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Profitability of Irrigated Corn Production in Alabama:
A Stochastic Analysis

Denis Nadolnyak

Rising corn prices and growing ethanol markets may intensify production practices.
Relative abundance of water resources and predominance of rainfed corn production in
Alabama may trigger expansion of irrigation in the region. This paper reports results of
analysis of producer decisions on switching to irrigated corn production in North
Alabama under different market conditions and producer characteristics. Simulated yield,
production, and cost data are used in generating stochastic profit series. Simulation
results show that the certainty equivalent profit premium from irrigated production
increases with output prices and risk aversion. For realistic parameter value ranges, corn
prices between $3 and $4 (roughly $4.40 and $5.90 in 2022) per bushel make investment
in irrigation profitable.

Key words: Corn, Irrigation, Operating Costs, Profits, Yield Variability

Corn prices and production are increasing due to expanding ethanol markets and related
supports for corn production. Persistence of this trend will likely lead to adoption of more
intensive production practices and expansion of corn acreage to marginal areas. Alabama,
unlike many traditionally agricultural states, has relatively abundant water supply that
permits sustainable irrigated crop production but may also strain the natural resources. It
is therefore important to know how producer decisions on adoption of irrigated practices
are likely to be affected by yield responses to irrigation, market conditions (prices and
costs), and producer characteristics (risk attitudes and production scale and mix). This
paper investigates potential profitability of irrigated corn production in North Alabama
using simulated and historical yields, variable and fixed input costs, and market data.

In order to show the viability of irrigation for corn in Alabama, simulated yield data fo:
irrigated and rainfed com production data are first compared to historical yield data. This
is done in order to ascertain the validity of the simulated yield data the use of which is
necessitated by the absence of reliable irrigated historical yield data from the area with
predominantly rainfed crop production and to justify analysis of the stochastic properties
of the yield series. Then, simulated yield series combined with enterprise budget data on
variable costs for both practices, irrigation investment costs, and other economic data are
used to generate stochastic profits from corn production. Based on these profit series,
profitability of irrigated and rainfed corn production is compared for different assumed

Denis Nadolnyak is a professor in the Department of Agricultural Economics and Rural Sociology, Auburn
Umyersity, Auburm, Alabama. He thanks Dr. McNider, University of Alabama, Huntsville, for providing a set
of simulated corn yield series and irrigation budgets for locations in North Alabama.
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producer risk attitudes, corn prices, and interest/internal discount rates. Analysis of
irrigation viability is done using Certainty Equivalent Revenues (CER) calculated by
calibrating a constant absolute risk aversion (CARA) utility function parameters for
variable risk premium values.

Comparison of the simulated and historic yield series provides some evidence of their
similarities. The results of profit analysis show that the profitability difference between
irrigated and rainfed com production measured in CER increases with risk aversion and
with output prices. Raising corn prices magnifies rainfed yield volatility more than that of
irrigated yields, making irrigated production more desirable. According to the numerical
simulation results, the threshold corn price that makes investment in irrigation profitable
is around $3.75/bu (about $5.50 in 2022) even for low risk aversion levels and reasonable
discount rates. Adoption of irrigated production is quite profitable at moderate corn
prices, even when the yield data are transformed to proxy for farm supports which reduce
yield variability and make the cheaper rainfed production more attractive.

The rest of the paper is structured as follows. Section 2 describes the data used in the
analysis. Section 3 presents a comparison of historical and simulated yield series. Section
4 discusses the methodology and results of irrigation adoption decision analysis. Section
5 concludes.

Data Description

This analysis uses a set of simulated comn yield series and irrigation investment budget.
Though a little outdated, this dataset is the only one currently available and suitable to the
analysis of irrigated corn profitability that accommodates yield volatility reduction by
irrigation. Considering the uniqueness of the data, we use contemporary Census (2007)
and other current data. Comn yields were simulated for Madison County in northern
Alabama using the Decision Support System for Agrotechnology Transfer (DSSAT)
(Jones et al., 2003) and weather data collected at the Belle Mina weather station. Yield
simulation inputs include daily maximum and minimum temperatures and precipitation
for 1951-2005 obtained from the National Oceanic and Atmospheric Administration
National Climatic Data Center database and daily solar radiation data generated by the
solar radiation generator, WGENR (Richardson and Wright, 1984), with adjustment
factors for the Southeast United States. The soil profile data for Madison County were
obtained from the soil characterization database of the U.S. Department of Agriculture
(USDA) National Resource Conservation Service. The yields were simulated separately
for irrigated and non-irrigated practices. The simulated annual data covers the period
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from 1951 to 2005 assuming current best management practices, which provides enough
variability for stochastic analysis.

Regardless of their complexity and accommodation of biological and physical
processes, crop simulation models are deterministic. Therefore, all randomness in
simulated yields for the same plots and management practices comes from random
weather realizations. In this way, the simulated data is analogous to a controlled
experiment. At the same time, it would be hard to translate weather variability, expressed
in so many ways, into yield variability through the model mechanics. For instance,
cumulative measures of precipitation and solar radiation may not be correlated with
yields if the weather patterns are different, as evidenced by a comparison of the effect on
plant growth of a week with four rainy days each followed by a sunny one with a week ir
which it rains four days in a row (the former is likely to be more favorable for growth).
Thus, we do not try to deliberately draw parallels between climate indexes and our
findings. Instead, we independently estimate the distributions of the simulated yields
without forming any a priori expectations grounded in agronomy and climate research.

Data on variable production costs are compiled from enterprise budgets. Irrigation
equipment costs are calculated using agricultural engineering data for a representative
140-acre farm. The variable cost items include seed, fertilizers and chemicals, labor,
machinery, irrigation operating expenses that include investment costs, land rent
(assumed $70/acre), and interest on operating capital. The irrigation investment costs for
the farm include investment in pumping equipment, piping, and a pond (itemized costs
are listed in Table 6B). The useful life of the investment components ranges from 10
years (pump) to 56 years (pond).

Table 1. Madison County, Alabama, 2002 Census of Agriculture.

Average size of farm (acres) 178
Median size of farm (acres) 65
Total cropland (acres) 140,962
Total cropland - Harvested cropland (farms) 644
Total cropland - Harvested cropland (acres) 110,423
Irrigated land (farms) 58
Irrigated land (acres) 3,981
Government pavments (farms) 285
Government payments ($1,000) 2,989
Government payments per acre of harvested cropland 27.06864
[rrigated percentage of total cropland 2.82%
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Madison County agriculture, though small, can be considered representative of
Northern Alabama. Table 1 contains some 2007 Census data used in the analysis. The
most notable fact is that only about 5.7% (8.3%) of the total harvested cropland (total
cropland) were irrigated.

Comparison between Simulated and Historical Yield Series

To ascertain the validity of the simulated yield data, we use historical Madison County
average yield series from the National Agricultural Statistics Service database.
Comparing the simulated and historical yields shows somewhat mixed results but
confirms that the two series have important similarities. Figure 1 plots rainfed yields over
the 1951-2005 period together with the historical yield series linearly detrended and
brought to the 2005 yield level. At this point, no corrective procedures are applied to past
errors (i.e., scaling or ARIMA models). Visual inspection suggests that the series became
more similar, and correlation more pronounced, since 1971 which is considered the
starting point of reliable historical series. This is also likely due to the fact that earlier
historical data were generated by different technologies and prior to farm consolidation
(Ker and Cobble, 2003; Vedenov and Barnett, 2004). The use of the relatively long time
series is necessary to capture enough variation in the yields (due to weather variability) in
order to adequately estimate the yield distributions.

The yield variables are summarized in Table 2. The means of the variables appear to be
different, most likely due to the absence of catastrophic events in the simulated data, but
the variances are not far apart, especially considering that historical county averages are
expected to be more stable than individual (simulated) yields. It is not uncommon in
economic research using simulated yield data to scale the yields to the historical mean
when variance is more important.

Table 2 also shows correlation coefficients between the two series. Due to
technological and institutional factors, the two series become more correlated in more
recent years. Both historical and simulated yield and economic returns series do not show
any evidence of autocorrelation (confirmed by correlograms) suggesting that weather
carryover effects are not present in the simulated data. The unit root hypothesis is also
rejected in both series.

Figure 2 shows kemel density plots of the simulated rainfed and historical county
average yield distributions with corresponding normal distribution overlays. The
distributions differ significantly in terms of their higher moments, shown in Table 3 (test
statistics are from skewness and kurtosis tests for normality). The simulated yield is much
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more left skewed which corresponds to analogous findings of historical yield series
analysis (Goodwin and Ker, 1998).

| Corn Yield Distribution, bufacre, Madison AL
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Figure 1. Historical vs. Simulated Rainfed Yield Series, 1951-2005.

Table 2. Simulated and Historical County Average Yields, Madison, Alabama.
Variable Mean Std. Dev. Min Max
Rainfed. simulated 130.16 29.27 602 168.3
Irrigated, simulated 204.88 10.57 171.08 219.59
Irrigated 4% 133.15 28.13 65.78 169.5
Historical County Average 105.1 20.96 6225 143
Correlation Simulated yields
coefficients, 1971-2005 Rainfed Irripated | 4% lrrigated |4% [rrigated, 1992-2005
Historical yields 0.4711 0.2 0.4735 0.51
el
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Figure 2. Yield Distributions - Simulated Rainfed Yield (left) and Historical Cour
Average Yield (right).
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Table 3. Skewness and Kurtosis Tests.

Yields Pr(Skewness) Pr(Kurtosis) adj chi2(2) Prob>chi2

Rainfed 0.09 0.125 5.11 0.078
Irrigated 0.004 0.018 11.47 0.00382
Irrigated 4% 0.094 0.135 4.96 0.084
Historical 0.991 0.703 0.15 0.93

While we can reject the hypotheses that the simulated yields are normally distributed,
normality of the historic yields cannot be rejected at the 92% level, confirmed by the
Shapiro-Wilk normality tests (P-value of 0.0081 vs. 0.61). Further exercises show that the
simulated yields are not lognormally distributed either.

