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Abstract

New insights from soil science show that the use of pesticides can be harmful to beneficial soil
microbes that improve agricultural yields. Farmers may not be fully aware of soil microbiomes,
however, and as a consequence, may not be making optimal decisions about pesticide use and
organic farming adoption. In this paper, we develop and estimate a dynamic structural econometric
model to examine whether farmers are aware of and account for soil microbiomes and the feedback
between pesticides, soil health, pest resistance, and crop yields when making their decisions about
pesticide use and organic farming adoption. Empirical results show that farmers are acting as
if the clean soil stock has very little effect on crop yields, when in fact it increases yields. Our
structural estimates allow us to simulate a number of key outcomes of interest, including pesticide
use and farmer welfare under counterfactual scenarios in which farmers’ beliefs about soil-microbe
based ecosystem services are brought in line with findings from plant and soil sciences. We find
that informing farmers about soil microbiomes decreases pesticide use, increases organic adoption,
and increases mean farmer welfare in both the short and long run.
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∗Meneses: Yale University; michael.meneses@yale.edu. Gómez: Cornell University; mig7@cornell.edu. Just: Cornell University;
drj3@cornell.edu. Kanbur: Cornell University; sk145@cornell.edu. Lee: Cornell University; drl5@cornell.edu. Lin Lawell: Cornell
University; clinlawell@cornell.edu.
We thank Shadi Atallah, Gary Baker, Nano Barahona, Marc Bellemare, Luca Bertuzzi, Peter Blair Henry, Apurva Borar, Jacob Bradt, Dylan

Brewer, Stephanie Brockmann, Vincenzina Caputo, Clare Casteel, Bingyan Dai, Will Davis, Eric Denemark, Avanti Dey, Victor Simoes Dornelas,

Alex Fon, Yurou He, Alan Hinds, John Hubbard, Jenny Ifft, Becca Jablonski, Kelsey Jack, Ted Jaenicke, Jerzy Jaromczyk, Kaleb Javier, Melanie

Khamis, Joseph Kuvshinikov, Shanjun Li, Tongzhe Li, Francesco Lissoni, Tong Liu, Trevon Logan, Khyati Malik, Conrad Miller, Rosina Moreno, José
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1 Introduction

Soil microbes benefit agricultural production and improve agricultural yields by enhancing crop

nutrient use, stress tolerance, and pest resistance (Verma et al., 2020; Righini et al., 2022; Thiebaut

et al., 2022). Recent insights from soil science show that the use of synthetic pesticides and fertilizers

can be harmful to these beneficial soil microbes (Li et al., 2022; Blundell et al., 2020; Lori et al., 2017).

Thus, while using pesticides and fertilizers may have the initial effect of increasing crop yields, over

time these synthetic compounds exert an indirect negative effect on crop yields through their negative

effects on soil health. In contrast, organic farming and other production regimes like regenerative

agriculture that reduce dependence on synthetic compounds enhance microbial health and, thus, may

lead to higher yields in the long run. These insights have important implications for a farmer’s optimal

strategy regarding synthetic compound use and organic farming adoption (Meneses et al., 2025).

Farmers may not be fully aware of soil microbiomes and the feedback between synthetic compounds,

soil health, pest resistance, and crop yields, however, and as a consequence, may not be making

optimal decisions about synthetic compound use and organic farming adoption. Previous theoretical

research by Meneses et al. (2025) has shown that not being informed about soil bacteria could

change behavior in a way that leads farmers to adopt sub-optimal, and even detrimental management

practices. Previous experimental analysis by Murphy et al. (2020) has shown that farmers in developing

countries usually do not have sufficient information about their soil nutrient levels to make profit-

maximizing decisions about fertilizer usage; and that there can be potentially large net benefits to

providing farmers with soil information. Research on farmer perceptions of beneficial soil microbes

by Ploll et al. (2022) involving in-depth qualitative interviews and a focus group discussion of farmers

in Europe shows that farmer find beneficial soil microbes complex and difficult to observe. Farmers

may lack a full understanding of the private benefits of management practices that reduce reliance on

synthetic agrichemicals (Miller-Klugesherz and Sanderson, 2023). Bloom, Atallah, and Casteel (2024)

conduct a survey to investigate the importance of demographic variables and farm characteristics,

compared to farmer beliefs, for adoption of practices that support the microbiome, and find that beliefs

are key to understanding farmer motivations and promoting organic farming system sustainability.

In this paper, we develop and estimate a dynamic structural econometric model to examine

whether farmers are aware of and account for soil microbiomes and the feedback between pesticides,

soil health, pest resistance, and crop yields when making their decisions about pesticide use and

organic farming adoption. To do so, we first empirically document the insights from soil science

that the use of pesticides may increase contemporaneous yields; and also that, over time, not using

pesticides increases yields.

Next, in order to understand the beliefs and perceptions of rice farmers that underlie and rationalize

their pesticide use decisions, we develop and estimate a dynamic structural econometric model. The

structural parameters we estimate include parameters measuring any misperceptions farmers may

have about how enhancing microbial health may affect yields. Our structural parameter estimates
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therefore enable us to infer farmers’ current understanding of the interrelations between soil microbes,

pesticides, and crop yields.

Our structural estimates also allow us to simulate a number of key outcomes of interest, including

pesticide use and farmer welfare under counterfactual scenarios in which farmers’ beliefs about soil-

microbe based ecosystem services are brought in line with findings from plant and soil sciences. In

particular, we run counterfactual simulations to compare a base simulation of actual behavior under

farmer misperception, with a counterfactual simulation of optimal behavior under full information.

Empirical results show that farmers are acting as if the clean soil stock (as measured by the

number of previous consecutive years the farmer has not used pesticide) has very little effect on crop

yields, when in fact it increases yields. Results of counterfactual simulations show that informing

farmers about soil microbiomes and the feedback between pesticides, soil health, pest resistance, and

crop yields will decrease pesticide use and increase organic adoption, will increase farmers’ net present

value (PDV of the entire stream of per-period profits) in the long run, and increases increase farmers’

net present value on average in the short run.

2 Literature Review

Our paper builds on several strands of literature. First, our paper builds on the literature on the

relationship between pesticide use and farm production and profit. Chambers, Karagiannis, and

Tzouvelekas (2010) shows pesticide use as increasing returns to quasi-fixed factors of production

like capital and land. In contrast, Jacquet, Butault, and Guichard (2011) use a mathematical

programming model to determine whether pesticide use can be reduced without affecting farmer

income and find that a up to a 30 percent reduction is possible.

Second, our paper builds on the economics literature on soil health. There is an abundant literature

in the soil sciences showing that soil microbes benefit agricultural production and improve agricultural

yields by enhancing crop nutrient use, stress tolerance, and pest resistance (Singh et al., 2016; Lori

et al., 2017; Yadav et al., 2017; Yibeltie and Sahile, 2018; Blundell et al., 2020; Kalam et al., 2020;

Verma et al., 2020; Righini et al., 2022; Thiebaut et al., 2022). Recent insights from soil science show

that the use of synthetic pesticides and fertilizers can be harmful to these beneficial soil microbes

(Li et al., 2022; Blundell et al., 2020; Dash et al., 2017; Lori et al., 2017; Newman et al., 2016;

Kalia and Gosal, 2011; Lo, 2010; Hussain et al., 2009). In the economics literature, Sexton, Lei, and

Zilberman (2007) acknowledge the effect that pesticide use can have on soil health through its impact

on soil microbiomes. Jaenicke and Lengnick (1999) estimate a soil-quality index consistent with the

notion of technical efficiency. van Kooten, Weisensel, and Chinthammit (1990) use a dynamic model

that explicitly includes soil quality in the grower’s utility function and the trade-off between soil

quality (which may decline due to erosion) and net returns. Meneses et al. (2025) develop a dynamic

bioeconomic model of a farmer’s decisions regarding the use of synthetic compounds (e.g., synthetic

fertilizers and pesticides) and the transition from conventional to organic management, accounting
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for the interrelationships among synthetic compound use, soil health, and crop yields.

Our paper also builds on the literature on dynamic structural econometric modeling, including

related applications of the seminal dynamic structural econometric model developed by Rust (1987,

1988) to agriculture (Scott, 2013; Carroll et al., 2019; Oliva et al., 2020; Carroll et al., 2025a; Yeh,

Gómez, and Lin Lawell, 2025; Carroll et al., 2025b; Sambucci, Lin Lawell, and Lybbert, 2025),

natural resource management (Timmins, 2002; Huang and Smith, 2014; ?; Reeling, Verdier, and

Lupi, 2020; Araujo, Costa, and Sant’Anna, 2020; Wu et al., 2025), environmental policy (Fowlie,

Reguant, and Ryan, 2016; Cook and Lin Lawell, 2020; Blundell, Gowrisankaran, and Langer, 2020;

Feger, Pavanini, and Radulescu, 2020; Langer and Lemoine, 2022; Li, Liu, and Wei, 2022; Gillingham

et al., 2022; Gerarden, 2023; Toyama, 2024; Butters, Dorsey, and Gowrisankaran, 2025; Weber, 2022;

Bradt, 2024), and agricultural groundwater management (Sears, Lin Lawell, and Walter, 2025; Sears

et al., 2025b,a).

3 Empirical Application

3.1 Rice Farmers in California

For the empirical application, we wanted to consider a crop for which a farmer who was fully informed

about soil microbiomes and the feedback between pesticides, soil health, pest resistance, and crop

yields would plausibly adopt a pesticide use and organic adoption strategy that greatly differs from

that of farmer who was unaware of soil microbes.

We choose to focus on rice, as several pesticides commonly used to grow rice have been found to

harm plant-growth-promoting soil microbes. As a consequence a rice farmer who is knowledgeable

about soil microbes and the interactions between pesticide use, soil health, and crop yields may invest

in and maintain a non-zero amount of clean soil stock, while one who is unaware of soil microbes may

not.

For example, thiobencarb (a pre-emergence herbicide used to control grasses, sedge, and broadleaf

weeds around rice crops) harms nitrogen-fixing cyanobacteria that help maintain soil fertility and

support crop yields (Dash et al., 2017). Similarly, bensulfuron methyl has been found to reduce soil

microbial biomass in a variety of settings (El-Ghamry et al., 2002; Gigliotti et al., 2002), including in

waterlogged rice paddies and paddy soil (Saeki and Toyota, 2004; Xie, Huang, and Liu, 2004; Xie and

Abid, 2004). Bispyribac sodium has been found to cause a significant decline in microbial biomass

carbon in paddy soil (Kumar et al., 2020). Molinate has been found to harm the nitrogen-fixing

cyanobacteria Anabaena cylindrica (Galhano et al., 2009) and the cyanobacteria Nostoc muscorum

(Galhano et al., 2010) in rice fields, and to reduce bacterial diversity (Saison et al., 2009). Lambda

cyhalothrin has been found to lower bacterial and fungal count (Abubakar and Faizah, 2025) and

harm nitrifying and denitrifying bacteria (Cycoń et al., 2006). Propanil has been found to cause a

collapse in aerobic bacteria, including bacteria such as Streptomyces and Acinetobacter (Oanh and

Duc, 2021) that promote plant growth (Olanrewaju and Babalola, 2021; Mujumdar et al., 2023).
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We focus in particular on rice farmers in California. California is the second largest rice-producing

state behind Arkansas, producing about $900 million in production value per year (Smith, 2023).

Most California rice is medium-grain japonica rice, which is used in Asian and Mediterranean dishes

such as sushi, paella, and risotto (Smith, 2023), and the majority of California rice is grown in

the Sacramento Valley, where hot days, cool nights, and clay soil that retains moisture create ideal

conditions for growing japonica rice (USA Rice, 2020). Pesticides known to be harmful to soil bacteria

were used in at least 88.8% of California farmer-field-years that grew rice between 1990 and 2019 in the

California Department of Pesticide Regulation’s (CA DPR’s) Pesticide Use Reporting (PUR) database

(California Department of Pesticide Regulation [CA DPR], 2024; Meneses et al., forthcoming).

3.2 National Organic Program

In the United States, the National Organic Program (NOP), which is directed by the U.S. Department

of Agriculture (USDA) Agricultural Marketing Service (AMS) and became effective on February 20,

2001, oversees and enforces the integrity of the rigorous USDA organic standards and the accreditation

of organic certifiers (USDA Agricultural Marketing Service, 2000b; Organic Produce Network, 2022).

