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Abstract

Accurate crop yield forecasting is central to effective risk management for many stakeholders, in-
cluding farmers, insurers, and governments, in various practices, such as crop management, sales and
marketing, insurance policy design, premium rate setting, and reserving. This paper first investigates an
innovative approach of yield forecasting using a dynamic factor model. Based on the proposed approach,
we then design an enhanced weather index-based insurance (IBI) policy. The dynamic factor approach
is motivated by its ability to effectively summarize the information in a large set of explanatory vari-
ables with common factors of a much lower dimension. This makes it possible to use an extensive set of
variables in crop yield prediction without worrying about identification issues. Using both county-level
and state-level crop production data from the state of Illinois, U.S., the empirical results show that the
dynamic factor approach produces more accurate in- and out-of-sample forecasting results compared to
the classical statistical models. The empirical results also support that the proposed IBI policy based
on the dynamic forecasting model has small basis risk. This, in turn, greatly improves the IBI’s hedge
effectiveness against agricultural production as well as increases its practicality as an insurance policy
for agriculture.

Keywords: Crop Yield Forecasting; Factor Model; Index-based Insurance.

“As we have seen, unexpected events can easily take markets away from these central trends. In the past
I have talked about ‘the hikes in the spikes’; now we have to beware of ‘the bumps in the slumps’!”

Launch of the OECD-FAO Agricultural Outlook 2017-2026
Remarks by Angel Gurŕıa, OECD Secretary-General

Paris, France, July 10, 2017

1 Introduction

Agriculture is often recognized as the foundation of the economy. While significant technological advancement

has occurred in the agricultural sector over the past decades, great need for further improvement remains to

meet the estimated 70 percent increase in food productivity needed to feed the world’s growing population

by 2050 (FAO, 2009). Further, with mounting concerns over possible changes in climate, which can lead to
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significant widespread crop losses, finding more efficient and sustainable risk management approaches is of

great importance.

Accurate yield forecasting is central to effective risk management for many stakeholders, including farm-

ers, insurers, reinsurers and governments. From the farmers’ perspective, the ability to accurately forecast

crop yield before the harvest season allows them to make decisions regarding crop sales and marketing, and

risk management practices such as buying insurance policies to mitigate losses due to reduced crop yield.

For insurers and governments, improved approaches to predict yield can contribute to more effective and

sustainable ratemaking (Ozaki et al., 2008), as well as the formation of more informed policies and innova-

tive risk management approaches that can protect producers from potentially disastrous outcomes due to

extreme adverse weather, such as droughts or floods. Therefore, the first goal of this paper is to investigate

an innovative approach of crop yield projection which could potential improve forecast accuracy.

There have been two popular types of crop yield forecasting approach. The first type is the process-

based models, which are based on intensive simulation algorithms with a large number of covariates on

crop management, such as planting dates, phenology, and seed variety, nutrient conditions, water and energy

availability (Hoogenboom et al., 2004; Bondeau et al., 2007; Basso et al., 2010; Asseng et al., 2013). However,

while the process-based models are more popular in developed countries, broader applications have been

limited. In particular, it is not always possible to obtain such detailed information, especially in less developed

countries or regions.

In the latter cases, the second type of approach, statistical models, are more useful. Statistical models use

more easily measurable meteorological variables, such as temperature and precipitation over a broader region,

to forecast crop yields on particular farms. Moreover, statistics-based models have simpler structures, and are

more straightforward and transparent in assessing goodness-of-fit using statistics such R2 and information-

based criteria. In addition, technological advancements, such as remote sensing, could provide statistics

models with more valuable inputs, and thus improve their ability to better forecast yields.

Despite the advantages of statistical models, limitations exist as well. In particular, it is often difficult

to determine the appropriate variables to include in the regressions. Existing literature typically considers a

large number of variables, including monthly temperatures and precipitations during the growing season, as

well as their higher order terms and interactions (Thompson, 1969, 1988). Candidate explanatory variables

of such a large size can easily lead to variable selection problems. On the one hand, crop yield data are

scarce. Even for countries with fairly good historical data, e.g., Canada and the U.S., there are typically

only annual observations for around 40 years. With limited historical data, estimation errors will increase

rapidly with the number of regressors. Furthermore, estimation would even become infeasible if dimension

of regressors exceeded the number of observations. On the other hand, a model with too few regressors will

often result in lower explanatory and prediction power (Lobell and Burke, 2010). To make things worse, the
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lack of an effective guideline for variable selection makes the estimation problem more difficult.

Therefore, the usefulness of a statistical model for crop yield prediction depends crucially on its ability

to cope with a large number of regressors. To this end, different statistical approaches were proposed in

the literature. For example, the LASSO (Tibshirani, 1996) approach uses penalized regression with an

L1−penalty imposed, and can effectively achieve continuous shrinkage and automatic variable selection.

However, when the number of regressors (J) is larger than the number of observations (T ), LASSO can

only select at most T regressors (Efron et al., 2004). To address this limitation, elastic net has been

proposed (Zou and Hastie, 2005). An alternative dimension reduction method is the factor model, which

summarizes the information in a high-dimensional set of explanatory variables by lower-dimensional latent

(unobservable) common factors. In contrast to the LASSO approach, factor models are able to deal with

situations where J = T . While factor models have a long tradition in the modeling of large dimension

data, such as the principal component analysis (Jolliffe, 2002), it has been applied extensively in modern

researches of various fields. Examples include theoretical econometrics (Bai and Ng, 2002; Pesaran et al.,

2013), high-dimension and high-frequency data modeling (Lam et al., 2012; Aı̈t-Sahalia and Xiu, 2019), big

data analysis (Fan et al., 2014; Zhu et al., 2017), macroeconomic analysis (Ludvigson and Ng, 2009; Jurado

et al., 2015), corporate finance (Eberhardt et al., 2013), asset pricing (Ludvigson and Ng, 2007; Weron,

2014), and mortality modeling (French and O’Hare, 2013; Hyndman et al., 2013), among many others.

