehensive, producer level dataset covering over 400,000 individual
insurance contracts in five states, we test the impact of agent market share and agent market
concentration on passive and opportunistic producers. Passive producers are less informed about
their individual probability of loss. Opportunists possess some private information which informs
their insurance choices and pose a much greater adverse selection problem than passive
producers.
We do not find strong evidence that agents pursue a single strategy with respect to
passive producers when their market power rises. When selling to passive producers, a 10percentage point increase in the selling agent’s market share is associated with a premium
increase of $0.36 per acre in Iowa but a decrease of $0.11 per acre in Washington, despite
comparable loss risk between samples. We find that agents generally use market power to reduce
the coverage of opportunistic producers, thereby protecting insurance companies and taxpayers
from exposure to large losses.
The mechanism through which agents can produce spillover benefits for taxpayers
depends on crop insurance companies rewarding agents with high commission rates (the percent
of premium paid to the selling agent) for policies that contribute underwriting gains. The 2010
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Standard Reinsurance Agreement (SRA) capped commission rates at 100 percent of a company’s
Administrative and Operating (A&O) subsidy if the company achieves underwriting gains for the
crop year. Companies that suffer underwriting losses can pay up to 80 percent of A&O subsidies
to agents. These caps were in response to excessive agent commission payments that are partially
subsidized by the government.
To the extent that agent market power coincides with commissions that reflect actuarial
performance, high market concentration of agents may be good for the taxpayers who subsidize
the program. Where agent commissions do not reflect actuarial performance, or when what we
call the “quality incentive” for agents is absent, market power could hurt taxpayers by raising
premiums. For example, while agent commission rates grew only slightly throughout the 2000s,
total commissions payments per policy more than tripled from 2001 to 2008 due to higher
premiums collected (Babcock, 2009). Policymakers could modify the SRA to tie commission
rates directly to loss ratios (claims paid relative to premiums collected) on a policy by policy
basis. This would align the incentives of agents with those of insurance companies and
taxpayers. Total commissions could also be capped at a set dollar per acre insured to prevent
agents from over-insuring low-risk producers.
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Figure 1. Producer Loss Probability Types

Figure 2. Distributions of Total Premiums per Acre
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Figure 3. Distributions of Liability Insured per Acre
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Table 1. Summary Statistics (1995-2009).
Iowa

104

VARIABLES
Total premium per acre
Liability per acre
Coverage level
APH
Acres (100s of acres)
T-yield
T-yield new
Producer
Opportunist
Loss
Indemnity per acre
Underwriting gains per
acre
Agents per county
Agent market share
Agent herfindahl
Crops
Corn
Soybeans
Wheat
Barley
Sorghum
Cotton
Counties observed
Producers observed
Observations

Nebraska

Mean

Std.
Dev.

Mean

Std.
Dev.

8.94
156.87
0.68
353.49
0.86
0.09
0.03
0.71
0.10
0.04
1.91

9.53
103.36
0.09
474.85
0.90
0.28
0.17
0.45
0.30
0.19
18.06

6.59
86.67
0.64
68.98
0.83
0.65
0.05
0.64
0.09
0.07
2.34

7.09
96.35
0.06
0.05

16.04
29.12
0.07
0.03

0.58
0.42
_
_
_
_
34
29,638
210,935

0.49
0.49
_
_
_
_

Oklahoma
Mean

Std.
Dev.

4.82
63.74
0.06
45.29
0.69
0.48
0.21
0.48
0.29
0.25
12.86

6.80
43.85
0.62
48.14
1.14
0.29
0.04
0.58
0.33
0.50
29.89

4.34
82.65
0.08
0.07

12.67
27.98
0.10
0.06

0.46
0.15
0.38
_
_
_
5
3,282
34,956

0.50
0.36
0.49
_
_
_

Montana

Washington

Mean

Std.
Dev.

Mean

Std.
Dev.

5.60
32.25
0.08
87.68
0.85
0.45
0.19
0.49
0.47
0.50
85.24

3.83
39.52
0.66
29.39
1.56
0.45
0.01
0.63
0.13
0.21
5.68

2.81
26.09
0.07
8.84
1.59
0.50
0.12
0.48
0.33
0.41
17.29

2.00
42.55
0.63
52.26
2.46
0.72
0.02
0.47
0.05
0.04
0.93

2.08
37.55
0.11
18.63
2.67
0.45
0.15
0.50
0.22
0.20
9.22

-11.74
68.05
0.13
0.12

32.67
34.27
0.16
0.10

-1.28
66.72
0.09
0.10

13.21
16.04
0.10
0.05

1.31
43.79
0.11
0.11

7.21
17.17
0.11
0.07

0.04
0.02
0.81
_
0.09
0.04
53
14,691
64,525

0.19
0.15
0.39
_
0.29
0.20

_
_
0.89
0.11
_
_
4
4,213
50,160

_
_
0.31
0.31
_
_

_
_
0.83
0.17
_
_
26
7,496
62,812

_
_
0.38
0.38
_
_

Table 2. The Influence of Selling Agent Market Power on Crop Insurance Premiums.
Dependent Variable: Total Premium per Acre Insured
Iowa
VARIABLES
Loss lag
Loss lag * Opportunist

Agent market share
Agent market share *
Opportunist

Nebraska

Oklahoma

Montana

Washington

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

(10)

0.21***
(0.07)
0.55***
(0.14)

0.26***
(0.07)
0.55***
(0.14)

0.17*
(0.09)
0.33
(0.32)

0.19**
(0.09)
0.15
(0.30)

0.13
(0.15)
-0.18
(0.35)

0.11
(0.13)
-0.16
(0.34)

-0.00
(0.05)
0.36**
(0.16)

0.04
(0.04)
0.19
(0.13)

0.08**
(0.04)
0.25*
(0.15)
1.07***
(0.21)
1.94***
(0.61)

0.10**
(0.04)
0.23
(0.14)

3.60***
(0.64)
6.73***
(1.44)
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Agent market concentration
Agent market concentration
* Opportunist

Policy characteristics
Producer FE
County FE
Year FE

0.86
(0.56)

-0.30
(0.38)

0.43
(0.33)

-1.23
(1.21)

2.98***
(1.06)

-0.25
(1.08)

9.56***
(1.90)

4.01
(5.44)

-0.85
(0.77)

-3.62
(2.60)

-15.55***
(3.29)

-0.49
(3.43)

0.07
(1.84)

-11.40***
(3.00)

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

-2.08*
(1.21)
6.67**
(2.72)
Yes
Yes
Yes
Yes

County by year FEa
Yes
Yes
Yes
Yes
Yes
Observations
185,871
190,430
33,530 34,956
60,778 64,410
40,576
41,359
61,919
62,807
Producers
23,939
24,157
3,146
3,282
13,895 14,968
3,916
3,977
7,355
7,439
Within panel R-squared
0.44
0.43
0.34
0.33
0.33
0.32
0.19
0.19
0.17
0.16
Notes: Errors corrected for clustering at the producer level in parentheses. a Due to a large number of counties observed in Oklahoma, county by year
fixed effects were replaced with crop reporting district by year fixed effects for that state. The agent market concentration variable is the same for all
observations within the same county-year so district by year fixed effects are used instead for regressions (2), (4), (6), (8), and (10).
*** p<0.01, ** p<0.05, * p<0.1

Table 3. The Influence of Selling Agent Market Power on Crop Insurance Liability.
Dependent Variable: Total Dollar Liability Insured per Acre
Iowa
VARIABLES
Loss lag
Loss lag * Opportunist

Agent market share
Agent market share *
Opportunist

Nebraska

106

Agent market concentration
* Opportunist

Policy characteristics
Producer FE
County FE
Year FE

Montana

Washington

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

(10)

-1.25*
(0.68)
0.77
(1.39)

-1.44**
(0.68)
0.09
(1.29)

-0.33
(0.56)
1.30
(2.29)

-0.19
(0.55)
0.54
(2.16)

-0.63
(0.65)
-2.36
(1.49)

-0.79
(0.61)
-2.20
(1.46)

0.04
(0.28)
0.03
(0.54)

0.10
(0.27)
0.04
(0.57)

0.22
(0.40)
1.17
(1.42)

34.25***
(7.44)
44.63***
(16.69)

Agent market concentration

Oklahoma

3.56
(4.44)
11.57*
(6.83)
86.72***
(21.73)

201.33***
(42.30)

-113.92***
(41.37)

-5.11
(20.26)

Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes

-2.09
(1.74)

3.63*
(2.12)

0.23
(0.42)
1.56
(1.43)
11.21***
(2.90)

9.14**
(4.04)

-5.67
(5.30)

-8.62
(7.80)

-6.88*
(3.91)
16.79*
(10.05)
Yes
Yes
Yes
Yes

1.21
(15.55)
24.88*
(13.63)
Yes
Yes
Yes
Yes

-3.97
(11.74)
-64.38
(39.52)
Yes
Yes
Yes
Yes

County by year FEa
Yes
Yes
Yes
Yes
Yes
Observations
185,871
190,430
33,530
34,956
60,778 64,410
40,576 41,359
61,919
62,807
Producers
23,939
24,157
3,146
3,282
13,895 14,968
3,916
3,977
7,355
7,439
Within panel R-squared
0.42
0.41
0.61
0.61
0.41
0.41
0.59
0.59
0.48
0.48
a
Notes: Errors corrected for clustering at the producer level in parentheses. Due to a large number of counties observed in Oklahoma, county by year
fixed effects were replaced with crop reporting district by year fixed effects for that state. The agent market concentration variable is the same for all
observations within the same county-year so district by year fixed effects are used instead for regressions (2), (4), (6), (8), and (10).
*** p<0.01, ** p<0.05, * p<0.1

Table 4. The Effects of Agent Market Share on Premiums and Liabilities of First-Time and Repeat Insurance Customers.
Iowa

Nebraska

Oklahoma

Montana

Washington

VARIABLES

Premium

Liability

Premium

Liability

Premium

Liability

Premium

Liability

Premium

Liability

Agent market share

2.07***

20.06***

-0.75

-8.15

0.41

0.93

0.62*

3.21

-1.65***

15.21***

(0.63)

(7.43)

(0.74)

(5.54)

(0.37)

(1.65)

(0.34)

(2.09)

(0.25)

(3.24)

-0.25***

-1.65***

-0.28***

-2.14***

-0.12

-0.65

-0.06

-0.49*

-0.07**

-0.41

(0.03)

(0.37)

(0.08)

(0.61)

(0.10)

(0.49)

(0.05)

(0.27)

(0.03)

(0.42)

1.31***

14.62***

2.12***

15.16***

0.02

-1.38

-0.47

0.04

0.72***

5.74**

(0.37)

(4.17)

(0.78)

(5.42)

(0.33)

(1.55)

(0.45)

(1.98)

(0.22)

(2.92)

Repeat customera
Agent market share
* Repeat
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Policy
characteristics

Yes

Yes

Yes

Yes

Yes

Producer FE

Yes

Yes

Yes

Yes

Yes

County FE

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Year FE
County by year FE
Observations

b

185,871

185,871

33,530

33,530

60,778

60,778

40,576

40,576

61,919

61,919

Producers
23,939
23,939
3,146
3,146
13,895
13,895
3,916
3,916
7,355
7,355
Within panel Rsquared
0.44
0.42
0.34
0.61
0.33
0.41
0.19
0.59
0.17
0.48
Notes: *** p<0.01, ** p<0.05, * p<0.1. Errors corrected for clustering at the producer level in parentheses. a Repeat customer is a dummy variable equal
to one if the producer has purchased at least one policy from the agent in the past. b Due to a large number of counties observed in Oklahoma, county by
year fixed effects were replaced with crop reporting district by year fixed effects for that state.

Table 5. Agent Market Share Effects Excluding Agent-Producers.
Iowa

Nebraska
Oklahoma
Montana
Washington
Dependent Variable: Total Premium per Acre Insured

VARIABLES
Agent market share
Agent market share * Opportunist

4.72***
(0.73)
-6.51***
(1.68)

0.34
(0.62)
-0.64
(1.10)

-0.28
(0.37)
3.22***
(1.07)

0.35
(0.33)
-0.88
(1.10)

-1.11***
(0.21)
-1.42**
(0.60)

Dependent Variable: Total Dollar Liability Insured per Acre
Agent market share
Agent market share * Opportunist
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42.55***
(8.70)
-37.73*
(20.36)

2.61
(4.99)
-12.57*
(6.69)

-1.88
(1.65)
8.59**
(4.02)

4.37**
(2.08)
-7.24
(5.56)

-11.06***
(2.86)
-4.92
(7.85)

Notes: *** p<0.01, ** p<0.05, * p<0.1. Errors corrected for clustering at the producer level in parentheses. Policies sold by
agents with fewer than five insurance customers during the year are excluded to test for bias introduced by agent-producers who
sell themselves policies.

Appendix A. Producer Insurance Decision Problem
A risk neutral representative producer decides whether and how much insurance to buy per acre
according to the following optimization problem:
max 𝔼[U𝑖 (𝜇𝑖 )] = 𝔼[𝐼(𝜇𝑖 , 𝜃, 𝑦̅𝑖 , 𝑦𝑖 ; 𝐹(𝑦))] − (1 − 𝑠(𝜇𝑖 ))𝜌(𝜇𝑖 , 𝜃, 𝑦̅; 𝐺(𝑦))
𝜇𝑖

The variable 𝐼(∙) represents indemnities paid out by the insurance policy in the event of a loss
which depends on the amount of coverage 𝜇𝑖 , the guaranteed price 𝜃, historical average yield 𝑦̅,
and realized yield 𝑦𝑖 . The producer pays a per acre premium 𝜌 net of government subsidies 𝑠.
Both premiums and subsidy rates depend on the choice of coverage with high coverage policies
carrying higher premiums and lower subsidy rates, i.e. 𝜌𝜇𝑖 > 0 and 𝑠 ′ (𝜇𝑖 ) < 0.
Assuming total premiums 𝜌 are set equal to expected indemnities within a region and
formally expressing the expected indemnity function, the above equation can be written as:
𝜇𝑖 𝑦̅𝑖

𝜇𝑖 𝑦̅𝑖

max ∫ 𝜃(𝜇𝑖 𝑦̅𝑖 − 𝑦𝑖 )𝑑𝐹(𝑦) − (1 − 𝑠(𝜇𝑖 )) ∫ 𝜃(𝜇𝑖 𝑦̅𝑖 − 𝑦𝑖 )𝑑𝐺(𝑦)
𝜇𝑖

0

0

Indemnities are triggered when yields fall below the guaranteed threshold 𝜇𝑖 𝑦̅𝑖 and increase as
yields fall further below the guarantee. The producer’s expectation of indemnities is based on
his/her individual distribution of crop yields 𝐹(𝑦) while premiums are set using the distribution
of yields across all producers in an area 𝐺(𝑦).
Differentiating with respect to 𝜇𝑖 and applying Leibniz Rule generates the first order
condition:66

66

Note that the derivates of 𝐹(𝜇𝑦̅) and 𝐺(𝜇𝑦̅) with respect to 𝜇 drop out of the first order condition. This is because
yield per acre 𝑦 is a continuous variable and the probability of realizing any one specific value is zero. Therefore,
𝑓(𝜇𝑦̅) = 𝑔(𝜇𝑦̅) = 0.
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𝜇𝑖 𝑦̅𝑖

𝑦̅[𝐹(𝜇𝑖 𝑦̅𝑖 ) − (1 − 𝑠(𝜇𝑖 ))𝐺(𝜇𝑖 𝑦̅𝑖 ) + 𝜇𝑖 𝑠′(𝜇𝑖 )𝐺(𝜇𝑖 𝑦̅𝑖 )] − 𝑠 ′ (𝜇𝑖 ) ∫ 𝑦𝑖 𝑑𝐺(𝑦) = 0
0

Solving the above equation for 𝜇𝑖 generates the following expression for the producer’s optimal
choice of coverage level.
𝜇 ∗ 𝑦̅

∫0 𝑦𝑖 𝑑𝐺(𝑦)
(1 − 𝑠(𝜇𝑖∗ ))
𝐹(𝜇𝑖∗ 𝑦̅𝑖 )
∗
𝜇𝑖 = 𝚪(𝑦̅𝑖 , 𝑠(𝜇𝑖 ); 𝐹(𝑦), 𝐺(𝑦)) =
−
+
𝑠 ′ (𝜇𝑖∗ )
𝑠 ′ (𝜇𝑖∗ )𝐺(𝜇𝑖∗ 𝑦̅𝑖 )
𝑦̅𝑖 𝐺(𝜇𝑖∗ 𝑦̅𝑖 )
We see that the producer’s optimal choice of coverage is a function of their historical yield, their
distribution of yields relative to the distribution of yields in the overall region, and the subsidy
rate schedule. To ensure a non-negative optimal coverage level, 𝜇𝑖∗ , the following condition
must hold:
𝜇 ∗ 𝑦̅

𝐹(𝜇𝑖∗ 𝑦̅𝑖 ) ≥ (1 − 𝑠(𝜇𝑖∗ ))𝐺(𝜇𝑖∗ 𝑦̅𝑖 ) +

𝑠 ′ (𝜇𝑖∗ ) ∫0

𝑦𝑖 𝑑𝐺(𝑦)

𝑦̅𝑖

The above states that the farmer’s subjective probability of suffering a loss large enough to
trigger an indemnity payment must exceed a certain threshold. This can be thought of as a
participation constraint where producers only enter the insurance pool if the expected returns
outweigh the actuarial cost.
From the first order condition, we generate comparative statics showing how the
producer’s optimal insurance coverage changes with various parameters. We use the implicit
function theorem to produce the following relationships:
i.

Increasing government subsidy rates unambiguously increases the producer’s
optimal choice of coverage.
𝜕𝚪(∙)
1
>0
∗ = −
𝜕𝑠(𝜇𝑖 )
2𝑠 ′ (𝜇𝑖∗ )
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ii.

An increase in the producer’s subjective risk of loss increases their optimal choice
of coverage level, holding the risk of loss across all producers in the area constant.
𝜕𝚪(∙)
−1
=
∗
∗ )𝐺(𝜇 ∗ ) > 0
𝜕𝐹(𝜇𝑖 𝑦̅𝑖 ) 2𝑠′(𝜇𝑖
̅𝑖
𝑖𝑦

iii.

If the risk level across all producers in the area rises relative to that of the
individual producer, his/her optimal coverage level falls.
(1 − 𝑠(𝜇𝑖∗ )) − 𝜇𝑖∗ 𝑠 ′ (𝜇𝑖∗ )
𝜕𝚪(∙)
=
<0
𝜕𝐺(𝜇𝑖∗ 𝑦̅𝑖 )
2𝑠′(𝜇𝑖∗ )𝐺(𝜇𝑖∗ 𝑦̅𝑖 )

Taken together, the above conditions constitute the definition of adverse selection.
Producers whose risk levels exceed that of the rate setting area are more likely to enter the
insurance pool and take on greater coverage while low risk producers insure less or choose not to
enter the pool at all.
Each producer 𝑖 within a given rate-setting area (typically a county) will have his/her
own optimal insurance coverage level 𝜇𝑖∗ based on their individual risk of loss relative to the
county. Producers however, may not know this value. The above coverage decision and the
comparative statics that follow from it assume a fully informed producer who knows their exact
distribution of yields 𝐹(𝑦) and how it compares to the distribution of yields across all producers
in the area 𝐺(𝑦). This may be too strong an assumption. Instead we consider the possibility that
producers vary in knowledge of their subjective risk level.
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Appendix B. Insurance Agent Selling Problem
Insurance agents generate profit by selling policies to producers then re-selling those policies to
insurance companies. Companies pay agents a commission equal to the commission rate, a
percentage of the total premium, times the total premium transferred. Currently, the commission
rate cannot exceed a cap set out by the Standard Reinsurance Agreement (SRA). Different policy
types carry different commission caps. For instance, commissions for revenue policies, which
insure against both price and production risk, are capped at 18.5 percent of premium vs. 21.9
percent for traditional yield-only polices. Commission limits also vary geographically. Agents in
Corn Belt states enjoy lower maximum compensation rates that do agents in other regions. Prior
to 2011 however, commissions were not capped, and agents could negotiate any commission rate
with insurance companies.
After changes to the SRA in 2011, whether an agent receives the maximum available
commission depends on whether underwriting gains or losses are sustained by the purchasing
insurance company for the crop year.67 Positive underwriting gains on the agent’s book of
business (the portfolio of insurance policies they transfer to an insurance company) may increase
the maximum allowable compensation rate if those gains contribute to the company’s overall
actuarial performance. Underwriting losses on the agent’s book of business may reduce the cap
and the agent’s commission will suffer. We define underwriting gains associated with a given
policy as the difference between premium per acre collected, 𝜌, and indemnities paid per acre, 𝐼.
A difference greater than (less than) zero indicates positive (negative) underwriting gains to the
insurance company purchasing the policy from the agent.