Organic is one of the most heavily regulated and closely monitored food systems in the U.S. Any

product labeled as organic must be USDA certified (Organic Produce Network, 2022). The National

Organic Program establishes national standards for the production and handling of organically

produced products, including a National List of substances approved for and prohibited from use

in organic production and handling; as well as requirements for labeling products as organic and

containing organic ingredients (USDA Agricultural Marketing Service, 2000b).

The organic production and handling requirements of the National Organic Program include the

requirement that the field or farm parcel must have had no prohibited substances applied to it for a

period of 3 years immediately preceding harvest of the crop (USDA Agricultural Marketing Service,

2000a).

3.3 Data

We use farmer-field-level pesticide use data from the California Department of Pesticide Regulation

(DPR) Pesticide Use Reporting (PUR) database (California Department of Pesticide Regulation [CA

DPR], 2024). This data includes information about whether unapproved (or prohibited) pesticides

were applied on a given farmer-field in a given year. Thus, in this paper we use the terms ‘unapproved

pesticide’, ‘synthetic pesticide’, and ‘pesticide’ synonymously.

For crop yield data, we use county-level rice yield data from the U.S. Department of Agriculture

(USDA) National Agricultural Statistics Service (NASS) Quick Stats (U.S. Department of Agriculture

[USDA], 2024). We use the yield data to estimate a first-stage production function, and then combine

the parameter estimates from our first-stage production function with the more disaggregated farmer-

field-level pesticide use data to estimate our dynamic structural econometric model of farmer pesticide
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use decision-making. As explained in more detail in Section 4, since yield data is only available at the

county level, not the farmer-field level, we estimate the production function using county averages via

analytically weighted least squares as our method of estimation because the variables in the regression

reflect means rather than individual observations (Davidson and MacKinnon, 2004).

For price data, we obtain data on conventional and organic rice prices from the USDA NASS

Organic Production Survey (U.S. Department of Agriculture [USDA], 2007, 2012, 2017), the USDA

NASS Certified Organic Survey (U.S. Department of Agriculture [USDA], 2023), the University of

California Rice Research and Information Center (UC Rice Research and Information Center, 2023),

and the University of California at Davis Cost and Return Studies (Espino et al., 2021). From these

sources, we obtain annual data on conventional and organic rice prices for 10 years (2005, 2008-2012,

2014-2016, and 2019). We convert prices to real prices in 2010 USD using the consumer price index

from the Federal Reserve Bank of Minneapolis (Federal Reserve Bank of Minneapolis, 2024). Figure 1

plots the annual real conventional rice price. Figure 2 plots the real organic price premium
Porg−Pcon

Porg
,

as calculated using the real conventional price Pcon and the real organic price Porg.
1

We focus on farmer-fields in the CA DPR PUR data set that plant rice at least once during the 10

years for which we have conventional and organic rice price data. There are 17,695 such farmer-fields

that plant rice, comprising 2,101 farmers2 and spanning 15 counties. These 15 counties are: Butte,

Colusa, Fresno, Glenn, Lassen, Merced, Placer, Sacramento, San Joaquin, Solano, Stanislaus, Sutter,

Tehama, Yolo, and Yuba. In the annual farmer-field-level panel data set we use for our dynamic

structural econometric model, which spans the 10 years for which we have conventional and organic

rice prices (2005, 2008-2012, 2014-2016, and 2019), there are 67,230 farmer-field-year observations.

Among the farmer-fields that plant rice at least once during the 10 years of the annual farmer-

field-level panel data set we use for our dynamic structural econometric model, in any given year that

farmer-field may or may not plant rice, and may or may not use an (unapproved) pesticide. Thus,

the possible actions ait for each rice farmer-field in each year are: (1) plant rice and use pesticide

(ait = RC), (2) plant rice and do not use pesticide that year (ait = RN), (3) do not plant rice that

year and use pesticide that year (ait = OC), and (4) do not plant rice and do not use pesticide that

year (ait = ON). Table 1 presents the distribution of ait in the data.

We also include as a state variable the clean soil stock kit as measured by the number of previous

consecutive years the farmer has not used any (unapproved) pesticide. In particular, the clean soil

stock kit is equal to 0 if the farmer-field used an unapproved synthetic pesticide the previous year,

1 if the farmer-field did not use an unapproved synthetic pesticide the previous year but used an

1As explained in more detail in Section 6, the horizontal grey lines in the figures indicate the cutoffs used to discretize
our price variables for use in our dynamic structural econometric model.

2There are 2,101 unique grower ID’s. This grower ID variable is as close as we can get to observing the unique farmers,
though the identifier is not perfect. The California Department of Pesticide Regulation (DPR) does not guarantee that
2,101 unique grower IDs means that 2,101 unique farmers appear in the data. This is because farmers can be assigned
new ID’s if a county ag commissioner decides to do so, or loses track of old ID numbers, and old ID numbers can in
theory be reassigned to new farmers once the previous farmer retires. In the conversations we have had with employees
at California’s county commissioners offices though, they indicated that cases like this are rare, and not the norm.
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unapproved synthetic pesticide two years ago, 2 if the farmer-field did not use an unapproved synthetic

pesticide the previous two years but used an unapproved synthetic pesticide three years ago, and 3 if

the farmer-field did not use an unapproved synthetic pesticide for the previous three years but used

an unapproved synthetic pesticide four years ago, and so on.3

Table 2 presents the distribution of the clean soil stock kit in the data. In over 83% of the farmer-

field-year observations, the farmer-field used an unapproved synthetic pesticide the previous year,

resulting in a clean soil stock kit of 0. Approximately 11% of farmer-field-year observations have

clean soil stock kit equal to 1, meaning the farmer-field did not use an unapproved synthetic pesticide

the previous year but used an unapproved synthetic pesticide two years ago.

Since farmers who never use pesticides may not be included in the PUR data, it is possible that

our data set may under-represent farmers who never use pesticides. To gauge how many farmers

who never use pesticides get missed by the PUR data, in Appendix B we compare the data on acres

planted among farmer-field-years in our data set with USDA data on rice acres planted and on rice

acres harvested for the state of California at the county level over the years 1990-2019 from USDA

NASS Quick Stats (U.S. Department of Agriculture [USDA], 2025), and find that the PUR data

captures approximately 94.5% of the acres of rice planted in the state of California.

4 Production Function

We first estimate a production function in order to empirically assess whether soil microbes do indeed

matter for rice. Our production function also serves as an input into our dynamic structural model.

The production function q(·) for the log of rice yield yit is given by:

yit = q(cit, kit;α) = exp (α0 + αccit + αkkit) , (1)

where yit is the rice yield in hundredweights (CWT); cit is a dummy variable for farmer-field i using

an unapproved synthetic pesticide in year t; and kit is the clean soil stock as measured by the number

of previous consecutive years the farmer-field has not used any unapproved synthetic pesticide. In

particular, the clean soil stock kit is equal to 0 if the rice farmer-field used an unapproved synthetic

pesticide the previous year, 1 if the rice farmer-field did not use an unapproved synthetic pesticide the

previous year but used an unapproved synthetic pesticide two years ago, 2 if the rice farmer-field did

not use an unapproved synthetic pesticide the previous two years but used an unapproved synthetic

pesticide three years ago, and 3 if the rice farmer-field did not use an unapproved synthetic pesticide

for the previous three years but used an unapproved synthetic pesticide four years ago, and so on.

Since yield data is only available at the county level, not the farmer-field level, we estimate the

production function using county averages, where each observation is a county-year in which data on

3Our measure of the clean soil stock is a conservative lower bound measure of the clean soil stock, since it does not
account for any years the the farmer-field did not use an unapproved synthetic pesticide prior to the most recent year
the the farmer-field used an unapproved synthetic pesticide.
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rice yield per farmer-field growing rice data is available. In particular, we regress log rice yield per

farmer-field growing rice in a county-year on the fraction of farmer-fields growing rice in a county-year

who applied an unapproved synthetic pesticide that year and the average over farmer-fields growing

rice in a county-year of the number of previous consecutive years the farmer-field has not used any

unapproved synthetic pesticide. Because the variables in the regression reflect means rather than

individual observations, the appropriate method of estimation is analytically weighted least squares

(Davidson and MacKinnon, 2004), where the weight is the number of farmer-fields growing rice in the

county-year. We therefore use inverse variance weights that weight county-years with more farmer-

fields growing rice more heavily.

We estimate two types of specifications of our production function. ‘Misperception’ specifications

do not account for soil microbes, and therefore do not include any regressor relating to the clean

soil stock kit. ‘Full Information’ specifications account for soil microbes, and therefore include a

regressor relating the clean soil stock kit, the average over farmer-fields growing rice in a county-year

of the number of previous consecutive years the farmer-field has not used any unapproved synthetic

pesticide.

Summary statistics for the annual county-level variables we use to estimate our production function

are presented in Table 3. We use data from 1990-2019. We start in 1990 since reporting was not

mandatory in 1989. There are 15 counties with data for at least one year over 1990-2019. The county-

level yield variable reports rice yields in hundredweights (CWT). In North America, 1 hundredweight

equals 100 pounds (U.S. Department of Agriculture [USDA], 1992).

Results for our true ‘Full Information’ production function estimation are in Table 4. As expected,

αc is significant and positive in the ‘Full Information’ specifications, which means that, in actuality,

conditional on soil microbes, the contemporaneous use of an unapproved synthetic pesticide has a

positive effect on yield that year. In addition, consistent with recent insights from soil science that

show the importance of soil microbes and a clean soil stock, αk is significant and positive in the ‘Full

Information’ specifications, which means that, in actuality, yields are higher the higher the clean

soil stock (as measured by the number of previous consecutive years the farmer-field has not used

any unapproved synthetic pesticide). Thus, in actuality, while using unapproved synthetic pesticides

in any given year improves crop yields contemporaneously during the year of application, having

used unapproved synthetic pesticides has a negative effect on crop yields in future years. Moreover,

since the magnitude of αc is approximately 9 to 11 times the magnitude of αk across the two ‘Full

Information’ specification, this means that the clean soil stock resulting from 9 to 11 consecutive years

of not using pesticides has roughly the same impact on yields as does contemporaneous pesticide use;

and that after at least approximately 10 or 11 consecutive years of not using pesticides, the clean soil

stock improves yields more than contemporaneous pesticide use does. Thus, while pesticide use may

initially improve yields in the short run, over time not using pesticides improves yields in the long

run.

Results for our ‘Misperception’ production function estimation are in Table 5. As expected, in
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the ‘Misperception’ specifications, αc is significant and positive, which means that farmers who do

not account for soil microbes perceive that using an unapproved synthetic pesticide that year has a

positive effect on yield. A farmer who is unaware of soil microbes misperceives the effect of clean

soil stock on log yield to be 0; our parameter estimate for αc from our ‘Misperception’ production

function is our reduced-form estimate for how a farmer who is unaware of soil microbes misperceives

the effect of pesticide use on log yield to be.

For robustness, we estimate several alternative specifications of our ‘Full Information’ and ‘Misperception’

production functions in Appendix A. In Appendix A.1, we estimate a linear specification of our

production function wherein the dependent variable is yield rather than log yield. In Appendix

A.2, despite possible issues with the reliability of the acreage data in the PUR data set (California

Department of Pesticide Regulation [CA DPR], 2023), we also run a robustness check in which we

estimate our production function using county averages calculated by dividing by acres rather than

by farmer-field. In Appendix A.3, we estimate specifications of our true ‘Full Information’ production

function using year effects, and using both year effects and county fixed effects. In Appendix A.4,

we estimate our true ‘Full Information’ production function using only annual county-level data

from the 10 years of data in the annual farmer-field-level panel data set we use for our dynamic

structural econometric model (2005, 2008-2012, 2014-2016, and 2019); these 10 years of data are the

10 years for which we have data on conventional and organic rice prices. Our empirical findings that,

consistent with insights from soil science, the use of pesticides may increase contemporaneous yields

in the present but not using pesticides increases yields in the future, are robust to these alternative

specifications of the production function.