In this paper, we follow the factor modeling literature, and propose a dynamic factor model for crop

yield prediction. The proposed method first summarizes a large set of explanatory variables with common

latent factors of a lower dimension, based on the information criteria proposed by Bai and Ng (2002). Then,

an optimal subset of the common factors are selected to predict crop yield. Bai and Ng (2002) propose a

factor selection method to consistently estimate the number of factors included in a regression when both

the cross-section dimension and the time dimension grow to infinity. Moreover, this method is shown to be

satisfying finite sample properties, and can thus lead to a reasonable selection of factors when the sample

size is limited. Their method, which will be discussed in Section 2, has been used in recent research in

many areas, for example, see Ludvigson and Ng (2007, 2009); McCracken and Ng (2016). After the factor

model is estimated, the prediction model of crop yield using original variables can be approximated by linear

transformation. The factor model makes it possible to start the investigation from a rich database, and

evaluate the impact of each single variable on crop yield. Finally, the proposed method is able to deal

with situations where the number of explanatory variables is larger than the number of observations. In

the empirical analysis, the dynamic factor model is applied to a design matrix consisting of 116 variables,

including 61 weather variables and 55 soil condition variables. A data-driven approach is used to determine

the optimal factors included in the regression model. Our empirical study show that the dynamic factor

approach is able to produce more accurate forecasting results than the traditional statistical models.
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This paper also contributes to the weather index insurance literature by developing a new agricultural

index-based insurance (IBI) approach using the proposed dynamic factor approach. Formal insurance con-

tracts are viewed as important instruments to help ensure long-term stability and growth of the agriculture

sector and provide income stabilization to farmers in times of loss (Iturrioz, 2009). In many cases, agricul-

tural insurance policies are designed based on traditional, indemnity approaches that require on-farm loss

assessments. For this type of policies, assessments can be quite costly, and there can also be significant

moral hazard, i.e., the tendency to take on greater risk once insured; and adverse selection, i.e., when higher

risk farmers are more inclined to seek insurance (Miranda, 1991; Miranda and Glauber, 1997; Rowell and

Connelly, 2012; Goodwin, 1993; Hao et al., 2018). These obstacles are often regarded as major contributors

to the failure of private agricultural insurance market (Goodwin and Smith, 1995; Woodard and Garcia,

2008).

As a potential alternative to traditional indemnity-based insurance policies, IBI has received increasing

attention in recent years. IBI policies deliver payments related to the realization of an underlying index,

which is based on public information relevant to the actual loss experiences on the farm. In case of IBI,

administrative costs are reduced given that there is no need of field investigations needed to measure the

actual loss on the farm. Additionally, there is significantly less adverse selection and moral hazard since

farmers are unlikely to be more informed about the (public) index than the insurer, and they have no control

over the outcome of the index (Barnett and Mahul, 2007; Chantarat et al., 2013; Conradt et al., 2015; Maestro

et al., 2016; Mahul and Skees, 2007; Masshoff et al., 2011; Jensen et al., 2016; Shen and Odening, 2013).

Moreover, since IBI is derived from an independently verifiable index, insurers could efficiently transfer risk

to international reinsurance markets (Hazell et al., 2010), or in some cases through securitization to capital

markets (Cummins et al., 2004; Lee and Yu, 2002; Phélippé-Guinvarc’h and Cordier, 2006; Hainaut, 2019).

While promising, IBI also faces its own challenges, and in practice the demand has been unfortunately

low (Cole et al., 2013). Among a number of possible explanations, the most important one is basis risk

(Chantarat et al., 2013; Cummins et al., 2004; Deng et al., 2007; Jensen et al., 2016). Basis risk refers to

the risk that the underlying index and actual losses are mismatched, and hence could lead to situations in

which farmers are not indemnified for actual losses, or are paid indemnities despite having no actual losses

(Skees et al., 1997; Zhang et al., 2018). Therefore, minimizing basis risk is crucial because farmers will not

be fully insured if basis risk is present even when rates are actuarially sound (Mobarak and Rosenzweig,

2012). Although some basis risk reduction methods have been suggested for IBI products, the lack of demand

for such contracts indicates that more effective approaches are needed. Using a dynamic factor crop yield

forecasting model, this paper proposes a new IBI policy with a focus on reducing basis risk.

The rest of the paper proceeds as follows. Section 2 describes the econometric framework of the dynamic

factor approach. Section 3 discusses the empirical results based on three major crops in the State of Illinois
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in the U.S.: corn, soybeans, and wheat. In Section 4, a new IBI policy is proposed based on the dynamic

factor approach, and the resulting basis risk of the product is evaluated. Section 5 concludes. Proofs and

the explanatory variables considered in this paper are collected in the Appendix.

2 Econometric Framework

In this section, we describe our proposed dynamic factor based econometric framework. In particular,

Subsection 2.1 focuses on two popular model specifications, namely the time-series and the cross-section

specifications. Then Subsection 2.2 presents an algorithm of selecting an optimal combination of common

factors. Finally Subsection 2.3 describes a procedure to approximate the original relationship between the

crop yield and the explanatory variables implied by the optimal factor model.

2.1 Model Specification

Various model specifications for forecasting crop yields have been proposed in the literature.1 In this paper,

we consider two types of model specifications: (a) the time-series specification, which focuses on the dynamic

relationship between crop yields and the explanatory variables for a given location (e.g. farm, county, or

state); and (b) the cross-section specification, which studies the average relationship between crop yields

and the explanatory variables across multiple locations (Lobell and Burke, 2010). A further advantage of

the cross-section model is that spatially varying, but time-invariant, variables (such as many soil quality

measurements) can be incorporated, and this may provide additional explanatory power for crop yields. In

this paper, we focus on data at the county and the state level. For a particular crop, suppose that we have

N counties and T years of data, the above two types of specifications are given below.

(a) Time-series specification:

log(yi,t) = ai + bit+ γ′iXi,t + εi,t, (1)

where yi,t is the yield in county i at year t, i = 1, . . . , N, t = 1, . . . , T ; Xi,t is a J × 1 column vector

containing the explanatory variables; ai is the intercept; γi is a J × 1 column vector of coefficients;

bit is the time trend that accounts for the impact of technology improvements; and εi,t represents the

independently and identically distributed (iid) normal residuals.

(b) Cross-section specification:

log(yi,avg) = ai + γ′iXi,avg + εi, (2)

where yi,avg is the county-level time average of the crop yield for county i and Xi,avg is a K × 1

column vector of explanatory variables. The subscript “avg” emphasizes that explanatory variables

1See Shi et al. (2013) for a comprehensive review.
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are averaged over time, and εi represents iid normal residuals.

The time-series model specification (1) is based on the county level. An analogous specification for a

given state is also possible, as shown below:

log(yt) = a+ bt+ γ′Xt + εt, (3)

where yt is the state level yield, Xt is a J × 1 vector of state level explanatory variables in year t,2 bt is the

time trend, and εt are iid normal residuals. It’s worth noticing that, in Models (1) and (3), the validity of

including the time trend depends on the stationarity of the data. Hence, in the empirical application, the

stationarity of each crop yield series should be tested before one can decide whether to include the time trend.

To conclude this section, we point out that there should not be any confusion in terms of the interpretation

of ai and γi even though we have used the same notation in the above model specifications.

2.2 Dynamic Factor Approach

In this subsection, the dynamic factor approach for selecting common latent factors is discussed. The

underlying assumption of the dynamic factor model is that sufficiently large proportion of variations in the

agricultural production processes can be summarized by a relatively small number of unobserved factors.