67

An underwriting gain is achieved when total premiums collected by the insurance company in a state exceed all
indemnities paid out in the same state.
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An important detail of the crop insurance market is that agents are forbidden from turning
down a sale by law.68 Agents may attempt to influence producers by encouraging them to take on
more coverage or less coverage than is optimal. In doing so, agents may increase their total
compensation, extracting rents from the crop insurance program. Note that rent-seeking is only
possible if producers cannot perfectly calculate their true optimal coverage level 𝜇𝑖∗ as detailed in
the previous section. Producers who can make this calculation can at any time demand a policy
carrying this exact optimal coverage level, regardless of the agent’s efforts to influence their
selection. We now consider the objective function of selling agents.
A representative agent 𝑗 chooses a coverage level to sell to the producer 𝜇𝑗 to maximize
expected profit.
max 𝔼[Π𝑗 (𝜇𝑗 )] = 𝔼 [𝑐 (𝜙(𝜇𝑗 ))] ∙ 𝜌(𝜇𝑗 )
𝛼𝑗

where 𝜙(𝜇𝑗 ) ≡ 𝜌(𝜇𝑗 ) − 𝐼(𝜇𝑗 )
and 𝑐(∙) ∈ (0, 𝑐 max ]
The agent receives commission rate 𝑐(∙) per dollar of premium collected 𝜌(𝜇𝑗 ). Commissions
are bounded by 𝑐 max , the maximum possible commission for the policy type and coverage level.
The agent’s commission rate depends on the actuarial performance of the policy, measured by
expected underwriting gains 𝜙(𝜇𝑗 ). As actuarial performance improves, the commission rate
approaches 𝑐 max , i.e. 𝑐′(∙) > 0.
Because the agent does not know with certainty if the policy will incur a loss, the agent
maximizes profits based on expectations of the farmer’s actuarial risk. The above objective

68

This is true for farmers operating in the same state as the insurance company. Agents and insurance companies are
not obligated to sell policies to producers outside their state.
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function shows that agents must balance the desire to maximize the premium collected from
producers, what we will call the “volume incentive,” with the potential effect this has on
underwriting gains, or the “quality incentive.” Increasing the level of coverage may increase
expected losses on the policy which could outweigh the increase in premiums collected.
Differentiating the agent’s objective function generates the following first order
condition:
𝔼 [𝑐′ (𝜙(𝜇𝑗 )) 𝜙′(𝜇𝑗 )] ∙ 𝜌(𝜇𝑗 ) + 𝔼 [𝑐 (𝜙(𝜇𝑗 ))] ∙ 𝜌′(𝜇𝑗 ) = 0
This condition shows that the agent raises the coverage level of the policy until the marginal
profit due to volume (increasing premium) just offsets the negative marginal profit from
underwriting gains. Because the marginal premium profit must be positive by definition, the first
order condition suggests that at the optimal coverage level, the change in underwriting gains due
to an increase in coverage must be negative, i.e. 𝜙′(𝜇𝑗 ) = 𝜌′(𝜇𝑗 ) − 𝐼′(𝜇𝑗 ) < 0.
The coverage level that satisfies the above condition depends on the guaranteed price and
the producer’s historical yield, conditional on the yield distributions of the farmer and the
county.
𝜇𝑗∗ = 𝚿(𝜃, 𝑦̅; 𝐹(𝑦), 𝐺(𝑦))
For an agent to sell the profit maximizing level of coverage shown above, he/she must
possess all information concerning the producer’s risk level and be able to fully influence the
producer’s crop insurance decision. Instead, we relax the constraint that producers and agents are
fully informed and examine how the two interact in an environment of asymmetrical information
and agent competition.
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Appendix C. Opportunistic Producer – Agent Signaling Game
We model the interaction between opportunistic producers and insurance agents as a signaling
game that takes place over the following four stages. Figure C1 illustrates the extensive form
signaling game.
1. Nature determines the producer to be a high or low-risk type. For simplicity, we exclude
the possibility of moral hazard whereby a producer’s risk level can be influenced by their
choice of insurance coverage.
2. An opportunistic producer 𝑖 observes their type privately and forms an approximation of
their optimal coverage level 𝜇𝑖 . The producer communicates this approximation as being
either higher or lower than the average coverage level across all producers. The
producer’s strategy set given their risk level is then:
𝑆𝑖 (𝑅𝑖𝑠𝑘 𝐿𝑒𝑣𝑒𝑙) = {𝜇𝑖+ , 𝜇𝑖− } where 𝜇𝑖+ > 𝜇̅ and 𝜇𝑖− < 𝜇̅ .
3. Agent 𝑗 observes the producer as having a high approximation (𝜇𝑖+ ) or low approximation
(𝜇𝑖− ) which they use to form a belief about the producer’s risk level. Given the agent
observes 𝜇𝑖+ , the probability that the producer a high-risk type is given by 𝛾 and the
probability of being a low-risk type is 1 − 𝛾. If the agent observes 𝜇𝑖− , the agent believes
the producer to be high and low risk with probability 𝜆 and 1 − 𝜆 respectively.
𝑃𝑟𝑜𝑏(𝐻𝑖𝑔ℎ 𝑅𝑖𝑠𝑘|𝜇𝑖+ ) = 𝛾, 𝑃𝑟𝑜𝑏(𝐿𝑜𝑤 𝑅𝑖𝑠𝑘|𝜇𝑖+ ) = 1 − 𝛾
𝑃𝑟𝑜𝑏(𝐻𝑖𝑔ℎ 𝑅𝑖𝑠𝑘|𝜇𝑖− ) = 𝜆, 𝑃𝑟𝑜𝑏(𝐿𝑜𝑤 𝑅𝑖𝑠𝑘|𝜇𝑖− ) = 1 − 𝜆
Based on this information, agent 𝑗 recommends the producer either increase their
coverage (suggest a positive 𝛼𝑗 ) or decrease their coverage (suggest a negative 𝛼𝑗 ). The
producer accepts this offer with probability V(𝛼𝑗 ) and chooses to accept the offer of a
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competing agent with probability 1 − V(𝛼𝑗 ). The agent’s strategy set is to recommend a
coverage level such that:
𝑆𝑗 (𝜇𝑖 ) = {𝛼𝑗 , −𝛼𝑗 } where 𝛼𝑗 > 0and −𝛼𝑗 < 0.
4. Payoffs are observed in expectation since actual payoffs are not realized until harvest
time. Given the producer’s signal 𝜇𝑖 , the agent’s payoffs are ordered as follows:69
𝔼[Π𝑗 (𝜇𝑖 + 𝛼𝑗 )|𝐻] < 𝔼[Π𝑗 (𝜇𝑖 − 𝛼𝑗 )|𝐻],
𝔼[Π𝑗 (𝜇𝑖 + 𝛼𝑗 )|𝐿] > 𝔼[Π𝑗 (𝜇𝑖 − 𝛼𝑗 )|𝐿]
When selling to a high-risk producer, the agent will prefer to sell a low coverage policy
to reduce their exposure to losses and increase their expected commission rate. If the
producer’s risk of loss is low, the agent prefers to increase the coverage level and
maximize the policy’s premium. In other words, the agent’s quality incentive dominates
when selling to high-risk producers while the volume incentive dominates for low-risk
producers. The opportunistic producer’s payoffs are ordered thusly:70
𝔼[U𝑖 (𝜇𝑖 + 𝛼𝑗 )|𝐻] > 𝔼[U𝑖 (𝜇𝑖 − 𝛼𝑗 )|𝐻],
𝔼[U𝑖 (𝜇𝑖 + 𝛼𝑗 )|𝐿] < 𝔼[U𝑖 (𝜇𝑖 − 𝛼𝑗 )|𝐿]
High-risk producers want to maximize expected indemnities, so they prefer a higher
coverage level. Low-risk types are more concerned about their out-of-pocket premium
costs, so they prefer lower coverage policies.

69

The full comparison of payoffs between 𝛼𝑗 > 0 and 𝛼𝑗 < 0 is V(𝛼𝑗 ) ∙ 𝔼[Π𝑗 (𝜇𝑖 + 𝛼𝑗 )|𝑖] ⋛ V(−𝛼𝑗 )𝔼[Π𝑗 (𝜇𝑖 −
𝛼𝑗 )|𝑖]. The probability of the agent losing the sale to a competing agent drops out of the inequality because we
assume the distribution of competing recommendations to be symmetric and thus V(𝛼𝑗 ) = V(−𝛼𝑗 ).
70

Similarly, the full comparison of producer payoffs is V(𝛼𝑗 ) ∙ 𝔼[U𝑖 (𝜇𝑖 + 𝛼𝑗 )|𝑖] + (1 − V(𝛼𝑗 )) ∙

𝔼[U𝑖 (𝜇𝑖 + 𝛼𝑘 )|𝑖] ⋛ 𝔼[U𝑖 (𝜇𝑖 − 𝛼𝑗 )|𝐻] + (1 − V(−𝛼𝑗 )) ∙ 𝔼[U𝑖 (𝜇𝑖 + 𝛼𝑘 )|𝑖] which simplifies to 𝔼[U𝑖 (𝜇𝑖 + 𝛼𝑗 )|𝑖] ⋛
𝔼[U𝑖 (𝜇𝑖 − 𝛼𝑗 )|𝐻].
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There are four possible Perfect Bayesian Equilibria (PBE) for the opportunistic producer.
Only a separating PBE where opportunists truthfully reveal their type can be supported under
certain conditions.

Separating PBE (1): High-risk producers signal a high coverage approximation and low-risk
producers signal a low coverage approximation.
𝛾 = 1, 𝜆 = 0
𝑆𝑖 (𝐻) = 𝜇𝑖+ , 𝑆𝑖 (𝐿) = 𝜇𝑖−
𝑆𝑗 (𝜇𝑖+ ) = 𝛼𝑗 < 0, 𝑆𝑗 (𝜇𝑖− ) = 𝛼𝑗 > 0
Given that agent 𝑗 observes a signal of 𝜇𝑖+ from an opportunistic producer, he/she believes the
producer to be a high-risk type with certainty (𝛾 = 1). The agent recommends the producer
reduce their coverage by choosing 𝛼𝑗 < 0 because 𝔼[Π𝑗 (𝜇𝑖 − 𝛼𝑗 )|𝐻] > 𝔼[Π𝑗 (𝜇𝑖 + 𝛼𝑗 )|𝐻]. If the
producer signals 𝜇𝑖− , the agent correctly identifies them as a low-risk type (1 − 𝜆 = 1) and
chooses 𝛼𝑗 > 0 as 𝔼[Π𝑗 (𝜇𝑖 + 𝛼𝑗 )|𝐿] > 𝔼[Π𝑗 (𝜇𝑖 − 𝛼𝑗 )|𝐿].
Anticipating the agent’s responses, a high-risk producer will not deviate from his/her
equilibrium path, provided the following conditions hold:
𝔼[U𝑖 (𝜇𝑖+ − 𝛼𝑗 )|𝐻] > 𝔼[U𝑖 (𝜇𝑖− + 𝛼𝑗 )|𝐻] and 𝔼[U𝑖 (𝜇𝑖− + 𝛼𝑗 )|𝐿] > 𝔼[U𝑖 (𝜇𝑖+ − 𝛼𝑗 )|𝐿]
⇒ 𝜇𝑖+ − 𝛼𝑗 > 𝜇𝑖− + 𝛼𝑗
⇒ |𝛼𝑗 | <

𝜇𝑖+ − 𝜇𝑖−
2

The above condition states that the amount by which the agent can influence the producer’s
approximated coverage level cannot exceed, in absolute value, half the difference between 𝜇𝑖+
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and 𝜇𝑖− . This places a natural constraint on the agent’s ability to affect an opportunistic
producer’s insurance choice and incentivizes opportunistic producers to reveal their true type.

Separating PBE (2): High-risk producers signal a low coverage approximation and low-risk
producers signal a high coverage approximation.
𝛾 = 0, 𝜆 = 1
𝑆𝑖 (𝐻) = 𝜇𝑖− , 𝑆𝑖 (𝐿) = 𝜇𝑖+
𝑆𝑗 (𝜇𝑖+ ) = 𝛼𝑗 < 0, 𝑆𝑗 (𝜇𝑖− ) = 𝛼𝑗 > 0
This equilibrium cannot be supported as opportunistic producers will have an incentive to deviate.
High-risk producers can increase their payoff by signaling 𝜇𝑖+ while low-risk producers can do so
by signaling 𝜇𝑖− .

Pooling PBE (1): Both high-risk and low-risk producers alike signal a high coverage
approximation.
𝛾=𝑝
𝑆𝑖 (𝐻) = 𝑆𝑖 (𝐿) = 𝜇𝑖+
𝑆𝑗 (𝜇𝑖+ ) = 𝑆𝑗 (𝑝)
Here the agent’s response function depends on the proportion of high-risk producers in the
population, 𝑝. This equilibrium cannot be sustained because low-risk opportunistic producers
will have an incentive to deviate and send a low coverage signal.
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Pooling PBE (2): Both high-risk and low-risk producers alike signal a low coverage
approximation.
𝜆=𝑝
𝑆𝑖 (𝐻) = 𝑆𝑖 (𝐿) = 𝜇𝑖−
𝑆𝑗 (𝜇𝑖− ) = 𝑆𝑗 (𝑝)
Again, the agent’s response is a function of 𝑝. This equilibrium cannot be sustained either as
high-risk opportunistic producers will have an incentive to deviate and send a high coverage
signal.

119

Figure C1. Opportunistic Producer-Agent Signaling Game
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Appendix D. Passive Producer – Agent Interaction Game
Passive producers differ from opportunistic producers in that they cannot observe their individual
risk type, but only approximate their risk level based on the proportion of high risk producers in
the area. Passive producers possess no more information than the agent selling the policy and
cannot exploit information asymmetries.
Because passive producers are uninformed about their risk level, they must commit to a
single action, meaning we only need to consider pooling equilibria without the possibility of
deviating. Figure D1 modifies the game tree in Figure C1 to reflect the passive producer’s lack
of private information. The interaction between passive producers and agents unfolds over the
following three stages.
1. Without knowing whether they are a high-risk or low-risk type, the passive producer
approximates his/her optimal coverage level and sends a signal to the agent. The passive
producer’s strategy set is not conditional on their risk profile.
𝑆𝑖 = {𝜇𝑖+ , 𝜇𝑖− } where 𝜇𝑖+ > 𝜇̅ and 𝜇𝑖− < 𝜇̅ .
2. The agent’s response to the producer’s signal depends on the overall probability of
dealing with a high-risk producer 𝑝.
𝑆𝑗 (𝜇𝑖+ ) = 𝛼𝑗 > 0 if
𝑝≤

1
𝔼[Π𝑗 (𝜇𝑖+ + 𝛼𝑗 )|𝐻] − 𝔼[Π𝑗 (𝜇𝑖+ − 𝛼𝑗 )|𝐻]
1−{
}
𝔼[Π𝑗 (𝜇𝑖+ + 𝛼𝑗 )|𝐿] − 𝔼[Π𝑗 (𝜇𝑖+ − 𝛼𝑗 )|𝐿]
𝑆𝑗 (𝜇𝑖+ ) = 𝛼𝑗 < 0 if 𝑝 > Ψ1
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≡ Ψ1

𝑆𝑗 (𝜇𝑖− ) = 𝛼𝑗 > 0 if
𝑝≤

1
𝔼[Π𝑗 (𝜇𝑖− + 𝛼𝑗 )|𝐻] − 𝔼[Π𝑗 (𝜇𝑖− − 𝛼𝑗 )|𝐻]
1−{
}
𝔼[Π𝑗 (𝜇𝑖− + 𝛼𝑗 )|𝐿] − 𝔼[Π𝑗 (𝜇𝑖− − 𝛼𝑗 )|𝐿]

≡ Ψ2

𝑆𝑗 (𝜇𝑖− ) = 𝛼𝑗 < 0 if 𝑝 > Ψ2
The agent’s decision depends not on the individual characteristics of the producer but on
the overall probability that a producer is high-risk. If high-risk producers are rare, i.e. 𝑝
falls below the thresholds defined above, the agent will attempt to expand the producer’s
coverage. If the population contains many high-risk individuals, 𝑝 will exceed the
thresholds and agents will reduce coverage levels to improve the quality of their books of
business.
3. The producer accepts the agent’s recommendation with probability V(𝛼𝑗 ). The offer is
rejected if a competing agent 𝑘 offers a recommendation closer to the producer’s
approximation, which occurs with probability 1 − V(𝛼𝑗 ).
Passive producers and agents choose their strategies based on the probability of the
producer being a high-risk type. Both parties are reacting to overall averages in the producer
population as opposed to individual characteristics, as in the case of opportunistic producers.
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Figure D1. Passive Producer-Agent Game
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CHAPTER THREE
LIVESTOCK CALVING INTERVALS, MILK PRODUCTIVITY, AND NUTRITION IN
KENYA: AN ECONOMETRIC HOUSEHOLD PRODUCTION MODEL
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Abstract