5 Dynamic Structural Model

To understand the beliefs and perceptions of rice farmers that underlie and rationalize their pesticide

use decisions as revealed in the data, we develop and estimate a dynamic structural econometric

model.

The vector of structural parameters θ we estimate include parameters that measure any farmer

misperception of how the use of pesticides and the stock of clean soil affect yield; and parameters

in the cost function. Our structural parameter estimates therefore enable us to infer California rice

farmers’ current understanding of the interrelations between soil microbes, pesticides, and crop yields.

Each year t, each rice farmer-field i chooses an action ait ∈ A. The possible actions for each rice

farmer-field in each year are (1) planting rice and using pesticide (ait = RC), (2) planting rice and

not using pesticide that year (ait = RN), (3) not planting rice that year and using pesticide that year

(ait = OC), and (4) not planting rice and not using pesticide that year (ait = ON). Table 1 presents

the distribution of ait in the data.

The per-period payoff u(·) to a farmer-field from choosing action ait at time t depends on the

values of the state variables sit at time t. The state variables sit at time t include the (discretized)
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conventional rice price Pcon,t, the (discretized) organic rice price Porg,t, and the clean soil stock kit as

measured by the number of previous consecutive years the farmer-field has not used pesticide.

In particular, the clean soil stock kit is equal to 0 if the rice farmer-field used pesticide the previous

year, 1 if the rice farmer-field did not use pesticide the previous year but used pesticide two years

ago, 2 if the rice farmer-field did not use pesticide the previous two years but used pesticide three

years ago, and 3 if the rice farmer-field did not use pesticide for the previous three years but used

pesticide four years ago, and so on. Table 2 presents the distribution of the clean soil stock kit in

the data. For the structural model, we cap kit at 15. In other words, if the rice farmer-field did not

use pesticide for the previous 15 years or more, then kit = 15. When cit = 0, the yield as given by

the first-stage production function in Specification (1) from Table 4 when kit = 14 and kit = 15 is

39,458.31 CWT and 58,864.88 CWT, respectively, which is below and above the maximum yield in

the data of 53,000 CWT (Table 3). Thus, we cap kit at kit = 15 so that when a farmer-field choose

not to use pesticide for many years, the yield does not continue to increase indefinitely far beyond

the range of yield in the data.

The farmer’s perceived yield (or quantity) q̆(cit, sit; θ) from planting rice is given by:

q̆(cit, sit; θ) = exp (ln q(cit, kit; α̂) + γccit + γkkit) , (2)

where cit is a dummy variable for farmer-field i using pesticide in year t, kit is the clean soil stock

defined above, q(cit, kit; α̂) is the estimated yield as given from the production function estimated in

the first stage (given by Specification (1) from Table 4), and α̂ are the production function parameter

estimates from the first-stage production function estimation in Specification (1) from Table 4. For

our structural model, yield (or quantity) and perceived yield are in units of 1 million pounds.4

The structural parameters θ to be estimated include γc, which measures any misperception of how

the use of pesticide cit affects log yield; and γk, which measures any misperception of how the clean

soil stock kit affects log yield.

We use the term ‘misperception in yield’ to describe the difference between the perceived yield

(or quantity) q̆(·) that rationalizes the data and the estimated ‘true’ yield q(·). This ‘misperception

in yield’ can encapsulate any of a number of reasons why the yield q̆(·) that rationalizes the decisions
made by farmers as revealed in the data may differ from the estimated ‘true’ yield q(·), including
farmers not being fully aware of soil microbes and their interactions with pesticide use and yields,

farmers being uncertain about soil microbes and their interactions, and farmers behaving suboptimally.

Our structural parameters γc and γk capture the portion of this ‘misperception in yield’ that can be

explained by the use of pesticide cit and the clean soil stock kit, respectively. Thus, the ‘misperceptions’

that the structural parameters γ = (γc, γk) measure encompass a broad set of possible phenomena,

4While our county-level yield data and the yield that is logged for the dependent variable in our production function
estimation both have yield in hundredweights (CWT), or 100 pounds;(U.S. Department of Agriculture [USDA], 1992),
for our dynamic structural model, we divide yield and perceived yield by 10,000 in our structural model. Thus, for our
dynamic structural model, yield (or quantity) is in units of 1 million pounds.
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including misperception, misunderstanding, lack of information, and uncertainty.

The structural parameters γc and γk are identified from variation in the use of pesticide cit, the

clean soil stock kit, and organic adoption among farmers who plant rice, and variation in the use of

pesticide cit and the clean soil stock kit between farmers who do and do not plant rice.

We assume the cost of planting rice is given by the following rice production cost function

cost(c, q; θ):

cost(cit, q̆it; θ) = κccit + κ1q̆it + κcqcitq̆it + κ2q̆
2
it + κcq2citq̆

2
it, (3)

where the cost parameters κ = (κc, κ1, κcq, κ2, κcq2) are among the structural parameters to be

estimated.

If farmer-field i plants rice in year t (ait ∈ {RC,RN}), then that farmer-field receives the following

deterministic payoff u0(·) in year t:

u0(ait ∈ {RC,RN}, sit; θ) = P (ait, sit) · q̆(cit, sit; θ)− cost(cit, q̆(cit, sit; θ); θ), (4)

where P (ait, sit) is the relevant rice price. If farmer-field i plants rice and uses pesticide in year

t (ait = RC), then that farmer-field is necessarily a conventional farmer-field and the relevant rice

price is the conventional rice price: P (ait, sit) = Pcon,t. If farmer-field i plants rice and does not

use pesticide in year t (ait = RN) but the farmer-field used pesticide within the previous three

years kit < 3, then that farmer-field is a conventional farmer-field and the relevant rice price is the

conventional rice price: P (ait, sit) = Pcon,t. If farmer-field i plants rice and does not use pesticide in

year t (ait = RN) and the farmer-field did not use pesticide in any of the previous three years kit ≥ 3,

then that farmer-field is an organic farmer-field and the relevant rice price is the organic rice price:

P (ait, sit) = Porg,t.

So that we can identify the parameters in the per-period payoff, we normalize the deterministic

payoff for a farmer-field who does not plant rice and uses pesticide (ait = OC) to be 0:

u0(ait = OC, sit; θ) = 0. (5)

To allow the per-period payoff to possibly differ when the farmer-field did not plant rice and also

did not use pesticide, the deterministic per-period payoff for not planting rice that year and not using

pesticide (ait = ON) is set equal to a parameter ν to be estimated:

u0(ait = ON, sit; θ) = ν. (6)

In addition to the state variables sit, the per-period payoff u(·) to a farmer-field from choosing

action ait at time t also depends on the choice-specific shock ϵit(ait) at time t. This choice-specific

shock ϵit(ait) is an unobservable state variables that farmer-fields observe (but we do not observe)

when they make their decisions regarding whether to plant rice and whether to use pesticides that
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year t. There is a choice-specific shock ϵit(ait) associated with each possible action ait ∈ A. The

vector of choice-specific shocks ϵit ≡ {ϵit(ait)|ait ∈ A} is observed by farmer-field i at time t, before

farmer-field i makes his time-t action choice, but is never observed by the econometrician.

The per-period payoff to a farmer-field from choosing action ait at time t is given by:

u(ait, sit, ϵit; θ) = u0(ait, sit; θ) + ϵit(ait), (7)

where u0(·) is the deterministic component of the per-period payoff.

The structural parameters to be estimated are θ = (γ, κ, ν), where γ are misperception parameters,

κ are cost parameters, and ν is the deterministic payoff when a farmer-field does not plant rice and

does not use pesticide (this is relative to a deterministic payoff of 0 when a farmer-field does not plant

rice and uses pesticide).5

We assume the state variables evolve as a finite state first-order Markov process, with a transition

density given by Pr(st+1, ϵt+1|st, at, ϵt, θ). Since the conventional rice price and organic price premium

variables we use are discretized annual averages, we assume that the crop and pesticide use decisions

of any one farmer-field would not have a large enough effect to influence crop prices, and therefore

that the distribution of discretized annual conventional rice price and organic rice price premium

next period does not depend on any single grower’s decisions this period; we therefore model rice

prices as evolving exogenously. For the clean soil stock kit as measured by the number of previous

consecutive years the farmer-field has not used any unapproved synthetic pesticide, the number of

previous consecutive years the farmer-field has not used any unapproved synthetic pesticide evolves

deterministically as a function of this period’s value of the clean soil stock kit and this period’s

pesticide use decision.

We make the following conditional independence assumption on the transition density:

Pr(st+1, ϵt+1|st, at, ϵt, θ) = Pr(ϵt+1|st+1, θ) Pr(st+1|st, at, θ). (8)

We also assume that the choice-specific shocks are distributed multivariate extreme value. A

standard assumption in many dynamic structural models, our conditional independence assumption

implies that, conditional on the current state variables sit and the current action ait chosen by

the farmer-field, the evolution of the observed state variables sit does not depend on the particular

realization of the idiosyncratic shocks ϵit to the payoffs of individual farmers from each possible crop

and pesticide use choice. For the clean soil stock kit as measured by the number of previous consecutive

years the farmer-field has not used any unapproved synthetic pesticide, the conditional independence

assumption makes sense since the number of previous consecutive years the farmer-field has not used

any unapproved synthetic pesticide evolves deterministically as a function of this period’s value of the

clean soil stock kit and this period’s action. For the conventional and organic rice prices, which are

stochastic, since there are many growers in California and no grower has a significant market share,

5For our dynamic structural model, payoffs (and therefore costs) are in units of ten thousand 2010 USD.
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it is reasonable to assume that shocks to any particular individual grower are unlikely to affect what

the discretized annual rice prices are at the aggregate level for all growers.

Although some information in the data is lost by discretizing the variables, one advantage of

having to use discretized variables in our structural model is that by discretizing the conventionalprice

and the organic price premium, our results are robust to the exact value of the conventional price

and organic price premium within our broader size bins. As a consequence, it is possible that our

discretized conventional price and discretized organic price premium may arguably also capture costs

of other inputs and practices that might vary between conventional and organic management, but still

lie within the respective broader size bins, thereby enabling us to interpret the discretized organic

price premium as a net organic price premium. Likewise, our results are robust to the possibility

that high rates of organic adoption may influence prices within our broader size bins. Thus, the

discretization of our price variables is not only necessary for our dynamic structural econometric

model, but also enables us to best capture additional considerations that might affect the (net)

conventional price and the (net) organic price premium within our broader size bins given data

availability and computational constraints, and in a manner robust to any additional assumptions

or imprecision that may be introduced if we were to instead finely model every last detail of every

aspect of conventional and organic rice production for each and every individual rice farmer.

Under the assumptions that the state variables and the choice-specific shocks ϵit are conditionally

independent and that the choice-specific shocks ϵit are distributed multivariate extreme value, the

farmer’s value function, which gives the present discounted value of the grower’s entire stream of

per-period payoffs at the optimum, is given by the following infinite-horizon Bellman equation:

V (sit, ϵit; θ) = max
ait∈A

u0(ait, sit; θ) + ϵit(ait) + βV c(sit, ait; θ), (9)

where V c(·) is the continuation value, which is the expected value of the value function next period

conditional on the state variables and action this period:

V c(sit, ait; θ) = E[V (sit, ϵit; θ)|sit, ait] (10)

and where β is the annual discount factor. The choice probability is given by:

Pr(ait|sit, θ) =
exp (u0(ait, sit; θ) + βV c(sit, ait; θ))∑

ãit∈A exp (u0(ãit, sit; θ) + βV c(sit, ãit; θ))
. (11)

After obtaining the model predictions for the choice probabilities as functions of the state variables

and the unknown parameters θ, we estimate the parameters θ using the nested fixed point maximum

likelihood estimation technique developed by Rust (1987, 1988). The likelihood function is a function

of the choice probabilities, and therefore a function of the continuation value V c(·). For each guess

of the parameters θ, we solve for the continuation value V c(·) by solving for a fixed point, and use

the continuation value to solve for the choice probabilities, which we then plug into the likelihood
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function. From Blackwell’s Theorem, the fixed point is unique. An inner fixed point algorithm to

compute the continuation value V c(·) is nested within an outer optimization algorithm to find the

maximizing value of the parameters θ via maximum likelihood estimation (MLE).