As common procedures for testing equality of variances rely on distributional
assumptions which might not hold for the yield data, non-parametric Kolmogorov-
Smirnov test is used. The two-sample test is based on the maximum absolute difference
(D) between the CDFs for two continuous random variables. Unlike conventional
statistical tests, this is a non-parametric test that does not require the variables to be
normally distributed. The null hypothesis for the Kolmogorov-Smirmov test is that there
is no difference in the CDFs between two groups. The largest observed difference
between the two CDFs being examined is compared to the critical value of D at the 5%
level of significance to determine if there is a statistically significant difference between
the curves. Test results reported in Table 4 show that the simulated and historic
distributions are different at 3.3% level. However, the test is not reliable for sample sizes
smaller than 50 and the differences between the series’ max and min values (the latter is
smaller in historical data due to catastrophic yields) might additionally bias the results.

Table 4. Kolmogorov-Smirnov Test.

Smaller Group D P-value
1 0.2182 0.073
2 -0.2727 0.017
Combined K-S 0.2727 0.033

Similarity between the simulated and historical yield series can also be traced by their
dependence on the El Nino Southern Oscillation (ENSO) phases. The 1951-2005 period
covers 13 El Nino, 13 La Nina, and 29 Neutral years. Table 5 compares average
simulated and historical yields in different ENSO phases and shows results of regressing
the yields on ENSO dummies.

El Nino has a negative impact on simulated yields and it is larger for rainfed but more
significant for irrigated production. This is expected considering that climatological
research finds El Nino years to be wetter, particularly in the winter, although more in the
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Southern than in the Northern part of Alabama. The results for the historical yields are
consistent with Nadolnyak and Vedenov (2011) based on historical yield analysis.

Table 5. Yield Averages by ENSO Phase.

ENSO Phase - Simlated - Historical
Rainfed Irrigated
El Nino 107.4 200.3 96.3
LaNina 126.9 209.8 107.2
Neutral 127 206.4 104.4
Average 122.3 205.7 103.1
Dummy regression
El Nino La Nina Const
Rainfed, simulated -19.61 -0.03 126.96
(-1.84) 0 -21.45
Irrigated, simulated -6.09 342 206.35
(-2.02) -1.14 -123.29
Historical -8.07 2.83 104.35
(-1.39) -0.49 -32.38

Table 6A. Annual Operating Costs.

Operating Costs Rainfed Irrigated
Unit Total price/acre ($) |Total price/acre (8)

Seed thousand 29.8 37.25
Fertilizer

Nitrogen 1bs. 96.25 137.5

Phosphate 1bs. 21 21

Porash Ibs. 17.4 174
Lime ton 17.33 17.33
Herbicides acre 17.64 17.64
Insecticides acre 11.55 11.55
Drying bushel 15.77 26.74
Hauling bushel 36.4 61.71
Tractor/Machinery acre 26.62 26.62
Labor hrs 11.83 12.83
Irrigation Operating Expenses dollar 0 72.87
Land Rent dollar 70 70
Interest on Operating Capital dollar 14.86 21.18

Total Cost Per Acre per Year 386.45 550.61
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Table 6B. Irrigation Investment Costs.

Initial Cost ($) |Years of Useful Life |Annual Depreciation (5)

Investment Cost’
System Electric Drive 55.440 20 2772
Length-1320 feet plus
End gun coverage=75 feet
System Options{including)
End gun-Running Lights-Auto.
End gun control-Auto stop
Booster Pump-Sprinkler and Towing
Package-Low Pressure Shut-Off
Freight, Installation 10.000 20 500
Power Unit and Pump 17.280 10 1728
101 Horsepower-minimum continuous
Centrifugal Pump 1.100 gpm (@ 242 TDH

Generator for Pivol 11.478 15 765

12 lw

2800 feet, safety wire
PVC Pipe (installed) 22,680 20 1134

10 inch diameter @ S8.10/ linear foot
Pipe Valves, Fittings, Concrete 4.867 20 243.35
Pond 50.000 56 892.8571429
Miscellaneous 3.204
Basic Systems Costs 174,949 8035407143

* Values for a 140-acre farm

Profitability of Irrigation

Having found certain similarities between the two datasets that lend credence to the simulated yield
data, we proceed to examining the profitability of irrigated corn production. Simulated profits
represent net income from production. Profits from irrigated production include all the associated
irrigation expenses. Table 6A summarizes operating cost components and Table 6B itemizes
irrigation investment costs for a 140-acre farm.

The difference between the irrigated and rainfed production costs is due to different input
applications and irrigation operating expenses. The latter is calculated as a sum of the annual
operating costs (fuel, maintenance, and labor) and investment costs. Investment in irrigation
equipment can be considered a sunk cost as its major components include digging a pond
($50,000), installation of pipes, pumps, and electric systems ($100,000), and transportation
(freight) expenses. In the table above, the investment depreciation is calculated using a 7-year term
at 7% interest. For this exercise, the variable input costs are assumed constant and accommodating
their volatility requires accounting for possible correlation between the costs of different input
items.! Iirigation costs also vary by the interest rate assumed. The depreciation is calculated as a
payment for a loan (investment) based on the lifetime of investment components (ranging from 15

! Costs are deterministic in these calculations as empirical data on input costs are not available for the period
considered. This leaves out positive correlation between yields and input use (and possibly input prices). Also,
comn prices may be correlated with some variable input prices.
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to 56 years), constant payments, and a constant interest rate also interpreted as an internal discount
rate.

Net profit per acre is calculated as the difference between the sales per acre (price times yield)
and the per acre cost of production. The volatility of profits is thus entirely due to the simulated
yield volatility which, in turn, is due entirely to weather by construction. Correlation between
prices and yields is ignored due to the local nature of the data. Table 7 summarizes the simulated
data on yields and profits using variable costs from the farm budget data and com prices averaged
over 2003-2010 ($3.25/bu). The 2011 prices were considered abnormally high but the long-term
trend has been positive. As Westcott notes in the 2011 USDA report, “Although corn prices fall
from their current high levels, they are projected to remain historically high due to continued
demand for corn for ethanol production as well as growth in feed use and exports” (p. 64).

Table 7. Summary of Simulated Yields and Returmns.
Variable Mean Std. Dev. Min Max
Yield, bu Rainfed 130.16 29.27 60.2 168.3
irrigated 204.88 10.57 171.08 219.59
Production Rainfed 397.54 105.26 174.03 546.97
Value, $ irrigated 668.6 30.76 556 719.38
Rainfed 11.08 105.26 -212.43 160.52
Profit, $ —
irrigated 39.48 30.76 -73.11 90.27

As expected, on average, irrigated corn production is more profitable and less volatile compared
to rainfed. The differences are magnified by the prices. In some years, irrigated production can be
less profitable than rainfed due to higher production costs on irrigated land (although irrigated
production yields are always higher). However, as long as producers are risk averse, these numbers
are not sufficient to properly describe the tradeoff between mean and variance in making
production and therefore irrigation adoption decisions. Finarncial literature uses several measures of
performance of risk-reducing innovations (mean-variance analysis) such as value at risk (VAR),
mean root square loss (MRSL), and certainty equivalent revenue (CER) (Miranda and Glauber,
1997). In production analysis, comparison of certainty equivalent revenue is perhaps the best
indicator of a practice’s profitability as agricultural producers are usually viewed as risk averse and
the level of aversion matters (Schnitkey, Sherrick, and Irwin, 2003). CER is defined as U~
Y(E[U(R)]), CER(R) < E[R] for any positive risk aversion level. In order to determine the
thresholds in risk aversion levels, prices, and interest rates that make switching to (investment in)
irrigation individually rational for a representative producer, we estimate certainty equivalent
revenues for the stochastic per acre profits from the two production practices and compare their
differences to the costs of irrigation investment.

For the utility function, constant absolute risk aversion (CARA), or negative exponential,
specification of the form U(R)=1-exp(-4*R) is used. The function is defined over non-negative
values of income R and is concave over that range. A=(0; inf] is the coefficient responsible for
reflecting the level of risk aversion - greater values correspond to higher risk aversion. Previous
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research shows that, due to extreme sensitivity to the assumed values of 4, assigning widely
different values of 4 leads to some confusion in interpretation of estimation results (Babcock, C
and Feinerman, 1993). Thus, assumptions are made about reasonable risk premium levels rather
than the risk aversion coefficient 4. Risk premium is a percentage (share) of the expected stocha
income an individual is hypothesized to be willing to give up in order to eliminate all risk. Most
common values range from 30% to 5% (Vedenov and Barnett, 2004). Having assumed a risk
premium of 8, the risk aversion coefficient is obtained by numerically solving a fixed-point
problem via function iteration by equating expected utility of revenue to the utility expected
revenue scaled by the risk premium:

E[UR)] = E[1-exp(-A*R)] = 1-exp(-A* E[R]) = U((1- 6)E[R]) (M

Sensitivity analysis is conducted for risk premiums ranging from 40% to 5%. The correspondi
A’s range from 0.016 to 0.0018. Prices (3/bushel) range from $3.25 to $4.25.2 The simulated yiel
are scaled by a coefficient that equates the means of the historical and simulated series weighted
the irrigation percentage (5.7% according to the 2007 Census data).

Table 8 shows the differences in certainty equivalent net revenues per acre from irrigated and
rainfed corn production. Column 4 reports the difference between certainty equivalents of the
stochastic profits from irrigated and rainfed production. The difference represents gross returns f
investment in irrigation. Comparing these data for different risk premiums to the investment cost
for different interest rates defines the breakeven points (thresholds) beyond which irrigation
becomes privately profitable. This is important for an area with only 5.7% of harvested cropland
being irrigated. The results show that the difference between irrigated and non-irrigated productic
profit certainty equivalents increases with risk aversion and with output prices. The monotonicity
these relationships has been confirmed by more extensive analysis.