We empirically examine the determinants of livestock calving intervals among smallholder farm
households in Western Kenya. The livestock sector is a major contributor to economic output in
Kenya, making up over 10 percent of total GDP and 42 percent of agricultural GDP annually.
Until recently however, livestock’s importance has been under-reported due to the nature of rural
Kenyan households as both agricultural producers and consumers. Kenya suffers from
persistently low calving rates which produce calving intervals of 591 days or more for the
average cow. Shorter calving intervals could improve household nutrition and income for rural
subsistence farmers. We model average herd-level calving intervals and milk yield in the context
of an agricultural household production model to identify the drivers of cattle productivity. We
apply a dynamic panel econometric approach to household level data from the Population Based
Animal Syndrome Surveillance (PBASS) survey performed in Western Kenya. Results indicate
that on-farm specialization, output prices, herd size, animal health interventions, and farm assets
influence the length of time between calving. We show that milk yields, and thus household
nutrition, can be increased by improving herd level calving rates, milk prices, and health
interventions. Policymakers and aid groups can use these results to improve on-farm productivity
and reduce food insecurity in the region.
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1. Introduction
Livestock agriculture is vitally important in Kenya, and across the developing world, where most
households operate smallholder farms growing staple crops and raising livestock. About 84
percent of rural Kenyan households depend on livestock for survival (Otieno, Hubbard, and
Ruto, 2012). Agriculture overall contributes nearly a third of Kenya’s gross domestic product
directly and another 27 percent indirectly (KIPPRA, 2017). Of this, livestock production plays a
key role. The livestock sector generates 42 percent of agricultural GDP, out of which cattle
makes up 35 percent (Otieno, Hubbard, and Ruto, 2012). These estimates may be underreported
however, due to the nature of pastoralist households as both producers and consumers. More
accurate accounting puts livestock’s contribution to the Kenyan economy on par with that of
crops and horticulture (Behnke and Muthami, 2011). As Kenya modernizes, demand for
livestock products will continue to grow and present opportunities for rural farmers to market
their goods (Njarui et al., 2016).
For small-scale pastoralists, livestock is not only a source of sustenance and income, but
serves as a financial instrument and insurance against shocks such as diseases, crop failures and
disabling injury (Marsh et al., 2016; Behnke and Muthami, 2011). The use of livestock as
insurance is important in developing countries which often lack formal financial markets. Cattle
also confer social benefits that help cultivate relationships and status in the community. For
example, dowry payments for marriage are often made with cattle (Ouma, Obare, and Staal,
2003).
Cattle milk production delivers needed nutritional and health benefits to smallholder farm
households. Malnutrition afflicts over one third of children in Kenya, increasing disease risk,
limiting cognitive development, and impeding human capital accumulation (KNBS, 2014;
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Mosites et al., 2015; Jin and Ionnotti, 2014; Neumann, Harris, and Rogers, 2002). Milk produced
on-farm can help alleviate malnutrition in children and mothers (Muehlhoff, Bennett, and
McMahon, 2013; Staal, Pratt, and Jabbar, 2008). Work by Nicholson et al. (2003) shows that the
keeping of dairy cattle significantly reduces long-term malnutrition in children. No association
between commercial dairying and child health is found, suggesting that cattle improve nutrition
through consumption as opposed to any income effects resulting from milk sales.
The rate at which cows produce calves, referred to as the calving rate, and the amount of
time that passes between calf births, known as the calving interval, indicate the reproductive
health of a cow herd which in turn affects milk yields. Western producers aim for calving rates
near 100 percent and intervals close to 365 days. According to the USDA Dairy 2014 report,
U.S. dairy producers average calving intervals of 13.1 months, or just under 400 days. Calving
rates and intervals in Eastern Africa, by contrast, are persistently poor. Average calving rates
range from 25 to 60 percent while average calving intervals can be as long as four years (Odima,
McDermott, and Mutiga, 1994; Zalla, 1974; Dahl and Hjort, 1976; Staal et al., 1997).
Insufficient calving can impact milk production in poor households and exacerbate malnutrition.
While the challenges and consequences of low cattle productivity in Kenya are well known, the
factors that improve cattle productivity and reduce the length of calving intervals are less
understood.
The purpose of this study is twofold. One, we explore how calving intervals respond to
pre-determined farm interventions, management, and market conditions. Second, we examine
how calving rates and other factors affect milk production and household nutrition. To motivate
our empirical estimation, we model cattle productivity in the context of an agricultural household
production framework. Standard models of livestock management consider only the production
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side and ignore household consumption of goods produced on-farm. Other models account for
production and consumption, but do not focus on the importance of livestock calving. We
address this gap in the literature by reconciling a household production model with a livestock
production function that includes calving rates.
Using longitudinal data from the population-based animal syndromic surveillance
(PBASS) in Western Kenya between 2013 and 2016, we compute herd level calving rates which
we regress on pre-determined household demographics, output prices, farm investment, health
interventions, and farm assets. Our results indicate that on-farm specialization leads to
significantly higher calving rates and shorter calving intervals. Importantly, we find that
households respond to market conditions, whereby high output prices lead to greater investment
on-farm and improved calving productivity. Spraying cattle with acaricide to treat ticks is also
impactful for calving but greater use of feed, on-farm labor, supplements, and other health
improving interventions are not shown to be significant factors. Finally, we find that holding
additional male cattle has a negative impact on calving rates.
We then estimate the impact of calving rates on daily milk yields. We find that the
discrete event of having any calves born to the herd is strongly related to per cow milk
productivity, an improvement of about 12 percent. We find weaker evidence that marginal
changes in calving rates affect milk yields. Our results show that milk yields respond positively
to market prices. A one percent increase in the price of milk is associated with an increase in
milk yields of about 0.10. Spraying cattle for ticks improves milk productivity by between five
and 11 percent while grazing land owned and access to communal grazing boosts yields
meaningfully. These associations vary by household type. Milk yields are most responsive in
households defined as “producer-consumers,” i.e. those that produce a majority of the milk they
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consume. We do not find strong evidence of yield effects in households that purchase most of
their milk in the market.
The nutritional benefits derived from milk productivity accrue to households primarily
through on-farm consumption. Having a non-zero calving rate increases on-farm milk
consumption, and the nutritional benefits that follow, by over 50 percent. Investing in herd health
improvements is also associated with improved household nutrition. Milk consumption and
nutrition is positively related to milk prices for households that rely on their own production for
their milk supply. High milk prices induce an increase in on-farm production which is consumed
and sold off-farm, though we do not find evidence that revenue generated from sales increases
milk purchases. Prices and consumption are not significantly related for household that purchase
the majority of their milk supply. In the following section, we propose a theoretical framework
that predicts how calving rates, prices, and farm inputs interact to determine household nutrition.
We then describe the survey used for this study and our finished dataset, followed by an
explanation of our empirical results, and concluding remarks.

2. Theoretical Model
We assume a representative agricultural household derives utility from the consumption of milk,
represented by 𝑐𝑡 which it can producer for itself on-farm, purchased in the market, or some
combination of both.71 As both producer and consumer, the household is uniquely endowed with

71

For simplicity we assume the household consumes and produces a single agricultural good, milk. Traditionally,
agricultural household models assume consumption of an agricultural staple and a non-agricultural good. We
abstract away from non-agricultural consumption as it is not the focus of this study.
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a vector of productive resources, 𝑧. The household maximize the present value of utility over its
time horizon per the following generalized objective function:
𝑇

max ∑ 𝛽 𝑡 𝑢(𝑐𝑡 ; 𝑧)
𝑐𝑡

𝑡=0

1

The term 𝛽 = 1+𝛼 is the utility discount factor where 𝛼 represents the rate at which future utility
is discounted over time.
To focus on the relevant elements of calving and retain a parsimonious model, we examine
the model in a single period t. Assuming no transaction costs to sellers or buyers, the
utility𝑢(𝑐𝑡 ; 𝑧) is maximized subject to the following constraints:
(1) 𝑄𝑡 = 𝑓[𝐶𝑅𝑡 (𝑥𝑡−1 ), 𝑙𝐹𝑡 , 𝑥𝑡 ; 𝑧]
(2) 𝑇̅ = 𝑙𝐹𝑡 + 𝑙𝑁𝑡
(3) 𝑝𝑡 (𝑄𝑡 − 𝑐𝑡 ) + 𝑤𝑡 𝑙𝑁𝑡 = 𝑝𝑥𝑡 𝑥𝑡
Constraint (1) defines the household’s joint livestock production technology. The amount of milk
produced or number of new calves, 𝑄𝑡 , is a function of 𝐶𝑅𝑡 (𝑥𝑡−1 ), the herd level calving rate in
year 𝑡, as well as on-farm labor supplied by the household 𝑙𝐹𝑡 , a vector of herd inputs 𝑥𝑡 , and the
household’s endowment of productive resources 𝑧. Calving rates measure the average fertility of
the cow herd which is necessary to induce milk production, and it is an intermediate biological
function of the livestock production process. Because impregnation takes place in the year prior
to calving and to facilitate model identification and estimation, we assume the calving rate
depends upon inputs used in the previous year.
Constraint (2) states that the household’s total available time 𝑇̅ can be divided between
working on-farm and selling their labor off-farm. The amount of time working in off-farm
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activities is captured by 𝑙𝑁𝑡 .72 Equation (3) is the full income constraint which equates income
from the sale of milk and off-farm wages to expenditures on consumption and inputs. The terms
𝑝𝑡 , 𝑝𝑥𝑡 , and 𝑤𝑡 represent exogenous milk price, input prices, and labor wage rate, respectively.
We substitute constraints (1) and (2) into (3) to get a single full income constraint.
𝑝
⏟𝑡 ∙ 𝑓(𝐶𝑅𝑡 (𝑥𝑡−1 ), 𝑙𝐹𝑡 , 𝑥𝑡 ; 𝑧) − 𝑝𝑥𝑡 𝑥𝑡 − 𝑤𝑡 𝑙𝐹𝑡 + 𝑤𝑡 𝑇̅ = 𝑝𝑡 𝑐𝑡
𝜋𝑡

The above states that for any period 𝑡, the sum of total farm profit and the market value of time
must balance consumption spending. With the updated income constraint, the household’s
decision variables collapse to milk consumption, input use, and farm labor supply. For
tractability, we consider only the current choice of inputs which determines the calving rate in
the next period, i.e. calving rates in any given period are exogenously pre-determined by
decisions made in the previous period. We can therefore consider a single period constrained
optimization.
We set up the following single-period Lagrangian to solve the constrained maximization
problem:
ℒ(𝑐, 𝑥, 𝑙𝐹 ; 𝜆, 𝑧) = 𝑢(𝑐; 𝑧) − 𝜆[𝑝𝑐 − 𝑝 ∙ 𝑓(𝐶𝑅(𝑥̅ ), 𝑙𝐹 , 𝑥; 𝑧) + 𝑝𝑥 𝑥 + 𝑤𝑙𝐹 − 𝑤𝑇̅]
where 𝜆 is the Lagrange multiplier associated with the full income constraint. The first order
conditions characterizing the optimal choices of milk consumption, herd input use, and farm
labor supply are as follows:
(4) 𝑢′(𝑐; 𝑧) − 𝜆𝑝 = 0
(5) 𝜆(𝑝𝑓𝑥 − 𝑝𝑥 ) = 0

72

We assume all household time is spent on labor, either on-farm or off-farm, without leisure. The model can be
easily modified to include the household leisure decision but doing so does not add insight to our analysis.
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(6) 𝜆(𝑝𝑓𝑙𝐹 − 𝑤) = 0
(7) 𝑝𝑐 − 𝑝 ∙ 𝑓(𝐶𝑅(𝑥̅ ), 𝑙𝐹 , 𝑥; 𝑧) + 𝑝𝑥 𝑥 + 𝑤𝑙𝐹 − 𝑤𝑇̅ = 0
Optimal production decisions derived from the system of first order conditions can be expressed
as:
(8) 𝑥 ∗ = 𝑥(𝑝, 𝑝𝑥 , 𝑤, 𝐶𝑅, 𝑧)
(9) 𝑙𝐹∗ = 𝑥(𝑝, 𝑝𝑥 , 𝑤, 𝐶𝑅, 𝑧)
(10) 𝑄 ∗ = 𝑓(𝐶𝑅, 𝑙𝐹∗ , 𝑥 ∗ ; 𝑧) = 𝑓(𝑝, 𝑝𝑥 , 𝑤, 𝐶𝑅; 𝑧)
Equations (8) and (9) express the household’s optimal choices of inputs and on-farm labor
supply as functions of exogenous and pre-determined variables. Optimal cattle output is then a
function of optimal inputs and labor use as shown in equation (10). Substituting (8) and (9) into
the full income constraint, we can express household milk consumption as:
(11) 𝑐 ∗ = 𝑐(𝑝, 𝑝𝑥 , 𝑤, 𝐶𝑅, 𝑧, 𝑌 ∗ ) where 𝑌 ∗ = 𝑝𝑄 ∗ − 𝑝𝑥 𝑥 ∗ − 𝑤𝑙𝐹∗ + 𝑤𝑇̅ = 𝜋 ∗ + 𝑤𝑇̅
Equation (11) defines the household’s optimal level of consumption as a function of output price,
input prices, the prevailing wage rate, pre-determined calving rate, productive endowments, and
income which is determined by optimal farm profit 𝜋 ∗ . In other words, production is considered
separable from consumption because decisions over optimal input use and labor allocation are
made prior to, and independently of, consumption decisions (Singh, Squire, and Strauss, 1986).
The impact of an increase in milk prices on consumption is the sum of the immediate
demand side effect and the indirect profit effect.
𝜕𝑐 ∗ 𝜕𝑐
𝜕𝑐 𝜕𝑌 ∗
=
|𝜋̅ + ∗ ∙
𝜕𝑝 𝜕𝑝
𝜕𝑌 𝜕𝑝
The sign of the above comparative static depends on the relative sizes of the demand and profit
effects. Households that purchase most of their milk in the market will have the traditional
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negative price effect. If the household’s marketed surplus of milk is large enough, the profit
effect may outweigh the demand effect, causing consumption to rise in response to higher prices.
Price effects cannot be signed a-priori without knowing something about the milk productivity of
the household.
An important assumption underlying separability of production and consumption is the
absence of transaction costs. If households can hire labor, procure inputs, and sell their surplus
production in markets reliably and without additional cost, consumer characteristics will not
impact production decisions (de Janvry, Fafchamps, and Sadoulet, 1991). We now relax this
assumption and re-examine the model.
Assume there exist transaction costs 𝑡 that are proportional to the volume of milk bought
or sold in the market.73 The area studied in this paper is a remote part of Western Kenya where
access to formal markets is limited. Transaction costs in this context would be the cost of safely
transporting goods to a central market (de Janvry, Fafchamps, and Sadoulet, 1991; Key,
Sandoulet, and de Janvry, 2000; Minot 1999). The realized unit sale price of milk, net of
transaction costs, is then 𝑝 − 𝑡 while for the buyer the effective price is 𝑝 + 𝑡. We update the
household’s full income constraint to incorporate transactions costs following Key, Sandoulet,
and de Janvry (2000).
(12) 𝛿 𝑠 (𝑝 − 𝑡)(𝑄 − 𝑐) + 𝛿 𝑏 (𝑝 + 𝑡)(𝑄 − 𝑐) + 𝑤𝑙𝐹 + 𝑤𝑇̅ = 𝑝𝑥 𝑥
The terms 𝛿 𝑠 equals one if the household is a net seller of milk (𝑄 > 𝑐), and zero otherwise.
Likewise, 𝛿 𝑏 is one if consumption exceeds production and the household is a net buyer of milk.

73

For simplicity, we assume transaction costs are symmetrical for buyers and sellers.
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Suppose households have the same demand functions for milk 𝑐(𝑝, 𝑋) which is
determined by the price of milk and all other exogenous variables 𝑋, but are heterogenous in
supply 𝑄(𝑝, 𝑋; 𝑧𝑖 ) where productive endowments 𝑧𝑖 vary by household. Transactions costs create
a wedge between the market price and the effective prices paid by buyers and received by sellers.
Households who’s supply and demand function cross one another within the price band will find
it optimal to not participate in the market and remain self-sufficient in milk consumption, that is
they will equate production with on-farm consumption. Production and consumption decisions
are therefore non-separable for these types of households (de Janvry and Sadoulet, 2003). The
greater the transactions costs, the more households will opt for home consumption (Aaragie and
McDonald, 2014).
Households that conform to separability, i.e. those for whom transactions costs are not a
deterrent to market participation, will make production decisions independently from
consumption decisions. Those for whom separability cannot be assumed will make both
simultaneously. We predict two possible milk consumption functions depending on the
separability assumption as follows:
1.

Separable/Market Participating Households
𝑐 ∗ = 𝑐(𝑝, 𝑝𝑥 , 𝑤, 𝑌 ∗ )
Separability defines consumption as a function of exogenous variables and predetermined income as described above. Separable households determine their profit
maximizing input and labor before making consumption choices. Price effects
travel through the negative demand effect and the positive profit effect.
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2.

Non-separable/Self-sufficient Households
𝑐 ∗ = 𝑐(𝑝, 𝑝𝑥 , 𝑤, 𝑄), 𝑄 ∗ = 𝑄(𝑝, 𝑝𝑥 , 𝑤, 𝑐; 𝑧)
Prohibitively high transactions costs lead to the break-down of separability.
Without separability, both production and consumption endogenously define each
other. An increase in the price of milk affects consumption through a negative
demand effect and a production effect.
A distinguishing characteristic of market participating (separable) households, and of

agricultural household models generally, is that the price effect only manifests through goods
purchased, and not production for home consumption. This is not the case for self-sufficient
(non-separable) households. Given the presence of transactions costs, the impact of prices,
inputs, and other variables for self-sufficient households will affect consumption via homeproduction-for-home-consumption as opposed to income derived from sales. We predict that
production for home consumption will be more responsive to changes in factor inputs and
exogenous variables for self-sufficient households than for market participating households.
We will examine the determinants of milk production, consumption, and nutrition for
households who derive most of their consumption from on-farm production, what we call selfsufficient “producer-consumers” and those that purchase most of their milk in the market, or
“milk buyers.” Separability is unlikely to hold for the former group but is safely assumed for the
later. We show that milk production and consumption behavior differ significantly between
household types.
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3. Data
Data for this study come from the ongoing Population-based Animal Syndromic Surveillance
(PBASS) conducted over multiple years in Western Kenya. The study observes subsistence
farming households from ten villages in the Asembo area of Kenya’s Nyanza Province, near
Lake Victoria. As part of the PBASS study, a special survey is administered quarterly focusing
on household socio-economic conditions. Socio-economic conditions surveyed include
household demographics, asset ownership, consumption of food staples, land use, livestock
inventories, income, expenses, and health. We use data from the socio-economic survey to
explain calving rates and calving intervals.
At the time of this analysis, the survey contains 2,004 unique households observed
quarterly between February of 2013 and July 2016 for a total of 18,625 observations. For each
household, we aggregate the survey data up to the annual level. This is done for two reasons.
First, calving rates are defined as the average number of calves born per cow which is best
observed as an annual average as a single cow can produce at most one calf per year. Second,
there are many missing and zero variable values at the quarterly level. Annualizing the data helps
fill these gaps and create a more complete picture of household behavior.
The final dataset contains 7,356 observations after aggregating the dataset to the
household-by-year level. We observe each household an average of 3.7 times and 87 percent of
households are observed in all four years of the study period, creating a strongly balanced panel
dataset. Many observations however, contain missing values for variables due to missing
responses.
Our main variables of interest are the average herd calving rate and the average herd
calving interval. Calving rate is defined as the number of calves born per breeding eligible cow.
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The PBASS survey provides the number of adult cows (over two years of age) owned by each
household and the number of calves born at the time of each quarterly visit. Households also
indicate the total number of bulls owned. The data do not however, indicate how many of these
cows mated with a bull or were artificially inseminated. We are left to proxy the herd of breeding
cows by the number of adult cows reportedly owned by the household.
To compute an annual average calving rate, we calculate the total number of calves born
during the year and divide by the average number of adult cows owned in the same year.
∑4𝑞=1 𝐶𝑎𝑙𝑣𝑒𝑠 𝐵𝑜𝑟𝑛𝑖𝑡𝑞
𝐶𝑅𝑖𝑡 =
1 4
∑
4 𝑞=1 𝐶𝑜𝑤𝑠 𝑂𝑤𝑛𝑒𝑑𝑖𝑡𝑞

This captures the average number of cows born per eligible cow each year. Average calving rates
provide a useful measure of the productivity and health of the cow herd. From this, we estimate a
herd level calving interval, or the average number of years a typical cow takes to produce a calf.
Since we do not directly observe this value, we can estimate it as the inverse of the annual
calving rate, i.e.:
𝐶𝐼𝑖𝑡 =

1
𝐶𝑅𝑖𝑡

To compute an average calving interval in days, we simply multiply the above by 365.
Surveyed households report the average amount of milk produced by their cow herd in
liters per day as well as the current number of cows producing milk. From this, we compute the
total liters of milk produced per cow each quarter. To generate an annual average milk yield per
cow, we take a simple average of quarterly milk yields for each household.
4

𝑇𝑜𝑡𝑎𝑙𝐿𝑖𝑡𝑒𝑟𝑠𝑃𝑒𝑟𝐷𝑎𝑦𝑖𝑞𝑡
1
𝑀𝑌𝑖𝑡 = ∑
4
𝐶𝑜𝑤𝑠𝑃𝑟𝑜𝑑𝑢𝑐𝑖𝑛𝑔𝑖𝑞𝑡
𝑞=1
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The PBASS socio-economic survey includes demographic questions which we use to
determine the number of family members in the household, the head-of-household’s primary
occupation, and the highest degree achieved by the household.74 Households are also asked about
their food consumption and expenditure. For each quarterly visit to the household, the surveyor
asks how much beef, milk, and maize the household consumed in the previous seven days and its
total expenditure on each (in Kenyan Shillings). We compute beef, milk, and maize prices as the
total expenditure divided by total amount consumed. Because we are interested in market prices
prevailing within a given area, we generate village wide prices by averaging the household-level
effective prices across all households within the same village and over all quarters of a given
year.
The PBASS survey respondents fit the definition of agricultural producer and consumer
households (Singh, Squire, and Strauss, 1986). These households typically produce agricultural
staples for their own sustenance and sell any surplus off-farm. Increases in beef, milk, and maize
prices will affect households by depressing their purchasing power, leaving them less able to
invest in activities that improve livestock productivity. Conversely, high prices may improve
herd productivity through the profit effect. Livestock feed is often derived from crops, so we
consider the price of maize to approximate cattle feed costs. We report prices in 100s of
KShs/Kg for beef and maize and 100s of KShs/Liter for milk.
Respondents indicate whether they engaged in livestock care such as hiring labor
specifically to work with livestock, purchasing supplements, and spending money on cattle feed.
To measure livestock input use, we create dummy variables for each activity equal to one if the