Identification of the parameters θ comes from the differences between per-period payoffs across

different action choices, which in infinite horizon dynamic discrete choice models are identified when

the discount factor β and the distribution of the choice-specific shocks ϵit are fixed (Abbring, 2010;

Magnac and Thesmar, 2002; Rust, 1994). We set our annual discount factor to β = 0.9.6 In particular,

the parameters θ in our model are identified because we normalize the deterministic payoff u0(ait =

OC, sit, θ) for a farmer-field who does not plant rice and uses unapproved chemical input to be 0; as

a consequence, the parameters do not cancel out in the differences between per-period payoffs across

different action choices and are therefore identified.

Standard errors are formed by a nonparametric bootstrap. Farmer-fields are randomly drawn

from the data set with replacement to generate 100 independent panels each with the same number

of farmer-fields as in the original data set. The structural model is run on each of the new panels.

The standard errors are then formed by taking the standard deviation of the parameter estimates

from each of the panels.

6 Transition Density for Prices

We use two state variables for price: the real conventional price Pcon; and the real organic price

premium
Porg−Pcon

Porg
.

Since the conventional and organic rice price variables we use are discretized annual averages,

we assume that the crop and pesticide use decisions of any one farmer-field would not have a large

enough effect to influence crop prices, and therefore that the distribution of the discretized annual

conventional rice price and organic rice price premium next period does not depend on any single

grower’s decisions this period; we therefore model rice prices as evolving exogenously. Moreover, we

assume that the real conventional price and the real organic price premium are each independent

and identically distributed with no serial correlation. Furthermore, since we are now using the real

organic price premium instead of the real organic price, we assume that the real conventional price

and the real organic price premium are distributed independently of one another. We assume no serial

correlation for the real conventional price and the real organic price premium both because it appears

to be a reasonable approximation given the time series behavior of these variables (see Figures 1 and

2), and also due to data limitations: our annual price data only provides a very limited amount of

consecutive observations to credibly estimate a first-order Markov transition matrix for prices.7

6An annual discount factor of 0.9 is commonly assumed in the literature using dynamic models (see e.g., Ryan (2012);
Lin (2013); Sears, Lim, and Lin Lawell (2019); Cook and Lin Lawell (2020)).

7Since we only have price data for 10 years of data (2005, 2008-2012, 2014-2016, 2019), we only have 10 observations
for estimating the transition density for prices. Since we do not have price data for 2006-2007, if we try to estimate
a first-order Markov transition density for prices, we cannot really use information from the 2005 prices either, so any
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When discretizing our price variables, we choose the bins for the variables so that we do not have

any price tuples that we do not observe in the data. Having tuples we do not observe in the data leads

to issues including losing variation/information, which impedes our ability to identify parameters.

We discretize the real conventional price Pcon into 2 bins, ‘low’ and ‘high’, where a real conventional

price less than $19.50 (in 2010 USD per CWT) is in the ‘low’ bin, and a real conventional price greater

than or equal to $19.50 (in 2010 USD per CWT) is in the ‘high’ bin. Figure 1 plots the annual real

conventional rice price, along with a horizontal dashed grey line indicating the cutoff for the bins.

For each discretized bin for conventional prices, we use the average over all annual real conventional

price values that fall in that bin for the value of the real conventional price to use for that bin. In

particular, real conventional prices in the ‘low’ bin are assigned a real conventional price value of

$16.4604 (in 2010 USD per CWT), and real conventional prices in the ‘high’ bin are assigned a real

conventional price value of $23.3469 (in 2010 USD per CWT).

For the distribution for the discretized real conventional price, we use the empirical distribution of

the discretized real conventional price. In other words, for each bin, we assume that the probability

that the real conventional price in any given year is in that bin is the fraction of years with real

price data that have real conventional price in that bin. The empirical distribution of discretized real

conventional price has Pr(Pcon = low) = 0.5 and Pr(Pcon = high) = 0.5.

We discretize the real organic price premium
Porg−Pcon

Porg
into 3 bins: ‘low’, ‘med’, and ‘high’, where

a real organic price premium less than $0.50 (in 2010 USD per CWT) is in the ‘low’ bin; a real organic

price premium greater than or equal to $1 (in 2010 USD per CWT) is in the ‘high’ bin; and real

organic price premia in between the 2 cutoffs are in the ‘med’ bin. Figure 2 plots the real organic

price premium
Porg−Pcon

Porg
, along with horizontal dashed grey lines indicating the cutoffs for the bins.

For each discretized bin for the real organic price premium, we use the average over all annual the

real organic price premium values that fall in that bin for the value of the real organic price premium

to use for that bin. In particular, real organic price premia in the ‘low’ bin are assigned a real organic

price premium value of $0.2178 (in 2010 USD per CWT); real organic price premia in the ‘med’ bin

are assigned a real organic price premium value of $0.6186 (in 2010 USD per CWT); and real organic

price premia in the ‘high’ bin are assigned a real organic price premium value of $1.2326 (in 2010

USD per CWT).

first-order Markov transition density we estimate essentially does not include any information for prices for the years
2005-2007. Similarly, since we do not have price data for 2017-2018, if we try to estimate a first-order Markov transition
density for prices, we cannot really use information from the 2019 prices either, so any first-order Markov transition
density we estimate essentially does not include any information for prices for the years 2017-2019 either. Thus, if we
try to estimate a first-order Markov transition density for prices, we are essentially only using data and information
from the years 2008-2016 and not using the data and information we have for 2005 and 2019. We are also missing price
data for 2013, which further limits the amount of consecutive information we have to credibly estimate a first-order
Markov transition matrix for prices. If the organic price premium were to exhibit positive serial correlation, then it is
possible that farmers who face a lower organic price premium may be slower to adopt organic (relative to the case in
which the organic price premium is not serially correlated), while farmers who face a higher organic price premium may
adopt organic more quickly. Nevertheless, based on the time series plots for real conventional price and real organic
price premium, the assumption of no serial correlation seems reasonable.
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For the distribution for the discretized real organic price premium, we use the empirical distribution

of the discretized real organic price premium. In other words, for each bin, we assume that the

probability that the real organic price premium in any given year is in that bin is the fraction of years

with real price data that have the real organic price premium in that bin. The empirical distribution

of discretized real organic price premium has Pr(
Porg−Pcon

Porg
= low) = 0.2, Pr(

Porg−Pcon

Porg
= med) = 0.6,

and Pr(
Porg−Pcon

Porg
= high) = 0.2.

7 Results

The structural parameter estimates are presented in Table 6.

Across all specifications, γk, which measures any misperception of how log yield is affected by

the clean soil stock kit (the number of previous consecutive years (up to 15 years) no unapproved

synthetic pesticide was used), is negative. Thus, farmers underestimate how the clean soil stock kit,

as measured by the number of previous consecutive years no unapproved synthetic pesticide was used,

affects yield. The net perceived effect of clean soil stock kit on log yield is given by the sum of γk

and the coefficient α̂k on the clean soil stock kit from our production function estimation. Given

α̂k = 0.400 from Specification (1) in Table 4 and γk = −0.285 across all specifications in Table 6, the

net perceived effect on log yield of the clean soil stock kit, the number of previous consecutive years

(up to 15 years) no unapproved synthetic pesticide was used, is 0.115, which is less than 30% of the

actual effect. In other words, farmers are acting as if the clean soil stock kit has very little effect on

rice crop yields, when in fact it increases yields.

Across all specifications in Table 6, γc, which measures any misperception of how the use of an

unapproved synthetic pesticide cit affects log yield, is negative. The net perceived effect of the use

of an unapproved synthetic pesticide cit on log yield is given by the sum of γc and the coefficient α̂c

on the use of an unapproved synthetic pesticide cit from our production function estimation. Given

α̂c = 3.757 from Specification (1) in Table 4 and γc ranges from -0.839 to -0.836 in Table 6, the net

perceived effect of the use of an unapproved synthetic pesticide cit on log yield ranges from 2.918

to 2.921. This is roughly similar to the coefficient on the use of an unapproved synthetic pesticide

cit in the ‘Misperception’ specification of our production function in Specification (1) of Table 5,

which was 3.011. Thus, our structural estimate for γc, which measures any misperception of how

the use of an unapproved synthetic pesticide cit affects log yield, is consistent with the reduced-form

‘Misperception’ production function parameter estimates.

To distinguish between misperception and risk aversion, in Appendix C.1 we also consider a

specification of our dynamic structural econometric model that incorporates risk aversion by using

a constant absolute risk aversion (CARA) utility function for the deterministic payoff (instead of a

linear utility function) when a farmer plants rice. We find that farmers have low levels of risk aversion

and appear close to risk neutral, and our results regarding farmers’ misperception of the effects of

clean soil stock and pesticide use on yield are robust to the inclusion of risk aversion. Farmers’ choices
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regarding pesticide use therefore reflect misperception and cannot be completely explained away by

risk aversion.

In Appendix C.2 we also consider a specification of our dynamic structural econometric model

that incorporates risk aversion by using a constant relative risk aversion (CRRA) utility function

for the deterministic payoff (instead of a linear utility function) when a farmer plants rice. Results

suggest that farmers’ risk aversion lie somewhere between risk neutral and low risk aversion.

8 Counterfactual Simulations

Our structural estimates allow us to simulate a number of key outcomes of interest, including pesticide

use and farmer welfare under counterfactual scenarios in which farmers’ beliefs about soil-microbe

based ecosystem services are brought in line with findings from plant and soil sciences. In particular,

we use the estimated parameters from our dynamic structural econometric model in Table 6 to

compare a base simulation of actual behavior under farmer misperception, with a counterfactual

simulation of optimal behavior under full information.

We first run a base simulation of actual behavior (‘Misperception’), which uses the parameter

estimates from our dynamic structural econometric model in Table 6 for all the parameters. For each

farmer-field, we start from the actual value of the state (clean soil stock kit and prices) in the first

year for which we have data for that farmer-field, and then forward simulate actions and states for

each year from that year onwards to the final year of our data set (‘short run’) and also to 10 years

past the the final year of our data set (‘long run’). In particular, for each year of our simulation, we

draw the action ait for that year from the choice probabilities Pr(ait|sit, θ) evaluated at the state for

that year and at the estimated parameters θ̂. Based on that year’s action ait and clean soil stock

kit, we determine the clean soil stock ki,t+1 for next year. For the next year’s real conventional price

and real organic price premium, we draw from their respective distributions. After one simulation for

all farmer-years, we tabulate the actions ait and calculate summary statistics for clean soil stock kit,

the number of organic farmers, the mean of the true yield, the mean of the perceived yield, and the

PDV of the entire stream of true per-period payoffs (calculated using the true yield). We repeat the

simulation 100 times, and average over 100 simulations.

We next run a counterfactual simulation of optimal behavior (‘Full Information’), in which we

set the misperception parameters γk and γc both to 0, and then use the parameter estimates from

our dynamic structural econometric model in Table 6 for all the remaining parameters. In other

words, under full information, rice farmers no longer misperceive the effects of pesticide use and clean

soil stock on yield, but instead correctly perceive rice yield as given by the production function in

Specification (1) from Table 4. For each farmer-field, we start from the actual value of the state

(clean soil stock kit and prices) in the first year for which we have data for that farmer-field, and

then forward simulate actions and states for each year from that year onwards to the final year of

our data set (‘short run’) and also to 10 years past the the final year of our data set (‘long run’).
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In particular, for each year of our simulation, we draw the action ait for that year from the choice

probabilities Pr(ait|sit, θ) evaluated at the state for that year, γk = 0, γc = 0, and at the estimated

parameters θ̂ for the remaining parameters. Based on that year’s action ait and clean soil stock kit,

we determine the clean soil stock ki,t+1 for next year. For the next year’s real conventional price and

real organic price premium, we draw from their respective distributions. After one simulation for all

farmer-years, we tabulate the actions ait and calculate summary statistics for clean soil stock kit, the

number of organic farmers, the mean of the true yield, and the PDV of the entire stream of true

per-period payoffs (calculated using the true yield). We repeat the simulation 100 times, and average

over 100 simulations.