Both results are intuitive — the more risk averse the producer, the preference is given to the less
volatile profits from irrigated production, ceteris paribus. Raising corn prices magnifies rainfed
yield volatility more than that of irrigated yield, making irrigated production more desirable.
According to the numerical simulation results, and assuming constant output and input prices,
investment in irrigation does not pay off at the price of $3.25/bu at all reasonable risk premiums
and discount rates. However, irrigation becomes profitable at 15% risk premium level and 7%
internal discount rate when corn price reaches $3.75/bu. At $4.25/bu, irrigation always pays off,
These results might help explaining the observed lack of irrigation in Northern Alabama. Annual
profitability of irrigation in terms of certainty equivalent revenues is plotted in Figure 3.

* By construction, inflation does not factor in this analysis.
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No Yield Supporis.

Price=$3.25/bu
] Rainfed, $/acre | Irrigated, $/acre | Irrignted-Rainfed per acre
40% -60.32 3042 500.74 %
35% -58.15 3201 S90.16
30% -46.97 33.37 S80.34
25% -35.79 34.57 S7T036
20% -24.62 35.64 560.26
15% -13.44 36.65 $50.09
10% -1.76 37.64 $39.40
3% 9.99 38.63 $28.63 Annual Trrigation Investment Cost:
Price=53.75/bu Discount Rate Total Without pond
4% -42.61 129.88 517248 3% 572.23 5999
35% -29.32 132.13 5161.45 5% $90.72 71.62
30% -13.67 134.03 5149.70 7% $109.82 84.25
25% -1.64 135.68 5137.32 10% $140.72 104.83
20% 12.75 137.16 $124.42
15% 27.43 138.53 S111.10
| 0% 43 139.88 $96.88
5% 58.76 141.2 $8245
[Price=54.25/bu
40% -8.4 228.66 §237.06
35% 6.75 231.72 $224.97
30% 2271 234.28 $211.57
25% 39.54 236.49 $196.95
20% 57.24 238.46 $181.22
15% 75.72 240.26 $5164.54
10% 95.66 242,02 $146.36
3% 116.01 243.74 $127.72
8150 ¢ — — - —
|
$100 f—oo —— — |
$50 |—— — . — S
/ - e 90,4
30 = T = — = =0.2
5395 _ - 375 == $4.25 —a-62005 |
- -  ET——
-350 - —
- -
-
5100 -

Corn Prices, $/bu

Figure 3. Certainty Equivalent Relative Profitability of Irrigation, Net of Irrigation
Investment.
* 8 is risk premium.

As agricultural production is subject to a number of governmental supports, both raw and
modified yield series are used in the calculations. The modified yield series are truncated at the
80% of the mean to reflect a set of government supports (direct payments, counter-cyclical,
deficiency payments, disaster assistance) and crop insurance that effectively puts a lower limit on
yields. Due to the difficulty of incorporating all the details of the actual supports, the number is
borrowed from the results of a more extensive analysis of farm support payments in the context of
crop insurance in Vedenov and Power (2008). Table 9 and Figure 4 show results for the censored
yield series.
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Again, the results are quite intuitive. Introduction of yield supports reduces profit variability and
increases the certainty equivalent of profits from rainfed production. As a result, irrigation
investment becomes worthwhile only at the price of $4.25/bu.

A note on price volatility is in order, Current simulation results reflect only yield volatility and
ignore price volatility. Output prices, however, are another source of revenue uncertainty. Volatility
of agricultural prices is sometimes measured as standard deviations of the logarithms of ratios of
the current year’s price to preceding year’s price: Std[log(Pv/Pr1)]. For corn, the ratio is about 16-17
(USDA Economic Research Service reports). As local adoption of irrigated production practices is
not likely to affect prices, price volatility can be viewed as exogenous. Hedging against price risk
using futures markets does not completely eliminate price volatility and may not be used by
producers. An additional complication of accommodating price volatility arises from the fact that
prices and yields are likely to be negatively correlated. Wang et al. (1998) report a price-yield
correlation coefficient of -0.46 for com in Iowa. However, the magnitude of correlation depends on
a particular area. Thus, introducing price volatility may lower the bar for economic efficiency of
irrigation. No expectations are held about volatility of input costs.

Table 9. Certainty Equivalent Profits Gross of Irrigation Investment, Yields Capped Below 80% of Mean.

a ]Rainl'cd. Sfacre 1Irrigalvd. $/acre IIrrlgalcd—Rniuﬁ:d
Price=83.25/bu
40% -12.61 30.42 $43.02
35% -7.89 32.01 $39.90
30% -3.16 33.37 $36.53
25% 1,62 34.57 $32.94
20% 6.5 35.64 $29,14
15% 11.55 36.65 $25.10
10% 17,07 37.64 $20.58
5% 22.97 38.63 $15.66 Annual Irrigation Investment Cost:
Price=$3.75/bu Discount Rate Total Without Pond
40% 39.96 129.88 $89.92 3% $72.23 59.99
35% 45.58 132,13 $86.55 5% $90.72 71.62
30% 5135 134.03 $82.68 7% $109.82 84.25
25% 57.29 135.68 $78.39 10% $140.72 104.83
20% 63.48 137.16 $73.68
15% 69.99 138.53 $68.54
10% 77.2: 139.88 $62.68
5% 85 141.2 $56.20
Price=%4.25/bu
40% 91.85 228.66 $136.82
35% 98.3 231.72 $133.42
30% 105.05 234.28 $129.23
25% 112.16 236.49 $124.33
20% 119.7 238.46 $118.76
15% 127.76 240.26 $112.50
10% 136.84 242.02 $105.18
5% 146.78 243.74 $96.95
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Figure 4. Certainty Equivalent Relative Profitability of Irrigation, Net of Irrigation
Investment, $. Support at 80% of Mean Yield.*
* @ is risk premium.

Considering the irrigation equipment lifetime of 20 years, price expectations should play a role
in decision making, and so should the opportunity costs, attachment to the land, and other values.
Also, the cost and yield data for irrigated production are calculated assuming irrigation regardless
of the weather conditions whereas, in practice, irrigation may be stopped under particularly
favorable weather conditions (i.c., investment in irrigation is irreversible but its usage is not).
However. this is not likely to be a crucial factor considering the relatively small share of irrigatior
expenditures in the annual operating costs (13%).

Conelusion

This paper investigates the potential profitability of switching to irrigated corn production in north
Alabama that is becoming increasingly attractive as demand continues to grow. Simulated yield
series, combined with enterprise budget data on variable costs for rainfed and irrigated production
practices, irrigation investment costs, and other economic data. are used to generate stochastic
profits from corn production. Simulation of long-term stochastic profit series is justified by the
observed similarities between the simulated and historical corn yield data. Based on the simulated
profit data, profitability of irrigated and rainfed corn production is compared for different produces
risk attitudes, corn prices, and interest/discount rates.

Comparison of the simulated and historic yield series provides some evidence of their
similarities. The discrepancies are explained by county-level averaging, under-reporting
catastrophic yields, and other peculiarities of historical data. The certainty equivalent profit
premium from imigated production increases with risk aversion and with output prices. Raising
corn prices increase rainfed yield volatility more than that of itrigated yield making irrigated
production more desirable. According to the numerical simulation results, investment in irrigation
in corn production becomes profitable for realistic ranges of individual risk premium levels and
discount rates for corn prices in between $3 and $4 per bushel in 2007 (roughly $4.40 and $5.90,
respectively, in 2022), Flooring the yields at 80% of expected yield to proxy for government
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supports and crop insurance reduces profit variability and increases the certainty equivalence of
profits from rainfed production. This raises the threshold com price that triggers irrigation
investment to above $4 a bushel.

These findings may help to explain the observed lack of irrigation in North Alabama. They also
can be useful in evaluating the effects of potential adoption of corn irrigation practices in areas witt
traditionally low irrigation levels due to the increasing demand and expanding ethanol markets.
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Curious or Not?
Agribusiness Students’ Perceptions of Curiosity Dimensions

Rachna Tewari, Kelly Lange, and Joey Mehlhorn

Assessment of student curiosity levels in college classrooms may be instrumental in
shaping the course content and molding program curricula to be more relevant and
intuitive for students. We use survey data to explore specific dimensions of curiosity as
they relate to student demographics and program standing. Results indicate that gender
and standing in the program significantly influenced responses for the questions
regarding social curiosity and seeking out situations where one will have to think in dept
about something and interest in looking for experiences that challenge how one thinks
about themselves and the world. Students’ major being agribusiness or not also
significantly influenced responses to the question that evaluated interest in looking for
experiences that challenge how one thinks about themselves and the world, while age an
enrollment in online versus on-campus courses showed no significant effect on student
response to any of the questions representing different curiosity dimensions.

Key words: Agribusiness, Curiosity, Student Perceptions

Curiosity has long been an intriguing topic among psychological researchers and a plethora of
studies have explored the many benefits associated with it. It has been credited to enhance
intelligence and perseverance and can also compel individuals to make continuous efforts to fill th
information gap in knowledge acquisition and its application (Lowenstein, 1994; Burns and Gentry
1998; von Stumm, Hell, and Chamorro-Premuzic, 2011). Today, technology allows information to
be available at the touch of a button, making knowledge on any subject limitless to anyone with a
digital device. According to Internet Live Stats (2021), Google processes 5 billion searches per da
with approximately 4.8 billion Internet users. The ease and acquisition of new information has
changed the way education and training is conducted on cellege campuses. Today’s graduates nee
to be able to determine the best way to discern quality data to solve problems. Students’ thought
processes and curiosity can be impacted by the availability of information and universities must
acknowledge how curiosity fits into student success. Assessment of student curiosity levels in
college classrooms may be instrumental in shaping the course content and molding program
curricula to be more relevant and intuitive for students. Furthermore, curiosity levels can also
provide beneficial insights to college instructors as they attempt to teach students characterized by
different learning styles and requirements. It is fundamental to realize that today’s college students
access and view information differently than previous generations. Today’s college students that
represent Generation Z (those born after 1997) have always had technology as a part of their lives

Rachna Tewari is an associate professor of agricultural economics and Joey Mehlhorn is a professor of
agricultural economics, both in the Department of Agriculture, Geosciences, and Natural Resources at the
University of Tennessee at Martin. Kelly Lange is an associate professor of agricultural economics in the
Department of Agricultural and Applied Economics at Texas Tech University, Lubbock.
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and they access information digitally at a higher rate than former generations (Dimock, 2019).
Based on the above premise and using prior literature, this study uses survey data to explore
different dimensions of curiosity as they relate to student demographics and standing within two
agribusiness programs. Specifically, these dimensions are joyous exploration, deprivation
sensitivity, social curiosity, and thrill seeking that were derived from a curiosity scale as outlined
by Kashdan et al. (2018).

