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Abstract

The main focus of this study is to estimate soybean acreage responses to major attributing factors
in eastern Arkansas utilizing the USDA-NASS survey data, NOAA climatic information, and
USGS groundwater information for the period of 1970-2018. We use the system generalized
method of moments (GMM) to estimate the acreage response to relative price, climatic variation
and groundwater level change. We performed the Sargan and Hansen test for the exogeneity of
instruments and Arellano-Bond tests for autocorrelation. The estimated results indicate that the
soybean acreage allocation is responsive to its own price and competing crop prices. However,
the acreage responses seem to be statistically significant, but less sensitive to climatic variation
and groundwater change. The major implication of this finding is that policies aimed at water
conservation need to be implemented efficiently. For this, promotion of an awareness program for
groundwater conservation and adoption of irrigation best management practices would be
beneficial. Additionally, long run marketing strategies that help to diversify soybean sales and
bring more dynamic importers into the market through product promotion would be effective.
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1. Introduction

Agriculture and farm policy in the U.S. underwent drastic transformation since 1930. As a result
of this transformation, agriculture has become increasingly efficient and has contributed to the
overall growth of the U.S. economy (Dimitri et al., 2005). During this period, farm size increased
significantly and agriculture became more mechanized, resulting in reductions of the labor force
employed in agriculture. However, capital intensive production induced by agricultural
mechanization led to higher cost of crop production. Among various reform acts, the Federal
Agriculture Improvement and Reform Act of 1996 is particularly noteworthy in that it increased
the competitiveness of U.S. agriculture in the global market. To be precise, the Farm Act of 1996
offered the provisions that enabled U.S. farmers with almost complete planting flexibility,
allowing producers to respond to price changes to a greater extent than they had under previous
legislation (Effland, 2000). The 1996 legislation had led to an average increase of 2 million
soybean acres during 1996-2005 in the U.S. (Torre Ugarte et al., 2000). Arkansas has shown a
consistently declining trend of soybean acreage since 1996 as indicated by USDA-NASS data.
However, although the overall number of soybean acres have been declining, the number of
irrigated soybean acres have been rising over this period, a significant upward trend going back to
the beginning of the 1980s. Soybean producers have become more reliant on irrigation water over
time as a means of reducing yield uncertainty because of the presence of climatic weather
variability. Soybean farming is important for both the Arkansas economy and soil health due to
the fact that soybean is a high-valued export commodity and a major rotation crop for most crops
produced in the state. Declining groundwater availability threatens the future sustainability of
soybean farming in Arkansas. Other major factors affecting soybean production in the short run

are diminishing net farm income resulting from periods of low prices and weather variability.



We reviewed a wide range of literature concerning crop acreage responses to various
contributing factors in both a local and global context and noted that the responsiveness seemed to
be attributed by varied components based on the geographic location, resource availability, access
to market, prices, agronomic characteristics, and sociodemographic characteristics. Most of the
studies indicated that the own price and cross price effects were dominant driving factors in crop
acreage decisions. For example, Haile et al. (2016) estimated the worldwide acreage response for
key agricultural commodities using panel data over the period 1961-2010 and found that corn and
soybeans compete for land at a global level, with a stronger corn price effect on soybean acreage.
Additionally, they revealed that a higher international wheat price lead to less land for soybean
production and that high price volatility affects soybean acreage positively in global context.

In addition to the price impact, other factors such as climatic variation also play a
significant role in acreage decisions. In this line of study, Acharya (2018) evaluated Nepalese
field crops acreage responses to price and climatic variation using a panel data set up. His
findings indicate that crop acreage for all crops were significantly responsive to own prices and
daily temperature during the planting season (except for wheat). Few studies have focused on the
importance of biodiversity in land allocation and agricultural sustainability. Some studies such as
Di Falco (2012) demonstrated the productive value of biodiversity in agriculture estimating crop
biodiversity using a reduced-form profit function. Bareille and Letort (2018) evaluated the impact
of crop biodiversity in French farms using data over the period 2007 through 2012. Estimated
results show that farmers manage their acreage to benefit from the productive capacity of crop
biodiversity, but the effects of productive capacity on crop diversity in the past years are lower
than those in the current year and thus the productive capacity is managed through current acreage

decisions.