The results for the short run are presented in Tables 7 and the results for the long run are presented

in Table 8. In these tables, Specifications (1), (2), and (3) use parameter estimates from Specifications

(1), (2), and (3), respectively, of Table 6. We find that the PDV of the entire stream of per-period

payoffs is higher under full information than under misperception, both in the short run and the

long run, and the margin widens as we move into the long run. Under full information, pesticide

use is lower and organic adoption is higher, and this difference is more pronounced in the long run.

Under farmer misperception, less than 0.1 percent of farmer-field-years produce organically in both

the short and long run. In contrast, under full information, 55 to 58 percent of farmer-field-years

produce organically in the short run, and 58 to 62 percent produce organically in the long run. The

mean, 75th percentile, and 95th percentile PDV of the entire stream of per-period payoffs are higher

under full information than under misperception in both the short run and the long run. While the

5th percentile, 25th percentile, and median (50th percentile) PDV of the entire stream of per-period

payoffs are lower under full information than under misperception in the short run, they are all higher

under full information than under misperception in the long run.

9 Conclusion

We develop and estimate a dynamic structural econometric model to examine whether farmers are

aware of and account for soil microbiomes and the feedback between pesticides, soil health, pest

resistance, and crop yields when making their decisions about pesticide use and organic farming

adoption.

We first empirically document the insights from soil science that the use of pesticides may

increase contemporaneous yields; and also that, over time, not using pesticides increases yields.

In particular, our production function parameter estimates show that the clean soil stock resulting

from 9 to 11 consecutive years of not using pesticides has roughly the same impact on yields as does

contemporaneous pesticide use; and that after at least approximately 10 or 11 consecutive years of

not using pesticides, the clean soil stock improves yields more than contemporaneous pesticide use

does. Thus, while pesticide use may initially improve yields in the short run, over time not using

pesticides improves yields in the long run.
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Next, in order to understand the beliefs and perceptions of rice farmers that underlie and rationalize

their pesticide use decisions as revealed in the data, we develop and estimate a dynamic structural

econometric model. The structural parameters we estimate include parameters measuring any misperceptions

farmers may have about how enhancing microbial health may affect yields. Empirical results show

that farmers are acting as if the clean soil stock has very little effect on rice crop yields, when in fact

it increases yields.

Our structural estimates allow us to simulate a number of key outcomes of interest, including

pesticide use and farmer welfare under counterfactual scenarios in which farmer’s beliefs about soil-

microbe based ecosystem services are brought in line with findings from plant and soil sciences.

We find that informing farmers about soil microbiomes and the feedback between pesticides, soil

health, pest resistance, and crop yields will decrease pesticide use and increase organic adoption, will

increase farmers’ net present value (PDV of the entire stream of per-period profits) in the long run,

and increases increase farmers’ net present value on average in the short run. These results have

important implications regarding the possible effects and benefits of extension programs targeting

farmers’ understanding of soil microbes.
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Figure 1: Real Conventional Rice Price

Notes: Price is in 2010 USD per CWT. Horizontal dashed grey line indicates cutoff used to discretize
real conventional rice price.

Data Sources: USDA NASS Organic Production Survey (U.S. Department of Agriculture [USDA],
2007, 2012, 2017), USDA NASS Certified Organic Survey (U.S. Department of Agriculture [USDA],
2023), University of California Rice Research and Information Center (UC Rice Research and
Information Center, 2023), and University of California at Davis Cost and Return Studies (Espino
et al., 2021). We convert prices to real prices in 2010 USD using the consumer price index from the
Federal Reserve Bank of Minneapolis (Federal Reserve Bank of Minneapolis, 2024).
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Figure 2: Real Organic Rice Price Premium

Notes: The real organic price premium is given by
Porg−Pcon

Porg
, where Pcon is the real conventional price

and Porg is the real organic price. Price premium is in 2010 USD per CWT. Horizontal dashed grey
lines indicate cutoffs used to discretize real organic rice price premium.

Data Sources: USDA NASS Organic Production Survey (U.S. Department of Agriculture [USDA],
2007, 2012, 2017), USDA NASS Certified Organic Survey (U.S. Department of Agriculture [USDA],
2023), University of California Rice Research and Information Center (UC Rice Research and
Information Center, 2023), and University of California at Davis Cost and Return Studies (Espino
et al., 2021). We convert prices to real prices in 2010 USD using the consumer price index from the
Federal Reserve Bank of Minneapolis (Federal Reserve Bank of Minneapolis, 2024).
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Table 1: Distribution of Action ait

Action ait Frequency Percent

ait = RC Plant rice and use pesticide that year 61,890 92.06

ait = RN Plant rice and do not use pesticide that year 1,355 2.02

ait = OC Do not plant rice that year and use pesticide that year 3,931 5.85

ait = ON Do not plant rice and do not use pesticide that year 54 0.08

Notes: Each observation is a farmer-field-year. There are 67,230 farmer-field-year observations. There are 17,695 farmer-
fields in the data set, comprising 2,101 farmers and spanning 15 counties. By ‘pesticide’, we mean ‘unapproved synthetic
pesticide’.

Data Source: CA DPR PUR (California Department of Pesticide Regulation [CA DPR], 2024).
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Table 2: Distribution of Clean Soil Stock kit

Clean Soil Stock kit Frequency Percent

0 55,973 83.26
1 7,452 11.08
2 1,508 2.24
3 912 1.36
4 317 0.47
5 204 0.30
6 152 0.23
7 125 0.19
8 97 0.14
9 80 0.12
10 67 0.10
11 62 0.09
12 63 0.09
13 48 0.07
14 42 0.06
15 34 0.05
16 23 0.03
17 16 0.02
18 19 0.02
19 11 0.02
20 9 0.01
21 5 0.01
22 5 0.01
23 4 0.01
24 1 0.00
25 0 0.00
26 1 0.00

Notes: Clean soil stock kit is measured by the number of previous consecutive years the farmer has
not used any unapproved synthetic pesticide. Each observation is a farmer-field-year. There are
67,230 farmer-field-year observations. There are 17,695 farmer-fields in the data set, comprising
2,101 farmers and spanning 15 counties.

Data Source: CA DPR PUR (California Department of Pesticide Regulation [CA DPR], 2024).
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Table 3: Summary Statistics for Production Function Estimation, 1990-2019

Mean Std. Dev. Min Max # Obs

Number of farmer-fields growing rice in county-year 553.50 591.91 1 2,522 325

Rice yield (CWT) per farmer-field growing rice in county-year 6,731 3,661 1,145 53,000 325

Fraction of farmer-fields growing rice in county-year who
applied pesticide that year

0.9580 0.1269 0 1 325

Average over farmer-fields growing rice in county-year of
# previous consecutive years no pesticide was used

0.3116 0.9024 0 10.2500 325

Notes: Each observation is a county-year. We use data from 1990-2019. There are 15 counties with data for at least one year over
1990-2019. In North America, 1 hundredweight equals 100 pounds (U.S. Department of Agriculture [USDA], 1992). By ‘pesticide’, we
mean ‘unapproved synthetic pesticide’.

Data Sources: CA DPR PUR (California Department of Pesticide Regulation [CA DPR], 2024), USDA NASS Quick Stats (U.S.
Department of Agriculture [USDA], 2024).
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Table 4: True ‘Full Information’ Production Function

Dependent variable is: Log of rice yield (CWT)

Parameter Regressor (1) (2)

αc Use pesticide 3.757∗∗∗ 4.032∗∗∗

(0.503) (0.444)
αk # Previous consecutive years no pesticide was used 0.400∗∗∗ 0.367∗∗∗

(0.0675) (0.0541)
α0 Constant 4.983∗∗∗ 4.280∗∗∗

(0.496) (0.469)

County Fixed Effects N Y

# Observations 325 325
# Counties 15 15
R-squared 0.185 0.521

Notes: Standard errors in parentheses. Each observation is a county-year. We use data from 1990-2019.
Inverse variance weights that weight county-years with more farmer-fields growing rice more heavily are
used. By ‘pesticide’, we mean ‘unapproved synthetic pesticide’. Since yield data is only available at the
county level, not the farmer-field level, we estimate the production function using county averages, where
each observation is a county-year in which data on rice yield per farmer-yield growing rice data is available.
In particular, we regress log rice yield per farmer-field growing rice in a county-year on the fraction of
farmer-fields growing rice in a county-year who applied an unapproved synthetic pesticide that year and
the average over farmer-fields growing rice in a county-year of the number of previous consecutive years
no unapproved synthetic pesticide was used. ‘Full Information’ specifications account for soil microbes,
and therefore include as a regressor the average over farmer-fields growing rice in a county-year of the
number of previous consecutive years no unapproved synthetic pesticide was used. In North America, 1
hundredweight equals 100 pounds (U.S. Department of Agriculture [USDA], 1992). Significance codes: ***
p<0.001, ** p<0.01, * p<0.05
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Table 5: ‘Misperception’ Production Function

Dependent variable is: Log of rice yield (CWT)

Parameter Regressor (1) (2)

αc Use pesticide 3.012∗∗∗ 3.473∗∗∗

(0.513) (0.467)
α0 Constant 5.789∗∗∗ 4.885∗∗∗

(0.502) (0.493)

County Fixed Effects N Y

# Observations 325 325
# Counties 15 15
R-squared 0.097 0.449

Notes: Standard errors in parentheses. Each observation is a county-year. We use data from 1990-2019.
Inverse variance weights that weight county-years with more farmer-fields growing rice more heavily are
used. By ‘pesticide’, we mean ‘unapproved synthetic pesticide’. Since yield data is only available at the
county level, not the farmer-field level, we estimate the production function using county averages, where
each observation is a county-year in which data on rice yield per farmer-yield growing rice data is available.
In particular, for the ‘Misperception’ specifications, which do not account for soil microbes, we regress log
rice yield per farmer-field growing rice in a county-year on the fraction of farmer-fields growing rice in a
county-year who applied an unapproved synthetic pesticide that year. In North America, 1 hundredweight
equals 100 pounds (U.S. Department of Agriculture [USDA], 1992). Significance codes: *** p<0.001, **
p<0.01, * p<0.05
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Table 6: Dynamic Structural Parameter Estimates

(1) (2) (3)

Parameters in the perceived yield q̆(·)
γc Misperception of how log yield is affected by pesticide use cit -0.839∗∗∗ -0.836∗∗∗ -0.836∗∗∗

(0.0118) (0.0139) (0.0136)
γk Misperception of how log yield is affected by clean soil stock kit -0.285∗∗∗ -0.285∗∗∗ -0.285∗∗∗

(0.0042) (0.0043) (0.0043)

Coefficients in rice production cost on:
κc Use pesticide cit -0.025∗∗∗ -0.042∗∗∗ -0.048∗∗∗

(0.0007) (0.0012) (0.0015)
κ1 Perceived yield q̆it 0.070∗∗∗ 0.065∗∗∗ 0.063∗∗∗

(0.0024) (0.0024) (0.0026)
κcq Perceived yield q̆it X Use pesticide cit 0.069∗∗∗ 0.067∗∗∗

(0.0022) (0.0023)
κ2 Perceived yield squared q̆2it 0.0863∗∗∗ 0.0846∗∗∗ 0.08543∗∗∗

(0.0011) (0.0012) (0.0014)
κcq2 Perceived yield squared q̆2it X Use pesticide cit 0.08535∗∗∗

(0.0014)

Other parameters
ν Deterministic payoff when farmer does not plant rice and does not use pesticide -10.00∗∗∗ -10.00∗∗∗ -10.00∗∗∗

(0.00000) (0.00000) (0.00001)

Log likelihood -7,184 -7,185 -7,186

# Observations 67,230 67,230 67,230
# Farmer-fields 17,695 17,695 17,695
# Counties 15 15 15

Notes: Standard errors in parentheses. Each observation is a farmer-field-year. Clean soil stock kit is measured by the number of
previous consecutive years (up to 15 years) no unapproved synthetic pesticide was used. Yield is in units of 1 million pounds. Payoffs
and costs are in units of ten thousand 2010 USD. Significance codes: *** p<0.001, ** p<0.01, * p<0.05
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Table 7: Counterfactual Simulations: Short Run

Misperception Full Information

(1) (2) (3) (1) (2) (3)