The dynamic modeling consists of two steps. First, a set of latent factors is estimated through principal

component analysis (PCA).3 Second, a dynamic factor procedure is used to select key factors that are

important for yield forecasting. As a result, yield forecasting becomes a model selection problem, in which

likelihood-based information criterion is used to achieve a good balance between accuracy and parsimony.

The procedure begins with constructing a high-dimensional design matrix (J dimensions for time-series

specification and K dimensions for cross-section specification4). The issue of including too many variables

in the regression models is the significant loss of degree-of-freedom, which results in the regression models

quickly losing reliability and credibility. The extreme case is when J + 1 > T or K > N , where estimation is

not even feasible with the classical regression approach. As a result, previous research typically constructs

yield forecasting models based a limited number of explanatory variables, which may cause the problem of

underfitting (Lobell et al., 2011; Lobell and Burke, 2010). It is not until recently, however, that advanced

statistical learning techniques were applied to crop yield forecasting. For example, Bornn and Zidek (2012)

incorporate the principal component regression (PCR) into a Bayesian framework to deal with the problem

2This paper will mostly focus on the relationship between crop yields and meteorological and soil condition variables.

However, lagged terms of log(yt) can also be included in the regressors.
3For the theoretical background of PCA, we refer to Jolliffe (2002).
4In practical application, both J and K can be very large. The database used in our empirical analysis has J = 61 and

K = 116, whereas the sample size is at most 55 (resp. 76) for the time-series (resp. cross-section) specification.

6



of spatial dependence; Sharif et al. (2017) compare different dimension reduction techniques in crop yield

forecasting, including regularization methods such as LASSO, ridge regression, and elastic net.

In this paper, we propose to use a dynamic factor analysis to achieve efficient dimension reduction. In

particular, the proposed factor-based technique starts with a large set of dynamic factors estimated by PCA,

and then the most useful information is filtered out following a dimension reduction algorithm.

For notation brevity, the county subscript “i” is suppressed in the remainder of this subsection. Denote

by X̃ = (X̃
′
1, ..., X̃

′
T )′ the demeaned J × T data matrix, i.e., the mean of each row in X̃ is normalized to

be 0. We posit that each conditioning variable in the demeaned matrix, denoted by x̃j,t, has the following

dynamics

x̃j,t = λ′jf t + ωj,t, (4)

where f t is a r × 1 vector of latent factors common to each j, λj is a r × 1 vector of parameters to be

estimated, and ωj,t’s are iid error terms. The number of common factors, r, is constant for all t. Of

particular importance is the condition that r � min(J, T ), so that substantial dimension reduction can be

achieved. Therefore,

log(yt) = a+ bt+ θ′F t + εt, (5)

where F t is a vector constructed from f t and with a dimension smaller than r. With slight abuse of notation,

we denote this by F t ⊆ f t. To achieve an effective forecasting model, it is crucial to determine F t in an

appropriate manner, as factors that have large explanatory power on X̃ may not be important for predicting

crop yields. We propose to determine the optimal F t based on the following two steps. First, the latent

factor f t is estimated through PCA with the optimal number of PC’s determined by the panel information

criteria proposed by Bai and Ng (2002). Second, the optimal factor is determined via a model selection

procedure. We explain the procedure in more details in the remaining of this subsection.

Since neither the common factors f t, nor its dimension r, are observable, they are to be estimated and

replaced by the r̂-dimensional estimator f̂ t. Let Λ = (λ1, . . . ,λJ)′ be the J× r̂ matrix, and f̂ = (f̂
′
1, ..., f̂

′
T )′

be the r̂×T matrix, which contains the first r̂ principal component scores of the data matrix X̃. Then PCA

produces the estimates f̂ t and Λ̂ that satisfy the following two conditions:

1. f̂ t is a linear combination of X̃t, i.e., f̂ t = Λ̂
′
X̃t for all t;

2. Λ̂ minimizes the sum of squared residuals
∑T

t=1(X̃t −Λf t)
′(X̃t −Λf t)

5.

Using PCA, the maximal number of factors that can be estimated is min(J, T ). However, these factors

may not be all statistically important for crop yield forecasting. Bai and Ng (2002) develop asymptotic

properties for consistent estimation of f t and r when J and T → ∞. Following their framework, we

5To make Λ and f t separately identifiable, the normalization Λ
′
Λ = Ir/J is imposed.
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determine the optimal number of factors, r̂, by the panel information criteria. Specifically, we impose the

following assumptions on the true factor representation in Equation (4)6:

(i) 1
T

∑T
t=1 f tf

′

t → Σf = E(f tf
′

t) as T →∞, and Σf is positive definite with rank r;

(ii) ||Λ
′
Λ/J − ΣΛ|| → 0 as J →∞ for some positive definite matrix ΣΛ;

(iii) The idiosyncratic errors ωj,t have bounded moments, and covariance across both time and cross-section

dimension;

(iv) Weak dependence between factors and idiosyncratic errors, that is, there exists a positive constant, M ,

such that E
(

1
J

∑J
j=1 ||

1√
T

∑T
t=1 f tωjt||2

)
≤M .

Then, the following theorem ensures that the factors f̂ t estimated by PCA, as well as the dimension r̂

selected by the panel information criteria, are consistent.

Theorem 1 (Bai and Ng (2002)). Under assumptions (i)-(iv) above, for each t, there exists a matrix H of

rank min{r, r̂}, such that as J, T →∞, we have

min{J, T} ·

(
1

T

T∑
t=1

||f̂ t −H
′
f t||2

)
= Op(1), (6)

and

lim
J,T→∞

Pr[r̂ = r] = 1, (7)

where

r̂ = arg min
k
IC(k) = arg min

k

(
log V (k, f̂ t) + kg(J, T )

)
, (8)

with V (k, f̂ t) = 1
T

∑T
t=1(X̃t − Λ̂

(k)
f̂

(k)

t )′(X̃t − Λ̂
(k)
f̂

(k)

t ). f̂
(k)

t and Λ̂
(k)

are the factors and the loading

matrix estimated by PCA with dimension k. Finally, g(J, T ) is a penalty function satisfying g(N,T ) → 0

and min{J, T} · g(J, T )→∞ as J, T →∞.

Proof. See Appendix A.