In the U.S. context, a study conducted by Miao et al. (2016) using county level data
estimated the responsiveness of crop yield and acreage to prices and climate. Estimated results
indicate that soybean acreage responds positively to an increase in its own price. Precipitation
seems to have mixed impacts. Higher precipitation during May tends to boost soybean acreage.
Additionally, they noted a larger impact of climate change on soybean acreage in Southern states
of the U.S. The U.S. is one of the major soybean producers and exporter in the world, and China
is the largest importer accouting for around 60% of total world soybean export. From that point of
view, the soybean market structure exerts some impact to the U.S. soybean acreage mainly
because of Chinese monopsony power in the soybean market. In this nexus, Song et al. (2009)
demonstrated that Chinese soybean importers have strong market power over soybean exports
from the U.S. and South America and they can exercise their monopsony power to maximize their
import profits by diversifying soybean suppliers to reduce price risk. The seasonal production
differences for the U.S and South America (Brazil and Argentina), strong market power of
Chinese importers, and U.S.-China tariff disputes have provided a favorable environment for
Chinese importers to exercise strong market power in soybean markets. In the most recent period,
the uncertain environment over the ongoing U.S.-China tariffs disputes, large stocks, and the
convergence of U.S. and South American prices have likely played a major role in the U.S.
soybean acreage decline during 2019 crop year (Hitchner et al., 2019). Soybean acreage declines
were the most pronounced in the U.S., which had been a significant supplier to the Chinese
market. Arkansas is no exception in this case as most of its soybean exports go to China.

We narrowed down the literature review seeking studies related to soybean specific
acreage allocation in Arkansas or areas similar to Arkansas. We were unable to access such

studies that evaluate Arkansas soybean acreage responses to major attributing factors, with the



exception of a study conducted by Flanders (2014). This study evaluated Arkansas field crops
acreage responses to stock-to-use and determined that soybean acreage was irresponsive to
change in the stock-to-use ratio. It considered a limited aspect of acreage responsiveness without
exploring the impacts of other possible attributing factors on soybean acreage decisions. In the
case of Arkansas cotton acreage decision, Flanders et al. (2014) found the shift in magnitude to be
attributable to the relative relationship among commodity prices that were less favorable to cotton
for the period beginning in 2007. After reviewing relevant literature from a broader spectrum, we
noted that the Arkansas soybean acreage responses to prices, climatic variation, and groundwater
change would be a unique study. To the best of our knowledge, this topic has not been explored
well previously and thus was needed a formal study that could provide new insight.

Arkansas ranks 10" in the nation for soybean production, which is the state’s number one-
valued commodity. Soybean is the largest export product in Arkansas, accounting for thousands
of jobs, and contributing billions of dollars to the state’s economy. Eastern Arkansas is very
important in that 96 percent of Arkansas’ soybean production occurs in this region. However,
increasing production costs, diminishing net returns, and declining groundwater availability
induced by large groundwater withdrawals and climatic variation have imposed some threats to
the sustainability of soybean farming and cropland irrigation in general. In particular, most of the
eastern Arkansas irrigation water (around 94%) comes from Mississippi River Valley Alluvial
Aquifer (MRVAA) and many studies indicate that cones of depression have developed in the
aquifer under areas where groundwater has been pumped heavily. It is imperative to evaluate
Arkansas soybean acreage responses with major competing crops, climatic variations, and

changes in groundwater levels and suggest potential policy implications that optimize



sustainability in terms of both soybean farming and water resource management capable to
accommodate risk associated with climate change scenarios.

Our objective in this study is to evaluate eastern Arkansas soybean acreage responses
with respect to major attributing factors utilizing historical county level data for the period of
1970-2018 obtained from different sources. In this empirical work, some of the variables such as
crop acreage and prices may not be strictly exogenous, and time-invariant county characteristics
may be correlated with other explanatory variables leading to an endogeneity problem. In order to
obtain robust estimates, we use the system generalized method of moments (GMM) to estimate
the acreage response to relative price, climatic variation and groundwater level change in eastern
Arkansas. The system GMM estimator allows us to use internal instrumental variables, which
would be appropriate to address the potential endogeneity problem. This method is efficient,
consistent, and capable of producing robust estimates, especially with a panel data set up. The
findings of this study should be helpful in formulating relevant policy tools to maintain the
sustainability of Arkansas soybean farming.