This paper sought to gain a better understanding of curiosity dimensions and how it impacts
student learning in agricultural programs. Traditionally, curiosity assessments have not been
applied in depth in agricultural disciplines in academia. Based on previous studies, a survey
instrument was deployed at two different agribusiness programs which consisted of agribusiness
majors and non-agribusiness majors.

Theoretical Foundations of Curiosity and Education

Curiosity is a complex topic and has been studied from a variety of perspectives including
psychology, socio-emotion, and neuroscience. As such, numerous theoretical approaches to the
study of curiosity exist. Curiosity is commonly perceived as a positive attribute that is often
characterized with an appetite for learning, and over the last several decades it has been recognized
as a critical factor influencing student learning (Borowske, 2005). One of the earliest mentions of
curiosity was by James (1890) where he described two types of curiosity. The first was an
emotional response to new or unfamiliar objects or sights. The second was scientific curiosity,
defined as the response of the brain to an inconsistency or gap in its knowledge or understanding
(James, 1890).

Loewenstein (1994) incorporated curiosity and education. He noted that educators placed a
higher emphasis on instructing motivated students, rather than finding avenues to motivate them to
begin with. He also initiated the “information-gap™ perspective, stressing that having some level of
knowledge was a precondition for a student to be curious. Further, the study suggested that it was
essential for educators to be able to make students aware of gaps in their knowledge base before
curiosity could be incited. Too large a gap would overwhelm the student, thereby deterring
learning, while too small a gap would appear not worth the endeavor. Following the above study,
Bums and Gentry (1998) noted that if pursuable knowledge gaps that supplement curiosity could b
identified, bridging these gaps by connecting them to the learner’s value system could motivate
learning.

Curiosity in Higher Education and Career Decision-making

The literature is scant on studies directly exploring curiosity among higher education students,
particularly in agribusiness; however, there are a few studies relevant to this research. Students
choose college majors and careers for a variety of reasons and many studies have been conducted
on factors impacting student career choice. As expected, future earnings potential has long been
viewed as a significant factor (Rumberger, 1984; Berger, 1988; Montmarquette, Cannings, and
Mahseredkian, 2002). Students seeking to find a career with higher eamning potential must weigh
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the opportunity cost associated with choosing a more competitive field of study. Curiosity research
in many instances has shown that individuals will underestimate intrinsic motivation and overvalue
external rewards, such as earning potential (Winerman, 2017). Thus, academic recruitment which
focuses only on enticing students into a particular field of study to obtain future earnings may not
be sustainable, as students frequently seek a career that fulfills internal values and motives.

Fulfillment of internal motives allows students to explore their intellectual curiosity when they
feel that their chosen area of study will allow them access to a broader employment network or
adequately prepare them for graduate programs (Selingo, 2017). Given this, faculty and academic
recruiters should relate to students how a specific field of study can impact the world, as well as
help students meet personal goals. In particular, programs focusing on agribusiness should clearly
demonstrate to students how coursework connects to their passions, career opportunities, and
broader societal impacts.

Five Dimensions of Curiosity

In spite of broad theoretical foundations, empirical research on curiosity has been quite sparse,
primarily due to the complexity of developing suitable experimental mechanisms to measure
curiosity (Marret and van Dijk, 2017). Recently, researchers have combined multiple, competing
theories to further examine factors influencing curiosity. Kashdan et al. (2018) determined five
dimensions of curiosity (5DC) using data from a community survey and a nationally representative
household survey. Specifically, these factors were joyous exploration, deprivation sensitivity, stres
tolerance, social curiosity, and thrill seeking (Table 1). Each of these factors were evaluated for
relation with several measures depicting personality, emotion, and welfare. The study found
evidence for four distinct types of curious people, referred to as the fascinated, problem solvers,
empathizers, and avoiders, who differed with regard to their interests, areas of knowledge,
consumer behavior, and the use of social media.

Table 1. Five Dimensions of Curiosity (adapted from Kashdan, 2018).

Dimension Description

Jovous exploration The desire to seek now kmowleduoe and the joy of leaming and srowing.

_Deprivation sensitivity Pondering abstract and complex ideas. trying to solve problems. and seeking to reduce in knowledge.
Stress lolerance Willingness to embrace the stress and difficulties of exploring new events or imowledge.

Social curiosity Tendency to acquire information about what other people are doing through observation.

Thrill seeki Risk taking for the sake of acquiring positive emotions and pleasurable experiences.

The work by Kashdan et al. (2018) has been subsequently expanded on. Birenbaum et al. (2019
developed a Hebrew version of the five-dimensional curiosity scale, which validated the findings «
Kashdan et al. (2018) work. Kashdan et al. (2020) further expanded on Kashdan et al. (2018) studs
with a revision of the five-dimensional curiosity scale.

Recent studies have indicated that social curiosity, one of the original dimensions in the SDC,
may itself consist of multiple dimensions (Kashdan et al., 2020). Thus, Kashdan et ai. (2020)
further developed social curiosity into both overt curiosity (interest in the behaviors, thoughts, and
feelings of others) and covert curiosity (interest in learning about others in covert ways i.e., goSsif
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This study validated Kashdan et al. (2018) work, as well as confirmed the multiple dimensions of
social curiosity. Additionally, results indicated that greater scores in joyous exploration, stress
tolerance, and overt social curiosity tended to accompany increased autonomy, competence, and
feelings of belongingness, while higher scores in deprivation sensitivity were associated only with
competence (Kashdan et al., 2020).

From an educational perspective, Birenbaum et al. (2019) utilized the five-dimensional curiosit;
scale and found evidence of the importance of curiosity in school systems, particularly grade
schools. Their findings suggested that curiosity can be “spread” from teachers and principals to
students. It was subsequently suggested that curiosity can be fostered through specialized
professional development programs for teachers (Birenbaum et al., 2019). Further research is
needed to determine if similar effects are recognized between faculty and students in higher
education.

Data and Methods

Students enrolled in agribusiness courses (Introduction to Agribusiness, Farm and Ranch
Management, Agricultural Marketing and Agricultural Finance) at two institutions provided
responses for questions related to curiosity via an online survey questionnaire that was derived
from a curiosity scale designed by Kashdan et al. (2018). The survey instrument utilized a Likert
scale tool to obtain agribusiness students’ responses on curiosity at the two participating
institutions: The questionnaire was structured around different dimensions of curiosity and
incorporated elements relating to each dimension. For instance, questions exploring the joyous
exploration dimension examined if the respondent enjoys learning about novel topics or subjects.
Questions on deprivation sensitivity evaluated if the respondent persistently attempts to find
solutions to difficult conceptual problems. Questions on social curiosity examined the respondent’
interest in other people such as peer groups and aspects that pertain to these groups or individuals.

Finally, the questions on the thrill-seeking dimension were formulated around the risk
preferences of the respondents and their reaction to risky situations. It is also worth mentioning th:
for the purpose of this study, only four of the five dimensions of curiosity were included in the
questionnaire. The stress tolerance dimension which is reverse scored was excluded from the
questionnaire. Data were also obtained for student demographics such as age and gender as well a
classification in the program based on earned hours (freshman, sophomore, junior, and senior),
major of study, and enrollment in online versus on-campus courses. A total of 209 completed
survey responses were analyzed for differences in curiosity dimensions among students as impact
by demographics and parameters related to the program of study as enumerated above. The
description of demographic survey variables and the descriptive statistics for the data are presente
in Tables 2a and 2b, respectively. The demographic data indicated that the male to female ratio of
survey respondents was approximately equal, and 39% of the respondents had some or more
exposure to online classes. Students from other programs also enroll in some of the agribusiness
courses as electives, therefore, students were specifically asked about their major. Results suggest
that 44% of the students were primary agribusiness majors.
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Table 20. Description of Demographic Variables Used in Survey,

variable Deseription

Class | =Fresh 2 =Sop 3 = Junior, 4 = Scnior

Gender 1= Male

Age | = Age <=2, 0=Age>21

Majot | = Agribusincss, 0 = Other msjors

Online | = Morc ggerience with online classus, 0= No experience with online classes

Cronbach’s alpha analysis for internal consistency of the questionnaire

Cronbach’s alpha is commonly used in multiple Likert-type scales and items to assess the
internal consistency of a survey questionnaire. First, a reliability statistic is computed to derive the
overall Cronbach’s alpha coefficient for the data. A score over 0.70 indicates high internal
consistency. Further, the analysis provides correlation estimates for each Likert scale survey item
as to how it correlates with the overall questionnaire score. Correlation scores less than 0.30
indicate that the item may not belong on the construct that is being analyzed. Lastly, and most
importantly, the analysis provided an estimate of ‘Cronbach’s Alpha if Item Deleted’. This estimat
provides the user with specific Cronbach’s alpha scores received if a particular item is deleted fror
the questionnaire indicating a strong correlation of that item with other items in within the scale.
These scores are then compared with the overall Cronbach alpha (reliability statistic) that was
computed initially. If the ‘Cronbach’s Alpha if Item Deleted’ score for a particular item goes dow
(or is lower than the overall statistic computed earlier), the item must be included in the analysis.
Similarly, if the score goes up for a particular item, it can be excluded from the analysis. This
allows the analysis to be more reliable by including only the iterns that have a strong correlation
with other items in the scale (Open University UK, 2022).