Distribution of ait (% of farmer-field-years)

ait = RC Plant rice and use pesticide that year 97.7 97.8 97.8 5.7 6.2 4.7
ait = RN Plant rice and do not use pesticide that year 1.6 1.6 1.6 94.3 93.8 95.3
ait = OC Do not plant rice that year and use pesticide that year 0.7 0.7 0.7 0.0 0.0 0.0
ait = ON Do not plant rice and do not use pesticide that year 0.0 0.0 0.0 0.0 0.0 0.0

Organic production (% of farmer-field-years) 0.06 0.06 0.06 56.12 54.57 58.15

Clean soil stock kit (mean over farmer-field-years) 0.05 0.05 0.05 4.15 3.85 4.36

PDV of entire stream of per-period payoffs

Mean over farmer-fields (million 2010 USD) 0.73 0.73 0.51 1.43 1.28 1.36
(Std. Dev. over farmer-fields in parentheses (million 2010 USD)) (0.89) (0.89) (3.19) (2.32) (1.72) (2.34)

5th %-ile over farmer-fields (million 2010 USD) 0.17 0.17 0.14 0.01 0.01 0.01
25th %-ile over farmer-fields (million 2010 USD) 0.52 0.52 0.52 0.07 0.07 0.08
50th %-ile over farmer-fields (million 2010 USD) 0.72 0.72 0.71 0.19 0.19 0.19
75th %-ile over farmer-fields (million 2010 USD) 0.86 0.86 0.85 2.07 2.07 1.91
95th %-ile over farmer-fields (million 2010 USD) 1.00 0.99 0.99 3.29 3.22 3.50

Total PDV of entire stream of per-period payoffs (billion 2010 USD) 18.4 18.5 12.8 36.3 32.5 34.4

Notes: Table presents averages over 100 simulations. The ‘short run’ simulations simulate each farmer-field from the actual value of the state (clean
soil stock kit and prices) in the first year for which we have data for that farmer-field, to the final year of our data set, year 2019. The ‘Misperception’
scenario is a base simulation of actual behavior, and uses the parameter estimates from our dynamic structural econometric model in Table 6 for all the
parameters; Specifications (1), (2), and (3) use parameter estimates from Specifications (1), (2), and (3), respectively, of Table 6. The ‘Full Information’
scenario is a counterfactual simulation of optimal behavior, in which we set the misperception parameters γk and γc both to 0, and then use the parameter
estimates from our dynamic structural econometric model in Table 6 for all the remaining parameters; Specifications (1), (2), and (3) use parameter
estimates from Specifications (1), (2), and (3), respectively, of Table 6. The PDV of entire stream of per-period payoffs is relative to the per-period
payoff from the outside option of not planting rice and using pesticide that year (ait = OC), which is normalized to 0.
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Table 8: Counterfactual Simulations: Long Run

Misperception Full Information

(1) (2) (3) (1) (2) (3)

Distribution of ait (% of farmer-field-years)

ait = RC Plant rice and use pesticide that year 97.8 97.8 97.8 8.2 8.6 6.8
ait = RN Plant rice and do not use pesticide that year 1.6 1.6 1.6 91.8 91.4 93.2
ait = OC Do not plant rice that year and use pesticide that year 0.7 0.7 0.6 0.0 0.0 0.0
ait = ON Do not plant rice and do not use pesticide that year 0.0 0.0 0.0 0.0 0.0 0.0

Organic production (% of farmer-field-years) 0.04 0.04 0.04 59.19 57.57 62.02

Clean soil stock kit (mean over farmer-field-years) 0.04 0.04 0.04 4.77 4.40 5.10

PDV of entire stream of per-period payoffs

Mean over farmer-fields (million 2010 USD) 0.92 0.93 0.70 2.68 2.45 2.47
(Std. Dev. over farmer-fields in parentheses (million 2010 USD)) (0.88) (0.88) (3.19) (2.42) (1.45) (2.58)

5th %-ile over farmer-fields (million 2010 USD) 0.67 0.67 0. 67 1.78 1.77 0.29
25th %-ile over farmer-fields (million 2010 USD) 0.75 0.75 0.75 1.88 1.88 1.87
50th %-ile over farmer-fields (million 2010 USD) 0.86 0.86 0.85 2.08 2.08 1.93
75th %-ile over farmer-fields (million 2010 USD) 1.00 1.00 0.99 2.66 2.66 2.53
95th %-ile over farmer-fields (million 2010 USD) 1.15 1.14 1.14 4.04 3.84 4.41

Total PDV of entire stream of per-period payoffs (billion 2010 USD) 23.4 23.5 17.8 67.7 62.0 62.7

Notes: Table presents averages over 100 simulations. The ‘long run’ simulations simulate each farmer-field from the actual value of the state (clean soil
stock kit and prices) in the first year for which we have data for that farmer-field, to 10 years past the the final year of our data set (i.e., to year 2029).
The ‘Misperception’ scenario is a base simulation of actual behavior, and uses the parameter estimates our dynamic structural econometric model in
Table 6 for all the parameters; Specifications (1), (2), and (3) use parameter estimates from Specifications (1), (2), and (3), respectively, of Table 6. The
‘Full Information’ scenario is a counterfactual simulation of optimal behavior, in which we set the misperception parameters γk and γc both to 0, and
then use the parameter estimates from our dynamic structural econometric model in Table 6 for all the remaining parameters; Specifications (1), (2),
and (3) use parameter estimates from Specifications (1), (2), and (3), respectively, of Table 6. The PDV of entire stream of per-period payoffs is relative
to the per-period payoff from the outside option of not planting rice and using pesticide that year (ait = OC), which is normalized to 0.
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A Production Function Robustness Checks

A.1 Linear Production Function

For robustness, we also estimate a linear specification of our production function wherein the dependent

variable is yield rather than log yield. The linear specification of our production function q(·) for rice
yield yit is given by:

yit = q(cit, kit;α) = α0 + αccit + αkkit, (A.1)

where yit is the rice yield in hundredweights (CWT); cit is a dummy variable for farmer-field i using

an unapproved synthetic pesticide in year t; and kit is the clean soil stock as measured by the number

of previous consecutive years the farmer-field has not used any unapproved synthetic pesticide. In

particular, the clean soil stock kit is equal to 0 if the rice farmer-field used an unapproved synthetic

pesticide the previous year, 1 if the rice farmer-field did not use an unapproved synthetic pesticide the

previous year but used an unapproved synthetic pesticide two years ago, 2 if the rice farmer-field did

not use an unapproved synthetic pesticide the previous two years but used an unapproved synthetic

pesticide three years ago, and 3 if the rice farmer-field did not use an unapproved synthetic pesticide

for the previous three years but used an unapproved synthetic pesticide four years ago, and so on.

Since yield data is only available at the county level, not the farmer-field level, we estimate the

production function using county averages, where each observation is a county-year in which data

on rice yield per farmer-field growing rice data is available. In particular, we regress rice yield per

farmer-field growing rice in a county-year on the fraction of farmer-fields growing rice in a county-year

who applied an unapproved synthetic pesticide that year and the average over farmer-fields growing

rice in a county-year of the number of previous consecutive years the farmer-field has not used any

unapproved synthetic pesticide. Because the variables in the regression reflect means rather than

individual observations, the appropriate method of estimation is analytically weighted least squares

(Davidson and MacKinnon, 2004), where the weight is the number of farmer-fields growing rice in the

county-year. We therefore use inverse variance weights that weight county-years with more farmer-

fields growing rice more heavily.

We estimate two types of specifications of our production function. ‘Misperception’ specifications

do not account for soil microbes, and therefore do not include any regressor relating to the clean

soil stock kit. ‘Full Information’ specifications account for soil microbes, and therefore include a

regressor relating the clean soil stock kit, the average over farmer-fields growing rice in a county-year

of the number of previous consecutive years the farmer-field has not used any unapproved synthetic

pesticide.

Results for our true ‘Full Information’ production function estimation are in Table A.1. As

expected, αc is significant and positive in the ‘Full Information’ specifications, which means that, in

actuality, when accounting for soil microbes, the contemporaneous use of an unapproved synthetic
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pesticide has a positive effect on yield that year. In addition, consistent with recent insights from

soil science that show the important of soil microbes and a clean soil stock, αk is significant and

positive in the ‘Full Information’ specifications, which means that yields are higher the more previous

consecutive years the farmer-field has not used any unapproved synthetic pesticide.

Results for our ‘Misperception’ production function estimation are in Table A.2. As expected, in

the ‘Misperception’ specifications, αc is significant and positive, which means that farmers who do

not account for soil microbes perceive that using an unapproved synthetic pesticide that year has a

positive effect on yield.
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Table A.1: Robustness: True ‘Full Information’ Production Function, Linear Specification

Dependent variable is: Rice yield (CWT)

Parameter Regressor (1) (2)

αc Use pesticide 17,257∗∗∗ 18,513∗∗∗

(3,144) (2,684)
αk # Previous consecutive years no pesticide was used 2,026∗∗∗ 1,805∗∗∗

(421.6) (327.2)
α0 Constant -10,779∗∗∗ -14,043∗∗∗

(3,098) (0.469)

County Fixed Effects N Y

# Observations 325 325
# Counties 15 15
R-squared 0.117 0.513

Notes: Standard errors in parentheses. Each observation is a county-year. We use data from 1990-2019.
Inverse variance weights that weight county-years with more farmer-fields growing rice more heavily are
used. By ‘pesticide’, we mean ‘unapproved synthetic pesticide’. Since yield data is only available at
the county level, not the farmer-field level, we estimate the production function using county averages,
where each observation is a county-year in which data on rice yield per farmer-yield growing rice data is
available. In particular, we regress rice yield per farmer-field growing rice in a county-year on the fraction
of farmer-fields growing rice in a county-year who applied an unapproved synthetic pesticide that year and
the average over farmer-fields growing rice in a county-year of the number of previous consecutive years
no unapproved synthetic pesticide was used. ‘Full Information’ specifications account for soil microbes,
and therefore include as a regressor the average over farmer-fields growing rice in a county-year of the
number of previous consecutive years no unapproved synthetic pesticide was used. In North America, 1
hundredweight equals 100 pounds (U.S. Department of Agriculture [USDA], 1992). Significance codes: ***
p<0.001, ** p<0.01, * p<0.05
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Table A.2: Robustness: ‘Misperception’ Production Function, Linear Specification

Dependent variable is: Rice yield (CWT)

Parameter Regressor (1) (2)

αc Use pesticide 13,484∗∗∗ 15,761∗∗∗

(3,147) (2,760)
α0 Constant -6,694∗∗ -11,062∗∗∗

(3,080) (2,911)

County Fixed Effects N Y

# Observations 325 325
# Counties 15 15
R-squared 0.054 0.465

Notes: Standard errors in parentheses. Each observation is a county-year. We use data from 1990-2019.
Inverse variance weights that weight county-years with more farmer-fields growing rice more heavily are
used. By ‘pesticide’, we mean ‘unapproved synthetic pesticide’. Since yield data is only available at the
county level, not the farmer-field level, we estimate the production function using county averages, where
each observation is a county-year in which data on rice yield per farmer-yield growing rice data is available.
In particular, for the ‘Misperception’ specifications, which do not account for soil microbes, we regress rice
yield per farmer-field growing rice in a county-year on the fraction of farmer-fields growing rice in a county-
year who applied an unapproved synthetic pesticide that year. In North America, 1 hundredweight equals
100 pounds (U.S. Department of Agriculture [USDA], 1992). Significance codes: *** p<0.001, ** p<0.01,
* p<0.05
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A.2 Acreage

Summary statistics for reported acres and reported acres growing rice for the farmer-field-years in

our data set are presented in Table A.3.

The measure of acres planted reported in the PUR data may not be entirely reliable since farmers

sometimes report actual acres planted but other times instead report the entire area of the larger plot

of land in which the planting occurred (California Department of Pesticide Regulation [CA DPR],

2023).