The remainder of this paper is structured as follows. Section 2 explains the model
specification and estimation method to estimate acreage decision. Section 3 describes data
description and data sources. Section 4 presents empirical results and discussion, and finally,

section 5 provides concluding remarks and the future direction of the study.



2. Method
Let us consider the soybean acreage allocation (A4;;) decision over time is explained by the
following equation:

Ajp = @l 1 + XiB + &t (D
Where, A;, (dependent variable) is the soybean acreage allocated by individual i intime t, A; ,_;
is the lagged dependent variable, X, is the transpose matrix of explanatory variables (own price,
competing crop prices, climatic factors, and groundwater status), S represents the parameters
associated with explanatory variables, and &;; = (u; + v;;) is the error term that consists of
county-specific fixed effect (u;) and idiosyncratic shocks (v;;).

An ordinary least square (OLS) method is considered to be the best linear unbiased
estimator (BLUE) if it satisfies all classical assumption of OLS. However, applying the OLS
method to estimate the dynamic panel data regression model represented by equation (1) gives
biased results, mainly due to the fact that the lagged depended variable (4; ._,) is correlated with
the individual-specific fixed effects term (u;), which gives rise to dynamic panel bias as
explained by Nickel (1981). In particular, soybean acreage at time ¢t is a function of u;, and it is
obvious that the lagged acreage is also a function of u;. Due to this association, the strict
exogeneity assumption is violated leading to a biased and inconsistent OLS estimator. The
possible solution to this problem could be to arrange data in such a way that remove the
individual-specific fixed effect. First differencing equation (1) as stated in equation (2) removes
the constant term and county-specific fixed effects.

Ay = abAypy + DX B+ Aeyy (2)
Although the fixed effects are removed in equation (2), the transformed lagged dependent
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&; ¢—1. In addition, any predetermined variables in X that are not strictly exogenous become
potentially endogenous because these too may be correlated with ¢; ,_, (Roodman, 2009a). In
this case, the fixed-effect (FE) estimator would be biased and inconsistent. The estimated
coefficient of the FE estimator is downward biased whereas the OLS estimator generates upward
biased estimates (Roodman, 2009a and 2009b). To overcome this problem, Anderson and Hsiao
(1982) suggested an instrumental variable (IV) approach, in which second and third lags of the
dependent variable can be constructed either in the form of differences or lagged levels form,
which acts as an instrumental variable. In the differenced case, for example, both 4;,_, and

AA; ¢, arerelated to AA; i1 = ¥i¢—1 — Yi¢—2 but not to the error term Ag;y = & — &;4—1 as
long as the error term is independent and identically distributed (i.i.d.) or serially uncorrelated.
This method provides consistent estimates; however, it fails to take all the potential orthogonality
condition into account (Arellano and Bond, 1991). Arellano and Bond proposed a more efficient
estimator known as the difference generalized method of moments (GMM), which illustrated the
importance of lags as instruments that utilized all appropriate lagged endogenous and other
exogeneous variables in the GMM system (Roodman, 2009a and Haile et al., 2016). However, in
the case of long panel, the proliferation of instruments causes an overidentification of the model
especially when the number of degrees of freedom is small (Labra and Torrecillas, 2018).

In order to overcome the problem, Blundell and Bond (1998) proposed a new approach
known as system GMM. The system GMM estimator is useful in detecting autocorrelation, serial
correlation, strength of instruments, and allows for corrective measures for these problems. It is a
more efficient, robust, and consistent estimator than the difference GMM and the fixed effect 1V.
In this study, we employ the system GMM estimator to estimate the acreage response to relative

price, climatic variation and groundwater level change in eastern Arkansas that comprises 26 out



of 75 counties in the state. In order to solve the overidentification problem, we use Sargan and
Hansen test mechanism as explained by Roodman (2009a). Additionally, we use the Arellano-
Bond tests for autocorrelation and serial correlation so as to make sure that the system GMM

estimator is consistent.