74

We identify the highest degree earned by any member of the household, not just the household head. This allows
us to proxy for the human capital stock made available to the entire household.
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household engages in that activity at any point during the year. Activities that improve livestock
health are also covered in the PBASS socio-economic survey. Surveyed households report using
acaricide spray to control ticks carrying East Coast Fever, a leading cause of morbidity and death
among livestock in Africa. We also observe whether the household invests in deworming and
antibiotics for its cattle herd. We create indicator variables equal to one if the household sprays
its livestock for ticks, if deworming is performed, and if cattle are treated with antibiotics at any
point during the year.75
During each quarterly visit, households are asked how many acres it owns that are
dedicated to livestock grazing. We average these quarterly responses to create a single yearly
variable for grazing acres owned by the household. Additionally, respondents indicate whether
they have access to communal grazing lands from which we use to create a dummy variable for
yearly communal grazing.76 Communal grazing lands are considered additional or supplementary
grazing opportunities and not the only means of livestock grazing available to those that have
access to these lands. Assets owned by households are also reported including vehicles, farm
implements (ploughs), and mobile phones. Dummy variables for asset ownership are generated
at the yearly household level.
Because we are attempting to explain calving rates and calving intervals for a typical cow
owned by the household, we restrict our dataset to households that report owning at least one
cow during the year. This eliminates just under half of our dataset, leaving us with 3,682
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The household only needs to report using these health interventions once in a year to receive a one for these
variables. This strategy was chosen over calculating the number of interventions performed in a year because of low
variation in these measures and for simplicity in estimation.
76
As in the case of cattle inputs and health interventions, the dummy variable for yearly communal grazing access
equals one if the household reports using communal grazing during any of the quarterly survey visits during the
year.
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observations. Table 1 reports descriptions and summary statistics for the variables related to
calving and milk production discussed above. The average household in our dataset generates a
calving rate of 0.21, translating to an average calving interval of 670 days.77 Both measures of
cattle productivity have high variance.
Figures 1 and 2 show the sample distributions of annual calving rates and calving
intervals respectively. Calving rates are concentrated at either end of the distribution with 70
percent of observations having calving rates of zero and 11 percent with calving rates equal to
one. For those with positive calving rates, the conditional mean is 0.68 calves per cow. Calving
intervals are skewed to the right. The shape of the distribution is driven by the fact that calving
intervals can only be calculated for non-zero calving rates. Our sample average calving interval
is consistent with other estimates for Kenya. Odima, McDermott, and Mutiga (1994) find an
average calving interval of 633 days in Kiambu District of Kenya. Staal et. al. (1997), also
studying farm households in Kiambu District, estimate a slightly shorter interval of 591 days.
The average household in our dataset reports a daily milk yield of 0.38 liters per cow,
significantly lower than other estimates for Kenya. Staal et al. (1997) find an average milk yield
of 7.2 liters per day in Kiambu District while Muraguri, McLeod, and Taylor (2004) find an
average milk yield of 6.5 liters per day in Kwale District in Kenya’s Coast Province. Our sample
average 80 percent lower than that of Marsh et al. (2016) who find an average daily milk yield of
1.92 liters per cow in southern Kenya. Much of the discrepancy can be explained by herd
characteristics. The mentioned studies focus on smallholder dairy operations that maintain exotic
or exotic cross-breed cattle, bred specifically for milk production. Only two percent of
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Because estimated calving intervals are the inverse of calving rates, we cannot estimate calving intervals for
observations with calving rates equal to zero. This leaves 1,117 observations with estimated calving intervals.
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observations in our sample report owning exotics or exotic cross-breeds, indicating an absence of
dairy specialization. Muriuki (2011) compares milk production by breed in Kenya, finding an
average milk yields for specialized Friesian/Holstein cattle of nearly 14 liters per day vs. just
over four liters per day for indigenous Sahiwal.
Many observations in our dataset have average milk yields of zero (over 50 percent of
our sample) which pulls down the average by about half. Excluding zero milk yield observations
generates a mean of 0.78 liters per cow daily, bringing the average closer to that of Marsh et al.
(2016). The distribution of milk yields is highly variable with a maximum of 50 liters per cow
per day and a standard deviation of 1.27. Extreme values of milk yields are likely due to
measurement error in the survey process, e.g. adding an additional decimal point to daily milk
production. To correct for these outliers, we compute the interquartile range of milk yields and
exclude those above or below the interquartile range by a factor of 1.5 or more. Doing so
eliminates 191 observations (5.2 percent or the sample) and brings the sample average milk yield
down to 0.24 with a standard deviation of 0.34. Figure 3 illustrates the distribution of milk yields
after removing outliers. The distribution remains highly skewed after eliminating outliers,
indicating a high degree of variability across and within households.
Trends in food prices are illustrated in Figure 4. The average village price of beef is 282
Kenyan Shillings per Kg. Beef prices rise steadily between 2013 and 2016, suggesting either
growing demand or reductions in supply. Milk and Maize prices vary little throughout the study
period. The average household pays 73 KSh per liter of cow milk and 50 KSh per Kg. of maize.
Cattle owning households have, on average, 3.5 members and the proportion of
households with some secondary education is 43 percent. Just over half of the household heads
are primarily employed on their own farm. On average, households generate 2,692 KSh per

141

month in off-farm net income though 49 percent of households earn no income off-farm during
the year. The primary occupation of the household head is predictive of whether off-farm income
is earned. Households whose head is not primarily employed on-farm earn an average of 3,896
KSh per month off-farm compared to 1,086 KSh per month for those actively working on-farm.
Average herd sizes are consistent with smallholder farms. Households report owning 1.9
cows and 1.2 bulls on average during a given year. The nearly one-to-one bull to cow ratio may
be indicative of poor management practices. Few households make use of cattle supplements,
labor, or feed during the year. These practices are used by an average of six, 16, and two percent
of all households, respectively.
Eighty percent of survey respondents spray their livestock with acaricide at least once
during the year, suggesting this practice is believed to be an effective tick control measure and
worth the cost. This estimate is consistent with Staal et al. (1997) who show a 71 percent take-up
of acaricide treatment in Kiambu District. Cattle deworming practices and antibiotics are both
used by 21 percent of households at least once per year. Household own less than half an acre of
grazing land on average while 78 percent of respondents have access to some form of communal
grazing. Though only two percent of households own a vehicle, almost all households use farm
implements (ploughs) and mobile phones.

4. Identification and Empirical Issues
Identification of our empirical models proceeded in several steps. First, we formalize the
behavior relationships using economic theory. The agricultural household model described
earlier establishes key relationships in production and consumption which informs our empirical
strategy. Second, we focus our estimation on two biological production relationships: calving
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rates and milk production. Calving rates provide the basis for estimation of production and
consumption and are determined by farm inputs used during the previous year. We expand the
list of calving rate determinants to include prices and herd characteristics, but all variables are
lagged by one year. This strategy not only follows from economic theory but is also consistent
with biological relationships inherent in agricultural systems. It allows for causal interpretations
as explanatory variables are pre-determined and therefore exogenous to current calving
productivity.
Milk yield per cow is then estimated as a function of pre-determined calving rates and
current inputs that impact milk productivity. We also test the effect of exogenous market prices
on milk yield. Third, we build on the production centric relationships to examine broader effects
on household food security. More specifically, we examine how calving, inputs, and prices
influence nutrition through milk consumption. Here, we are able to use information on
households that are primarily consumers and those that are producer-consumers to more
accurately and precisely identify outcomes. Finally, it is possible that some households
endogenously manage calving rates. To control for this possibility, we follow a two-stage
approach, predicting the likelihood of a positive calving rate with exogenous and predetermined
variables and then incorporating the predicted probability in the second stage regression model.
If endogeneity is present, we anticipate larger impacts from the two-stage correction.
Three important issues are raised during estimation: endogeneity, censoring, and
separability. Where ever possible, we exploit economic theory, econometric and statistical
techniques, biological relationships, and the panel nature of the data to address empirical issues.
Variables are transformed when appropriate based on prior information in the literature and/or
statistical tests. We employ pre-determined inputs or exogenous market prices to address
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endogeneity, though a lack of availability and limited variation among input prices force us to
rely on dummy variables for the use of certain inputs (e.g. acaricide spray and antibiotics)
(Barnum and Squire, 1978). Many production and consumption relationships are likely driven by
household characteristics that do not change over time. We make use of household fixed effects
regressions to control for this type of endogeneity. That said, endogeneity between some
explanatory and dependent variables will inevitably remain, but through our identification
strategy we strive to minimize these issues. Estimated correlations as opposed to causal effects
may still inform policymaking in these cases.
Milk production, and to a lesser extent milk consumption, variables contain a significant
number of zeros (see Data section for details). Data censoring could introduce bias in estimation
if unaccounted for. We make use of Tobit models to address this issue. Finally, separability
makes interpreting directions of causality between consumption and production difficult.
Transactions costs can induce self-sufficiency which will change how production and
consumption are determined. We estimate milk yield and consumption models individually for
households that may or may not have underlying separable behavior.

5. Empirical Models and Results
Determinants of Calving Rates and Calving Intervals
Because of the temporal nature of calving, calf output in the current year is a function of
exogenous variables and decisions made during the previous year, with only the random shock
entering contemporaneously.
𝐶𝑅𝑖𝑗𝑡 = 𝑓(𝐻𝑖𝑗𝑡−1 , 𝐵𝑖𝑗𝑡−1 , 𝑃𝑗𝑡−1 , 𝑁𝑗𝑡−1 , 𝐴𝑖𝑗𝑡−1 , 𝛼𝑖 , 𝜇𝑗 , 𝜏𝑡 ) + 𝜀𝑖𝑗𝑡
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The dependent variable is 𝐶𝑅𝑖𝑗𝑡 , the average number of calves born divided by breeding
cows owned by household 𝑖, located in village 𝑗, during year 𝑡. To test for herd scale effects, we
include the average number of adult cows, 𝐻𝑖𝑗𝑡−1 , and the average number of bulls, 𝐵𝑖𝑗𝑡−1
owned during the previous year. The prices of beef, milk, and maize (in 100s of KSh per unit) in
village 𝑗 during the prior year are represented by the vector 𝑃𝑗𝑡−1 . The signs of the price
coefficients depend on the relative strengths of the demand and profit effects. We assume that
villages define separate markets for agricultural staples such that prices vary across villages
during the same time but not within villages.
Cattle health interventions made during the year before calving are included in the vector
𝑁𝑗𝑡−1. Dummy variables for whether tick treating acaricide spray, deworming practices, and
antibiotics were used on cattle make up 𝑁𝑗𝑡−1 . Interventions that improve cow health should
increase the probability of impregnation and the likelihood of taking a calf to full term, so the
true relationship should be positive.
On-farm assets increase the labor productivity of the household and will generally be
associated with livestock specialization. Assets owned by the household in the previous year are
captured by the vector 𝐴𝑖𝑗𝑡−1. It includes the number of grazing acres owned by the household
and dummy variables for communal grazing access, vehicle ownership, farm implements, and
mobile phones.
All explanatory variables in our model are lagged one year due to the dynamic, biological
nature of calving. We would like to test how changing certain variables in the current year, when
cows are breeding and/or pregnant, ultimately affects their ability to carry a calf to term. This
strategy also controls for any contemporaneous endogeneity between calving and household
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decision making as all behavior is pre-determined. To capture unobservable factors that may be
correlated with our explanatory variables, we use various combinations of household, village,
and year fixed effects represented by 𝛼𝑖 , 𝜇𝑗 , and 𝜏𝑡 , respectively. Household fixed effects control
for all unobserved household characteristics that do not vary over time while village level fixed
effects control for all regional characteristics that may affect calving rates. Year fixed effects
capture any unobserved temporal factors that impact all households in the same year, e.g.
government policy enacted at the national level.
Due to the large number of observations with calving rates of zero, about 70 percent of
our restricted sample, we employ a Tobit model. The Tobit estimation technique contends with
large probability densities centered on a specific value, in our case zero.78 We assume that a
calving rate outcome of zero results from utility maximizing behavior and represents a corner
solution as opposed to data censoring.79 We can express the Tobit model as follows:
𝐶𝑅𝑖𝑗𝑡 = {

𝑋𝑖𝑗𝑡 𝛽 + 𝜀𝑖𝑗𝑡 if 𝜀𝑖𝑗𝑡 > −𝑋𝑖𝑗𝑡 𝛽
0 otherwise

The vector 𝑋𝑖𝑗𝑡 includes all explanatory variables described above and 𝛽 is a vector of
parameters to be estimated. The error term 𝜀𝑖𝑗𝑡 is assumed to be normally distributed with mean
zero and constant variance 𝜎 2 .
The conditional expectation of calving rates is:
𝔼(𝐶𝑅𝑖𝑗𝑡 |𝑋𝑖𝑗𝑡 ) = 𝑃(𝐶𝑅𝑖𝑗𝑡 = 0|𝑋𝑖𝑗𝑡 ) ∙ 0 + 𝑃(𝐶𝑅𝑖𝑗𝑡 > 0|𝑋𝑖𝑗𝑡 ) ∙ 𝔼(𝐶𝑅𝑖𝑗𝑡 |𝑋𝑖𝑗𝑡 , 𝐶𝑅𝑖𝑗𝑡 > 0)
= 𝑃(𝐶𝑅𝑖𝑗𝑡 > 0|𝑋𝑖𝑗𝑡 ) ∙ 𝔼(𝐶𝑅𝑖𝑗𝑡 |𝑋𝑖𝑗𝑡 , 𝐶𝑅𝑖𝑗𝑡 > 0)

78

Applying simple OLS may result in biased and inconsistent estimates given the large number of zeros in the
dependent variable.
79
In contrast to other applications of the Tobit model, we are not dealing with an unobserved latent variable in a
data censoring context. Rather, calving rates of zero represent the true value resulting from utility maximizing
behavior.

146

𝑋𝑖𝑗𝑡 𝛽
𝑋𝑖𝑗𝑡 𝛽
= Φ(
) 𝑋𝑖𝑗𝑡 𝛽 + 𝜎𝜙 (
)
𝜎
𝜎
where Φ(∙) and 𝜙(∙) are the CDF and PDF of the normal distribution, respectively. The effect of
a change in one of the independent variables on the predicted calving rate is expressed as:
𝜕𝔼(𝐶𝑅𝑖𝑗𝑡 |𝑋𝑖𝑗𝑡 )
𝑋𝑖𝑗𝑡 𝛽
= 𝛽1 ∙ Φ (
)
𝜕𝑥1𝑖𝑗𝑡
𝜎
The term Φ (

𝑋𝑖𝑗𝑡 𝛽
𝜎

) is the probability that the household has a positive calving rate during year 𝑡,

conditional on the variables included in 𝑋𝑖𝑗𝑡 . Thus, the marginal effect of a variable 𝑥1 on
calving rates is the product of the estimated parameter 𝛽1 and a positive scaling factor that is
between zero and one.
We estimate the following log-likelihood function by maximum likelihood (MLE):
𝐶𝑅𝑖𝑗𝑡 − 𝑋𝑖𝑗𝑡 𝛽
𝑋𝑖𝑗𝑡 𝛽
1
max ln(𝐿) = ∑ ln [ ∙ 𝜙 (
)] + ∑ ln [1 − Φ (
)]
𝛽
𝜎
𝜎
𝜎
𝐶𝑅𝑖𝑗𝑡 >0

𝐶𝑅𝑖𝑗𝑡 =0

Because household fixed effects cannot be accommodated by MLE, we run an OLS model with
household fixed effects to control for any unobserved heterogeneity between households.80
To estimate the marginal effect of an independent variable on calving intervals, we apply
the chain rule to the equation for expected calving intervals and evaluate for the average
household in our sample, i.e.
𝜕𝐶𝐼𝑖𝑗𝑡
𝜕𝐶𝐼𝑖𝑗𝑡 𝜕𝐶𝑅𝑖𝑗𝑡
𝜕𝐶𝑅𝑖𝑗𝑡
1
=
∙
=−
∙
2
̅̅̅̅ ) 𝜕𝑥1𝑖𝑗𝑡
𝜕𝑥1𝑖𝑗𝑡 𝜕𝐶𝑅𝑖𝑗𝑡 𝜕𝑥1𝑖𝑗𝑡
(𝐶𝑅
In the Tobit case, the marginal effect on calving intervals translates to:

80

MLE can include household random effects but this empirical strategy does not capture unobserved characteristics
that are unique to the household. Random effects estimates were found to be similar to other Tobit estimates and did
not add to our understanding of the factors that determine calving rates. Though OLS estimates will be biased
downward and inconsistent, we find it nonetheless useful as a means of comparing results.
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𝜕𝐶𝐼𝑖𝑗𝑡
𝑋𝑖𝑗𝑡 𝛽
1
=−
∙
𝛽
∙
Φ
(
)
1
̅̅̅̅ )2
𝜕𝑥1𝑖𝑗𝑡
(𝐶𝑅
𝜎
Effects on calving intervals in days are obtained by multiplying the above term by 365. We use
the above approach as opposed to directly regressing calving intervals on the explanatory
variables because doing so would forfeit those observations with calving rates equal to zero (over
half our sample).
Table 2 reports marginal effects of our explanatory variables on calving rates calculated
at the sample mean. We use six different specifications for comparison. Columns (1) through (4)
report the computed Tobit model marginal effects with combinations of village and time fixed
effects. Columns (5) and (6) report OLS coefficients with household fixed effects. For
coefficients that are statistically significant at the 0.10 level, we predict the effects on calving
intervals and report them in Table 3.
Neither household size or education appear to influence calving rates significantly.
Households in which the head is employed primarily on-farm is statistically significant having
calving rates that are between four and six percentage points higher. This translates to a
difference of 342 to 514 fewer days between calving for the average cow. Households that
specialize in on-farm activities appear to achieve greater herd productivity.
Herd size variables enter significantly in most cases. Increasing the number of cows
owned by the household by one is associated with a three-percentage point increase in calving
rates the following year. For the average household in our sample, the addition of one cow to the
herd increases calving rates by 15 percent. Expanding a household’s cow herd can shorten
average calving intervals by as much as 257 days according to our model. Conversely, owning
more bulls is correlated with fewer calves born per cow. Bull ownership shares a negative
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relationship with calving rates in all six specifications and is statistically significant in five. Our
results suggest that adding a bull to the herd could extend calving intervals by 171 days, a 26
percent increase for the average household.
The negative correlation between bulls owned and cow productivity is unexpected. We
would expect that grazing additional bulls with the cow herd would increase the likelihood of
successful impregnation. Poor management may explain this outcome. On average, households
in our sample report owning 0.63 bulls for every one cows. The high bull to cow ratio could be
suboptimal for cow productivity or be associated with poor animal husbandry practices. Holding
the number of cows constant, adding additional bulls may stress the cow herds and depress future
calving. Given the small average number of cows owned per household, owning even one bull
which can service 20 to 30 cows, could be inefficient. Households may also retain bulls for
social purposes. Bulls are often used as dowry for marriage and may be kept for that reason.
Rather than adding to the herd’s fertility, these bulls represent a strain on the household’s
resources. Though we do not observe whether artificial insemination (AI) is used, the cost of
transporting and storing semen may be prohibitively high. The cost of purchasing a single bull of
superior breeding stock may also be high, leading to an overaccumulation of generic bulls
(Ouma and Abdulai, 2009).
The signs of commodity price effects vary by specification. Lagged beef prices have a
negative and statistically significant effect on calving rates in models (1), (2), and (5) but
becomes positive when year fixed effects are applied. The relationship between beef prices and
calving rates is positive and significant when estimated via OLS with both household and year
fixed effects. The same pattern emerges for the village price of milk. These differences are likely
due to low variations in beef and milk prices across villages within the same year. Without
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controlling for time, these price variables act as de facto year fixed effects, absorbing the overall
trend in calving rates. We consider the price effects estimated by models that include year
controls to be the most reliable and focus on them for evaluating price relationships.
A 100 Shilling (KSh) per Kg. increase in the price of beef is associated with a fourpercentage point increase in calving rates the following year according to column (6). This
implies a reduction in expected calving intervals of about 342 days. An increase of 100 KSh in
the price of milk raises expected calving rates by 12 to 17 percentage points. This means a 58 to
82 percent improvement in calving rates for the average herd in our sample. Note that our price
variables are denominated in 100s of KShs, so the coefficients represent large changes. A more
meaningful estimate may be that of a one standard deviation increase which lowers calving
intervals by 212 days for beef prices and between 108 and 154 days for milk.
Because prices are determined on the market and are unlikely to be influenced by any one
household, we can say confidently that prices are exogenous to producer behavior and safely
interpret price effects as causal responses to higher livestock profitability. This result is an
extension of the profit effect often found in the agricultural household production literature. High
agricultural prices can boost consumption of agricultural staples through the profit effect where
the increase in farm profitability outweighs losses in purchasing power. In the same way, high
prices for beef and milk increase the future profitability of cattle which incentivizes investment
in cattle productivity.
High prices for beef and milk simultaneously reduce the household’s wealth through
higher consumption costs. The average household in our sample consumes 2.65 liters of cow
milk per week, working out to an average of 0.76 liters per household member per week. An
increase of one standard deviation in the price of milk could raise a family’s milk expenditure by
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as much as 28 KSh. per week.81 Beef is also an important food staple with households
consuming 0.4 Kgs. per week on average. A one standard deviation increase in beef prices could
increase household beef costs by up to 23 KSh per week.82 The net positive effect of beef and
milk prices on calving rates suggest the profit incentive overshadows any loss in household
wealth. Alternatively, high prices for agricultural staples may incentive greater on-farm
production as a substitute for goods purchased in the marketplace. We explore this possibility for
milk production in the next section.
The correlation between maize prices and calving rates are generally positive across
specifications, though the coefficient enters insignificantly in models (4) and (6) when both panel
and time fixed effects are applied. The price of maize not only proxies for cattle feed costs but
also measures the profitability of a substitute agricultural activity, crop production. We would
expect that as maize becomes more profitable to sell off-farm, households will shift investment
from livestock production to crop production and calving rates/intervals would suffer. Moreover,
maize is a very important agricultural consumption staple. The average household in our sample
consumes 9.3 Kg. of maize per week. The loss in household purchasing power resulting from
higher maize prices would surely hurt the farm’s ability to invest in their livestock herd. It may
be the case that households respond to high maize prices by maintaining their existing crop
acreage and shoveling profits from crop sales into their livestock herds. The profit margins on
beef and milk may be relatively high enough to draw investment away from maize.