The above theorem highlights the following results. First, when the estimated factors f̂ t are obtained by

PCA, the optimal dimension r̂ selected by the information criteria defined by Equation (8) is a consistent

estimator of the true dimension r. Second, since the true factors f t can only be identified up to scale, a

rotation of the factors, H
′
f t, is considered. More importantly, the squared deviations between the estimated

factors f̂ t and those lie in the true factor space vanish as J, T →∞. In the empirical analysis of this paper,

we use the panel information criterion ICp1(k) in Bai and Ng (2002), where g(J, T ) is defined as:7

g(J, T ) =

(
J + T

JT

)
log

(
JT

J + T

)
. (9)

6See assumptions A to D in Bai and Ng (2002) for more details.
7Using criteria ICp2(k) and ICp3(k) in Bai and Ng (2002) lead to qualitatively similar results.
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After estimating the common factors, f̂ t, we turn to determine the optimal subset F̂ t ⊆ f̂ t for predicting

the crop yields. To this end, different algorithms can be employed. For example, Ludvigson and Ng (2009)

form candidates of F̂ t as subsets of f̂ t, and/or their functional forms, g(f̂ t), regress the dependent variable

on F̂ t, and select the optimal set of factors based on Bayesian information criterion (BIC). In this paper, we

follow the optimal factor selection procedure advocated in Stock and Watson (2002) and Bai and Ng (2008).

Formally, candidates of F̂ t are constructed from all possible subsets of f̂ t (a total of 2r̂), the dependent

variable log(yt) is then regressed on each F̂ t (and the time trend bt if log(yt) is non-stationary), and the F̂ t

that gives the minimal BIC is selected. More specifically, the procedure is outlined below.

Step 1. For k = 1, . . . , 2r̂, perform the following three sub-steps:

1a. Construct a r̃-dimensional candidate F̂ k = (F̂
′
k,1, ...F̂

′
k,T )′ as a subset of f̂ , where 1 ≤ r̃ ≤ r̂,

1b. Denote by ~Fk = (1′, t′, F̂ k) the (r̃+2)×T matrix of data, and Θ = (a, b,θ) the (r̃+2)-dimensional

vector of coefficients, estimate the following regression:

log(yt) = Θ′~Fk,t + εt, (10)

where ~Fk,t is the t-th column of ~Fk,

1c. Compute BIC corresponds to the parameter values estimated from Step 1b and denote its value

by BICk.

Step 2. The matrix of optimal factor is given by F̂ k∗ where k∗ ← arg mink BICk.

Note that by repeating Step 1 for k = 1, . . . , 2r̂, the candidate factor F̂ k identified in Step 1a has dimension

ranging from 1 to r̂. This implies that when estimating Equation (10), the dimension of the coefficient vector

Θ also changes accordingly so as it is consistent with F̂ k. Recall f̂ t = Λ̂
′
X̃t for each t. Then analogously

we have F̂ k∗,t = Λ̂
′
∗X̃t. Here Λ̂∗ is the J × r∗ matrix with its columns being abstracted from the respective

columns of Λ and r∗ being the dimension of the optimal factor F̂ k∗ obtained from Step 2. The time vector

t should be taken out of ~Fk in the above algorithm when log(yt) is stationary.

We end this subsection by reiterating the difference between our proposed dynamic factor model with

principal component regression. In our proposed approach, the optimal dynamic factors are determined

following two key model selection steps. First, a large set of dynamic factors are estimated as the first r̂

principal components, with r̂ determined by the ICp1 criteria in Bai and Ng (2002). This step ensures the

consistency of both the dimension r̂ and the factors. Second, optimal factors are selected according to the

Bayesian Information Criterion.
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2.3 Approximating the original relationship

After obtaining the optimal factor F̂ k∗ , the crop yield forecasting regression model becomes

log(yt) = Θ′~Fk∗,t + εt, (11)

with ~F = (1, t, F̂ k∗). In particular, Bai and Ng (2006) showed that, under the assumption that J, T → ∞

and
√
T/J → 0, the least squares estimators of Θ are consistent and asymptotically normal. As a result,

not only the point estimates, but also the asymptotic variance can be evaluated as though F̂ k∗,t is observed.

Empirical analysis assuming the estimated factors as observable is conducted in the existing studies, including

Ludvigson and Ng (2009) and Bai and Ng (2008). In particular, assume that εt
iid∼ N(0, σ2), we have the

following least squares estimation:

Θ̂ = (~F~F′)−1~F (log(y)) ,

Var(Θ̂) = σ2(~F~F′)−1.

Moreover, based on the assumption that F̂ k∗,t = Λ̂
′
∗X̃t is treated as observed, we can proceed to assess

the importance of Xt for predicting crop yields via F̂ k∗,t. This type of analysis is useful to better understand

the relationship between the original explanatory variables and the crop yields, for example, when designing

an IBI policy. Recall the time-series model specification (Model (1) and Model (3)),

log(yt) = a+ bt+ γ′Xt + εt, (12)

with εt
iid∼ N(0, σ2

ε).8 Therefore, replacing F̂ k∗,t by Λ̂
′
∗X̃t in (11) gives

log(yt) = a+ bt+ θ′Λ̂
′
∗X̃t + εt

= (a− θ′Λ̂
′
∗X̄) + bt+ θ′Λ̂

′
∗(X̃t + X̄) + εt

= ã+ bt+ θ′Λ̂
′
∗Xt + εt, (13)

where X̄ is the mean vector of the original data matrix X. Hence, the estimator of γ and its variance, γ̂

and Var(γ̂), can be approximated by θ̂′Λ̂∗ and Λ̂∗Var(θ̂)Λ̂
′
∗, respectively.

When estimating Equation (13), it is assumed that the matrix Λ̂∗ is deterministic. The essence of the

dynamic factor model is to approximate the real parameter, γ, by the alternative parameter, θ′Λ̂∗. Recall

that the real parameter γ is hardly (when J ≈ T ) or even not (when J ≥ T ) identifiable by classical

approaches given the available sample. The latter parameter is constructed under a set of data-driven linear

constraints described by the matrix Λ̂∗, which can be estimated more efficiently. We remark that such

approximations of the original relationship are not available with the LASSO regression when J > T − 2, as

the LASSO allows at most T non-zeros coefficients in Equation (12).

8Note that εt in Equation (12) and εt in Equation (11) can be different sequences of iid error terms.
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3 Empirical results

In this section, the factor model introduced in Section 2 is applied to historical data from the State of

Illinois, U.S. Subsection 3.1 describes the dataset. Subsection 3.2 introduces the classic regression models

for benchmarking purposes given their popularity in crop yield forecasting literature. The model fitness and

the out-of-sample forecasting performance are discussed in Subsection 3.3 and Subsection 3.4, respectively.

3.1 Data

A dataset consisting of county-level and state-level annual crop production experience from the Illinois State

(IL), U.S., is utilized for the empirical analysis. The data was a crops survey data over the period from 1981

to 2016 and obtained from the National Agricultural Statistics Service. Three crop types are considered:

corn, soybean, and winter wheat. These three crops together comprise more than 80% of the cropland

acreage in IL. Figure 1 shows the number of acres harvested for each crop type as a percentage of total

harvested cropland acreage. It can be observed that the northern part of IL mainly produces corn, while

soybeans and winter wheat are mainly grown in the southern part of the state.

In addition to crop yield data, meteorological variables and soil information are included in the analysis.