3. Data
For this study, we considered the eastern Arkansas region because around 96% of total Arkansas
soybean production is occurred in this region and producers use approximately 94% of irrigation

water coming from groundwater. Figure 1 shows the study area under consideration.
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Figure 1: Study area in Arkansas

Data used in this study are obtained from three different sources. Acreage and price
information are obtained from the United Stated Department of Agriculture, National

Agricultural Statistics Services (USDA-NASS) and the United States Department of Agriculture,
10



Economic Research Services (USDA- ERS). Precipitation and drought index data are obtained
from the National Oceanic and Atmospheric Administration (NOAA), and groundwater level
change data are obtained from the Arkansas Natural Resource Commission (ANRC). Crop
acreage, price, and climatic information include data from the period 1970 to 2018. Table 1
displays the summary statistics of data used in this study.

Table 1: Summary statistics and description of variables used in the analysis

Std.
Variable Variable Description Mean Dev. Max
SOY_ACR Planted acres of soybeans (in 1000 acres) 129.07 63.60  445.00
RIC_PR Rice price per cwt (dollars per cwt) 14.18 5.57 28.88
SOY_PR Soybean price per bu (dollars per bu) 11.56 3.82 23.93
COR_PR Corn price per bushel (dollars per bus) 4.84 1.61 9.66
COT_PR Cotton price per pound (dollars per Ib.) 1.02 0.38 2.17
GDD50 Growing degree days 3518.35 175.82 4025
PDSI Palmer Drought Severity Index (-6 to +6 scale) 0.08 1.83 5.25
PREC Precipitation amount (inch of rainfall) 20.67 5.86 39.35
GWD10 Groundwater decline during 10-year period (ft.) -3.45 3.67 9.79
GWD5 Groundwater decline during 5-year period (ft.) -1.19 2.58 14.56
GWD1 Groundwater decline during 1-year period (ft.) -0.17 2.07 14.53

Note: Prices are normalized by the producer price index (PPI) to 2015 dollars.
Here, cwt unit represents hundredweight, which is equivalent to 100 pounds.

The dependent variable “SOY_ACR” (soybean acre) is the total acres of soybean planted
on a county level. Soybean, rice, corn, and cotton prices are in dollars per bushel, dollars per
hundredweight,,dollars per bushel, and dollars per pound, respectively. Prices of soybean and
other competing crops are normalized by the Producer Price Index (PPI) to 2015 dollars in order
to adjust the inflation. From Table 1, we see that the aggregate normalized prices of soybean,
rice, corn, and cotton are $11.56/bu, $14.18/cwt, $4.84/bu, and $1.02/pound, respectively. All
planted acreages are on a county level and is expressed in 1000 acres. Soybean occupies a larger

proportion of planted acreage compared to other crops. In the estimation process, we used natural

11



logarithmic values of all variables (except for the drought index and the groundwater level
change variables).

The Palmer Drought Severity Index (PDSI) shows the severity of drought and moisture
for a specified location. The index ranges from -6 to +6, in which negative values indicate
drought conditions and positive values represent wet conditions. For example, as explained by
NOAA, index values from 0 to -.5 represent normal drought conditions; -0.5 to -1.0 show
incipient drought; -1.0 to -2.0 represent mild drought; -2.0 to -3.0 represent moderate drought; -
3.0 to -4.0 represent severe drought; and greater than - 4.0 represent extreme drought. Similar
ranges are applied in the case of positive values of wet conditions. In our samples, the average
drought index over time in the region is 0.08, which represents an incipient wet condition. The
variables “GWD1”, “GWD5”, and “GWD10” represent the average groundwater decline rate in
1-year, 5-year, and 10-year periods, respectively in each county of eastern Arkansas across the

Mississippi River Valley alluvial aquifer (MRVAA).