81

The maximum estimated increase in total milk expenditure is calculated by multiplying average weekly milk
consumption (2.65 liters) by the standard deviation of milk prices (10.55 KSh.). This calculation does not consider
substitution and income effects on consumption and assumes perfectly inelastic demand. As such, this figure is
considered a maximum possible change.
82
This calculation follows the same method used for milk expenditure and represents a maximum possible
expenditure increase.
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We do not find evidence that hiring labor to work with cattle or purchasing cattle feed
statistically affect calving rates and intervals.83 Using cattle supplements shows a small positive
effect in Tobit models (1), (2), and (3) but becomes insignificant after imposing both panel and
time controls. The mechanism by which we assume price variables improve calving, i.e. greater
investment in the cattle herd, should be partially captured in these variables. It may be that the
measures that lead to improved calving are unobservable or encompass multiple activities that
we can generally refer to as cattle herd investment.
Spraying cattle with tick killing acaricide at least once during the year has a large
positive impact on calving rates in the following year. The effect becomes statistically
insignificant after household fixed effects are applied. According to models (1) and (4), calving
rates increase by about eight percentage points when some spraying for ticks is performed. This
implies a reduction in expected calving intervals by 685 days. Using household fixed effects
eliminates the significance of acaricide because most households that perform this activity do so
regularly. Spraying is like a household characteristic with little variation over time. Table 4
provides a breakdown of acaricide spray use by households. Of the 861 households that spray at
least once during the study period, 77 percent do so in at least half of the years we observe them
and over 50 percent spray in three out of four years observed.
The use of antibiotics on cattle has a positive relationship with calving productivity in
specifications that do not control for year fixed effects. This suggests that the variation in

83

The supplements, labor, and feed variables are defined as being equal to one if the household reports engaging in
the activity in any one of the four visits during the year. When we redefine these variables to equal one if they are
used in at least half of the visits, the supplements variable becomes positive and statistically significant across all six
specifications. The number of observations is low however. Only 30 out of 2,623 have a one for this variable when
defined at the higher threshold. These 30 observations come from 28 unique households. After controlling for
household fixed effects, the effect of feed supplements remains suggesting that regular use of supplements improves
calving rates significantly while low use does not.
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antibiotic use may be driven by factors that affect all regions of the study area at the same time.
Disease outbreaks, for example, that are temporally correlated across all villages may encourage
large take-up of antibiotics by households for a specific period of time. Figure 5 displays average
calving rates and the percentage of observations administering antibiotics over the four years of
the study. Antibiotic use falls steadily for cow owning households from 2013 to 2016, following
the overall trend in calving rates which rise in 2014 but gradually worsen thereafter. Antibiotic
use clearly correlates with the general time trend of calving rates. After controlling for the shared
time trend, the effect becomes small and insignificant, indicating that the relationship between
calving rates and antibiotic is spurious.
Except for specifications (1) and (2), the number of grazing acres owned does not
significantly impact calving rates. Tobit models (1), (2), and (4) show that access to communal
grazing land improves calving rates by five percentage points, though the relationship is not
robust to the use of household fixed effects. Farm implement (plough) ownership has a large
positive coefficient across all specifications, but only enters significantly in specification (6). We
regard the association between owning farm implements and calving as reflective of general
livestock specialization as opposed to a direct causal link.
Calving rates respond to on-farm investment in the form of herd characteristics, health
interventions, and grazing. Some of these activities, e.g. spraying with acaricide, are driven by
household characteristics that correlate with superior calving. Having examined the determinants
of calving rates and intervals, we now explore how improvements in calving productivity can
benefit milk production in smallholder farms.
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Calving and Milk Production
Livestock lactation and fertility are naturally connected. Standard lactation curves show that
daily milk yields peak between four and eight weeks after calving, then gradually decline until
the cow dries off around the one-year mark (Silvestre et al., 2009). To maximize lifetime milk
productivity, cows are bred back shortly after maximum yield is achieved so that another calving
occurs when the cow has dried out. Herd level milk production will be insufficient without
regular calving episodes. Studies show that calving intervals influence the quantity and quality of
daily milk production as well as the shape of the yield curve (Baul et al., 2013).
Based on the model used by Marsh et al. (2016), we establish the following determinants
of milk yields:84
𝑀𝑌𝑖𝑗𝑡 = 𝑓(𝐶𝑅𝑖𝑗𝑡 , 𝑋𝐵𝑟𝑒𝑒𝑑𝑖𝑗𝑡 , 𝑀𝑖𝑙𝑘𝑃𝑟𝑖𝑐𝑒𝑗𝑡 , 𝐻𝑒𝑎𝑙𝑡ℎ𝑖𝑗𝑡 , 𝐺𝑟𝑎𝑧𝑖𝑛𝑔𝑖𝑗𝑡 , 𝛼𝑖 , 𝜇𝑗 , 𝜏𝑡 ) + 𝜀𝑖𝑗𝑡
Milk yield (𝑀𝑌𝑖𝑗𝑡 ) is the average daily milk produced per cow for household 𝑖 in village 𝑗 during
year 𝑡. Exotic breeds such as Holstein-Fresian, Ayrshire, Guernsey, Jersey, and their crossbreeds are selected for dairy production. We include dummy variable, 𝑋𝐵𝑟𝑒𝑒𝑑𝑖𝑗𝑡 , equal to one if
the household reports owning exotic or exotic cross-breed cattle to capture the effects of dairy
specialization.85 Milk yields are likely responsive to milk prices, so we include the village-yearly
average price of milk. Diseases such as East Coast Fever significantly impact cow milk
production. The vector 𝐻𝑒𝑎𝑙𝑡ℎ𝑖𝑗𝑡 includes dummy variables for whether acaricide sprays,
deworming practices, and antibiotics are used by the household during the year. The number of
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Calving rate is used instead of calving intervals due to the large number of observations with zeros for calving
rates which produce missing values for the estimated calving interval.
85
A dummy variable for exotic breed ownership was chosen over a continuous variable for the number or fraction of
exotic breeds due to a low number of positive values. Only 1.7 percent of observations own any exotic cattle.
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grazing acres owned and a dummy variable for access to communal grazing are included in the
vector 𝐺𝑟𝑎𝑧𝑖𝑛𝑔𝑖𝑗𝑡 .
Like calving rates, our sample of average milk yields contains a significant number of
zeros. Over half of cow-owning households report no milk produced during the year. Again, we
employ several Tobit specifications to contend with the high concentration of zeros and OLS
models to control for time-invariant household characteristics. We estimate six models with
various combinations of household, village, and year fixed effects, represented by 𝛼𝑖 , 𝜇𝑗 , and 𝜏𝑡 ,
respectively and present our results in Table 5. Tobit model marginal effects calculated at the
sample mean are shown in columns (1) through (4) while OLS coefficients occupy columns (5)
and (6). Milk yields, calving rates, and milk prices are logged such that their marginal effects are
equivalent to elasticities. Exotic cattle ownership, health interventions, grazing acres owned, and
access to communal grazing are left un-logged. Their marginal effects represent estimated
percent changes in milk yield resulting from their use.
Initial results indicated the inclusion of observations with calving rates of zero had a
meaningful effect on the estimated impact of calving. These cases represent close to 70 percent
of the observations used in our regressions. The estimated marginal effects of calving rates on
milk yield are large, positive, and significant when zeros are included but become small and
insignificant when the sample is restricted to only those with positive calving rates. This suggests
that a significant yield difference exists between herds with any calving episodes and those
without. The effect of a marginal increase in calving rates may be undetectable given our data
limitations.86 To deal with this source of bias without excluding a large number of observations,
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Both calving rates and milk yields are calculated as yearly herd averages in our dataset. Moreover, data are
collected via survey and based on respondent recall as opposed to the formal tracking of cattle breeding and milk
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we include a dummy variable equal to one if the herd had a positive calving rate for the year and
zero if no calving occurred. Outliers were found to influence our estimates as well and were
removed from the estimation sample.87 After excluding milk yield outliers, we further restrict our
estimation data to households reporting positive cow ownership during the year, leaving us with
a sample of 3,490 observations covering 1,298 households.
Table 5 shows a consistent positive relationship between calving and milk yields across
specifications. Having any calves born during the year increases average milk yields per cow by
17 percent according to the Tobit model estimates and by 12 percent according to OLS with
household fixed effects. Households fixed effects attenuate the impact of calving on milk
production. Part of the larger effect estimated via Tobit could be driven by households that have
consistently high milk yields and routinely produce calves. The marginal effect of calving rates
is positive and significant in four of the six specifications. After controlling for time-invariant
household characteristics, our results suggest that a one percent increase in herd-level calving
rates is associated with an increase in daily milk production of between 0.07 and 0.09 percent.
The estimated effect of calving on milk yields may be the result of households actively
managing their herd’s calving rates jointly with milk production. If true, our estimates would not
reflect a causal relationship. To control for this, we perform a two-step process wherein we first
predict the probability of generating a positive calving rate using only pre-determined factors,
then include the predicted probability of calving in the milk yield regression. We report the
results of the two-step procedure in Appendix B. The relationship between calving and milk

production, as in other studies. Thus, marginal effects are likely attenuated toward zero while discrete effects will be
more detectable.
87
Milk yield outliers were determined by calculating the interquartile range (IQR) and excluding values above or
below the IQR by a factor of three. See the Data section for more details.

156

yields not only persists but strengthens. See Appendix B for a full description of the two-step
design and results.
Owning at least one exotic breed raises daily milk yields by six to seven percent. The
effect is less significant after household fixed effects are applied, suggesting that the correlation
is driven partly by herd management choices made at the household level. Households that use
exotic breeds are likely to have productive dairy systems relative to those with only indigenous
breeds.
The impact of acaricide spraying on milk yields is positive and statistically significant
across all six models, though the size of the effect falls considerably after household fixed effects
are applied. Spraying livestock for ticks at least once during the year boosts daily milk yields by
between five and 11 percent. We consider the larger effects produced by the Tobit models to be
an upper bound, about half of which is explained by households that regularly apply acaricide
(see Table 4). The tick-borne disease East Coast Fever (ECF) increases livestock mortality and
reduces milk yields in infected cattle (Mukhebi, Perry, and Kruska, 1992). We find evidence,
even after controlling for household characteristics, that the use of acaricide spray as a tick
control measure meaningfully improves average milk productivity.88 Even a five percent increase
in average daily milk production resulting from acaricide spraying more than triples the monthly
output of each cow.
We do not find evidence that cattle deworming practices influence dairy production. The
marginal effect of antibiotic use is positive and significant across all six models. The application
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The acaricide spray dummy variable is equal to one if at least one treatment was performed on livestock during
the year. The variable cannot tell us anything about the frequency of use during the year, only that it was used or not
used. In alternative specifications, we included the number of reported sprays done during the year and found the
differences between sprayings greater than one to be statistically insignificant. As such, we kept the variable as a
binary for simplicity of reporting.
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of year fixed effects however, reduces the statistical significance of the antibiotic effect from
0.01 to 0.10. As discussed in the previous section, antibiotic use is highly correlated across
geographic areas within the same year. Without controlling for the temporal correlation in
antibiotic use, our estimates are capturing unobservable factors and may be biased. Figure 6
compares overall trends in milk production with antibiotic use. The trends are in lock step, both
falling over time, though milk yields experience a more dramatic decline between 2014 and
2015. We find evidence that forage opportunities significantly improve cattle milk productivity.
Table 5 shows that owning an additional acre of grazing land improves daily milk yields by three
to six percent per cow while herds with communal grazing access have between three and eight
percent higher daily milk yields than those without access.
Milk prices are again correlated with cattle productivity, though only in models with
temporal controls. As discussed in the previous section, village level prices may act as year fixed
effects due to low variation across villages. We regard the correlations on the log price of milk
shown in columns (3), (4), and (6) to be the best estimates of the true price effect. A one percent
increase in the price of milk increases milk yield per cow by 0.09 to 0.10 percent. In other words,
if the village price of milk were to double, households would increase daily milk yields by about
10 percent per cow per day. Though small, the estimated effect is more meaningful in terms of
yearly milk production and opposed to daily production. A sustained one percent increase in
milk prices would increase yearly production by 39 to 44 percent per cow.
The positive relationship between milk prices and milk production moves through one of
two channels. First, higher milk prices raise the household’s food expenditure. The household
responds by producing more of its own milk on-farm and purchasing less off-farm. We refer to
this as the substitution effect which is consistent with the behavior of non-separable or self-
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sufficient households. The other channel is through income via the supply effect. Producers that
sell excess milk in the market will increase their supply, thus raising household income. It is not
clear from Table 5 which of the two channels explain our results. We explore this further in the
following sections.

Milk Producer-Consumers vs. Milk Buyers
Our results indicate that market forces and superior farm management can improve the on-farm
milk supply of Kenyan households. A greater availability of milk produced on-farm can improve
household nutrition. Other studies generally find a positive relationship between dairy cattle
ownership and childhood nutrition in eastern African countries, though the mechanisms driving
the relationship are not fully understood (Nicholson et al. 2003; Hitchings, 1982; Vella et al.,
1995). Milk production may increase nutrition through income generated by off-farm sales or
through home consumption. To better understand these mechanisms, we examine milk yields by
household type.
The PBASS survey asks respondents how much of their consumption of agricultural
goods is produced at home. From this, we identify households that routinely produce most of the
milk they consume on-farm vs. those that buy most of their milk in the market. We refer to the
former as self-sufficient “producer-consumers” and the later as “buyers” with regard to dairy
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consumption.89 We estimate the milk yield model using a Tobit specification with village and
year fixed effects separately for each dairy consumer type and present the results in Table 6. 90
The relationship between calving and milk yields is similar between buyers and producerconsumers. The discrete impact of having at least one calving in the herd is 14 percent for milk
buyers and 13 percent for milk producer-consumers. The effect of an incremental change in
calving rates on milk production however, is exclusive to producer-consumer households. A one
percent increase in calving rates raises daily milk yields by 0.05 percent per cow for producerconsumers. The impact of acaricide spray on milk production for producer-consumers is three
times that of milk buyers at 12 percent vs. four percent. Grazing access is also more impactful
for milk yields among producer-consumer households.
The relationship between milk prices and milk yields is isolated to producer-consumer
households for whom a one percent increase in price leads to a 0.15 percent increase in daily
milk production per cow. This correlation could be capturing a standard supply response if
producer-consumers sell the additional milk in the market.91 If, on the other hand, the household
consumes 100 percent of what it produces, the price effect may represent a substitution effect
away from milk bought in the market and toward production on-farm. Households with the
capacity to ramp up their own production in the face of higher commodity prices will be more
reactionary while net buying households may not have such productive capacity.

89

For each household, we take the average percentage of milk consumption produced on-farm over all years
observed. Those with an average of at least 50 percent are deemed producer-consumers, otherwise they are defined
as buyers.
90
We suppress results from specifications with fewer controls (e.g. Tobit without year or village controls) for
brevity. Results from these models are similar to those shown in Table 6. The results in Table 6 are also consistent
with an OLS specification with household fixed effects.
91
The PBASS survey does not have reliable details of household selling behavior. While we know anecdotally that
smallholder farms routinely sell milk off-farm, few report doing so in our dataset which limits our understanding of
the channels through which prices affect milk production.

160

To better understand these differences, we compare the means of several cattle variables
between dairy producer-consumers and dairy buyers in Table 7. Producer-consumer households
are significantly more productive and have larger cattle operations than buyers. On average,
producer-consumer herds produce nearly three times as much milk per cow and have calving
rates that are over two times that of milk buying households. This is true despite comparable
percentages of household heads reporting their primary occupation as farming.
The average size of producer-consumer herds is larger than their milk buying
counterparts at 2.2 cows and 1.5 bulls vs. 1.4 cows and 0.9 bulls. The average number of cows
producing milk in producer-consumer herds is nearly four times that of buyers at 0.5 and 0.1,
respectively. Dairy producer-consumers are twice as likely to own exotic or exotic cross-breed
cattle, though representation is low for both household types. Grazing opportunities are greater
for producer-consumers both in terms of acres owned and access to communal lands. Milk
producer-consumers are also more likely to spray their livestock for ticks, use deworming
measures, and administer antibiotics. Milk buyers work off-farm more often and are paid more
per hour worked than producer-consumers. Milk buyers earn an average of 3,100 KSh per month
vs. 2,393 KSh per month for producer-consumers. Buyers earn 40.48 KSh per hour worked
compared to 35.42 KSh per hour earned by producer-consumers, a 14 percent difference.
In the context of our theoretical model, milk buyers are the market participants that sell
their labor in the market to fund their consumption. Their off-farm labor supply is a profit
maximizing decision based on their relative capital endowments and is made prior to the decision
of how much milk to purchase. The separability assumption is most likely to hold for milk
buying households. Producer-consumers, by contrast, make production and consumption
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decisions simultaneously. Their production is inclined toward on-farm consumption, so
separability is unlikely to hold for producer-consumers.
As we would expect, households that produce most of their own milk specialize in dairy
production while those that purchase their milk specialize in off-farm work. Tables 6 and 7
confirm that farm management practices and market forces can improve milk productivity, but
the benefits of improvement accrue primarily to households with productive capital at their
disposal. One of the benefits is the added nutrition afforded by higher milk yields. If producerconsumer households generate excess milk primarily for consumption, the price effect will
increase nutrition directly. If the additional milk is sold, the household will increase its nutrition
with the extra income from off-farm sales. Higher milk prices are unlikely to increase the
nutrition intake of net buying households through either channel and will lead to a loss of
nutrition as they decrease their demand for dairy. Improved herd fertility, measured by average
calving rates, can boost nutrition through the same channels. Unlike the price effect however,
higher calving rates should increase nutrition for all household types because they do not involve
a loss in purchasing power. We directly test how calving and prices move through these channels
to impact nutrition in the following section.