Weather data, including monthly average temperature and monthly cumulative precipitation, is collected

from the PRISM Climate Group. PRISM publishes daily temperature and precipitation data for the con-

terminous U.S. since 1981 and at a resolution of 4km. Finally, soil information is obtained from the United

States of Department of Agriculture (USDA) Natural Resources Conservation Service. The soil dataset

includes 56 time-invariant variables representing the soil conditions of IL.9

While we have weather data for the entire year, it is customary to only consider the growing season

weather variables in the forecasting models in view of their critical effect on the crop production. Table 1

lists the growing seasons for each of the crop types based on USDA (1997).

Table 1: The growing season of different crops in Illinois State.

Crop Growing Season

Corn May - August

Soybeans May - August

Winter Wheat October - June (the following year)

9The data sets of the empirical analysis of this paper are all publicly available in Ag-Analytics (https://ag-analytics.org).

See Woodard (2016a,c,b).
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Figure 1: Acres of harvested crops as percent of harvested cropland acreage (Statistics of 2012). Data

sources: USDA National Agricultural Statistics Service, ESRI.
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3.2 The Regression Model

A standardized approach to assess Model (1) (Model (2)) is to first specify the explanatory variables in

design matrix Xi,t (Xi,avg), and then estimate the models by the least square method. Researches indicate

that meteorological variables, such as growing season precipitation and temperature, as well as soil condition

variables, are important for predicting crop yields (Kucharik and Serbin, 2008; Lobell and Field, 2007;

Lobell and Burke, 2009, 2010; Lobell et al., 2011; Mobarak and Rosenzweig, 2012; Schlenker and Roberts,

106; Tannura et al., 2008; Tao et al., 2008). A widely accepted specification is discussed in Lobell and Burke

(2010), which includes growing season average temperature and growing season total precipitation in the

time-series specification, as well as their corresponding square terms in the cross-section specification. For

ease of referencing, we denote models with these specifications as the regression models. These models also

serve the benchmark to empirically assess our proposed dynamic factor models. The specifications of the

benchmark regression models (1) and (2) are, respectively, given by

(a) Time-series specification:

Xi,t = (t, Ti,t, Pi,t)
′, (14)

(b) Cross-section specification:

Xi,avg = (Ti,avg, Pi,avg, T
2
i,avg, P

2
i,avg)′, (15)

where t is the year variable, Ti,t and Pi,t represent the average temperature and total precipitation over

the growing season in year t; Ti,avg and Pi,avg are the average of Ti,t and Pi,t, respectively, over the sample

period; and T 2
i,avg and P 2

i,avg are their corresponding square terms. In the following subsection, an empirical

studies is conducted to compare our proposed dynamic models to these benchmark models.

3.3 Empirical Analysis: Model fitness

The advantages of the regression models (14) and (15) lie in their simplicity and parsimony. They contain

respectively only three and four regressors with clear interpretation. However, their simplicity and parsimony

may cast doubt on their prediction capability. In particular, existing research has suggested that monthly

precipitation and temperature (and their squared terms) may have different impacts on crop yield (Tannura

et al., 2008). Moreover, soil quality information has also found to be important to explain long-term crop

yield variations (Lobell and Burke, 2010; Woodard and Verteramo-Chiu, 2017).

Motivated by the above limitations of the regression models, we consider models taking into account not

only the monthly temperature and precipitation in the growing season, their square terms, their interaction

terms, but also soil quality information. More specifically, the final design matrix of our proposed dynamic

models has in total 116 variables. A complete list of the meteorological variables and soil quality variables

is reported in Appendix B (Tables 9 and 10, respectively). The dynamic factor approach is applied to the
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design matrix. We refer to model based on the optimally selected factor F̂ k∗,t and (11) as the “Optimal

Factor” model. In our empirical analysis, three specifications are implemented, namely the cross-section

specification at the county level and the time-series specifications at both the county and the state level.

The adjusted R2 obtained from fitting the above three specifications of dynamic optimal factor models are

reported in Table 2, along with their optimal r∗. The county-level time-series models are fitted to all counties

and hence the reported values should be interpreted as the averages across all counties, except for the values

with labels “Min. r∗” and “Max. r∗”, which correspond to the minimum and maximum values of r∗.

To evaluate the effectiveness of the proposed factor models, two other types of models are also imple-

mented. The first type is the regression models (14) and (15). The second type is the dynamic factor models

with the number of factors constrained to 2 for the time-series specification and 4 for the cross-section

specification. These values are chosen so that the factor models have the same number of regressors as

the respective regression models. For this reason, the latter implementation of the dynamic factor model is

denoted as the “Constrained Factor” model. Their (average) adjusted R2 are also reported in Table 2.

Table 2: Comparison of adjusted R2 among the regression models and the dynamic factor models (with

county- and state-level time-series specification and county-level cross-section specifications). For the dy-

namic optimal factor models, r∗ is also reported. The r∗ values under the county-level time-series specification

are averages, and the values with labels “Min. r∗” and “Max. r∗” correspond to the minimum and maximum

values of r∗ across all counties.

(Average) Adjusted R2

Regression Constrained Optimal Min. r∗ Max.

Factor Factor r∗ r∗

County-level Time-Series Model

Corn 51% 63% 85% 2 8.83 18

Soybean 56% 65% 76% 2 4.72 13

Winter Wheat 32% 46% 53% 2 3.41 11

State-level Time-Series Model

Corn 68% 79% 94% - 12 -

Soybean 71% 79% 93% - 13 -

Winter Wheat 61% 69% 75% - 6 -

County-level Cross-Section Model

Corn 58% 78% 86% - 10 -

Soybean 67% 81% 89% - 8 -

Winter Wheat 33% 85% 99% - 10 -
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An immediate conclusion from these results is that the dynamic factor models (regardless of “optimal”

or “constrained”) outperform the regression models based on the (average) adjusted R2. Specifically, the

(average) adjusted R2 from the dynamic constrained factor models are approximately 10% higher than the

respective regression models with the same number of factors. It is also reassuring that it is rewarding to

optimally determine the factor F̂ k∗,t. The (average) adjusted R2 from the dynamic optimal factor models are

consistently higher than the constrained ones. This is not surprising since the latter can be considered as sub-

optimal implementations of the dynamic optimal factor models. With the exception of winter wheat for the

county-level time-series specification, the corresponding (average) adjusted R2 is at least 75%, and reaches as

high as 99%. To further appreciate the efficiency of the dynamic models, let us consider the county-level corn

data. For this particular crop, the average adjusted R2 for the regression model, the dynamic constrained

factor model, and the dynamic optimal factor model are 51%, 63%, and 85%, respectively. These translate

into an increment of about 23% from the regression model to the dynamic constrained factor model and

another 35% to the optimal one. To conclude the discussion on the results reported in Table 2, we point out

that the optimal values of r∗ for the county-level time-series models are 9, 5, 4 for corn, soybean, and winter

wheat respectively. In general, the optimal values of r∗ are higher for the state-level specifications.

