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Project Overview

Projects for the sabbatical and cooperative agreement

Accuracy and informativeness of ag baselines - Bora, Katchova, and
Kuethe (AJAE second revise and resubmit)

Revisions in ag baselines - Ding and Katchova

Herding in the USDA baselines - Chandio and Katchova

Baselines using Deep Learning - Bora and Katchova

Comparison of USDA and OECD baselines - Fang and Katchova

5 outreach reports on ag baselines

papers and reports posted on the OSU website:
https://aede.osu.edu/our-people/ani-katchova
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Accuracy and Informativeness

Accuracy and Informativeness of Ag Baselines - Bora,
Katchova, and Kuethe

USDA's statistical agencies such as NASS and ERS provide forecasts of
agricultural production, prices, trade, use, inventories, and farm income.

Stakeholders eagerly await USDA forecasts such as Farm Income Forecasts and
WASDE forecasts.

Previous studies suggest that many USDA forecasts are biased and/or ine�cient.

Ag baseline projections provide information about the farm sector for the next
decade.

Importance of the long-run information as the economic recovery from the
pandemic continues.

Implications for the Farm Bills which usually run at 5-year cycles.
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Accuracy and Informativeness

Agricultural Baselines

The baseline projections describe the factors in
uencing agricultural markets for
the next decade and include projections of commodity prices, production, global
agricultural trade and farm income.

Important for understanding the status of the economy several quarters or years
from the current year.

Informative for formulating policy such as preparing the President's budget and
program allocations.

Produced by the USDA Interagency Agricultural Projections Committee,
comprising experts from 10 USDA agencies and o�ces in February every year.

A composite of model results and judgment-based analysis.

Food & Agricultural Policy Research Institute (FAPRI), University of Missouri is

another source of agricultural baseline projections for the US.
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Accuracy and Informativeness

Evaluating Baseline Projections

Previous Literature:
I Despite their importance in shaping agricultural policy, USDA's baseline projections

have not been rigorously evaluated in the literature.
I Boussios, Skorbiansky, and MacLachlan (2021) evaluated the projection errors for

harvested area.
I Kuethe, Bora, and Katchova (2022) show that short-term projections in the USDA

baseline report contain information that might improve ERS farm income forecasts
released in February.

Our study:
I Examines accuracy and bias in USDA and FAPRI baseline.
I Tests whether the baseline projections contain any useful information beyond a

certain year into the future, and determines the maximum informative projection
horizon.

I Compares USDA and FAPRI baselines by taking into account all the projection
horizons together.
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Data

Baseline projections for corn farm price vs realized values
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Data

Data and Notations

Data include USDA and FAPRI baselines from 1997 to 2020.

The baseline reports contain estimates for the previous year(s), and projections for
the next 10 years including the current year.

We examine two main projections tables:
I Harvested acres, farm price, and yield of three major commodities: corn,

soybeans, and wheat.
I Net cash income and its components: crop receipts, livestock receipts, direct

government payments, farm-related cash income, and cash expenses.
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Data

Data and Notations

We use natural logarithms of the variables for our analysis: ^y i
t + hj t = ln ( Ŷ i

t + hj t ),

whereŶ i
t + hj t is the projection made in yeart for year t + h by the agencies

i = f USDA; FAPRIg.

Similarly, we use log transforms of the realized values:yt = ln ( Yt ), where Yt is the
realized value for yeart .

The projection horizonh can take values between 0 and 9, whereh = 0 stands for

current year.
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Accuracy

Accuracy

For each variable, the percent projection error at horizonh is de�ned as:
ei

t + hj t = 100 � (Yt + h � Ŷ i
t + hj t )=Yt + h, where i = f FAPRI ; USDAg

Mean absolute percent error (MAPE) and root mean squared percent error (RMSPE) are
de�ned as,

MAPE i
h =

1

T

TX

t =1

jei
t + hj t j (1)

RMSPEi
h =
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u
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T
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t =1
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Accuracy

Average Percent Errors

Figure 1: MAPE and RMSPE of corn harvested acres and average farm price
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Accuracy

Average Percent Errors

Figure 2: MAPE and RMSPE of net cash income and government payments
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Accuracy

Bias

Bias: For each series of projections from both agencies, we run the following regression
(Holden and Peel, 1990) for h 2 f 0; 1; : : : 9g:

yt + h � ŷ i
t + hj t = � i

h + " i
t + h: (3)

Estimated using Ordinary least squares (OLS) with an HAC standard error (Newey and

West, 1987).
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Accuracy

Bias

Figure 3: Bias in projections of harvested acres of corn, soybeans and wheat

Corn harvested acres are unbiased, soybean harvested acres show downward bias,

and wheat harvested acres show upward bias, similar to Boussios, Skorbiansky, and

MacLachlan (2021).
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