The Effect of Calving and Milk Prices on Household Consumption and Nutrition
We now examine how calving, prices, and herd inputs affect consumption and nutrition. The
PBASS socio-economic survey asks respondents how many liters of milk were consumed by all
household members over the previous seven days. We average the quarterly responses and divide
by seven to create an average daily milk consumption variable for each household-year.
Additionally, households report how much of the total milk consumption was produced on-farm,
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or “home milk,” and the amount bought in the market in liters per week. We calculate annul
averages for these variables as we do total consumption. To estimate the daily nutritional intake
derived from milk for each household, we use the West African Food Composition Table created
by Charrondiere et al. (2012). Nutritional content is compiled from nine West African countries
whose diets are comparable to that of Kenya. Charrondiere et al. (2012) report average macro
and micronutrient contents of foods in 100-gram units, including for milk. The nutritional value
of whole, reduced fat, and skim milk are included in the Food Composition Table. We use
average values reported for whole milk as most of the milk traded and consumed by smallholder
farms is unprocessed and direct-from-the-farm.92 We focus on energy (calories) and major
macronutrients (protein, fat, and carbohydrates).
In the section of the survey where respondents report milk production, the average
amount of milk sold is also reported. Households indicate the average number of liters sold per
day off-farm which we average across quarterly observations to generate a single yearly average
of daily milk sales.
Table 8 shows average nutritional contents for whole milk, as reported in Charrondiere et
al. (2012), and averages for milk consumption, nutritional in-take, and quantities sold by
household type. Milk producer-consumer households drink about 36 percent more milk on
average at 0.43 liters per day vs. 0.32 liters for milk buyers. Naturally, the amount of total
consumption produced at home by producer-consumers is over three times that of milk buyers
while buyers purchase nearly three times more milk than producer-consumers. Producerconsumers sell an average of 0.11 liters per day vs. an average of 0.05 liters for buyers. The daily

92

Fat content is highly correlated with calorie content so large differences exist between whole, reduced fat, and
skim milk in terms of fat grams and energy per unit but are otherwise comparable in terms of other nutrients.

163

energy derived from milk by producer-consumer households is 279 calories vs. 205 calories for
net milk buyers. Differences in protein, fat, and carbohydrates between household types follows
the same pattern.
We first estimate consumption and sales relationships for each type of household. We
regress daily milk bought, milk produced and consumed on-farm, total milk consumption, and
milk sales in liters per day on relevant determinants. Milk consumed, either bought or produced
on-farm, depends upon traditional demand factors of exogenous prices and off-farm income. We
also include calving rates, a vector of cattle health interventions, and grazing opportunities as
explanatory variables in consumption regressions. We control for the number of household
member as consumption variables are observed at the household level. Milk sales are determined
by prices and production factors but are not influenced by income or household size as there is
not a consumption component to off-farm sales.
About 10 percent of cow-owning households report zero milk consumption during the
year. For milk sales, zero observations are much more prevalent. Eighty percent of milk
producer-consumers do not sell any milk off-farm while non-milk sellers make up 95 percent of
milk buying households. To correct for censoring in consumption and sales variables, we use a
Tobit specification including village and year fixed effects to control for unobserved regional
and temporal covariates.93
Table 9 presents the marginal effects, estimated at the mean of the sample, for each
model separately by household type.94 Again, we log transform the dependent variables to

93

OLS specifications with household fixed effects produce comparable results.
We find that models for milk purchases, home milk production, total consumption, and sales volume are sensitive
to the inclusion of outliers. For milk consumption (total, bought, and produced at home) we define outliers as those
that are above or below the interquartile range (IQR) by a factor of three times the IQR. This is the same strategy for
excluding outliers in the case of milk yields. We exclude a single observation with average milk sales of over 40
94
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interpret marginal effects as percentage changes. For both household types, we estimate a price
elasticity of -0.02 for purchased milk, though the relationship is insignificant in both cases. Milk
prices do not appear to influence the consumption behavior of net buying households. We do
however, find a small positive supply response for buyers. A one percent increase in milk prices
increases the daily amount of milk sold by buying households by about 0.01 percent. Milk
producer-consumers, by contrast, increase their home production and total consumption of milk
in response to higher prices. We find that a one percent increase in the price of milk raises home
production and total consumption of milk by 0.09 and 0.07 percent, respectively. Sales by
producer-consumer are also more responsive to prices. A one percent increase in prices leads
producer-consumers to sell 0.06 percent more milk per day on average.
We attribute the large differentials in milk price effects to differences in ability to
substitute between milk purchased in the market and milk produced for consumption at home.
Producer-consumer households, as shown in Table 7, are more specialized in milk production
relative to households that buy most of their milk off-farm. In the face of high milk prices,
producers can ramp up home production to offset the reduction in quantity demanded. Buyers do
not possess the same ability. For producers, high prices raise both the total amount of household
milk consumption and the quantity sold off-farm, increasing income and food security. Net milk
buyers react to higher prices by slightly increasing the amount of milk sold but otherwise do not
significantly change their consumption behavior.
Having any calving in the herd occur during the year raises milk consumption for both
household types. The increase in consumption comes through the effect of calving on milk

liters per day (clearly a result of measurement error) which inflates the marginal effect of prices on milk sales for
milk buying households. Results are otherwise robust to different exclusion criteria.
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produced on-farm which rises nine percent for milk buying households and 14 percent for
producing households. For producer-consumers, calving also boosts daily milk sales by five
percent, a substantial improvement. We do find a small negative association between marginal
changes in calving rates and the total milk consumed by producer-consumers. The fertility of the
cow herd is an important determinant of milk consumption for all household types. Targeted
investment in improved calving, either through artificial insemination or conventional breeding,
can significantly decrease food insecurity.
Simultaneous management of calving, milk consumption, and milk sales may bias our
estimates. To control for any potential endogeneity, we perform the same two-step procedure
used to test our milk yield model. Appendix B shows how variation in the probability of calving,
as predicted by exogenous and pre-determined factors, impacts milk consumption and sales
quantities. We again find that the signs of calving effects persist, and effect sizes grow in
magnitude after controlling for endogeneity. See Appendix B for details.
For milk buyers, owning one or more exotic cattle breed is unrelated to total consumption
but is associated with increased off-farm purchases. This may be evidence of a wealth effect if
exotic breeds are valued highly in the Asembo region. Exotic breed ownership by producerconsumer households is strongly correlated with consumption and sales. Owning at least one
exotic or exotic cross-breed lifts daily milk consumption by seven percent and sales volume by
six percent. The use of acaricide correlates with higher consumption from home production and
quantity sold of both household types, though the effect on sales for buying households is very
small. Deworming slightly increases total milk consumption for all households while antibiotic
use is associated with higher consumption only for producer-consumer households.
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Owning additional acres of grazing land increase consumption by households that
produce most of their own consumption. On-farm production drives the increase. Milk sales are
positively related to land ownership for all households. Owning an additional acre of grazing
land increases the daily quantity of milk sold by one to two percent.95 Access to communal
grazing land is associated with three percent greater consumption by producer-consumers.
An additional household member raises daily milk consumption per household by
between one and two percent. Milk consumption is clearly more sensitive to income for buyers
than for producer-consumers. For producer-consumers, milk consumption is most affected at
incomes greater than 5,000 KSh per month. In the case of milk buyers, total consumption in each
income category over 1,000 KSh is statistically greater than those with less than 1,000 KSh per
month in off-farm income.96 A milk buying household with over 4,000 KSh of off-farm income
consumes nine percent more milk per day than a household earning less than 1,000 KSh per
month.
Consumption estimates may be more meaningful in terms of their impact on food
security. We convert total milk consumption values into average daily energy (kcal per day) and
macronutrient intake (protein, fat, and carbs per day) and run the same Tobit model used to
predict milk consumption in Table 9, logging the dependent variables. Again, because
consumption is derived from both on-farm production and purchases, herd productivity
interventions and demand factors are included as predictors.

95

Note that the average household in our sample owns just over a third of an acre so a one-acre increase represents a
substantial change.
96
Statistical tests for differences between income categories above the base category reveal that total milk
consumption is not statistically different between levels until the 4,000 KSh per month category is reached.
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Table 10 displays the estimated marginal effects. The discrete event of having at least one
calf born to the herd during the year significantly increases household nutrition. Calving
increases household calories derived from milk by 11 and 12 percent for milk buyers and
producer-consumers, respectively. Daily protein, fat, and carbs from milk consumption rise by
the same proportion. The coefficient on exotic breed ownership is positive for all households but
only statistically significant for producer-consumers’ intake of energy and macronutrients. Prices
are negatively related to nutrition for milk buying households, though the effects are not
statistically significant. Milk producer-consumers, by contrast, increase daily energy and
macronutrient intake from milk by 0.07 percent for every one percent increase in the price of
milk.
Deworming of cattle is associated with significantly higher nutrition for both household
types. Acaricide spray is positively correlated with energy and nutrition but the effects are not
statistically significant. As shown in Table 9, spraying acaricide increases the amount of milk
produced for consumption on-farm but was not shown to increase total consumption.97 Antibiotic
use is associated two percent increase in energy and nutrition by households defined as producerconsumers. We see the food security benefits of grazing land accrue only to producer-consumers.
Access to communal land improves nutrition from milk by two percent per day. Again, we find
that off-farm income is more important for nutrition in households that buy most of their milk.
We find evidence that nutrition generated by cattle ownership accrue to household
members primarily through a consumption effect. Improved management practices such as tick

97

Table 9 shows a small negative relationship between milk bought and the use of acaricides, though the effect is
not significant. The negative correlation is enough to make the effect of acaricide spray on total consumption, and
by extension energy and nutrition, statistically insignificant.
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control measures, deworming, antibiotics, and abundant grazing can boost average milk yields
which in turn increase the milk available on-farm. Excess milk generates additional revenue
through off-farm sales, though the magnitude of this effect is shown to be small. The nutritional
benefits to cattle ownership and management are not shared equally among household types. We
find that the benefits are enjoyed primarily by households that produce primarily for their own
consumption.
We show that producer-consumers respond to high milk prices by ramping up production
to both substitute for purchased milk and sell additional milk off-farm. Milk buyers, by contrast,
do not exhibit the productive capacity to respond to price changes in the same way. Milk
producer-consumers exhibit behavior consistent with non-separability, meaning they are more
likely to match demand with on-farm supply. The estimated relationships between production
variables and consumption are likely endogenous for this reason. Transactions costs limiting the
ability of producer-consumers to access formal markets may explain their tendency toward selfsufficiency and relative lack of labor market participation.
This is not so in the case of milk buyers. Buyers display a weaker association between
production and consumption behavior but show a much stronger relationship between off-farm
income and milk purchases. This suggests that buyers comport with the traditional separability
assumption of agricultural household models. Milk buying households have higher marginal
productivity off-farm as evidenced by the higher wages they command in the market place.
Income earned from marketed labor is shown to be highly deterministic of milk consumption,
and by extension nutrition, for milk buyers. Producer-consumers do not demonstrate a strong
link between off-farm income and milk consumption.
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As an extension to these results, we explore how calving influences total household
nutrition from animal source foods (ASF) and plant source foods (PSF). While we find strong
evidence that improved herd fertility boosts nutrition derived from milk, we do not find
compelling evidence that total nutrition from all foods sources is impacted. This suggests that
increases in milk consumption and nutrition due to calving may be offset by reductions in other
food sources (see Appendix A).

6. Conclusions
Kenyan smallholder farms depend on livestock for sustenance and income but livestock calving
intervals remain persistently long. Shortening the amount of time that passes between calving
raises the value of cattle which increases income and provides insurance against income shocks.
Calving may also affect household nutrition through milk production. Milk is a key source of
nutrients for the rural poor, particularly children and mothers.
Our results suggest that on-farm specialization significantly shortens calving intervals.
We find that high agricultural prices lead to higher calving rates and shorter calving intervals,
suggesting that the profit effect found in agricultural household production models extends to onfarm investment in livestock productivity. We show that high bulls to cow herd ratios can
depress calving but certain health interventions, such as spraying cattle for tick, can improve
herd fertility.
To better understand the implications of caving productivity for household nutrition, we
model average milk yields as a function of calving rates, milk prices, breed composition, and
health investments. We find that the discrete event of having any calves born to the herd is
associated with a 12 to 17 percent increase in the average daily amount of milk produced per
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cow. Marginal changes in calving rates are found to be less impactful. A one percent increase in
average calving rate is correlated with a 0.12 percent increase in milk yields, controlling for
household characteristics and temporal factors. Herds that are sprayed with acaricide generate
five to 11 percent more milk per cow than those that forgo this investment.
We find differences in milk consumption responses between households that specialize in
the production of their own milk, who we identify as “producer-consumers,” and those that
purchase most of their milk off-farm, or “milk buyers.” Producer-consumers respond strongly to
prices and productivity investments. High milk prices, health interventions, and forage
opportunities improve nutrition through on-farm production for these types of households.
Producer-consumers are best represented by non-separable models where high transactions costs
lead households to self-sufficiency. Households that buy most of their milk, by contrast, display
consumption behavior that is highly sensitive to off-farm income. These milk buyers tend to sell
their labor off-farm due to higher relative wages. The income they earn is an important
determinant of milk consumption. The separability assumption is more likely to hold for milk
buyers as they optimize their labor allocation prior to making consumption decisions.
The relationships between cattle fertility, milk consumption, and milk nutrition are also
strongly evident. Cattle owning households of either type can reduce food insecurity through
improved calving. Having one or more calves born to the herd during the year is associated with
a 10 to 12 percent boost in daily milk consumption at the household level. While the discrete
jump from no calving to positive calving correlates with meaningful improvements in household
nutrition, we do not find a strong association between marginal calving rates and consumption.
Policymakers, NGOs, and aid groups can use our results to perform targeted
interventions. Efforts to reduce food insecurity among smallholder cattle-owning households
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should focus on three areas: improved calving rates, greater market access, and cattle health
interventions. We show that the simple act of producing a calf from the herd can pay large
dividends in terms of milk production and household nutrition. All household types enjoy the
benefits of higher calving rates and shorter calving intervals, regardless of their productive
disposition. The effectiveness of market access and herd interventions however, depends on the
household’s degree of dairy specialization.
Producer-consumers respond to price incentives by increasing production which boosts
household nutrition. They also sell more milk off-farm, increasing income and reducing overall
food insecurity. We do not find a milk production effect among milk buyers and their off-farm
sales response to higher prices is weak relative to producer-consumers. Programs intended to
bring smallholder farmers closer to market institutions should consider this when identifying
households that would benefit most. Efforts directed at reducing transactions costs associated
with market access would generate large returns for producer-consumers in Western Kenya.
We find that cattle health inputs are an important driver of both fertility and milk
production and nutrition. The use of acaricide spray to prevent tick born disease is shown to
significantly increase average milk yields and consumption of home produced milk. While
acaricide spraying increases milk production for both producer-consumers and milk buyers, the
size of the effect is much more pronounced in producer-consumer households. Efforts to improve
access to communal grazing lands would be rewarded. Finally, ownership of dairy specialized
exotic breed or their crosses is rare among our sample (only two percent of households own any
exotic cattle). Improving the herd makeup of smallholder farms could dramatically increase
animal source food consumption in the form of higher milk yields.
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As a final note, we recognize several limitations of our study. First, calving and milk
production data are observed at the herd level based on survey responses as opposed to tracking
individual cows over time. This “aerial” view of cattle productivity provides for broad
impressions of livestock outcomes but is less precise than other studies. Second, endogeneity
among on-farm decisions persists despite our best efforts to correct for it. We cannot attribute all
estimated relationships to causality, though correlations among key variables may still be
informative for policymaking. Lastly, there are several factors we do not observe or observe
imperfectly which may be a direction for future work. We do not observe relevant transactions
costs, such as distance to market centers, where livestock goods are sold. A clearer
understanding of the barriers to market participation may explain why some households purchase
farm products while others resort to self-sufficiency. Questions such as these have implications
for the assumption of separability when modeling agricultural households.
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Figure 2. Histogram of Estimated Calving Interval (Days)
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Figure 3. Histogram of Daily Milk Yield
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Figure 5. Caving Rates and Antibiotic Use by Year
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Figure 6. Milk Yields and Antibiotic Use by Year
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Table 1. Summary Statistics
Min

Max

0.21

Std.
Dev.
0.35

0.00

1.00

1,117

669.71

381.22

365.00

4,015.00

Number of family members reported as living in the
household.

3,680

3.50

1.59

1.00

11.00

Secondary Ed

Dummy equal to 1 if highest education earner at least
some secondary education.

3,682

0.43

0.50

0.00

1.00

On-Farm Occupation

Dummy equal to 1 if household head is employed
primarily on-farm.

3,682

0.52

0.50

0.00

1.00

Off-Farm Income

Average monthly net income generated off-farm by
the household (100s KSh/month).

3,679

26.92

75.86

0.00

2,860.00

Cows Owned

Average number of cows (2+ years old) owned by the
household during the year.

3,682

1.89

1.46

0.25

22.00

Bulls Owned

Average number of bulls (2+ years old) owned by the
household during the year.

3,676

1.23

1.96

0.00

20.75

Exotic/Cross Breed

Dummy variable equal to one if household reports
owning at least one exotic or exotic cross-breed
during the year.

3,670

0.02

0.13

0.00

1.00

Milk Yield

Average number of liters produced per cow per day
during the year.

3,668

0.38

1.27

0.00

50.00

Beef Price

Average price of beef consumed in a village during
the year (100s KShs/Kg).

3,682

2.82

0.62

0.94

3.90

Milk Price

Average price of milk consumed in a village during
the year (100s KShs/Liter).

3,682

0.73

0.11

0.44

1.01

Maize Price

Average price of maize consumed in a village during
the year (100s KShs/Kg).

3,682

0.50

0.24

0.23

2.61

Cattle Supplements
Used

Dummy variable equal to 1 if household reports using
cattle supplements (e.g. salts or minerals) at any time
during the year.

3,682

0.06

0.23

0.00

1.00

Cattle Labor Employed

Dummy equal to 1 if household employs labor
specifically to work with their cattle herd.

3,682

0.16

0.36

0.00

1.00

Cattle Feed Bought

Dummy equal to 1 if household reports expenditure
on cattle feed at any point during the year.

3,682

0.02

0.14

0.00

1.00

Acaricide Spray

Dummy equal to 1 if household uses acaricide spay to
control ticks during the year.

3,682

0.80

0.40

0.00

1.00

Deworming

Dummy equal to 1 if cattle deworming measures are
taken by the household during the year.

3,682

0.21

0.41

0.00

1.00

Antibiotics Used

Dummy equal to 1 if the household rented land for
crop production during the year.

3,682

0.21

0.41

0.00

1.00

Grazing Acres Owned

Average number of acres owned by the household.

3,681

0.34

0.42

0.00

5.00

Communal Grazing

Dummy equal to 1 if household has access to common
grazing land during at least one quarter of the year.

3,682

0.78

0.41

0.00

1.00

Own Vehicle

Dummy equal to 1 if household owns a vehicle.

3,682

0.02

0.12

0.00

1.00

Own Plough

Dummy equal to 1 if household owns a plough.

3,682

1.00

0.07

0.00

1.00

Own Mobile Phone

Dummy equal to 1 if household owns a mobile phone.

3,682

0.90

0.30

0.00

1.00

Variable

Description

Obs.

Mean

Annual Calving Rate

Average calves born per cow per year.

3,682

Expected Calving
Interval (Days)

Average number of days between calving for the
average cow in the herd.