The original regression

Recall that the point estimates and the standard deviations of the coefficients in the original regression can

be approximated according to Subsection 2.3. For illustration, Table 3 shows the implied point estimates and

the corresponding t-statistics for the original relationship for the state-level corn time-series specification.

From Table 3, we draw the following remarks:

• The time trend is positive and significant, indicating a substantial and persistent impact on crop yield;

• Many of the considered meteorological variables are found to have a significant impact on crop yield,

and the impact of each meteorological variable can be interpreted. For example, one unit increase in

precipitation in August precipitation will lead to (−2.798 + 0.12 × August Temperature) percentage

change in corn yield. That is, given the sample average August temperature of 24.26◦C, one unit

increase in precipitation in August would on average lead to 0.11 percentage increase in corn yield,

ceteris paribus.

The estimation results obtained by directly estimating the regression model is shown in Table 4 for com-

parison. The point estimates are, in general, similar to those implied by the dynamic factor model in Table 3,

especially for coefficients that are significantly different from zero. More importantly, directly estimating the

original regression provides smaller t-statistics, i.e., larger standard deviations, of the estimators. This is not

surprising, since compared to the dynamic factor model, direct regression has a smaller degree-of-freedom.
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Table 3: Approximating the original relationship. Point estimates for the coefficients in the original regres-

sion, implied from the dynamic factor model, are displayed, with the corresponding t-statistics in parentheses.

This table shows the results for state-level time-series specification for corn as an illustration. “∗” and “∗∗”

represent estimated coefficients that are significant at 5% and 1% levels, respectively. Coefficient significance

levels are calculated using 22 degrees of freedom.

Regressor Temperature

May -0.158∗∗ (-4.01)

Intercept 4.668∗∗ (203.67) June -0.667∗ (-2.15)

Time trend 0.015∗∗ (13.36) July 0.220∗∗ (2.98)

Pre-season 0.001 (1.24) August -0.537∗∗ (-2.52)

Precipitation (×10−2) Squared Temperature (×10−2)

May -0.078 (-0.72) May 0.400∗∗ (3.67)

June 0.548 (0.92) June 1.531∗ (2.05)

July 0.632 (0.91) July -0.518∗∗ (-3.02)

August -2.798∗∗ (-3.68) August 0.849∗ (2.04)

Squared Precipitation (×10−4) Precipitation×Temperature (×10−2)

May -0.080∗ (-1.93) May 0.013∗∗ (2.78)

June -0.156∗∗ (-3.74) June -0.005 (-0.23)

July -0.352∗∗ (-3.70) July 0.008 (0.35)

August 0.040 (0.72) August 0.120∗∗ (3.98)
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Table 4: The original relationship (estimated directly). Point estimates for the coefficients in the original

regression are displayed with the corresponding t-statistics in parentheses. This table shows the results for

state-level time-series specification for corn as an illustration. “∗” and “∗∗” represent estimated coefficients

that are significant at 5% and 1% levels, respectively. Coefficient significance levels are calculated using 12

degrees of freedom.

Regressor Temperature

May -0.153 (-0.58)

Intercept 4.668∗∗ (113.32) June -0.887∗ (-1.90)

Time trend 0.014∗∗ (6.7) July 0.310 (0.69)

Pre-season 0.000 (0.27) August -0.373 (-1.14)

Precipitation (×10−2) Squared Temperature (×10−2)

May -0.517 (-0.75) May 0.348 (0.49)

June 0.029 (0.03) June 1.970∗ (1.82)

July 1.048 (0.63) July -0.684 (-0.78)

August -2.809∗ (-2.42) August 0.512 (0.75)

Squared Precipitation (×10−4) Precipitation×Temperature (×10−2)

May 0.000 (-0.22) May 0.031 (0.91)

June -0.001∗ (-2.12) June 0.017 (0.47)

July -0.004∗ (-2.36) July -0.004 (-0.07)

August 0.001 (0.93) August 0.113∗ (2.37)
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For example, the dynamic model in Table 3 is estimated with 12 factors (see first row of the second panel

in Table 2), and hence the degree-of-freedom is 22 (calculated as 35 − 12 − 1). In contrast, in the direct

regression model in Table 4, there are 22 regressors, including 21 meteorological variables and a time trend,

and therefore, the degree-of-freedom of this model is 12 (calculated as 35− 22− 1). Therefore, the dynamic

factor model is more likely to identify variables that have a significant impact on crop yield. Moreover, recall

that in the cross-section specification, there are more explanatory variables than the number of observations,

and direct regression is no longer possible in this case. The dynamic factor model, in contrast, is still feasible

here, and the original relationship, such as the one shown in Table 3, can accordingly be obtained.

3.4 Cross-validation

In order to test the out-of-sample forecasting ability of the proposed dynamic factor approach, leave-one-

out cross validation is also conducted, and the relative root mean square error (RMSE) is calculated. The

cross-validation process can be summarized in the following steps:

1. Remove one year at a time;

2. Estimate each model with the remaining years;

3. Predict the removed year yield;

4. Repeat Steps 1-3 for all years, and calculate the RMSE as follows:

RMSE =

√√√√ 1

T

T∑
t=1

(
logyt − l̂ogyt

logyt

)2

, (16)

where l̂ogyt is the estimated yield (in logarithmic scale) that is used to predict the removed yield logyt

(in logarithmic scale).

Table 5 shows the cross-validation RMSEs under each model specification for each crop. The dynamic factor

approach provides satisfactory cross-validation results. The optimal factor approach from Algorithm ?? on

average reduces cross-validation RMSE by 50%. The constrained factor method also shows improvements,

with a reduction in the cross-validation RMSE of 20% on average.
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Table 5: Cross-validation results. This table displays the RMSEs for each model specification, including

state and county level time-series specification and the cross-section specification, for each crop.

Regression Constrained Factor Dynamic Factor

State level

Corn 2.5% 2.2% 0.9%

Soybean 2.3% 2.1% 0.9%

Winter Wheat 3.1% 2.8% 2.3%

County level

Corn 4.4% 3.8% 1.9%

Soybean 3.5% 3.0% 2.2%

Winter Wheat 4.5% 3.9% 3.6%

Cross-section

Corn 1.6% 1.1% 0.9%

Soybean 1.9% 1.4% 1.1%

Winter Wheat 1.4% 0.7% 0.01%

4 Application to Index-Based Insurance (IBI)

The purpose of this section is to demonstrate how the dynamic factor approach developed in this paper

can be applied in the design of an IBI policy. As pointed out earlier, a main challenge in the success of

index insurance is basis risk, which refers to a mismatch between the index that determines the indemnities

and the actual loss experienced on the farm. Subsection 4.1 discusses the construction of IBI based on the

proposed dynamic factor model relative to the benchmark regression model. Subsection 4.2 compares and

contrasts the efficiency of these IBIs with the indemnity-based insurance program.