4. Results and Discussion

Table 2 displays the estimated results of eastern Arkansas soybean acreage responses to own
price, cross prices of competing crops, climatic variation represented by drought index,
groundwater level change, and precipitation using the system GMM and the difference GMM
estimators. We used harvest period crop prices in order to maintain the consistency in our
estimation. The estimated results obtained from the system GMM seem to be stronger in terms of
magnitude, sign consistency, and significance compared to those obtained from the difference

GMM estimator.
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Table 2: Estimates of soybean acreage responses using system GMM and

Difference GMM estimators

Variables

Parameter estimates using

(Dep.Var. soybean acre) System GMM Difference GMM
Lagged dependent variable 0.977*** 0.559***
(0.0605) (0.0594)
Soybean price 0.442*** 0.713***
(0.1116) (0.245)
soybean price (lag2) 0.299**
(0.1567)
Rice price -0.283*** -0.274***
(0.0913) (0.0640)
Corn price -0.156** -0.0867
(0.0652) (0.0993)
Cotton price -0.308*** -0.341
(0.1179) (0.3068)
Drought index 0.0231*** 0.0240***
(0.0045) (0.0044)
Ground water change 0.0099* 0.00552
(0.0055) (0.0037)
May precipitation 0.0015
(0.0101)
Year dummy 0.0068* -0.0018
(0.0036) (0.0025)
Constant -14.49*
(7.6716)
Observation 358 303
Wald Chi2 joint significance: p-value 0.000 0.000
AB Test for AR (1) in 1% diff.: p-value 0.001 0.000
AB Test for AR (2) in 1% diff.: p-value 0.310 0.006
Sargan test of overid. restrict.: P-value 0.000 0.082
Hansen test of overid. restrict.: P-value 1.000 1.000

Robust Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
Note: All variables (except drought index, groundwater change, and year) are in
natural logarithm and prices are normalized by the producer price index (PPI) to

2015 dollars.

In our estimation, the positive responsiveness of soybean acreage to its own price and
negative responsiveness to competing crop prices are consistent with the economic theory. The
own price elasticity of 0.44, which is significant at the 1% significance level and indicates that a
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10% rise in soybean price results in an increase is soybean acreage by 4.4%, all else remaining
unchanged. This result indicates that a higher soybean price induces producers to increase
soybean acreage implying that the soybean supply response occurs through this acreage increase.
The magnitude of the own price elasticity is close to the estimates found by Haile et al. (2016)
and smaller than that of the Miao et al. (2016) estimate. The coefficient of lagged dependent
variable (soybean acreage) is highly significant and positive. The magnitude of this parameter is
almost close to unity, which might be an indication of autocorrelation. More explanation about
this issue is provided at the end of the results section.

Soybean is the commonly used rotating crop for most of the crops grown in eastern
Arkansas. However, we included rice, corn, and cotton as the major competing crops for soybean
in this study. The coefficients on competing crop prices are negative and significant implying
that the increase in prices of those crops tends to reduce soybean acreage. As we mentioned
earlier that around 96% and 98% of total soybean and rice grown in Arkansas are produced in
eastern Arkansas. In terms of total cropland, soybean and rice occupy the major portion of the
farmland in the region. Thus, soybean and rice are the most common complementary crops
competing for the land. The cross-price elasticities of soybean acreage with respect to rice and
corn are -0.28, and -0.15, respectively. Rice and corm price elasticities are significant at the 1%
and 5% significance level, respectively. More surprisingly the cotton price elasticity of acreage is
-0.30, which is significant at 1% significance level. The potential implication could be that when
cotton prices are low relative to soybean prices, cotton acres tend to be replaced readily with
soybean acres. Cotton tends to be grown in a monoculture (not in rotation), and soybeans can be

readily planted on cotton acres when market conditions warrant.
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The estimated coefficient on climatic variation represented by Palmer Drought Severity
Index (PDSI) and groundwater level change are positive and statistically significant at the 1%
and 10% significance level, respectively. The drought index coefficient of 0.023 indicates a one-
point rise in the average PDSI index induces to increase in soybean acreage by 2.3% implying
that reasonable wet conditions are desirable and access to weather information would be useful
in mitigating the climatic risk in soybean farming. We evaluated the impact of groundwater level
changes observed in both 1-year and 5-year durations. We find that the estimated coefficient of
yearly groundwater level change to be 0.002, which is not significant, but the impact of
groundwater level change in 5-year duration is 0.0099, which is significant at 10% significance
level. It can be interpreted as follows: all else remaining constant, every one-foot rise in
groundwater level induces soybean acreage to increase on average by almost 1%. Contrary to our
perceived higher impact of groundwater decline, less responsiveness of acreage to groundwater
depletion indicates the importance of promoting an effective water conservation awareness
program. Note that the observed aggregated groundwater declines in 1-year, 5-year, and 10-year
periods in the region are -0.17, -1.19, and 3.45 feet, respectively. Some counties in this region
have experienced remarkable groundwater decline, and if this scenario continues, the long run
impact would be devastating.