Household Members
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Table 2. Calving Rate Regression Results
Dependent Variable: Annual Average Calving Rate
VARIABLES
Household Members
Secondary Ed
On-farm Occupation
Lag Cows
Lag Bulls
Lag Beef Price (100s of KSh/Kg.)
Lag Milk Price (100s of KSh/Liter)
Lag Maize Price (100s of KSh/Kg.)
Lag Supplements
Lag Cattle Labor
Lag Cattle Feed
Lag Acaricide Spray
Lag Deworming
Lag Antibiotics
Lag Grazing Acres Owned
Lag Communal Grazing Access
Lag Vehicle
Lag Implements
Lag Mobile Phone
Village Fixed Effects
Household Fixed Effects
Year Fixed Effects
Observations
Households

Tobit Regression Marginal Effectsa
(1)
(2)
(3)
(4)
-0.00
(0.00)
0.01
(0.01)
0.06***
(0.01)
0.03***
(0.00)
-0.02***
(0.00)
-0.04***
(0.01)
-0.21***
(0.05)
0.78***
(0.09)
0.04*
(0.02)
-0.01
(0.02)
-0.04
(0.04)
0.08***
(0.02)
-0.00
(0.02)
0.04***
(0.01)
0.04***
(0.01)
0.05**
(0.02)
-0.03
(0.05)
0.18
(0.12)
-0.01
(0.02)
No
No
No
2,623
1,140

0.00
(0.00)
0.01
(0.01)
0.05***
(0.01)
0.03***
(0.00)
-0.02***
(0.00)
-0.06***
(0.01)
-0.37***
(0.07)
1.00***
(0.13)
0.04*
(0.02)
-0.01
(0.02)
-0.03
(0.04)
0.07***
(0.02)
0.00
(0.02)
0.04**
(0.01)
0.03*
(0.01)
0.05**
(0.02)
-0.03
(0.05)
0.18
(0.12)
-0.00
(0.02)
Yes
No
No
2,623
1,140
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0.00
(0.00)
0.00
(0.01)
0.05***
(0.01)
0.03***
(0.00)
-0.02***
(0.00)
0.01
(0.01)
0.12*
(0.06)
0.32***
(0.10)
0.04*
(0.02)
-0.00
(0.02)
-0.03
(0.04)
0.08***
(0.02)
0.00
(0.01)
0.02
(0.01)
0.00
(0.01)
0.03
(0.02)
-0.03
(0.05)
0.19
(0.12)
0.01
(0.02)
No
No
Yes
2,623
1,140

0.00
(0.00)
-0.00
(0.01)
0.05***
(0.01)
0.03***
(0.00)
-0.02***
(0.00)
0.01
(0.01)
0.14*
(0.08)
0.15
(0.15)
0.03
(0.02)
-0.00
(0.02)
-0.03
(0.04)
0.08***
(0.02)
0.00
(0.01)
0.02
(0.01)
-0.00
(0.01)
0.03*
(0.02)
-0.03
(0.05)
0.17
(0.12)
0.01
(0.02)
Yes
No
Yes
2,623
1,140

OLS Fixed Effectsb
(5)
(6)
0.01
(0.01)
0.03
(0.02)
0.06***
(0.02)
0.01
(0.01)
-0.02**
(0.01)
-0.06***
(0.01)
-0.30***
(0.07)
0.82***
(0.15)
0.03
(0.04)
-0.01
(0.04)
-0.07
(0.06)
-0.02
(0.03)
-0.00
(0.02)
0.04**
(0.02)
0.01
(0.02)
0.02
(0.03)
0.08
(0.10)
0.17
(0.11)
0.00
(0.05)
NA
Yes
No
2,623
1,140

0.01
(0.01)
0.00
(0.02)
0.04**
(0.02)
0.03***
(0.01)
-0.01
(0.01)
0.04***
(0.02)
0.17**
(0.07)
-0.12
(0.15)
0.01
(0.04)
0.01
(0.04)
-0.05
(0.05)
-0.02
(0.03)
-0.00
(0.02)
0.01
(0.02)
-0.03
(0.02)
0.01
(0.03)
0.09
(0.10)
0.26*
(0.15)
0.02
(0.05)
NA
Yes
Yes
2,623
1,140

Notes: Robust standard errors in parentheses. All explanatory variables with the exception of household characteristics
are lagged one year. aTobit regression marginal effects are computed at the sample mean for all variables. bThe
coefficients reported by OLS are marginal effects.
*** p<0.01, ** p<0.05, * p<0.1
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Table 3. Estimated Marginal Effects on Calving Intervals (Days)
Dependent Variable: Calving Intervala

VARIABLES
Household Members
Secondary Ed
On-farm Occupation
Lag Cows
Lag Bulls
Lag Beef Price
Lag Milk Price
Lag Maize Price
Lag Supplements
Lag Cattle Labor
Lag Cattle Feed
Lag Acaricide Spray
Lag Deworming
Lag Antibiotics
Lag Grazing Acres Owned
Lag Communal Grazing Access
Lag Vehicle
Lag Implements
Lag Mobile Phone
Village Fixed Effects
Household Fixed Effects
Year Fixed Effects
Observations
Households

Tobit Regression Marginal Effects
(1)
(2)
(3)
(4)

-514
-257
171
342
1,797
-6,676
-342

-428
-257
171
514
3,167
-8,559
-342

-428
-257
171

-428
-257
171

-1,027
-2,739
-342

-1,198

-685

-599

-685

-685

-342
-342
-428

-342
-257
-428

OLS Fixed Effects
(5)
(6)

-514
171
514
2,568
-7,019

-342
-257
-342
-1,455

-342
-257
-2,225

No
No
No
2,623
1,140

Yes
No
No
2,623
1,140

No
No
Yes
2,623
1,140

Yes
No
Yes
2,623
1,140

NA
Yes
No
2,623
1,140

NA
Yes
Yes
2,623
1,140

Notes: The table reports estimated changes in the number of days between calving for the average cow in the
herd. Only statistically significant estimates from Table 2 are used. Marginal effects on calving intervals are
computed using the definition of the calving interval as the reciprocal of the calving rate. We apply the chain rule
and use marginal effects from Table 2.
*** p<0.01, ** p<0.05, * p<0.1
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Table 4. Percent of Observed Years in Which Households Use Acaricide Spray
% Of Years Using Acaricide
25
33
50
67
75
100
Total

Number of Households
174
22
205
22
231
207
861

Percent
20.21
2.56
23.81
2.56
26.83
24.04
100

Notes: Among households that spray their livestock with acaricide, the majority do so 75% of the time.
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Table 5. Milk Yield and Calving Rates

VARIABLES
Log Calving Ratea

Dependent Variable: Milk Yieldꬷ
Tobit Regression Marginal Effects
OLS Fixed Effects
(1)
(2)
(3)
(4)
(5)
(6)
0.03*
(0.02)

0.03*
(0.02)

0.01
(0.02)

0.01
(0.02)

0.09***
(0.03)

0.07**
(0.03)

Any Calvingb

0.17***
(0.01)

0.17***
(0.01)

0.17***
(0.01)

0.17***
(0.01)

0.12***
(0.03)

0.12***
(0.02)

Exotic Breedb

0.07***
(0.02)

0.06***
(0.02)

0.07***
(0.02)

0.06***
(0.02)

0.07*
(0.04)

0.06
(0.04)

Log Milk Pricea

0.04
(0.02)

0.02
(0.03)

0.10***
(0.02)

0.10***
(0.03)

0.02
(0.03)

0.09***
(0.03)

Acaricide Sprayb

0.11***
(0.01)

0.11***
(0.01)

0.10***
(0.01)

0.10***
(0.01)

0.06***
(0.01)

0.05***
(0.01)

Dewormingb

0.00
(0.01)

0.00
(0.01)

0.00
(0.01)

0.01
(0.01)

0.00
(0.01)

0.00
(0.01)

Antibioticsb

0.02***
(0.01)

0.02***
(0.01)

0.02*
(0.01)

0.02*
(0.01)

0.04***
(0.01)

0.02*
(0.01)

Grazing Acres Ownedc

0.06***
(0.01)

0.06***
(0.01)

0.04***
(0.01)

0.04***
(0.01)

0.06***
(0.01)

0.03**
(0.01)

Communal Grazing Accessb

0.08***
(0.01)

0.08***
(0.01)

0.07***
(0.01)

0.07***
(0.01)

0.04***
(0.01)

0.03**
(0.01)

No
No
No
3,490
1,298

Yes
No
No
3,490
1,298

No
No
Yes
3,490
1,298

Yes
No
Yes
3,490
1,298

NA
Yes
No
3,490
1,298

NA
Yes
Yes
3,490
1,298

Village Fixed Effects
Household Fixed Effects
Year Fixed Effects
Observations
Households

Notes: Robust standard errors shown in parentheses. Tobit regression marginal effects are calculated at the sample
mean for each variable. ꬷDaily milk yield measured in liters per cow per day and logged. aMarginal effects of logged
variables are interpreted as estimated elasticities. bBinary variable marginal effects are the expected percent change in
milk yields. cMarginal effects are the percent change in milk yield resulting from a one unit increase in the variable.
*** p<0.01, ** p<0.05, * p<0.1
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Table 6. Milk Yield and Calving Rates Marginal Effects by Household Type
Dependent Variable: Milk Yield*
VARIABLES
Log Calving Ratea

Milk Buyersꬷ
Milk Producer-Consumersꬸ
Tobit Regression Marginal Effects
-0.02
(0.02)

0.05**
(0.03)

Any Calvingb

0.14***
(0.02)

0.13***
(0.02)

Exotic Breedb

0.01
(0.03)

0.08**
(0.03)

Log Milk Pricea

0.04
(0.03)

0.15***
(0.04)

Acaricide Sprayb

0.04***
(0.01)

0.12***
(0.02)

Dewormingb

0.00
(0.01)

0.02
(0.01)

Antibioticsb

0.01
(0.01)

0.02
(0.01)

Grazing Acres Ownedc

0.01
(0.01)

0.06***
(0.01)

0.04***
(0.01)

0.06***
(0.02)

Yes
No
Yes
1,531
652

Yes
No
Yes
1,935
632

Communal Grazing Accessb

Village Fixed Effects
Household Fixed Effects
Year Fixed Effects
Observations
Households

Notes: Robust standard errors shown in parentheses. Tobit regression marginal effects are
calculated at the sample mean for each variable. *Daily milk yield measured in liters per cow per
day and logged. ꬷMilk buyers are households that purchase the majority of their milk consumption.
ꬸMilk producer-consumers derive the majority of their milk consumption from on-farm production.
aMarginal effects of logged variables are interpreted as estimated elasticities. bBinary variable
marginal effects are the expected percent change in milk yields. cMarginal effects are the percent
change in milk yield resulting from a one unit increase in the variable.
*** p<0.01, ** p<0.05, * p<0.1
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Table 7. Mean Values of Cattle Production Variables by Household Type
VARIABLES
Avg. Milk Yield (liters/cow/day)
Avg. Calving Rate (calves born per cow per year)
On-Farm Occupation
Avg. Number of Cows Owned
Avg. Number of Cows Producing Milk
Avg. Number of Bulls Owned
Exotic Breed (one if any exotics are owned, zero otherwise)
Acaricide Spray (one if used, zero otherwise)
Deworming (one if used, zero otherwise)
Antibiotics (one if used, zero otherwise)
Avg. Number of Grazing Acres Owned
Communal Grazing Access
Avg. Off-farm Net Income (KSh/month/hh)
Avg. Off-farm Hours Worked (hours/month/hh)
Off-farm Wage Rate (KSh/hour)

Milk Buyersꬷ
(N = 1,562)
0.17
0.12
0.50
1.38
0.16
0.96
0.01
0.72
0.19
0.18
0.29
0.71
3,100.23
43.16
40.48

Milk Producer-Consumersꬸ
(N = 2,079)
0.47
0.27
0.54
2.27
0.56
1.44
0.02
0.86
0.23
0.24
0.37
0.84
2,392.75
35.59
35.42

Notes: ꬷMilk buyers are households that purchase the majority of their milk consumption. ꬸMilk producer-consumers derive the
majority of their milk consumption from on-farm production. Averages of off-farm income and off-farm hours include a
significant number of zeros. Some observations report positive income, but zero hours worked. These are likely business
owners or salaried workers. Off-farm wages can only be computed when positive off-farm income and hours are observed. A
single outlier observation for wages of producer-consumers was excluded in the summary statistics.
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Table 8. Nutrition Content & Milk Consumption by Household Type
Average Content
650
34
37
44

Energy (kcal/liter)
Protein (g/liter)
Fat (g/liter)
Carbohydrates (g/liter)
Milk Buyers
(N = 1,562)
0.32
0.20
0.11
0.05
205.34
10.74
11.69
13.90

Total Milk Consumption (liters/day/hh)
Milk Bought (liters/day/hh)
Milk Produced & Consumed (liters/day/hh)
Milk Sold (liters/day/hh)
Milk Energy (kcal/day/hh)
Milk Protein (g/day/hh)
Milk Fat (g/day/hh)
Milk Carbohydrates (g/day/hh)

Milk Producer-Consumers
(N = 2,079)
0.43
0.07
0.36
0.11
278.56
14.57
15.86
18.86

Notes: Nutrition content based on whole milk as reported in Charrondiere et al. (2012). Milk buyers are
households with who buy at least 50% of their milk consumption on average and milk producer/consumers
are those that produce at least 50% of their milk consumption on-farm on average.
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Table 9. Daily Milk Consumption, Calving Rates and Milk Prices by Household Type
Tobit Regression Marginal Effects
ꬷ

Milk
Bought

Milk Buyers
Milk
Produced
Total
&
Milk
Consumed Consumed

Milk
Sold

Milk Producer-Consumersꬸ
Milk
Produced
Total
Milk
&
Milk
Bought Consumed Consumed

Milk
Sold

Log Calving Ratea

-0.02
(0.05)

0.00
(0.03)

-0.01
(0.06)

0.01
(0.01)

-0.00
(0.02)

-0.05
(0.03)

-0.06**
(0.03)

0.00
(0.03)

Any Calvingb

-0.02
(0.03)

0.09***
(0.02)

0.10***
(0.03)

0.00
(0.00)

-0.01
(0.01)

0.14***
(0.02)

0.12***
(0.02)

0.05***
(0.02)

Exotic Breedb

0.05**
(0.02)

-0.01
(0.02)

0.02
(0.03)

-0.00
(0.01)

-0.01
(0.01)

0.07**
(0.03)

0.07***
(0.03)

0.06***
(0.02)

Log Milk Pricea

-0.02
(0.02)

0.02
(0.02)

-0.02
(0.03)

0.01*
(0.01)

-0.02
(0.01)

0.09***
(0.03)

0.07**
(0.03)

0.06**
(0.03)

Acaricide Sprayb

-0.00
(0.01)

0.03***
(0.01)

0.01
(0.01)

0.00*
(0.00)

-0.00
(0.01)

0.04**
(0.01)

0.01
(0.01)

0.04***
(0.01)

Dewormingb

0.01
(0.01)

0.01
(0.01)

0.03***
(0.01)

-0.00
(0.00)

0.01***
(0.00)

0.00
(0.01)

0.02*
(0.01)

0.01
(0.01)

Antibioticsb

0.01
(0.01)

0.01
(0.01)

0.01
(0.01)

0.00
(0.00)

-0.00
(0.00)

0.02**
(0.01)

0.02***
(0.01)

0.00
(0.01)

-0.02**
(0.01)

-0.02*
(0.01)

0.00
(0.01)

0.01***
(0.00)

-0.01**
(0.00)

0.03***
(0.01)

0.03***
(0.01)

0.02**
(0.01)

-0.01
(0.01)

0.03***
(0.01)

0.00
(0.01)

-0.00
(0.00)

-0.00
(0.01)

0.04***
(0.01)

0.03**
(0.01)

-0.00
(0.01)

0.00
(0.00)

0.01***
(0.00)

0.01***
(0.00)

0.00**
(0.00)

0.01***
(0.00)

0.02***
(0.00)

0.03***
(0.01)
0.02
(0.01)
0.04***
(0.01)
0.04**
(0.01)
0.06***
(0.01)

0.00
(0.01)
0.03**
(0.01)
-0.00
(0.01)
0.04**
(0.02)
0.01
(0.01)

0.03**
(0.01)
0.04***
(0.02)
0.03**
(0.01)
0.09***
(0.02)
0.09***
(0.01)

0.01
(0.01)
0.01*
(0.01)
0.00
(0.01)
0.02
(0.01)
0.02***
(0.01)

-0.01
(0.01)
0.00
(0.02)
0.04*
(0.02)
-0.02
(0.03)
0.01
(0.01)

-0.00
(0.01)
0.01
(0.02)
0.03*
(0.02)
0.02
(0.03)
0.04***
(0.01)

Yes
Yes
1,447

Yes
Yes
1,545

Yes
Yes
1,543

Yes
Yes
2,050

Yes
Yes
1,863

Yes
Yes
1,953

Grazing Acres
Ownedc
Communal Grazing
Accessb
Household
Membersc
Monthly Off-Farm
Incomed
1,000 - 2,000 KSh
2,000 - 3,000 KSh
3,000 - 4,000 KSh
4,000 - 5,000 KSh
>= 5,000 KSh
Village Fixed
Effects
Year Fixed Effects
Observations

Yes
Yes
1,568
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Yes
Yes
2,080

Households
636
655
654
655
643
632
637
638
Notes: Robust standard errors shown in parentheses. All dependent variables are in natural logs. ꬷMilk buyers are households that
purchase the majority of their milk consumption. ꬸMilk producer-consumers derive the majority of their milk consumption from
on-farm production. aMarginal effects of logged variables are interpreted as estimated elasticities. bBinary variable marginal
effects are the expected percent change in the dependent variable. cMarginal effects are the percent change resulting from a one
unit increase in the variable. Income dummy variables marginal effects are the percent difference between the income category
and the base category (0 - 1,000 KSh/month).
*** p<0.01, ** p<0.05, * p<0.2
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Table 10. Milk Nutrition, Calving Rates and Milk Prices by Household Type
Tobit Regression Marginal Effects
ꬷ

Milk
Energy
(kcal)
Log Calving Ratea

Milk Buyers
Milk
Protein
Milk Fat
(g)
(g)

Milk
Carbs (g)

Milk Producer-Consumersꬸ
Milk
Milk
Energy
Protein
Milk Fat
Milk
(kcal)
(g)
(g)
Carbs (g)

-0.01
(0.06)

-0.01
(0.06)

-0.01
(0.06)

-0.01
(0.06)

-0.07**
(0.03)

-0.07**
(0.03)

-0.07**
(0.03)

-0.07**
(0.03)

Any Calvingb

0.11***
(0.03)

0.11***
(0.03)

0.11***
(0.03)

0.11***
(0.03)

0.12***
(0.02)

0.12***
(0.02)

0.12***
(0.02)

0.12***
(0.02)

Exotic Breedb

0.02
(0.03)

0.02
(0.03)

0.02
(0.03)

0.02
(0.03)

0.07***
(0.02)

0.07***
(0.02)

0.07***
(0.02)

0.07***
(0.02)

Log Milk Pricea

-0.02
(0.03)

-0.02
(0.03)

-0.02
(0.03)

-0.02
(0.03)

0.07**
(0.03)

0.07**
(0.03)

0.07**
(0.03)

0.07**
(0.03)

Acaricide Sprayb

0.00
(0.01)

0.00
(0.01)

0.00
(0.01)

0.00
(0.01)

0.01
(0.01)

0.01
(0.01)

0.01
(0.01)

0.01
(0.01)

Dewormingb

0.03***
(0.01)

0.03***
(0.01)

0.03***
(0.01)

0.03***
(0.01)

0.01*
(0.01)

0.01*
(0.01)

0.01*
(0.01)

0.01*
(0.01)

Antibioticsb

0.01
(0.01)

0.01
(0.01)

0.01
(0.01)

0.01
(0.01)

0.02***
(0.01)

0.02***
(0.01)

0.02***
(0.01)

0.02***
(0.01)

0.01
(0.01)

0.01
(0.01)

0.01
(0.01)

0.01
(0.01)

0.04***
(0.01)

0.04***
(0.01)

0.04***
(0.01)

0.04***
(0.01)

0.00
(0.01)

0.00
(0.01)

0.00
(0.01)

0.00
(0.01)

0.02**
(0.01)

0.02**
(0.01)

0.02**
(0.01)

0.02**
(0.01)

0.01***
(0.00)

0.01***
(0.00)

0.01***
(0.00)

0.01***
(0.00)

0.02***
(0.00)

0.02***
(0.00)

0.02***
(0.00)

0.02***
(0.00)

0.03**
(0.01)
0.04***
(0.01)
0.03*
(0.02)
0.09***
(0.02)
0.09***
(0.01)

0.03**
(0.01)
0.04***
(0.01)
0.03*
(0.02)
0.09***
(0.02)
0.09***
(0.01)

0.03**
(0.01)
0.04***
(0.01)
0.03*
(0.02)
0.09***
(0.02)
0.09***
(0.01)

0.03**
(0.01)
0.04***
(0.01)
0.03*
(0.02)
0.09***
(0.02)
0.09***
(0.01)

-0.00
(0.01)
0.01
(0.02)
0.03*
(0.02)
0.02
(0.02)
0.04***
(0.01)

-0.00
(0.01)
0.01
(0.02)
0.03*
(0.02)
0.02
(0.02)
0.04***
(0.01)

-0.00
(0.01)
0.01
(0.02)
0.03*
(0.02)
0.02
(0.02)
0.04***
(0.01)

-0.00
(0.01)
0.01
(0.02)
0.03*
(0.02)
0.02
(0.02)
0.04***
(0.01)