4.1 Index Insurance Design

We begin this subsection by presenting a generic crop insurance contract given by

P = Area× Price×max(K − y, 0), (17)

where Area is the predetermined number of insured acres for each contract, Price is the unit price of the

insured crop determined at the beginning of the growing season, K is a predetermined constant and y is

a random variable that relates in some ways to the yield of the insured crop. The payoff structure (17)

resembles a put option with K interpret as the strike price.
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Depending on the specification of the random variable y, the above crop insurance contract can be clas-

sified as either indemnity-based insurance or index-based insurance (IBI). The multiple peril crop insurance

(MPCI) contract is an example of an indemnity based insurance policy. More precisely, if y represents the

actual yield at the end of the growing season and K = c · Y t where c is the coverage level of the contract

and Y t is the expected crop yield in year t (i.e. the normal production level), then the payoff of a MPCI

insurance contract can we expressed as (see Chantarat et al. (2013) and Woodard et al. (2016))

PM
(
Y t, c

)
= Area× Price×max

(
c · Y t − yt, 0

)
. (18)

If yt is an index that depends on some other underlying variables such as weather, soil, etc., then the

resulting insurance contract (17) is an IBI. The effectiveness of such IBI depends on how well it mimics

the payoff of the indemnity-based MPCI. If the discrepancy between these two payoffs is large, then the

producers who insure their crop losses via IBI are exposed to large basis risk. Therefore, basis risk is a

measure of how well the chosen index models the actual yield.

In this section, we evaluate the IBI constructed by the proposed dynamic factor model. In particular,

an IBI can be constructed by setting y = ŷDynamic
t , where ŷDynamic

t is the yield forecasted based on dynamic

optimal factor model (11). With this design, then ŷDynamic
t becomes the index of the IBI. As a comparison, if

y corresponds to the yield forecasted by the benchmark regression model, then it produces another IBI and

we denote its projected yield as ŷRegression
t . To differentiate between these two types of IBI, we use PI

Dynamic

and PI
Regression to denote the payoff of the IBI based on the two models, respectively. In the following

subsection, the efficiencies of both IBIs are assessed against the benchmark indemnity-based MPCI contract

PM .

4.2 Basis Risk Analysis

The underlying model of the IBI policy designed in the previous subsection is based on the contract pa-

rameters estimated from the optimally selected forecasting model. Therefore, it is of interest to analyze the

resulting basis risk from this approach to understand the potential improvements. As previously discussed,

basis risk arises from the difference between the hedging instrument and the actual loss incurred on the farm.

Therefore, basis risk generally induces two types of mismatches, including the scenario where the insurer fails

to pay the producer when an actual loss occurs, and the situation where the producer receives a payment

when in fact no loss occurs. Basis risk can be more formally decomposed into the following two types of

error. Given a null hypothesis that a producer experiences a loss:

Type I Error: the incorrect rejection of a true null hypothesis, where the producer does not receive an

indemnity despite a loss incurred on the farm.
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Type II Error: the failure to reject a false null hypothesis, where the producer receives an indemnity

despite no loss on the farm.

Note that both errors are expressed in terms of probabilities. Figure 2 provides a graphical visualization of

the two errors. In particular, τ1 and τ2 are deductibles of the indemnity-based and index-based contract,

respectively. The dot-shaded area refers to the Type I error and the line-shaded area refers to the Type

II error. In particular, in the upper right area of the square, where neither Type I error nor Type II error

occurs, an IBI policy may still overestimate or underestimate the actual loss, and the situation where the

index perfectly matches the actual loss on the farm, is along the diagonal. On the other hand, in the lower

left area of the square, where the yield loss does not excess τ1 and index does not excess τ2, i.e., payments

based on both contracts are not triggered, is an un-triggered area.

Index

Un-triggered
Area

Overestimate

Underestimate

Yield Loss

!"

!#

Ty
pe
II
E
rr
or

Type I Error

Figure 2: Illustration of basis risk.

For IBI policy, the payoff of the insurance index, PI
Dynamic (or PI

Regression), is compared with the indemnity-

based MPCI contract PM given by (18). The basis risk of the proposed IBI policy is tested through a

backtesting procedure, where in-sample county- and state-level historical data is used to calibrate the model,

calculate the payoff based on the designed index, PI
Dynamic (or PI

Regression), and compare to the actual losses

based on the indemnity-based insurance, PM . The comparison procedure is described in greater details

below. For t = 2001, 2002, . . . 2016, we

(1) use in-sample historical data to calibrate the forecasting model, ŷs = ŷDynamic
s (or ŷRegression

s ), where

s = 1981, 1982, . . . , t;
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(2) calculate the payoff of the index, PI
Dynamic (or PI

Regression), for year t, according to Equation (17);

(3) calculate the actual loss of the producer, the payoff of the indemnity-based insurance contract, PM ,

for year t, according to Equation (18);

(4) compare PI
Dynamic (or PI

Regression) and PM by calculating the Type I & Type II errors, as well as the

mismatch in the cases of correctly triggering the payoff;

(5) update the information set by letting t = t+1, reestimate all parameters and repeat the steps outlined

above.

The analysis of basis risk is summarized in Table 6 for state-level data and in Table 7 for county-level

data. The results are based on setting Area and Price as 1 in Equations (17) and (18) and coverage level

c as 100% in Equation (18). Recall that Type I error corresponds to the cases when the producers fail to

receive a payment despite crop losses are incurred. This situation is particularly worrisome as the producers

should have been compensated for the incurred loss, given that they have already paid for the insurance

coverage. If this occurs, the producers will perceive that the insurance has no value to them and eventually

the demand on such IBI program will diminish. Tables 6 and 7 indicate that the Type I errors of the IBI

constructed from PI
Regression are quite large in most cases, while those from the PI

Dynamic based IBI are much

smaller. These observations support the design of an IBI based on the dynamic factor approach.

We now consider the Type II error. Recall that this error arises when producers receive insurance

payments while there is no incurred losses. Paying benefits to producers in such situation would increase

the costs to the insurer and hence raises concerns on the sustainability of the program. Results in Tables 6

and 7 confirm the superiority of the PI
Dynamic based IBI. In all but one case the PI

Dynamic based IBIs have

smaller Type II errors. If we gauge the efficiency by comparing the “Total Error Prob.”, which is the sum

of both Type I and Type II error, the PI
Dynamic based IBI again outperforms the PI

Regression based IBI.