Nevertheless, for robustness, we also run a robustness check in which we estimate our production

function using county averages calculated by dividing by acres rather than by farmer-field. In

particular, we regress rice yield per acre growing rice in a county-year (calculated as the rice yield in

that county-year, divided by total number of acres of all farmer-fields in that county growing rice in

that year) on the average over acres growing rice of the dummy for applying an unapproved synthetic

pesticide that year (calculated as the number of all farmer-fields in that county both growing rice and

applying an unapproved synthetic pesticide that year, divided by total number of acres of all farmer-

fields in that county growing rice in that year) and the average over acres growing rice in a county-year

of the number of previous consecutive years the farmer-field has not used any unapproved synthetic

pesticide (calculated as sum over farmer-fields growing rice in that county-year of the number of

previous consecutive years the farmer-field has not used any unapproved synthetic pesticide, divided

by total number of acres of all farmer-fields in that county growing rice in that year). Because the

variables in the regression reflect means rather than individual observations, the appropriate method

of estimation is analytically weighted least squares (Davidson and MacKinnon, 2004), where the

weight is the total number of acres of all farmer-fields in that county growing rice in that year. We

therefore use inverse variance weights that weight county-years with more acres planted to rice more

heavily.

We use a conservative version of our county average variables in which we drop county-year

observations that include a farmer-field-year for which the number of acres planted to rice in that

farmer-field-year in that county in that year is missing. The counties appearing in the conservative

estimation are identical to the counties appearing in the standard estimation. The conservative

estimation loses disproportionately more observations from Yuba County. Summary statistics for the

annual county-level variables we use to estimate our production function are presented in Table A.4.

Results for our true ‘Full Information’ production function estimation are in Table ??. As

expected, αc is significant and positive in the ‘Full Information’ specifications, which means that,

in actuality, when accounting for soil microbes, the contemporaneous use of an unapproved synthetic

pesticide has a positive effect on yield that year. In addition, consistent with recent insights from

soil science that show the important of soil microbes and a clean soil stock, αk is significant and

positive in the ‘Full Information’ specifications, which means that yields are higher the more previous

consecutive years the farmer-field has not used any unapproved synthetic pesticide.

Results for our ‘Misperception’ production function estimation are in Table ??. As expected, in
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the ‘Misperception’ specifications, αc is significant and positive, which means that farmers who do

not account for soil microbes perceive that using an unapproved synthetic pesticide that year has a

positive effect on yield.
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Table A.3: Summary Statistics for Acreage

Mean Std. Dev. Min Max # Obs

Acres 82.05 57.22 1.00 721.25 67,299

Acres growing rice 81.63 56.94 1.00 700.00 63,244

Notes: Each observation is a farmer-field-year.

Data Source: CA DPR PUR (California Department of Pesticide Regulation [CA DPR], 2024).
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Table A.4: Summary Statistics for Production Function by Acres, 1990-2019

Mean Std. Dev. Min Max # Obs

Number of acres growing rice in county-year 44,617 46,391 49.7 174,900 303

Rice yield (CWT) per acre growing rice in county-year 78.61 60.08 13.42 1,066 303

Average over acres growing rice in county-year of
applied pesticide that year

0.0115 0.0032 0 0.0240 303

Average over acres growing rice in county-year of
# previous consecutive years no pesticide was used

0.0038 0.0102 0 0.1145 303

Notes: Each observation is a county-year. We use data from 1990-2019. There are 15 counties with data for at least one year over
1990-2019. In North America, 1 hundredweight equals 100 pounds (U.S. Department of Agriculture [USDA], 1992). By ‘pesticide’, we
mean ‘unapproved synthetic pesticide’.

Data Sources: CA DPR PUR (California Department of Pesticide Regulation [CA DPR], 2024), USDA NASS Quick Stats (U.S.
Department of Agriculture [USDA], 2024).
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Table A.5: Robustness: True ‘Full Information’ Production Function by Acre

Dependent variable is: Rice yield (CWT)

Parameter Regressor (1) (2)

αc Use pesticide 1,552∗∗∗ 3,487∗∗∗

(304.2) (408.4)
αk # Previous consecutive years no pesticide was used 675.0∗∗ 731.0∗∗∗

(264.7) (219.7)
α0 Constant 59.93∗∗∗ 12.26

(3.60) (9.12)

County Fixed Effects N Y

# Observations 303 303
# Counties 15 15
R-squared 0.107 0.452

Notes: Standard errors in parentheses. Each observation is a county-year. We use data from 1990-2019.
Inverse variance weights that weight county-years with more acres growing rice more heavily are used.
By ‘pesticide’, we mean ‘unapproved synthetic pesticide’. Since yield data is only available at the county
level, not the farmer-field level, we estimate the production function using county averages, where each
observation is a county-year in which data on rice yield per acre growing rice data is available. In particular,
we regress rice yield per acre growing rice in a county-year on the average over acres growing rice in a
county-year of the dummy for applying an unapproved synthetic pesticide that year and the average over
acres growing rice in a county-year of the number of previous consecutive years no unapproved synthetic
pesticide was used. ‘Full Information’ specifications account for soil microbes, and therefore include as a
regressor the average over farmer-fields growing rice in a county-year of the number of previous consecutive
years no unapproved synthetic pesticide was used. In North America, 1 hundredweight equals 100 pounds
(U.S. Department of Agriculture [USDA], 1992). Significance codes: *** p<0.001, ** p<0.01, * p<0.05
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Table A.6: Robustness: ‘Misperception’ Production Function by Acre

Dependent variable is: Rice yield (CWT)

Parameter Regressor (1) (2)

αc Use pesticide 1,643∗∗∗ 3,615∗∗∗

(304.9) (413.7)
α0 Constant 60.60∗∗∗ 11.96

(3.62) (9.277)

County Fixed Effects N Y

# Observations 303 303
# Counties 15 15
R-squared 0.088 0.431

Notes: Standard errors in parentheses. Each observation is a county-year. We use data from 1990-2019.
Inverse variance weights that weight county-years with more acres growing rice more heavily are used.
By ‘pesticide’, we mean ‘unapproved synthetic pesticide’. Since yield data is only available at the county
level, not the farmer-field level, we estimate the production function using county averages, where each
observation is a county-year in which data on rice yield per farmer-yield growing rice data is available. In
particular, for the ‘Misperception’ specifications, which do not account for soil microbes, we regress rice
yield per acre growing rice in a county-year on the average over acres growing rice in a county-year of the
dummy for applying an unapproved synthetic pesticide that year. In North America, 1 hundredweight
equals 100 pounds (U.S. Department of Agriculture [USDA], 1992). Significance codes: *** p<0.001, **
p<0.01, * p<0.05
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A.3 Year Effects

For robustness, we also estimate a specification of our true ‘Full Information’ production function

using year effects, and a specification of our true ‘Full Information’ production function using both

year effects and county fixed effects.

Results for our true ‘Full Information’ production function estimation are in Table A.7. Consistent

with recent insights from soil science that show the important of soil microbes and a clean soil stock,

αk is significant and positive in the ‘Full Information’ specifications, which means that yields are

higher the more previous consecutive years the farmer-field has not used any unapproved synthetic

pesticide.

While the coefficient αc on the contemporaneous use of an unapproved synthetic pesticide is

positive, it is not statistically significant at a 5% level. Thus, in order for to obtain a lower bound

conservative measure of the benefits of forgoing pesticide use for future benefits via clean soil stock,

we opt not to use the specifications with year effects for our dynamic structural econometric model.
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Table A.7: Robustness: True ‘Full Information’ Production Function with Year Effects

Dependent variable is: Log of rice yield (CWT)

Parameter Regressor (1) (2)

αc Use pesticide 0.973 0.079
(0.607) (0.443)

αk # Previous consecutive years no pesticide was used 0.254∗∗∗ 0.145∗∗∗

(0.119) (0.0825)
α0 Constant 7.063∗∗∗ 7.498∗∗∗

(0.558) (0.426)

County Fixed Effects N Y
Year Effects Y Y

# Observations 325 325
# Counties 15 15
R-squared 0.458 0.794

Notes: Standard errors in parentheses. Each observation is a county-year. We use data from 1990-2019.
Inverse variance weights that weight county-years with more farmer-fields growing rice more heavily are
used. By ‘pesticide’, we mean ‘unapproved synthetic pesticide’. Since yield data is only available at the
county level, not the farmer-field level, we estimate the production function using county averages, where
each observation is a county-year in which data on rice yield per farmer-yield growing rice data is available.
In particular, we regress log rice yield per farmer-field growing rice in a county-year on the fraction of
farmer-fields growing rice in a county-year who applied an unapproved synthetic pesticide that year and
the average over farmer-fields growing rice in a county-year of the number of previous consecutive years
no unapproved synthetic pesticide was used. ‘Full Information’ specifications account for soil microbes,
and therefore include as a regressor the average over farmer-fields growing rice in a county-year of the
number of previous consecutive years no unapproved synthetic pesticide was used. In North America, 1
hundredweight equals 100 pounds (U.S. Department of Agriculture [USDA], 1992). Significance codes: ***
p<0.001, ** p<0.01, * p<0.05
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A.4 Subset of Years Used in Dynamic Structural Econometric Model

For robustness, we also estimate our true ‘Full Information’ production function using only annual

county-level data from the 10 years of data in the annual farmer-field-level panel data set we use for

our dynamic structural econometric model (2005, 2008-2012, 2014-2016, and 2019); these 10 years of

data are the 10 years for which we have data on conventional and organic rice prices.

Results for our true ‘Full Information’ production function estimation are in Table A.8. These

regressions are likely under-powered, owing to the smaller sample size that we are left with when

we restrict the estimation to only include observations from years 2005, 2008-2012, 2014-2016, and

2019. Nevertheless, consistent with recent insights from soil science that show the important of soil

microbes and a clean soil stock, αk is positive in all 4 specifications, and statistically significant in

the year effects specification (Specification (3)), which means that yields are higher the more previous

consecutive years the farmer-field has not used any unapproved synthetic pesticide.
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Table A.8: Robustness: True ‘Full Information’ Production Function, Subset of Years in Dynamic
Structural Econometric Model

Dependent variable is: Log of rice yield (CWT)

Parameter Regressor (1) (2) (3) (4)

αc Use pesticide 0.230 -0.144 1.721 0.561
(1.154) (1.355) (1.393) (1.356)

αk # Previous consecutive years no pesticide was used 0.0919 0.0171 0.394∗∗ 0.0661
(0.0917) (0.0532) (0.197) (0.108)

α0 Constant 8.549∗∗∗ 8.928∗∗∗ 7.040∗∗∗ 8.259∗∗∗

(1.143) (1.337) (1.379) (1.329)

County Fixed Effects N Y N Y
Year Effects N N Y Y

# Observations 91 91 91 91
# Counties 13 13 13 13
R-squared 0.012 0.726 0.145 0.819

Notes: Standard errors in parentheses. Each observation is a county-year. We use data from the 10 years of data in the
annual farmer-field-level panel data set we use for our dynamic structural econometric model (2005, 2008-2012, 2014-2016,
and 2019); these 10 years of data are the 10 years for which we have data on conventional and organic rice prices. Inverse
variance weights that weight county-years with more farmer-fields growing rice more heavily are used. By ‘pesticide’, we
mean ‘unapproved synthetic pesticide’. Since yield data is only available at the county level, not the farmer-field level, we
estimate the production function using county averages, where each observation is a county-year in which data on rice yield
per farmer-yield growing rice data is available. In particular, we regress log rice yield per farmer-field growing rice in a
county-year on the fraction of farmer-fields growing rice in a county-year who applied an unapproved synthetic pesticide
that year and the average over farmer-fields growing rice in a county-year of the number of previous consecutive years no
unapproved synthetic pesticide was used. ‘Full Information’ specifications account for soil microbes, and therefore include
as a regressor the average over farmer-fields growing rice in a county-year of the number of previous consecutive years no
unapproved synthetic pesticide was used. In North America, 1 hundredweight equals 100 pounds (U.S. Department of
Agriculture [USDA], 1992). Significance codes: *** p<0.001, ** p<0.01, * p<0.05
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B PUR Data Coverage

Since farmers who never use pesticides may not be included in the PUR data, it is possible that our

data set may under-represent farmers who never use pesticides.

To gauge how many farmers who never use pesticides get missed by the PUR data, we compare

the data on acres planted among farmer-field-years in our data set with USDA Survey data on rice

acres planted for the state of California at the county level over the years 1990-2019 from USDA

NASS Quick Stats (U.S. Department of Agriculture [USDA], 2025), and with USDA Census data on

rice acres harvested at the county level for the years 1997, 2002, 2007, 2012, and 2017 (which are the

years for which USDA Census data is available during the 1990-2019 period of our data set) from

USDA NASS Quick Stats (U.S. Department of Agriculture [USDA], 2025).