Yes
Yes
1,543

Yes
Yes
1,543

Yes
Yes
1,543

Yes
Yes
1,543

Yes
Yes
1,953

Yes
Yes
1,953

Yes
Yes
1,953

Yes
Yes
1,953

654

654

654

654

637

637

637

637

Grazing Acres
Ownedc
Communal Grazing
Accessb
Household
Membersc
Monthly Off-Farm
Incomed
1,000 - 2,000 KSh
2,000 - 3,000 KSh
3,000 - 4,000 KSh
4,000 - 5,000 KSh
>= 5,000 KSh
Village Fixed
Effects
Year Fixed Effects
Observations
Households
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Notes: Robust standard errors shown in parentheses. All dependent variables are in natural logs. ꬷMilk buyers are households that
purchase the majority of their milk consumption. ꬸMilk producer-consumers derive the majority of their milk consumption from
on-farm production. aMarginal effects of logged variables are interpreted as estimated elasticities. bBinary variable marginal
effects are the expected percent change in the dependent variable. cMarginal effects are the percent change resulting from a one
unit increase in the variable. Income dummy variables marginal effects are the percent difference between the income category
and the base category (0 - 1,000 KSh/month).
*** p<0.01, ** p<0.05, * p<0.1
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Appendix A. The Relationship Between Calving and Animal and Plant Source Nutrition
Having detected a link between calving productivity and household nutrition from milk, we test
whether calving has the power to boost overall household nutrition. We estimate the full effect of
calving by looking at the total amount of nutrition derived from animal source foods (ASF) and
plant source foods (PSF). We again make use of the 2012 West African Food Composition Table
published by Charrondiere et al. along with consumption data reported in the PBASS survey.
Mean nutritional content (per 100 grams) of animal and plant source foods are displayed
in Table A1.98 We report average daily consumption of ASF and PSF along with daily household
nutrition derived from each in Table A2. The average cow-owning household in our sample
consumes a total of 6,433 calories, 233 grams of protein, 934 grams of carbohydrates, and 173
grams of fat per day. PSF contribute the majority of nutrition in each category. Maize is by far
the most commonly consumed PSF at 1.33 kg. per day and is the single largest contributor to
household energy, protein, and carbohydrates. Despite being an important agricultural staple,
cow milk contributes a relatively small portion of daily nutrition. Milk consumption makes up
four percent of daily caloric intake, six percent of household protein, two percent of carbs, and
eight percent of fat.
Tables 9 and 10 demonstrate a relationship between calving rates and milk consumption
and milk nutrition. For calving to increase total household nutrition, the positive effect on milk
must not be offset by changes in consumption of other agricultural staples. Substitution may
occur if the investments that improve calving rates leave the household with less income to

98

The West African Food Composition Table reports nutritional values for several sub-types and means of food
preparation of each commodity. We take a simple average of these values across types to generate our nutritional
content figures shown in Table A1.
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purchase alternative goods or crowd out the production of other goods, such as maize, for onfarm consumption. Alternatively, any additional income generated by greater cattle productivity
(e.g. milk sold off-farm) or cost savings from on-farm consumption could increase purchases of
other animal and plant source foods.
We test the relationship between calving and total household nutrition using the
following OLS specifications with household fixed effects:99
(1) ln(𝐴𝑆𝐹𝑖𝑗𝑡 ) = 𝛼𝑖 + 𝜏𝑡 + 𝛽1 ln(𝐶𝑅𝑖𝑗𝑡 ) + 𝛽2 𝐶𝑅_𝐷𝑢𝑚𝑖𝑗𝑡 + 𝛾𝑋𝐵𝑟𝑒𝑒𝑑𝑖𝑗𝑡 +
𝜙 ln(𝑀𝑖𝑙𝑘𝑃𝑟𝑖𝑐𝑒𝑗𝑡 ) + 𝜓𝑀𝑒𝑚𝑏𝑒𝑟𝑠𝑖𝑗𝑡 + 𝜔𝐼𝑛𝑐𝑜𝑚𝑒𝑖𝑗𝑡 + 𝜀𝑖𝑗𝑡
(2) ln(𝑃𝑆𝐹𝑖𝑗𝑡 ) = 𝛼𝑖 + 𝜏𝑡 + 𝛽1 ln(𝐶𝑅𝑖𝑗𝑡 ) + 𝛽2 𝐶𝑅_𝐷𝑢𝑚𝑖𝑗𝑡 + 𝛾𝑋𝐵𝑟𝑒𝑒𝑑𝑖𝑗𝑡 +
𝜙 ln(𝑀𝑖𝑙𝑘𝑃𝑟𝑖𝑐𝑒𝑗𝑡 ) + 𝜓𝑀𝑒𝑚𝑏𝑒𝑟𝑠𝑖𝑗𝑡 + 𝜔𝐼𝑛𝑐𝑜𝑚𝑒𝑖𝑗𝑡 + 𝜀𝑖𝑗𝑡
The variables 𝐴𝑆𝐹𝑖𝑗𝑡 and 𝑃𝑆𝐹𝑖𝑗𝑡 represent average daily nutrition (energy, protein, carbs, and fat)
derived from animal and plant source foods by household 𝑖 in village 𝑗 during year 𝑡. Household
and year fixed effects are captured by 𝛼𝑖 and 𝜏𝑡 , respectively.
The 𝛽1 coefficients estimate the percentage change in daily nutrition resulting from a one
percent increase in calving rates (elasticity). Due to the large number of observations with
calving rates of zero, we again include a dummy variable equal to one if the household has a
positive calving rate during the year and zero otherwise. The coefficients on 𝐶𝑅_𝐷𝑢𝑚𝑖𝑗𝑡
estimate the percent difference in total nutrition between households that produce at least one
calf and those that report no calf births during the year. The variable 𝑋𝐵𝑟𝑒𝑒𝑑𝑖𝑗𝑡 is a dummy
variable denoting ownership of one or more exotic cattle breed. The log of village level milk

99

Because all households have positive values for total nutritional intake, there is no need to correct for censoring
with a Tobit model as was done in previous sections. An OLS specification controlling for household characteristics
is preferred.
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prices is included to test the price effect on total nutrition. The number of household members
and household income are included to control for scale effects and purchasing power.
Table A3 reports the household nutrition regression results. The dummy variable for
positive calving is positively correlated with carbohydrates consumed from animal source foods.
Households with any calving have 36 percent higher carb consumption from animal foods than
those without positive calving. Marginal changes in calving rates improve nutrition from animal
fat. This is likely due to the high fat content of cow milk. Calving rates are not statistically
significantly related to any of the plant source food nutrition variables. Owning at least one
exotic or exotic cross breed cow has a significant impact on ASF nutrition. Households that own
exotic breeds have about 30 percent higher energy, protein, carbs, and fat from animal foods.
Overall, calving does not appear to affect total household nutrition. The effects of calving
rates on milk consumption and nutrition found earlier are meaningful, but do not translate into
improvements in the total amount of nutrient intake. We do not find evidence that the food
security benefits afforded by calving productivity extend beyond milk. This could be the result of
herd investments lowering income for alternative foods or a crowding out effect where
emphasizing cattle productivity deters production of other staples.
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Table A1. Nutritional Content of Animal Source and Plant Source Foods.
Average Nutritional Content
(per 100 g)
Energy
(kcal)

Protein
(g)

Carbs
(g)

Fat (g)

Cow Milk
Goat Milk
Eggs
Beef
Fish
Poultry/Other

65.00
76.00
156.33
216.11
122.38
224.12

3.40
3.40
12.93
24.10
22.87
23.27

4.40
5.50
0.73
1.04
0.00
0.79

3.70
4.50
11.27
12.85
3.44
15.08

Maize
Cassava
Sorghum
Banana
Pulses
Viungo
Greens
Potato/Irish
Sweet Potato
Oil

268.19
268.80
258.00
119.50
264.52
69.25
77.34
105.75
114.33
900.00

6.65
1.53
7.58
1.23
17.90
3.80
5.27
1.90
1.50
0.00

52.54
63.13
47.93
27.05
32.93
10.71
9.80
16.90
25.10
0.00

2.55
0.42
2.52
0.22
5.00
0.37
0.87
0.10
0.23
100.00

Animal Source Foods (ASF)

Plant Source Foods (PSF)

Notes: Nutrition content based on West African Food Composition Table published by Charrondiere
et al. (2012).
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Table A2. Average Daily Consumption and Nutritional Intake of Animal Source and Plant
Source Foods.
Mean Household Nutrition

Animal Source Foods (ASF)
Cow Milk (liters)
Goat Milk (liters)
Eggs (number)
Beef (kg)
Fish (kg)
Poultry/Other (kg)
Plant Source Foods (PSF)
Maize (kg)
Cassava (kg)
Sorghum (kg)
Banana (kg)
Pulses (kg)
Viungo (kg)
Greens (kg)
Potato/Irish (kg)
Sweet Potato (kg)
Oil (kg)
Total Household
Nutrition
Daily ASF Nutrition
Daily PSF Nutrition
Total Daily Nutrition

Mean Daily
Consumption
(units/day/hh)

Energy
(kcal/day/hh)

Protein
(g/day/hh)

Carbs
(g/day/hh)

Fat
(g/day/hh)

0.38
0.001
0.24
0.06
0.23
0.06

246.07
0.96
18.73
123.70
282.53
136.91

12.87
0.04
1.55
13.79
52.80
14.21

16.66
0.07
0.09
0.60
0.00
0.48

14.01
0.06
1.35
7.36
7.94
9.21

1.33
0.12
0.14
0.05
0.13
0.17
0.49
0.03
0.08
0.09

3,578.23
332.47
357.50
57.78
354.69
117.27
382.20
34.96
96.67
854.68

88.73
1.89
10.50
0.59
24.00
6.44
26.04
0.63
1.27
0.00

701.00
78.08
66.42
13.08
44.16
18.14
48.43
5.59
21.22
0.00

34.02
0.52
3.49
0.11
6.70
0.63
4.30
0.03
0.19
94.96

748.43
5,684.81
6,433.25

86.26
146.58
232.83

15.24
918.80
934.04

38.61
134.82
173.44

Notes: Nutrition content based on West African Food Composition Table published by Charrondiere et al. (2012).
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Table A3. The Relationship Between Calving and Animal Source and Plant Source Food Nutrition.
Animal Source Food Nutrition (logged)
Energy Protein
Fat
Carbs
(kcal)
(g)
(g)
(g)

Plant Source Food Nutrition (logged)
Energy Protein
Fat
Carbs
(kcal)
(g)
(g)
(g)

Log Calving Ratea

0.18
(0.14)

0.06
(0.14)

0.26*
(0.16)

0.26
(0.17)

0.05
(0.09)

0.03
(0.08)

0.12
(0.09)

0.02
(0.09)

Any Calvingb

0.10
(0.08)

0.07
(0.08)

0.10
(0.08)

0.36***
(0.09)

-0.01
(0.05)

0.01
(0.04)

-0.05
(0.05)

0.01
(0.05)

Exotic Breedb

0.32***
(0.09)

0.32***
(0.09)

0.32***
(0.11)

0.29**
(0.13)

-0.02
(0.09)

-0.04
(0.08)

0.06
(0.08)

-0.05
(0.10)

-0.04
(0.10)

-0.07
(0.10)

-0.03
(0.11)

0.15
(0.14)

-0.02
(0.05)

0.01
(0.04)

-0.10
(0.06)

0.04
(0.05)

0.04**
(0.02)

0.05***
(0.02)

0.04*
(0.02)

0.08***
(0.02)

0.08***
(0.01)

0.08***
(0.01)

0.06***
(0.01)

0.09***
(0.01)

0.03
(0.05)
0.07
(0.06)
0.01
(0.07)
0.12*
(0.07)
0.03
(0.05)

0.00
(0.05)
0.05
(0.06)
-0.02
(0.06)
0.11
(0.07)
0.02
(0.05)

0.05
(0.06)
0.09
(0.07)
0.02
(0.08)
0.14*
(0.07)
0.04
(0.06)

0.05
(0.07)
0.01
(0.08)
0.14
(0.09)
0.09
(0.11)
0.03
(0.06)

0.03
(0.03)
0.06
(0.03)
0.03
(0.04)
0.10**
(0.04)
0.06**
(0.03)

0.01
(0.02)
0.03
(0.03)
0.01
(0.04)
0.06
(0.04)
0.06**
(0.03)

0.05
(0.03)
0.03
(0.04)
0.06
(0.04)
0.05
(0.03)
0.07**
(0.03)

0.02
(0.03)
0.06*
(0.04)
0.03
(0.04)
0.13***
(0.05)
0.06**
(0.03)

Yes
Yes
3,660
1,310
0.06

Yes
Yes
3,660
1,310
0.05

Yes
Yes
3,660
1,310
0.06

Yes
Yes
3,494
1,286
0.08

Yes
Yes
3,671
1,314
0.04

Yes
Yes
3,671
1,314
0.04

Yes
Yes
3,671
1,314
0.03

Yes
Yes
3,671
1,314
0.05

VARIABLES

Log Milk Pricea
Household
Membersc
Monthly Off-Farm
Incomed
1,000 - 2,000 KSh
2,000 - 3,000 KSh
3,000 - 4,000 KSh
4,000 - 5,000 KSh
>= 5,000 KSh

Household Fixed
Effects
Year Fixed Effects
Observations
Households
R-squared

Notes: Robust standard errors shown in parentheses. All dependent variables are in natural logs. aMarginal effects of
logged variables are interpreted as estimated elasticities. bBinary variable marginal effects are the expected percent change
in the dependent variable. cMarginal effects are the percent change resulting from a one unit increase in the variable.
Income dummy variables marginal effects are the percent difference between the income category and the base category (0
- 1,000 KSh/month).

*** p<0.01, ** p<0.05, * p<0.1
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Appendix B. Robustness Check for Endogenous Calving
The positive link we estimate from calving rates to milk production, consumption, and sales may
be endogenous if these variables are jointly determined. In other words, calving may be
correlated with milk variables but not causally related. A household that manages its cattle herd
for producing, consuming, and selling milk may be fundamentally different than a household that
ignores herd fertility and has lower milk outcomes. Differences between households could be
across dimensions we do not observe in the PBASS survey. If calving and milk outcomes are not
causally related, prescribing measures that improve calving rates to the second type of household
will fail to produce the intended benefits.
To test for endogeneity in calving rates, we perform a two-step process. First, we run a
Probit regression with positive calving as the binary dependent variable on lagged determinants
of calving.100 From this we calculate the predicted probability of having a positive calving rate
for each observation. Second, we include the predicted probability of calving as an explanatory
variable in our original Tobit regression models for milk yields, consumption, and sales shown in
Tables 5 and 9. Because the variables used in the first-stage Probit are pre-determined, predicted
probabilities represents exogenous variation in calving rates that is unrelated to current decisions
around milk. The coefficient on predicted calving provides a better estimate of the true causal
effect of calving.
Table B1 reports the first-stage Probit marginal effects. The coefficients are interpreted as
the change in predicted probability of calving resulting from a unit change in the independent
variables. The marginal effects shown in Table B1 coincide with those reported in Table 2. An

100

The explanatory variables used in the first-stage Probit are the same as those used to model calving rates in Table
2. These represent pre-determined variables that are exogenous to current calving.
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additional cow increases the probability of successful calving the following year by seven
percentage points while owning an additional bull reduces the probability by three percentage
points. The price of milk is strongly related to the probability of calving. A 100 KSh increase in
the price of milk boosts the probability of a positive calving rate by 22 percentage points. The
use of acaricide and access to communal grazing lands have positive and significant effects on
the likelihood of calving.
Table B2 reports Tobit model marginal effects of the probability of positive calving rates
on milk yields (liters per cow per day), total milk consumption (daily liters consumed per
household), and milk sold (liters sold off-farm per day). All three dependent variables are in
natural logs so marginal effects are interpreted in percentage terms. We include village level and
year fixed effects to control for regional and temporal heterogeneity. The effects of control
variables in Table B2 mirror those in Tables 5 and 9. The marginal effects of milk prices,
acaricide spray, and grazing variables on milk yields, consumption, and sales are similar to our
original estimates.
The effect of predicted calving however, enters all three equations significantly larger
than our original estimates using a dummy for whether a calving episode occurred. Because the
predicted probability of calving is a continuous variable, the appropriate interpretation for
comparison to our original estimates is that of a change from a calving probability of zero to a
probability of one. A change in the predicted probability of calving raises milk yields by 37
percent per day, total milk consumption by 29 percent per day, and the quantity of milk sold by
13 percent. These estimates are more than twice the magnitude of our original direct estimates.
We draw two conclusions from the second-stage regression results: One, the positive
signs on calving found in our original estimates remain positive and statistically significant,
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assuring us that calving improves milk production, consumption, and sales. And two, the
estimated impact of at least one calving episode may be attenuated downward by
contemporaneous factors we do not observe. When calving is predicted using pre-determined
and exogenous interventions, the effect appears much more substantial. Limitations in our data
force us to rely on the discrete event of producing one or more calves to explain milk outcomes.
Using predicted probabilities allows for greater variation in calving and more closely
approximates the true effect.

203

Table B1. First-Stage Probit Model.
VARIABLES

Dependent Variable P(Calving Rate > 0)
Probit Regression Marginal Effectsa

Household Members

0.00
(0.01)
0.01
(0.02)
0.06***
(0.02)
0.07***
(0.01)
-0.03***
(0.01)
0.02
(0.02)
0.22*
(0.13)
0.24
(0.23)
0.05
(0.04)
-0.01
(0.03)
-0.05
(0.06)
0.11***
(0.03)
0.01
(0.02)
0.04*
(0.02)
0.01
(0.02)
0.05*
(0.03)
-0.06
(0.08)
0.20
(0.19)
0.03
(0.03)

Secondary Ed
On-farm Occupation
Lag Cows
Lag Bulls
Lag Beef Price (100s of KSh/Kg.)
Lag Milk Price (100s of KSh/Liter)
Lag Maize Price (100s of KSh/Kg.)
Lag Supplements
Lag Cattle Labor
Lag Cattle Feed
Lag Acaricide Spray
Lag Deworming
Lag Antibiotics
Lag Grazing Acres Owned
Lag Communal Grazing Access
Lag Vehicle
Lag Implements
Lag Mobile Phone

Village Fixed Effects
Yes
Year Fixed Effects
Yes
Observations
2,623
Households
1,140
Notes: Robust standard errors in parentheses. All explanatory variables with the exception of
household characteristics are lagged one year. aProbit regression marginal effects are computed
at the sample mean for all variables.
*** p<0.01, ** p<0.05, * p<0.1
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Table B2. Second-Stage Tobit Models.
VARIABLES
P(Calving Rate > 0)a

Tobit Regression Marginal Effects
Log Milk Yield
Log Milk Consumed
Log Milk Sold
0.37***
(0.03)

0.29***
(0.03)

0.13***
(0.02)

Exotic Breedc

0.01
(0.03)

0.04*
(0.02)

0.01
(0.01)

Log Milk Priceb

0.08**
(0.03)

0.02
(0.02)

0.04**
(0.02)

Acaricide Sprayc

0.09***
(0.01)

0.02*
(0.01)

0.03***
(0.01)

Dewormingc

0.00
(0.01)

0.02**
(0.01)

0.00
(0.00)

Antibioticsc

0.01
(0.01)

0.01
(0.01)

0.00
(0.00)

Grazing Acres Ownedd

0.05***
(0.01)

0.01
(0.01)

0.01***
(0.00)

Communal Grazing Accessc

0.06***
(0.01)

0.01*
(0.01)

-0.00
(0.01)

Household Membersd

0.01***
(0.00)

Monthly Off-Farm Incomee
1,000 - 2,000 KSh

0.01
(0.01)
0.03**
(0.01)
0.02
(0.02)
0.05***
(0.02)
0.06***
(0.01)

2,000 - 3,000 KSh
3,000 - 4,000 KSh
4,000 - 5,000 KSh
>= 5,000 KSh

Village FE
Yes
Yes
Yes
Year FE
Yes
Yes
Yes
Observations
2,534
2,508
2,612
Notes: Robust standard errors shown in parentheses. All dependent variables are in natural logs.
a
Predicted probability of having at least one calf born to the herd. The marginal effect is interpreted
as the percent change in the dependent variable when the predicted probability of calving goes from
0 to 100 percent. bMarginal effects of logged variables are interpreted as estimated elasticities.
c
Binary variable marginal effects are the expected percent change in the dependent variable.
d
Marginal effects are the percent change resulting from a one unit increase in the variable. eIncome
dummy variables marginal effects are the percent difference between the income category and the
base category (0 - 1,000 KSh/month).
*** p<0.01, ** p<0.05, * p<0.1
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