For the study in hand, Cronbach’s coefficient values were computed for responses related to
curiosity dimensions within the construct as depicted in Table 3. The Likert items with the
strongest correlation with other items in the construct were further subject to an ordered probit
analysis. This analysis evaluated how students’ response to relevant questions exploring the varior
dimensions of curiosity was influenced by demographics and parameters related to program
standing, study major and enrollment in online versus on-campus COUrses.
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Table 2b. Descriptive Statistics for the Data (n=209).

Variable N Mean St. Dev Sum Min Max
Class 209 2.368 1.174 495 1 4
Gender 209 0517 0.501 108 0 1
Age 209 0.809 0394 169 0 1
Major 209 0.44 0498 92 0 1
Online 209 0392 0.489 82 0 1
Deprivation sensitivity Q1 209 3.502 1.448 732 1 7
Deprivation sensitivity Q2 209 3.507 1.597 733 1 7
Deprivation sensitivity Q3 209 4.651 1434 972 1 7
Deprivation sensitivity Q4 209 4.56 1.393 953 1 7
Deprivation sensitivity Q5 209 5.675 1.348 1186 1 7
Joyous exploration Q1 209 5244 1313 1096 1 7
Joyous exploration Q2 209 4.794 1.305 1002 2 7
Joyous exploration Q3 209 4234 1.531 885 1 7
Joyous exploration Q4 209 4.455 1.441 931 1 7
Joyous exploration Q5 209 5.292 1.254 1106 2 7
Social curiosity Q1 209 4431 1.607 926 ] 7
Social curiosity Q2 209 4.56 1.729 953 1 7
Social curiosity Q3 209 4402 1.795 920 1 7
Social curiosity Q4 209 4416 1.822 923 1 7
Social curiosity Q5 209 4.56 1.689 953 1 7
Thrill seeking Q1 209 4.426 1.466 925 1 7
Thrill seeking Q2 209 4.636 1.585 969 1 7
Thrill seeking Q3 209 3.531 1.655 738 1 7
Thrill seeking Q4 209 4.522 1.597 945 1 7
Thrill seeking Q5 209 4.292 1.637 897 I 7
Results

The overall Cronbach alpha (standardized) coefficient (o) for the dataset with Likert scale question
was 0.83 which indicated a high measure of the internal reliability of the survey instrument and the
questions overall, Further, standardized Cronbach alpha values decreased in all cases after
individually deleting the variables related to deprivation sensitivity, joyous exploration, social
curiosity, and thrill seeking from the construct, indicating that the aforementioned four dimensions
were strongly correlated with each other within the scale that represented curiosity (Table 3).

As indicated in Table 3, the highest declines in the standardized Cronbach alpha values were
observed for the following questions: T work relentlessly at problems that I feel must be solved
(Prob Solv: Deprivation sensitivity Q4); I am always looking for experiences that challenge how I
think about myself and the world (Exp Chal: Joyous exploration Q2); I seek out situations where it
is likely that I will have to think in depth about something (Think deep: Joyous exploration Q3); I
find it fascinating to leam new information (New info: Joyous exploration Q5); I like to learn abou
the habits of others (Habit others: Social curiosity Q1). These variables were therefore chosen for
the probit analyses. Responses for each of the above questions were used as dependent variables in
separate probit analyses as influenced by demographics and parameters related to program
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standing, study major, enrollment in online versus on-campus courses, and responses to question
related to other curiosity dimensions (Tables 4-8).

Table 3. Cronbach Coefficient Alpha with Deleted Variable.

Deleted Raw Variables Standardized Variables

Variable Correlation with total Alﬁrznnzg?fg’ffd Correlation with total Alﬁ f(ﬂ-:‘;,h;;;:i/_:;e‘/
Deprivation sensitivity Q1 0.258639 0.826407 0.26299 0.831139
Deprivation sensitivity Q2 0379876 0.820981 0.40218 0.824618
Deprivation sensitivity Q3 0.403691 0.819841 0.42196 0.823676
Deprivation sensitivity Q4 0.501232 0.815542 05172 0.819090%
Deprivation sensitivity Q3 0.345813 0.822434 0.35084 0.827045
Joyous exploration Q1 0.369755 0.821451 0.3876 0.82531
Joyous exploration Q2 0.527765 0.81487 0.54778 0.817598*
Joyous exploration Q3 0.526412 0.813725 0.55371 0.817308*
Joyous exploration Q4 047426 0.816581 0,4848 0.82066
Joyous exploration Q3 0.513923 0.815764 0.51584 0.819156*
Soctal curiosity Q1 0.487129 0.815476 0.48047 0.820869*
Social curiosity Q2 045675 0.816965 0.45323 0.82218
Social curiosity Q3 0.376431 0821578 0.35048 0.827062
Social curiosity Q4 0394315 0.820633 0.37434 0.825937
Social curiosity Q3 0.353936 0.822505 0.32443 0.828283
Thrill secking Q1 0.338387 0.822832 033224 0.827918
Thrill seeking Q2 0.340241 0.822948 033353 0.827857
Thrill secking Q3 0.339303 0.823[78 0.33805 0.827646
Thrill secking Q4 031305 0.824334 0.30561 0.829162
Thrill secking Q35 0.365319 0.821786 0.36397 0.826426
*Highest declines in standardized Cronbach alpha values.

Table 4. Maximum Likelibood Parameter Estimates for the Question:

I work relentlesslv at problems that I feel mus olved,

Parameter DF Estimate St. Error 95% Confidence Limits Chi-Square Pr > ChiSq
[ntercept I -0.5609 0.4936 -1.5284 0.4066 1.29 0.2559
Class 1 0.1168 0.0813 -0.0425 0.2761 2.07 0.1506
Gender | 0.0813 0.1507 -0.2141 0.3768 0.29 0.5895
Age | 0.0304 0.204 -0.3694 04301 0.02 0.8817
Major | -0.2133 0.1529 -0.5129 0.0863 1.95 0.163
Online | -0.0285 0.1786 -0.3786 0.3215 0.03 0.8731
Exp Chal 1 -0.2901 0.0781 -0.4431 -0.1371 13.8 0.0002+**
Think deep 1 -0.1769 0.0656 -0.3055 -0.0484 7.28 0.0070%**
New info ! -0,0425 0.0698 -0.1793 0.0943 0.37 0.5426
Habit others | 0.041 0.0542 -0.0652 0.1473 0.57 0.4493

*Significant at P < 0.10; **Significant at P < 0.05; ***Significant at P < 0,01.

Table 4 presents the results for the question: ‘I work relentlessly at problems that I feel must b
solved,” which is related to the deprivation sensitivity dimension of curiosity. None of the
demographic variables significantly influenced students’ response to this question, however, the
response to questions representing the joyous exploration dimension of curiosity had a significan
influence.
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Table 5. Maximum Likelihood Parameter Estimates for the Question:
1 am alwavs looking for experiences that challenge how I think about mvself and the world.

Parameter DF Estimate  St. Error _ 95% Confidence Limits Chi-Square Pr > ChiSq
Intercept 1 1.8 0.5149 0.7908 2.8092 12.22 0.0005
Class 1 -0.1783 0.0837 -0.3423 -0.0143 4.54 0.0331%*
Gender 1 -0.0043 0.1559 -0.3099 0.3014 0 0.9781
Age 1 0.1569 02118 -0.2582 0.572 0.55 04589
Major 1 0.2769 0.1577 -0.0322 0.5859 3.08 0.0791%*
Online 1 0.2164 0.1841 -0.1443 0.5771 1.38 0.2397
Prob Solv 1 -0.2278 0.061 -0.3473 -0.1083 13.97 0.0002%**
Think deep 1 -0.4874 0.0644 -0.6136 -0.3613 57.36 <.0001***
New info 1 -0.1115 0.0722 -0.253 0.0301 238 0.1228
Habit others 1 -0.0976 0.0555 -0.2063 0.0111 3.1 0.0783%*

*Sigmificant at P < 0.10; **Significant at P < 0,05; ***Significant at P < 0.01,

Table 5 presents the results for the question: ‘I am always looking for experiences that challeng
how I think about myself and the world,” which is related to the joyous exploration dimension of
curiosity. Student standing in the program based on student classification as freshman, sophomore
junior and senior, had a significantly negative relation with the response for the above question,
while student major being agribusiness or not had a significantly positive influence. This would
indicate that student curiosity for some of the joyous exploration dimensions is likely to decrease :
they complete their program, and the agribusiness students were likely to be curious in the context
of the dimension of joyous exploration. Further, the response to questions related to joyous
exploration and deprivation sensitivity also had a significant influence on the examined question.

Table 6 presents the results for the question: ‘I seek out situations where it is likely that I will
have to think in depth about something,” which is related to the joyous exploration dimension of
curiosity. Among the demographic variables, gender had a significantly negative influence
indicating that female students were likely to be more curious about situations that required in-
depth thinking. Also, responses to some of the questions related to joyous exploration and
deprivation sensitivity also had a significant influence on the examined question.

Table 7 presents the results for the question: ‘I find it fascinating to learn new information,’
which is related to the joyous exploration dimension of curiosity. Again, none of the demographic
variables significantly influenced students’ response to this question, however, the response to
some questions representing the joyous exploration and the social curiosity dimensions of curiosit
had a significant influence.
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Table 6. Maximum Likelihood Parameter Estimates for the Question:

I seek out situations where it is likely that [ will have to think in depth about something,
Pr > ChiSq

Parameter DF Estimate _ St. Error 95% Confidence Limits __ Chi-Square

Intercept 1 2.6333 0.5218 1.6107 3.656 2547 <.0001***
Class 1 0.0321 0.082 -0.1286 0.1927 0.15 0.6956
Gender | -0.2578 0.1521 -0.5559 0.0403 2.87 0.0901*
Age | -0.0532 0.2068 -0.4586 0.3522 0.07 0.7969
Major 1 -0.1458 0.1543 -0.4482 0.1566 0.89 0.3446
Online 1 -0.1775 0.1801 -0.5304 0.1755 0.97 03243
Prob Solv 1 -0.1616 0.06 -0.2792 -0.044 7.26 0.007 1 ***
Exp Chal | -0.589 0.0753 -0.7366 -0.4413 61.1 <.0001%**
New info 1 -0.1833 0.0699 -0.3203 -0.0463 6.88 0.0087**+*
Habit others 1 -0.064 0.0547 -0.1712 0.0431 137 0.2415

*Significant at P < 0.10; **Significant at P < 0.05; ***Significant at P < 0.01.