The measure of acres planted reported in the PUR data may not be entirely reliable since farmers

sometimes report actual acres planted but other times instead report the entire area of the larger plot

of land in which the planting occurred (California Department of Pesticide Regulation [CA DPR],

2023).

We use a conservative version of our county average variables in which we drop county-year

observations that include a farmer-field-year for which the number of acres planted to rice in that

farmer-field-year in that county in that year is missing.

Table B.1 compares the rice acreage data in the PUR data and in the USDA data. Panel A

compares summary statistics for rice acres using only county-year observations that have both USDA

acres planted data and conservative PUR acreage data. The conservative measure of acres planted

reported in PUR are similar to the acres planted and acres harvested reported by the USDA. The

maximum value of the PUR measure exceeds the maximum value of each of the USDA measures,

however, consistent with the notion that farmers in PUR are sometimes reporting the area of the

entire property in which the specific parcel of land where rice was planted is located, instead of just

the area of the specific parcel of land where rice was planted. On the other hand, the minimum

value of the PUR measure is lower than the minium value of each of the USDA measures, which is

consistent with the possibility that the DPR data may not include farmers who never use pesticides.

Panel B compares summary statistics for rice acres using only county-year observations that have

both USDA acres harvested data and conservative PUR acreage data. As before, the maximum value

of the PUR measure exceeds the maximum value of each of the USDA measures, which again may

potentially because farmers in PUR have been known to sometimes report the entire acreage of their

property, instead of just the acreage of the plot of land where their crop is being grown. Also as

before, the minimum value of the PUR measure is lower than the minium value of each of the USDA

measures, which again is consistent with the possibility that the DPR data may not include farmers

who never use pesticides.

Panel C compares summary statistics for rice acres using only county-year observations with both

USDA acres planted data and conservative PUR acreage data, and for which the reported PUR acres
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does not exceed USDA acres planted. The minimum value of the PUR measure is lower than the

minium value of each of the USDA measures, which again is consistent with the possibility that the

DPR data may not include farmers who never use pesticides. Nevertheless, if we were to believe that

the reported acres planted in PUR for this subset of observation are accurate, then the results in

Panel C suggest that the PUR data captures approximately 94.5% of the acres of rice planted in the

state of California.
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Table B.1: Acreage in PUR vs. USDA data, 1990-2019

Mean Std. Dev. Min Max # Obs

A: County-year observations with both USDA acres planted data and conservative PUR acreage data

Number of acres growing rice in county-year (CA DPR PUR) 44,401 46,629 49.7 174,900 294
Number of rice acres planted in county-year (USDA Survey) 44,719 47,528 500 164,000 294
Number of rice acres harvested in county-year (USDA Census) 55,379 50,108 915 153,224 38

B: County-year observations with both USDA acres harvested data and conservative PUR acreage data

Number of acres growing rice in county-year (CA DPR PUR) 48,499 48,745 466 174,900 47
Number of rice acres planted in county-year (USDA Survey) 55,424 50,348 800 157,000 38
Number of rice acres harvested in county-year (USDA Census) 47,918 48,678 219 153,224 47

C: County-year observations with both USDA acres planted data and conservative PUR acreage data,
and for which reported PUR acres does not exceed USDA acres planted

Number of acres growing rice in county-year (CA DPR PUR) 57,249 49,862 49.7 148,823 136
Number of rice acres planted in county-year (USDA Survey) 60,579 52,702 500 164,000 136
Number of rice acres harvested in county-year (USDA Census) 55,057 48,989 915 147,817 23

Notes: Each observation is a county-year. We use data from 1990-2019. Panel A compares summary statistics for rice acres using only
county-year observations that have both USDA acres planted data and conservative PUR acreage data. Panel B compares summary
statistics for rice acres using only county-year observations that have both USDA acres harvested data and conservative PUR acreage
data. Panel C compares summary statistics for rice acres using only county-year observations with both USDA acres planted data and
conservative PUR acreage data, and for which the reported PUR acres does not exceed USDA acres planted.

Data Sources: CA DPR PUR (California Department of Pesticide Regulation [CA DPR], 2024), USDA NASS Quick Stats (U.S.
Department of Agriculture [USDA], 2025).
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C Risk Aversion

C.1 Constant Absolute Risk Aversion (CARA)

To distinguish between misperception and risk aversion, we also consider a specification of our dynamic

structural econometric model that incorporates risk aversion by using a constant absolute risk aversion

(CARA) utility function for the deterministic payoff (instead of a linear utility function) when a farmer

plants rice.

In particular, if farmer-field i plants rice in year t (ait ∈ {RC,RN}), then that farmer-field receives

the following deterministic payoff u0(·) in year t:

u0(ait ∈ {RC,RN}, sit; θ) =


1−exp(−σ·(P (ait,sit)·q̆(cit,sit;θ)−cost(cit,q̆(cit,sit;θ);θ)))

σ σ ̸= 0

P (ait, sit) · q̆(cit, sit; θ)− cost(cit, q̆(cit, sit; θ); θ) σ = 0,
(C.1)

where σ is the coefficient of absolute relative risk aversion, measures the degree of risk preference,

and is an additional structural parameter to be estimated. When σ > 0, the farmer is risk averse;

when σ < 0 the farmer is risk seeking. When σ = 0, the farmer is risk neutral, and the deterministic

payoff when a farmer-field plants rice corresponds to the linear payoff function in equation (4) from

our base case specification.

As before, so that we can identify the parameters in the per-period payoff, we normalize the

deterministic payoff for a farmer-field who does not plant rice and uses pesticide (ait = OC) to be 0:

u0(ait = OC, sit; θ) = 0. (C.2)

Also as before, to allow the per-period payoff to possibly differ when the farmer-field did not plant

rice and also did not use pesticide, the deterministic per-period payoff for not planting rice that year

and not using pesticide (ait = ON) is set equal to a parameter ν to be estimated:

u0(ait = ON, sit; θ) = ν. (C.3)

For the cost function, we use the cost function in Specification (1) of Table 6 since this specification

is favored by pairwise likelihood ratio tests (Taboga, 2021).

For this CARA version of the structural model, we focus on distinguishing between misperception

and risk aversion, and therefore focus on estimating the structural parameters θ = (γ, σ), where γ are

misperception parameters and σ is the coefficient of absolute relative risk aversion. We hold the cost

parameters κ and the deterministic payoff ν when a farmer-field does not plant rice and does not use

pesticide fixed at the point estimates from Specification (1) of Table 6.

As seen in Table C.1, farmers are close to risk neutral (σ̂ = 0.02), and, even when allowing for risk

aversion, farmers still underestimate the the beneficial effects of clean soil stock on yield (γ̂k < 0).

Both the misperception parameters γc and γk are close to the values we estimated in Table 6 in the
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absence of risk aversion, but in both cases the absolute value of the misperception parameters under

risk aversion are somewhat smaller than they are in the absence of risk aversion.

Thus, farmers have low levels of risk aversion and appear close to risk neutral, and our results

regarding farmers’ misperception of the effects of clean soil stock and pesticide use on yield are

robust to the inclusion of risk aversion. Farmers’ choices regarding pesticide use therefore reflect

misperception and cannot be completely explained away by risk aversion.
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Table C.1: Dynamic Structural Model with Risk Aversion: CARA

(1)

Parameters in the perceived yield q̆(·)
γc Misperception of how log yield is affected by pesticide use cit -0.653∗∗∗

(0.009)

γk Misperception of how log yield is affected by clean soil stock kit -0.199∗∗∗

(0.001)

Parameter measuring risk aversion

σ Coefficient of absolute relative risk aversion 0.0238∗∗∗

(0.0009)

Log likelihood -6,376

# Observations 67,230

# Farmer-fields 17,695

# Counties 15

Notes: Standard errors in parentheses. Each observation is a farmer-field-year. Clean soil stock kit is measured by the number of

previous consecutive years (up to 15 years) no unapproved synthetic pesticide was used. Yield is in units of 1 million pounds. Payoffs

and costs are in units of ten thousand 2010 USD. κ and ν are held fixed at point estimates from Specification (1) of Table 6. Significance

codes: *** p<0.001, ** p<0.01, * p<0.05
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C.2 Constant Relative Risk Aversion (CRRA)

To distinguish between misperception and risk aversion, we also consider a specification of our dynamic

structural econometric model that incorporates risk aversion by using a constant relative risk aversion

(CRRA) utility function for the deterministic payoff (instead of a linear utility function) when a farmer

plants rice.

In particular, if farmer-field i plants rice in year t (ait ∈ {RC,RN}), then that farmer-field receives

the following deterministic payoff u0(·) in year t:

u0(ait ∈ {RC,RN}, sit; θ) =
(P (ait, sit) · q̆(cit, sit; θ)− cost(cit, q̆(cit, sit; θ); θ))

1−η

1− η
, (C.4)

where η is the coefficient of constant relative risk aversion and is an additional structural parameter to

be estimated. When η = 0, the farmer is risk neutral, and the deterministic payoff when a farmer-field

plants rice corresponds to the linear payoff function in equation (4) from our base case specification.

As before, so that we can identify the parameters in the per-period payoff, we normalize the

deterministic payoff for a farmer-field who does not plant rice and uses pesticide (ait = OC) to be 0:

u0(ait = OC, sit; θ) = 0. (C.5)

Also as before, to allow the per-period payoff to possibly differ when the farmer-field did not plant

rice and also did not use pesticide, the deterministic per-period payoff for not planting rice that year

and not using pesticide (ait = ON) is set equal to a parameter ν to be estimated:

u0(ait = ON, sit; θ) = ν. (C.6)

For the cost function, we use the cost function in Specification (1) of Table 6 since this specification

is favored by pairwise likelihood ratio tests (Taboga, 2021).

For this CRRA version of the structural model, the structural parameters to be estimated are θ =

(γ, κ, ν, η), where γ are misperception parameters, κ are cost parameters, ν is the deterministic payoff

when a farmer-field does not plant rice and does not use pesticide (this is relative to a deterministic

payoff of 0 when a farmer-field does not plant rice and uses pesticide)8, and η is the coefficient of

constant relative risk aversion.

For a first-cut at assessing whether farmers are risk averse, we calculate the log likelihood for

different values of the coefficient of constant relative risk aversion η from 0 (risk neutral) to 1.5 (high

risk aversion), using the point estimates from Specification (1) of Table 6 for all other structural

parameters γ, κ, and ν. As seen in Table C.2, these findings suggest that farmer’s choices are

best explained by risk preferences that lie somewhere between risk neutral and low risk aversion.

Among the risk aversion parameter values for which we have calculated log likelihoods, the value of

8For our dynamic structural model, payoffs (and therefore costs) are in units of ten thousand 2010 USD.
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the constant relative risk aversion η yielding the largest log likelihood, η = 0.3 corresponds to rice

producers exhibiting low risk aversion.

We conduct a likelihood ratio test (Taboga, 2021) to compare the model with the best-fit η (i.e.,

η = 3) with the base case model without risk aversion (i.e., η = 0). This is a conservative version of

the likelihood ratio test, since the log likelihood from estimating all the parameters in the dynamic

structural model with risk aversion would be weakly higher. The test statistic D is distributed chi-

squared with 1 degree of freedom, and is equal to 388. As the test statistic D is greater than the

critical value 3.841, the data reject the constrained model in which there is no risk aversion since the

unconstrained model with risk aversion produces a statistically significant improvement in the ability

of the model to fit data at a 5% level.

Thus, our results suggest that farmers’ risk aversion lie somewhere between risk neutral and low

risk aversion.
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Table C.2: Dynamic Structural Model with Risk Aversion: CRRA

Coefficient of constant relative risk aversion Log Likelihood

η = 0 Risk neutral -7,184

η = 0.3 Very low risk aversion -6,990

η = 0.5 Low risk aversion -7,021

η = 1 Moderate risk aversion -17,234

η = 1.5 High risk aversion -80,997

Notes: Table presents the log likelihood for different values of the coefficient of constant relative
risk aversion η from 0 (risk neutral) to 1.5 (high risk aversion), using the point estimates from
Specification (1) of Table 6 for all other structural parameters γ, κ, and ν.
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