We evaluated the impact of monthly precipitation during soybean planting period and
find insignificant but very small positive impact of May precipitation on soybean acreage
decision. This finding seems reasonable to some extent due to the fact that rice plantation period
is bit earlier than soybean and potentially some producers looking for rice plantation could not

plant rice on time due to precipitation, might switched to soybean later on. We did not estimate
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the impact of post planting precipitation assuming that post planting precipitation does not affect
acreage decision.

The findings of this study have several policy implications concerning the soybean
production in Arkansas. For example, the acreage responsiveness to own price and cross prices
are market determined, which can be addressed through short run and long run marketing
strategies. Sustainable soybean farming is very important for the state because of its economic
and agronomic importance in the state. In order to maintain the sustainability of Arkansas
soybean production, it is important to diversify the sales and bring more dynamic importers into
the market through product promotion and incentives for new uses. This is more relevant in
current uncertainty over the U.S.-China tariff dispute. Regarding the implication of climatic
variation, we have extremely limited control over it in the local level. However, we can minimize
the risk associated with climate change to some extent by developing an effective mechanism to
disseminate reliable weather information to producers.

One of the major contributions of this study is the evaluation of the groundwater impact
on soybean acreage decisions. A small but significant positive effect of groundwater change on
soybean acreage indicates the importance of groundwater sustainability. If the current scenarios
of groundwater depletion continue and we do not act straightaway to prevent an unsustainable
withdrawal rate, the long run implication would be counterintuitive for farming sectors in the
region. Due to the tremendous importance of invaluable groundwater resources, effective
groundwater conservation effort is highly desirable. For that, we can encourage producers to
implement cost effective, efficient, and water conserving irrigation technologies in their farming
practices. For example, Wood et al. (2020) conducted a field-based experiment to evaluate the

profitability and consumptive water use of sensor-based irrigation scheduling in Mississippi
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soybean production and determined that sensor-based irrigation scheduling significantly reduced
consumptive water use without adversely affecting soybean yield and farm profitability.
Additionally, switching to surface water wherever possible would help to reduce the over
dependence on groundwater for irrigation. More importantly, a combination of several different
initiatives throughout the state would help to maintain the sustainable use of water resources.

Our estimated results seem to be robust in terms of significance and sign of the
explanatory variables. We compared system GMM estimates with the results obtained from other
estimators such as difference GMM, FE, and OLS and conducted sensitivity analysis to make
sure that our estimates are unbiased, consistent, and robust. The coefficient on lagged dependent
variable equal to almost one is the indication of remaining residual serial correlation. In order to
detect this, we conducted Arellano-Bond (AB) test for first and second-order autocorrelated
disturbances in the first-differenced equation and reported P-values for AR (1) and AR (2) in
Table 1. Statistically significant P-value for AR (1) is the clear indication of first order
autocorrelation, but there is no evidence for significant second order autocorrelation as P-value
for AR (2) is well above 0.20. However, for any remaining autocorrelation, we used appropriate
lags of predetermined variables as instruments as suggested by Roodman (2009a) and Haile et al.
(2016). As we have mentioned earlier that OLS and FE estimates of lagged dependent variables
are upward and downward biased, respectively. The consistent estimates should lie between
these two values in order to validate of dynamic panel estimates. In our case, the specifications
result in an estimated autoregressive coefficient that lies between the two bounds, which is
another justification for the validity of our estimates.

Another important issue is the presence of overidentification and validity of the

instruments used. We performed Hansen test to justify the validity of instruments by detecting
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the overidentification problem (HO: All the restrictions of overidentification are valid). The P-
value for Hansen test shows that we fail to reject the null hypothesis and thus our instruments are
valid. Additionally, we examined the sensitivity of the choice of lag specification and limited the
number of lags by setting it to 4 periods so that the potential proliferation of instruments caused

by many lags is corrected.