Table 8 presents the results for the question: ‘T like to learn about the habits of others,” which
related to the social curiosity dimension of curiosity. Among the demographic variables, student
standing in the program based on student classification as freshman, sophomore, junior and seni
had a significantly negative relation with the response for the above question, indicating that
student curiosity for the social curiosity dimension is likely to decrease as they complete their
program. Gender also had a significant influence with males likely being more curious about soc
curiosity dimensions such as learning about the habits of others. Lastly, responses to some of the
questions related to joyous exploration also had a significant influence on the examined questior
respouse.

Table 7. Maximum Likelihood Parameter Estimates for the Question: I find it fascinating to learn new

Parameter DF Estimate  St. Error 95% Confidence Limits _ Chi-Square  Pr > ChiSq
Intercept | 0.2461 0.4888 -0.712 1.2042 0.25 0.6147
Class 1 0.1297 0.0831 -0.0332 0.2926 2.44 0.1186
Gender | -0.0237 0.1556 -0.3286 0.2813 0.02 0.8791
Age 1 -0.1422 0.2095 -0.5528 0.2685 0.46 0.4974
Major | 0.022 0.1581 -0.288 0.3319 0.02 0.8895
Online | -0.2128 0.1821 -0.5696 0.144 1.37 0.2425
Prob Solv | -0.042 0.0614 -0.1622 0.0783 047 0.4942
Exp Chal | -0.1219 0.0807 -0.28 0.0362 2.28 0.1308
Think deep | -0.1822 0.0672 -0.3138 -0.0505 7.36 0.0067***
Habit others | -0.2941 0.054 -0.4 -0.1882 29.62 <.000] ***

*Significant at P < 0.10; **Significant at P < 0.05; ***Significant at P < 0,01,

It was also found that both age and enrollment in online versus on-campus courses did not sho
a significant effect on student response to questions representing any of the curiosity dimensions
within the construct, It was also observed that responses to most questions related to deprivation
sensitivity influenced joyous exploration, and vice-versa, indicating an association between the
aforementioned curiosity dimensions.
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Table 8. Maximum Likelihood Parameter Estimates for the Question:
1 like to learn ahout the habits of others.

Parameter DF Estimate  St.Error _ 95% Confidence Limits __ Chi-Square Pr > ChiSq
Intercept | 0.8948 0.4949 -0.0752 1.8649 327 0.0706*
Class I -0.1371 0.0812 -0.2963 0.0221 2.85 0.0914*
Gender 1 0.5221 0.1482 0.2317 0.8126 12.42 0.0004***
Age I -0.1358 0.2035 -0.5345 0.263 0.45 0.5046
Major | 0.0185 0.1532 -0.2817 0.3187 0.01 0.9037
Online l -0.0808 0.178 -0.4297 0.2681 0.21 0.6499
Prob Solv I 0.0493 0.0596 -0.0676 0.1662 0.68 0.4084
Exp Chal | -0.1564 0.0786 -0.3103 -0.0024 3.96 0.0466**
Think deep | -0.0772 0.0657 -0.206 0.0516 1.38 0.24
New info | -0.361 0.0674 -0.493 -0.2289 28.72 <.0001%**

*Significant at P < 0.10; **Significant at P < 0.05; ***Significant at P < 0.01.
Conclusijon

This study provides some interesting takeaways for instructors to understand the influence of
student demographics on curiosity. Faculty can build meaningful course content by better
understanding how students perceive curiosity in the classroom and social interactions. For
instance, the female students are likely to be more curious for situations that require in-depth
thinking, while the male students were likely to have a higher social curjosity. As students
complete their programs, it would also be of interest to instructors to assess their curiosity levels
the results indicate a decrease in joyous exploration and social curiosity dimensions as they get
closer to program completion. Knowledge of student curiosity preferences can be used to build
more targeted learning activities for specific majors. Developing curriculum and experiential
learning programs while considering these findings may be a strategic approach to improve the
overall student experience from a program. It was also intriguing that some of the questions that
intended to assess the same dimension of curiosity, joyous exploration in this case, were influence
differently by student characteristics and demographics. This alerts to the fact that there needs to |
further probing into how the same dimension of curiosity could have different implications for
specific situations as represented by the questions used in the analysis. Exploring student curiosity
and corresponding connection to student characteristics could provide a unique approach to
evaluating the interest and attention of student populations for course content and overall learning
This study is an initial attempt to fill the underlying gap in literature for studies related to curiosit)
dimensions of students in agribusiness programs. We believe that this work has potential for
generating interesting discussion and viewpoints among agribusiness instructors and programs as
how student curiosity varies with demographics, classrooms, courses, instructional technology, ar
topics within the disciplines of agribusiness and agricultural economics. Results could be expande
to further probe into the factors that affect curiosity and how practical application of learned
concepts can enhance students’ curiosity and stimulate learning both inside and outside of the
classroom. The findings from this study could also be uniquely applied to study the pedagogy of
curiosity within the area of agricultural economics and agribusiness and develop teaching
techniques and instructional practices that can foster student engagement and interest.
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Appendix

Questionnaire used in the study

1.

2,

What is your classification?
a. Freshman  b. Sophomore c. Junior  d. Senior
What is your gender?

a. Male b. Female c. Prefer not to answer
What is your age group?
a. 18-21 b. 22-25 c. 26-45 d. 46 and above

What is your major?

a. Agribusiness b. Other

Which of the following best represents you?

a. I am an on-campus student but sometimes take online classes
b. I am an on-campus student and never take online classes

¢. I only take online classes

For questions 6 — 25, use the following scale (1-7) to answer the question:
1 - Does not describe me at all, 2- Barely describes me, 3 - Somewhat describes me, 4 — Neutral, .
- Generally describes me, 6 - Mostly describes me, 7 - Completely describes me

Thinking about solutions to difficult conceptual problems can keep me awake at night.

1 can spend hours on a single problem because I just can’t rest without knowing the answer.
I feel frustrated if I can’t figure out the solution to a problem, so I work even harder to solve
1 work relentlessly at problems that I feel must be solved.

. It frustrates me not having all the information I need.
. I view challenging situations as an opportunity to grow and learn.

T am always looking for experiences that challenge how I think about myself and the world.
I seek out situations where it is likely that I will have to think in depth about something.
1 enjoy learning about subjects that are unfamiliar to me.

. Ifind it fascinating to learn new information.
. Tlike to learn about the habits of others.

I like finding out why people behave the way they do.

. 'When other people are having a conversation, I like to find out what it’s about.

When around other people, I like listening to their conversations.

. When people quarrel, I like to know what’s going on.
. The anxiety of doing something new makes me feel excited and alive.

Risk-taking is exciting to me.

. 'When I have free time, I want to do things that are a little scary.

Creating an adventure as I go is much more appealing than a planned adventure.

. I prefer friends who are excitingly unpredictable.

IRB — The University of Tennessee at Martin, Study # - 2019-714-E05-4005-Tewa, Rac, Approve:
October 2019.
IRB — Texas Tech University, Study #: IRB2019-1001, Approved: November 2019.
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Robustness of the Impact of Climate Change on
U.S. Corn Yields

Bart Niyibizi, B. Wade Brorsen, and Phillip D. Alderman

One puzzling aspect of climate change literature is that regressions involving yield give
much larger estimates of the impact of climate change than other methods. The model
suggested by Schlenker and Roberts (2009) is replicated and then assumptions are
modified. The model is robust to most changes in assumptions. Corn yield change
predictions are most sensitive to using long-term average data instead of yearly data.
Using long-term average data and changing six other assumptions, the average predictec
corn yield decrease is 19.3% under RCP4.5 and 32.6% under RCP8.5. These results are
closer to other research methods such as Ricardian models and plant growth simulations
This predicted rate of decrease is less than the recent increase in yield due to
techriological change. So, if the technological change continues, corn yields would still
g0 up over time.

Key words: Adaptation, Climate Change, Corn Yield, Food Security, General Circulatio
Models, Temperature

Most climate scientists predict increasing carbon dioxide and other greenhouse gas emissions will
cause temperatures fo increase. One potential cost of climate change is the effect of increased
temperature on agricultural yields (Federal Interagency Working Group, 2010; U.S. Global Clima
Research Program, 2018). Corn is a major source of calories for much of the world, and the Unite
States is the leading producer and exporter of corn. The impact of climate change on U.S. com
yields is a good proxy for the impact of climate change on food security.

Schlenker and Roberts (2009) analyze the yields of corn, soybeans, and cotton, and find that for
all three crops, yields increase with temperature up to an optimal level (29°C for corn) and beyon
that yields decrease sharply. World food security would be threatened by the dramatic drops in
yield predicted by Schlenker and Roberts (2009). They predict that by the end of the 21st century
average corn, soybeans, and cotton yields will drop by 30-46% under the slowest warming scenar
of the Hadley III climate model (Hadley Centre Coupled Model, version 3) and by 63-82% under
the most rapid scenario. More recent work by Ortiz-Bobea et al. (2019) used yield regressions anc
similarly found around 50% cormn yield loss under RCP8.5.
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In reaching a rational decision about mitigation policies, it is helpful to know how estimates of the
effect of increased temperatures on crop yields change with changes in assumptions. The objectiv
of this study is to conduct a fragility test of corn yield models similar to those used by Schlenker
and Roberts (2009) and many others. Their results have received much attention, evidenced by the
2915 citations recorded by Google Scholar as of April 2022. The yield regression approach
typically estimates a higher cost of climate change than other methods such as agronomic
simulation models, While Schlenker and Roberts (2009) include considerable sensitivity analysis
their online appendix and subsequent work has considered many variations of crop yield models
(Cooper et al., 2016; Ramsey, 2019), given the influence of the approach further sensitivity analy:
is warranted.