While comparing probabilities associated with Type I and Type II errors provides one way of assessing

the relative efficiency of IBI from the payment frequency perspective, comparing the claim amounts from

the IBI and the MPCI gives another way of gauging IBI from the loss severity perspective. In particular,

small basis risk implies small discrepancy in indemnity amounts between these contracts. The averages of

these discrepancies are reported in Tables 6 and 7 under the row labeled “Mismatch Mean”. These values

are calculated for cases where the respective IBI correctly identifies positive payout. Hence small absolute

“Mismatch Mean” implies, on average, small basis risk. Again, we see that the dynamic factor model

outperforms the regression model. Moreover, variability of the mismatch, as measured by its standard

deviation (labeled as “Mismatch Std.”), is also smaller for the PI
Dynamic based IBI.

The efficiency of the PI
Dynamic based IBI relative to the PI

Regression based IBI is further highlighted in

Figures 3 and 4. Figure 3 displays the mean, the 5%, and the 95% quantiles of the mismatches for IBI
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constructed from PI
Dynamic and PI

Regression. The results are computed for each county over the backtesting

period and for corn.10 Observe that the dynamic factor approach gives more stable and smaller mean payoff

mismatches for each county (the mean mismatches are closer to zero, with smaller variability). Moreover, the

5% and 95% quantiles from the dynamic factor approach are much narrower than those from the regression

model. Figure 4 shows the similar statistics but for each backtesting year across all counties. Similarly, we

see that the dynamic factor model leads to smaller basis risk. These results support the design of IBI based

on the dynamic factor model.
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(a) Dynamic Factor Model
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Figure 3: The mean, 5%, and 95% quantiles of payoff mismatches for IBI constructed from PI
Dynamic and

PI
Regression, relative to PM (results for corn). The results are computed for each county over the backtesting

period.

5 Conclusion

This paper investigates a new approach to forecasting yields using a dynamic factor model, and proposes

a weather index-based insurance (IBI) policy based on the proposed forecasting model. The factor model

starts with a rich set of explanatory variables, and achieve the first stage of dimension reduction using a

much smaller number of latent common factors. At the second stage, an optimal subset of these factors

for crop yield forecasting is selected based on information criteria. A dataset consisting of county-level and

state-level annual crop production experience for three crops, corn, soybeans and wheat, from the state of

Illinois in the U.S. is utilized for the empirical analysis. Empirical results show that the dynamic factor

model developed in this paper is able to substantially improve crop yield forecasting relative to the classic

regression specifications in the literature.

10Figures for soybeans and winter wheat are qualitatively similar, and are available upon request.
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Figure 4: The mean, 5%, and 95% quantiles of payoff mismatches for IBI constructed from PI
Dynamic and

PI
Regression, relative to PM (results for corn). The results are computed for each backtesting year across all

counties.

Next, based on the proposed dynamic factor approach, a weather index-based insurance (IBI) policy is

designed to improve producer risk management through reducing basis risk, which has historically been a

major limitation in the more wide-spread use of index-based insurance solutions for agriculture. Type I and

Type II errors were considered in order to assess the basis risk of the underlying IBI product. We show that

the index constructed from the proposed factor approach matches more accurately the indemnity payments

relative to the actual loss experienced on the farm, compare to the existing popular regression models.

There are several interesting directions for future research. First, it would be interesting to extend the

set of explanatory variables to include more recent measurements relevant to crop growth, such as index

representing global warming, as well as remote sensing data (Justice et al., 1998; Doraiswamy et al., 2003;

White et al., 2011; Becker-Reshef et al., 2010; Turvey and Mclaurin, 2012). Second, other techniques for

variable selection and dimension reduction, such as the LASSO, ridge regression, and elastic net, could be

explored as alternatives to improve the performance of the forecasting model and reduce basis risk of the

agriculture IBI design. Third, the current factor selection procedure involves evaluation of 2r̂ sets of factors,

and could be computationally intensive when r̂ is large. A more efficient way to determine the optimal subset

of factor for forecasting could be considered in future research.
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Appendix

A Proof of Theorem 1

The proofs of this theorem are based on Theorem 1, Theorem 2, and Corollary 1 in Bai and Ng (2002). For

the sake of completeness, we will lay out the key steps of the theorem as follows. First, under assumptions

(1) to (4), and for any r̂ ≥ 1, Equation (6) follows Theorem 1 in Bai and Ng (2002). The inclusion of matrix

H is because the true factors f t can only be identified up to scale, and thus the rotation of f t is considered.

Equation (6) indicates that, for a given r̂, the time average of the squared deviations between the estimated

factors f̂ t and the rotation H
′
f t that lies in the true factor space vanishes as J, T →∞.

Second, Equation (7) and (8) follow Theorem 2 and Corollary 1 in Bai and Ng (2002). These two

equations together guarantee that the optimal dimension r̂ selected by the criteria IC(k) is consistent. The

conditions on the penalty function g(J, T ) is to ensure that it vanishes at an appropriate rate, such that

under and overparameterized models will be ruled out.

B Data Description

This appendix contains a complete list of the meteorological variables and soil quality information included

in the design matrix, including their short names and meanings. In particular, Table 9 lists the set of

meteorological variables and Table 10 displays the definitions and names of soil quality data included in the

design matrix for each crop. For Table 9, the symbol “O” and “N” means the corresponding variable takes

value from the previous year or the current year, respectively. The pre-season is from September in the

previous year to April in the current year for corn and soybean, and from July to September in the previous

year for winter wheat.
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Table 8: The set of meteorological variables included in the design matrix for each crop. “O” and “N”

means the corresponding variable takes value from the previous year or the current year, respectively. The

pre-season is from September in the previous year to April in the current year for corn and soybean, and

from January to August in the previous year for winter wheat.

Variable Corn Soybean Winter Wheat Variable Corn Soybean Winter Wheat

Pre. P N N N

Jan. P O July T O O

Feb. P O Aug. T O O

March P O Sep. T

April P O Oct. T N

May P O O O Nov. T N

June P O O O Dec.T N

July P O O Jan. T 2 O

Aug. P O O Feb. T 2 O

Sep. P March T 2 O

Oct. P N April T 2 O

Nov. P N May T 2 O O O

Dec. P N June T 2 O O O

Jan. P 2 O July T 2 O O

Feb. P 2 O Aug. T 2 O O

March P 2 O Sep. T 2

April P 2 O Oct. T 2 N

May P 2 O O O Nov. T 2 N

June P 2 O O O Dec. T 2 N

July P 2 O O Jan. P × T O

Aug. P 2 O O Feb. P × T O

Sep. P 2 March P × T O

Oct. P 2 N April P × T O

Nov. P 2 N May P × T O O O

Dec. P 2 N June P × T O O O

Jan. T O July P × T O O

Feb. T O Aug. P × T O O

March T O Sep. P × T

April T O Oct. P × T N

May T O O O Nov. P × T N

June T O O O Dec. P × T N
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