5. Summary and Concluding Remarks

Soybean is the largest export product in Arkansas, accounting for thousands of jobs, and
contributing billions of dollars to the state’s economy. Eastern Arkansas is very important in that
96 percent of Arkansas’ soybean production occurs in this region. However, increasing
production costs, diminishing net returns, declining groundwater availability induced by large
groundwater withdrawals, and climatic variation have imposed some threats to the sustainability
of soybean farming and cropland irrigation in general. We evaluated eastern Arkansas soybean
acreage responsiveness to major competing crops, climatic variations, and change in groundwater
levels and suggested potential policy implications capable of mitigating climatic risk and
maintaining sustainability of both soybean farming and the state’s groundwater resource.

We used the system generalized method of moments (GMM) estimator to estimate the
acreage response to relative price, climatic variation, and groundwater level change utilizing the
latest available county level data for eastern Arkansas. The system GMM estimator is efficient,
consistent, and capable of producing robust estimates, especially with a panel data set up.
Estimated results indicate that the soybean acreage allocation is responsive to its own price and
competing crop prices. However, acreage responses seem to be less sensitive to climatic variation

and groundwater change. A potential reason could be that irrigation water is almost free in
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Arkansas; the only cost associated with irrigation water is the energy cost for water withdrawal.
The major implication of this finding is that policies aimed at water conservation need to be
implemented efficiently. The objective would be to reduce water usage to sustainable levels in
eastern Arkansas without adversely affecting the current level of production. For this, promotion
of tail-water recovery, motivation to adopt best management practices of irrigation, development
of an awareness program for the need for groundwater conservation, and some incentive
programs that encourage producers to conserve water would be effective towards that direction.
The implication of price responsiveness indicates the need for marketing strategies that would
help to diversify sales and bring more dynamic importers into the market through product
promotion.

We conducted several tests for sensitivity analysis. The Arellano-Bond tests for
autocorrelation and serial correlation indicate the system GMM is consistent. We performed the
Hansen test for the exogeneity of instruments and determined that the instrumental variables are
valid. Although, the estimated results of this study are efficient, consistent, and robust compared
to the results obtained from other estimators, the study has some limitations. The major limitation
of the study is missing samples in some variables such as groundwater information and prices. In
the future work we will address that problem by adding more samples wherever possible.
Additionally, we will conduct more sensitivity analysis tests, especially in lag selection case.
Also, irrigation water is a essential production input for all major field crops grown in Arkansas,
and the findings of this study indicate the need to evaluate acreage decisions as affected by
climate and water availability for other important crops such as rice. This would be important

areas for further study.
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7. Appendix

App.Table 1: Estimates of soybean acreage responses using FE and OLS estimators

Variables Parameter estimates using
(Dep.Var.: soybean acre) FE OLS
Lagged dependent variable 0.571*** 0.981***
(0.0524) (0.0085)
Lagged dependent variable (2) 0.104 0.182***
(0.0623) (0.0559)
Lagged soybean price 2.524 3.726***
(1.495) (1.320)
Rice price -0.0906 -0.113
(0.1010) (0.1131)
Lagged rice price (1) -0.201 -0.732%**
(0.1491) (0.1780)
Lagged rice price (2) 0.394 -0.263
(0.2981) (0.2601)
Corn price -0.138 0.306*
(0.2482) (0.1722)
Lagged corn price (1) -0.548 -0.460
(0.8252) (0.6050)
Lagged corn price (2) -0.787** -0.753***
(0.3101) (0.2850)
Cotton price -0.134 -0.285
(0.4690) (0.3571)
Lagged cotton price (1) 0.917*** -0.158
(0.2820) (0.2701)
Lagged cotton price (2) -0.0938 -0.609***
(0.1181) (0.1051)
Drought index -0.0067 -0.0151*
(0.0085) (0.0091)
May precipitation 0.0384 0.0181
(0.0387) (0.0204)
Ground water change 0.0027 -0.0011
(0.0025) (0.0031)
Lagged ground water change 0.0038 -0.0011
(0.0033) (0.0034)
Year - 0.036***
(0.0065)
Constant 1.065 -76.18***
(1.7891) (13.87)
Observations 330 330
R-squared 0.600 0.978

Robust Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1.
Note: All variables (except drought index, groundwater change, and year) are in natural
logarithm and prices are normalized by the producer price index (PPI) to 2015 dollars.
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