Most studies using other methods find less severe effects of climate change on agricultural yiel
These other studies usually use one of two approaches: (i) agronomic research and (ii) Ricardian
approaches using regressions with land prices or land rents. Agronomic studies include experimer
(e.g., Houghton et al., 2001; Long et al., 2006), and simulations. Examples of simulation models
are the Erosion Productivity Impact Calculator (EPIC) used by Brown and Rosenberg (1999), the
Agricultural Production Systems Simulator (APSIM) used by Lobell et al. (2013), the CERES-
Maize model (e.g., Thornton et al., 2009), and the Agricultural Policy/Environmental eXtender
Model (APEX) (e.g., Williams and Izaurralde, 2006; Osei and Jafri, 2017). In these studies, mode
simulate yields based on inputs such as daily weather, initial soil characteristics, and fertilizer
applications. Osei and Jafri (2017) find corn yield losses from climate change of about 11%, Lobe
and Gourdji (2012) find agricultural losses of about 1.5% per decade, Brown and Rosenberg find
yield losses for com of 6%-20% depending on the climate model used and Bassu et al. (2014)
report median corn yield losses of 6.6% per °C in Ames, Iowa.

There is no consensus on the extent of carbon fertilization, but it is generally agreed that it is le
for com than many other crops. Sneed (2018) says that doubling CO2 in the atmosphere would
increase corn yields about 8%. Brown and Rosenberg (1999) find CO» fertilization would increas
comn yields 2%-5% and would not fully offset the decline in yield from temperature increases. Lo
et al. (2006) also argue that the positive effect of COz levels on crop yields is not large enough to
offset the negative effect of expected higher temperature. Long et al. (2006) claim that experimen
conducted in enclosed areas overestimate the effect of CO; fertilization. They use free-air
concentration enrichment (FACE) technology to conduct experiments on the effect of CO2 on ope
air fields. The increase in crop yields due to CO2 fertilization is 50% lower than that predicted by
enclosure studies. CO> fertilization is not considered here since these past estimates are not high
enough to offset much of the yield losses found.

With the hedonic—or Ricardian—approach, land values are regressed against weather or clima
variables. Studies using this approach include Mendelsohn et al. (1994), Schlenker et al. (2006),
and Hendricks (2018). One advantage of this approach is that it accounts for adaptation. Another
advantage of the hedonic approach is that it gives the effect of climate on the agricultural sector a
a whole instead of singling out one crop. Mendelsohn et al, (1994) find the negative impact to be
4%-6% of farm output. Using agricultural rents, Hendricks finds one of the highest effects with a
Ricardian model with an estimated effect of up to 33%.



Niyibizi, Brorsen, and Alderman Climate Change Impacts on U.S. Corn Yields 15

This study begins with a model close to Schlenker and Roberts (2009) and modifies it to see ho
conclusions change as assumptions are changed. The changes include: (i) using long-term data for
temperature and precipitation variables instead of yearly data; (ii) varying the sinusoidal function
used to estimate hours in each category; (iii) using a piecewise linear time trend as is common in
the crop insurance literature; (iv) removing data from the 1950s and 1960s; (v) using data from
different periods of the growing season with an emphasis on critical corn growth periods; (vi)
including dummy variables for the Corn Belt region, (vii) approximating adaptation; and (viii)
using different General Circulation Models (GCMs) created after the publication of Schlenker anc
Roberts (2009). Two different Representative Concentration Pathways (RCPs) provide alternative
greenhouse gas concentration scenarios.

The climate change literature is recent relative to the crop insurance literature; research on
climate change could borrow models—or features of models—developed in the crop insurance
literature. The crop insurance literature has documented time trend variables that influence crop
yields (e.g., Harri et al., 2011). Another major difference between current climate change literatur
and previous yield models is the inclusion of weather or climate variables spanning the entire
growing season. Yield prediction models typically use weather or climate measurements at crops’
specific growth stages (Tannura et al., 2008). In the case of corn, yield is sensitive to weather
conditions during the pollination and grain-filling stages. Weather in this growth stage is expectec
to better predict yield than conditions over the entire growing season.

Predictions have been made based on various climate change scenarios. A simplistic scenario
would be a uniform temperature increase by, say, 2°C or 4°C. However, climatologists compute
more realistic scenarios based on several climate models. This study uses projections from the
CCSM4 model, the GFDL-ESM2G model, and the GFDL-ESM2M model. For each of the three
climate models, two warming scenarios are considered. The three aforementioned climate models
are some of the atmospheric GCMs created in the last decade. Schlenker and Roberts (2009)
heavily rely on the Hadley I climate model.

Modeling Approach
Base Model

Although com is adaptable and grows in a variety of climates, extended high temperatures harm
corn growth and reduce pollination (Lobell and Gourdji, 2012; Hendricks, 2018). The threshold
above which yield losses occur is commonly regarded in the agronomy literature to be 30°C (e.g.,
McMaster and Wilhelm, 1997). Following Schlenker and Roberts (2009), a threshold of 29°C is
used (Schlenker and Roberts (2009) also included additional switch points that are not
included here since they proved to be relatively unimportant). Following Schienker and
Roberts (2009), the natural logarithm of yield for county i in year ¢ is modeled as

vy
(1 Yie = fﬂ 9@ (h)dh + B Py + Bo P+ Tyt + Tipt? + G+ &,
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where y;; is the natural logarithm of com yield for county i in year ¢, » represents the temperatu
hand h are the highest and lowest observed temperatures, g(%) is a nonlinear plant growth funct
@i (h) is the time distribution of heat over the growing season, P;; is the season total precipitati
for county i in year ¢, C; is the fixed effect for county i, the terms 7;;t and T;5t? are state-specifi
time trends, and &;; ~ N(0, o2) is a random error term.

Spatial autocorrelation is not considered. Future research may want to consider spatial errors
in Yun and Gramig (2022) or spatially varying coefficients as in Niyibizi et al. (2022). Ramsey,
Tack, and Balota (2022) find that peanut quality would drop under warming. No drop in com
quality is considered as corn quality does not vary as much as other crops, with the possible
exception of greater risk of aflatoxin under higher temperatures.

Schlenker and Roberts (2009) use three specifications for the function g(#) that lead to simila
results. In this study, only the piecewise linear function is used. County fixed effects control for
heterogeneous characteristics of counties, such as soil quality. The time trends capture yield
improvements resulting from better production technology such as planting earlier and
improvements in genetics; perhaps these time trends also capture yield increases resulting from
increases in COz and reductions in ozone and could be net of reductions due to any global war
that has already taken place.

The integral in equation (1) is approximated numerically and equation (1) becomes

@) yie =% g+ 05)[@;(h+1) — Py (W] + BrPy + PPl + 1t + Tipt? + C; + &,

where ®;;(h) is the cumulative distribution function of heat in county i and year 7.

The piecewise linear function g(%) has a break point at 29°C. The shape of the function is simila
that in Figure 1. This function has two slopes. In light of the impact of higher temperatures, the
magnitude of the second slope is of primary interest, i.e., the slope associated with an accumula
of temperatures above 29°C.

Data

The data needed to estimate the econometric model include county-level data for U.S. com yiel
weather data, and soil quality data. Following Schlenker and Roberts (2009), all counties used a
east of the 100° meridian, because western states have considerable irrigation. Counties in Flori
are also excluded. The yearly com yield data by county are from the U.S. Department of
Agriculture’s National Agricultural Statistics Service - for 1950-2016 (USDA, 2018).

Daily weather data were obtained for 1950-2016 from Schlenker (2018). The data contain da
precipitation, daily maximum temperature, and daily minimum temperature for 4km x 4km grid
cells of the contiguous United States. Schlenker and Roberts (2009) made these estimates based
monthly estimates for the 4km x 4km grid cells provided by the PRISM Climate Group at Oreg
State University. Schlenker and Roberts (2009) also make available a meta-file that links each g
cell to a county. Similar to their work, only cells containing cropland are selected.
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Figure 1. Effect of Temperature on Log Yield in the Base Model (using 1950-2005 data).

From the minimum and maximum temperatures, the distribution of temperature throughout th
day is estimated like Schlenker and Roberts (2009), using a sinusoidal curve suggested by
Baskerville and Emin (1969) and later used by Snyder (1985). This curve allows estimating the
time in each day spent within each one-degree interval for each grid cell. These exposure times a
then averaged for each county and aggregated for the growing season. Similarly, precipitation is
averaged in each county and aggregated for the desired period of the growing season. Soil
characteristics data, including water holding capacity and soil slope are from Yun and Gramig
(2017). Their data are available for 1992, 2001, 2006, and 2011. Soil characteristics data for othe
years are computed by linear interpolation. Soil and precipitation data are only used when count;
fixed effects are not included.

In addition to these yearly temperature and precipitation variables, averages for the years 1950
2016 are computed. The long-term average precipitation for each county is a simple average of t]
precipitations recorded in all years. Similarly, the long-term average temperature exposure times
are computed as a simple average of yearly temperature exposure times.

Data for climate projections were obtained from the University of Idaho’s Northwest Knowlec
Network (2018), who computed the data using the second version of Multivariate Adaptive
Constructed Analogs (MACA), a statistical downscaling method that aids removing biases from
global climate models. The 4-km gridded data for 2070-2099 are from three GCMs: CCSM4,
GFDL-ESM2G, and GFDL-ESM2M. The estimation and aggregation of temperature exposure
times and precipitation are done in a similar fashion as for the historical data.

Sensitivity Analysis of Changes in Model Estimation Assumptions

The approach is to first replicate Schlenker and Roberts’ (2009) model described previously as tt
base model and then see how results change as the assumptions change. The base model is
replicated using data from the same period Schlenker and Roberts (2009) used, i.e., from 1950-
2005. More recent data (2006-2016) is then added to see how results change. This addition of
recent data is maintained throughout the sensitivity analysis. Assumptions are changed according
the following categories: (i) the type of data used (weather vs, climate); (ii) the period of the
growing season included; (iii) the method of calculating temperature exposure times; (iv) the typ
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of time trend utilized; (v) the inclusion or exclusion of Com Belt dummy variables; and (vi}) the
inclusion or exclusion of data from the 1950s and 1960s. The following assumptions define the
base model: March-August yearly data, temperature exposure times similar to Schlenker and
Roberts (2009), quadratic time trends, no Corn Belt dummy variables, and no exclusion of data
from the 1950s and 1960s.

The biggest change to the base model is the use of long-term averages for temperature and
precipitation variables, rather than yearly data. Long-term average data are preferred because: (i)
the end goal is to predict average yields over a period of several years, not a particular year, and (
using long-term averages partially considers potential adaptations (Dell, Jones, and Olken, 2014).
Even currently, farmers in the South have adapted to different temperature patterns by planting
earlier than farmers in the North and by growing different varieties. Schlenker and Roberts (2009
implicitly use unexpected annual deviations rather than long-term averages. Including county fixe
effects in the models that use annual temperature and precipitation data removes the effect of long
term averages (climate) and only obtains the effects of annual fluctuations (unexpected weather)
and so does not consider the variation of temperature and precipitation across space. A
disadvantage of using long-term averages is they would miss the effects of any increase in
temperature or rainfall variability.

It is important to restate here that long-term averages are calculated by computing simple
averages of weather variables. Specifically, the temperature exposures in each degree interval for
all years of the study period are averaged; yearly precipitations in the study period are averaged f
each county. In the resulting equation, the yield and time variables of a county change each year,
but the long-term average temperature and precipitation variables remain the same throughout the
estimation period. Equation (2) is then transformed to:

() yie = 2% g(h+ 05)[P;(h+ 1) — D (W] + Bo Py + B PP + Tt + Tipt? + Sip + &,

where S;; represents the county’s soil characteristics. Here climate data are cross-sectional, while
yield and soil data are longitudinal. This differs stightly from the cross-sectional regression
included in the Schlenker and Roberts (2009) online appendix, which fits each county’s average
deviation from the national average against the county’s average temperature distribution.

Due to collinearity, when long-term average data are used, county fixed effects would not be
appropriate. In their stead, soil water holding capacity and soil slope are used. These characteristi
were expected to positively affect corn yield. There are therefore two changes in equation (3)
compared to equation (2): the different data used and the replacement of county fixed effects.
The second sensitivity analysis uses two methods to estimate temperature exposure. The first
method uses the curve directly, in a similar way as it is used in calculating growing degree days
(GDD). The sinusoid has a domain of [0, 27], a period of 27 representing one day, and an
amplitude equal to half of the difference between the maximum and minimum temperatures. The
second method, used by Schlenker and Roberts (2009) and Yun and Gramig (2017) in estimating
time exposures to 1-degree intervals, transforms the sinusoid to have a period of 2z but only a
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domain of [0, wt]; one day is represented by a time equal to . Figure 2 provides a graphical
comparison of the two methods.
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Figure 2. Two Methods of Calculating Temperature Exposure Times.

The difference in the two methods lies in the concavity of the functions used to estimate the
exposure time. Compared to the first method, the second method used by Schlenker and Roberts
(2009) estimates a higher exposure time near the maximum temperature. Compared to the second
method, the first method estimates a higher exposure time near the minimum temperature. In a
hypothetical day with a maximum temperature of 20.3°C and a minimum temperature of 9.6°C, tl
first method estimates that the corn plant is exposed to the 20°C -21°C interval for 2,57 hours,
while the second method estimates 3.63 hours.

The specification of time trends in com yields constitutes the third element of the sensitivity
analysis. The base model uses state-specific quadratic time trends. The alternative specification is
the use of two-knot time trends instead of quadratic trends. This assumption is borrowed from the
crop insurance literature (e.g., Harri et al., 201 1; Skees and Reed, 1986), which has found that the
two-knot time trend fits the data better than using only one knot. With a two-knot time trend,
equation (2) becomes:

@) yie =L g(h+0.5)[Dy(h + 1) — Dy (R)] + 1 Pic + P2PE + yiy min(t, knot;) +
Yizdi[min(t, knot,) — knoty] + yi3d, (t — knoty) + C; + &4

In equation (4), knot, and knot, are the time trend knots, d; is 1 if t = knot, and 0 otherwise
and d, is 1 if £ > knot, and 0 otherwise. The knots, knot; and knot,, are discrete variables. The
are selected by estimating with different knots and selecting the knot combination with the highes
log likelihood.

The fourth part of the sensitivity analysis is the inclusion or exclusion of data from the 1950s ar
1960s. Some of these years were marked by severe droughts and with technological change they
may not be representative of corn yields today.

The fifth assumption changed is the critical growth period. Planting and harvesting dates for co:
vary (USDA-NASS, 1997), but most planting is in March and April and most corn is harvested in
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October. Corn yields are particularly sensitive to weather conditions during the pollination stage
(Nielsen, 2002; Ortiz-Bobea et al., 2019). Another period where comn yield is sensitive to weathe
conditions, though less so, is the grain-filling stage, hence the addition of September and Octobe
data in some of the models. Weather data were considered from the following subsets of the
growing season: March through August, March through September, March through October, Jul
through August, July through September, and July through October.

category
B cozerceuries

[T Thoncor er ceur

Figure 3. Corn Belt Region in the United States.

Corn Belt dummy variables are the sixth part of the sensitivity analysis. Com is grown in a varie
of climates within the U.S. and in warmer climates such as Mexico. The Com Belt, however, is :
key production region for corn in the United States. Both intercept dummies and slope dummies
the coefficients of temperature and precipitation variables are included. The Corn Belt has had a
comparative advantage in growing corn, in part due to fertile soils and favorable climate. The C«
Belt states are Illinois, Indiana, Jowa, Kansas, Michigan, Minnesota, Missouri, Nebraska, Ohio,
Wisconsin. Corn Belt counties are those in Corn Belt states where at least 20% of the land area i
planted with corn (Figure 3).

Accounting for Potential Adaptation

Most projections of the impacts of climate change do not consider farmers adapting to the new
climate, due to the difficulty of incorporating such an assumption. Adapting to climate change w
reduce the potential losses caused by higher temperatures. Kaiser et al. (1993) suggest that
adaptation is feasible by changing planting and harvesting dates, and by making other farm-leve
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decisions. Adaptation is considered by shifting the planting date to a month earlier. For example,
when using a model estimated using July and August data, predictions are made based on future
weather conditions in June and July and thus avoid August, the hottest month of the year. Note th
the model does not account for the possibility that producers may adapt by switching crops, whic]
Ricardian models of land prices do consider.

The three different climate models are CCSM4, the GFDL-ESM2G, and GDDL-ESM2M. The
warming scenarios are known as Representative Concentration Pathways (RCPs). The milder
scenario, RCP4.5, assumes that at the end of the twenty-first century radiative foreing' will be 4.5
watts per meter squared (W/m?) higher than radiative forcing before industrialization, The more
severe scenario, RCP8.5, assumes a radiative forcing higher by 8.5 W/m? at the end of the 21st

century.
Predictions of the Impact of Climate Change

To predict the impact of climate change on corn yields, each county’s expected yield under future
conditions is predicted using the county’s projected average temperature and precipitation variabl
for 2070-2099. The averages are computed in a similar manner as the long-term averages for
historical data. The county’s expected yield under current conditions is predicted using the same
parameters and the county’s long-term historical (1950-2016) temperature and precipitation
variables. In the prediction of yields under both current and future conditions, time trend effects a
assumed to end in 2016 (if the trend were to continue the percentage effects on yield would be
lessened). For each county, a percentage change in yield from current to foture conditions is
calculated. A weighted average yield change for the Eastern United States is then calculated.
Instead of using 2016 temperature and precipitation to predict current yields, long-term historical
averages were used because 2016 weather is only a random occurrence.

Each of the 192 models resulting from different combinations of model assumptions were used
to get six predictions of the impact of climate change: the two warming scenarios of three climate
models. For models using yearly July-August weather data, an additional six predictions were
performed assuming adaptation. Adaptation is not considered in the long-term average model sin
it should already consider adaptation. This results in 1,248 different predictions of the percentage
yield change from current to future conditions. Linear regression is used to summarize the results
where the dependent variable is the predicted percentage yield change, while the explanatory
variables are categorical variables indicating the assumptions made in the prediction. The referen
categories are the absence of adaptation, the RCP4.5 scenario, the CCSM4 climate model, and the
assumptions corresponding to the base model:

! Radiative forcing is the difference between energy absorbed by the Earth and energy radiated back to space.
Greenhouse gases contribute to the absorption of energy.
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%) YieldChange; = ay + a;LongTermAverageData; + a,MarSept; + azMarOct; -
agjuldug; + agjulSept; + a;julOct; + agTempExposureMethod; + agTwoKnotTrend; +
ayoCornBeltDummies; + ;1 Removel950sAnd1960s; + ay, ESM2G; + a3 ESM2M; +
ay,Adaptation + aysRCP8S; + ¢,

where YieldChange; is the ™ prediction of the percentage change in yield from current to future
conditions; LongTermAverageData; is 1 if the ™ prediction uses long-term average data and (
for yearly data; MarSept;, MarOct;, JulAug;, JulSept;, and JulOct; are dummy variables that
are 1 if the j prediction uses March-September data, March-October data, July-August data, Jul
September data, and July-October data; TempExposureMethod; is 1 if the J™ prediction the
sinusoidal temperature function differs from the base model; TwoKnotTrend, is 1 if the /™
prediction uses two-knot time trends and 0 if it uses quadratic time trends; CornBeltDummies;
1 if the /" prediction includes Corn Belt dummy variables and 0 otherwise;
Remove1950sAnd1960s; is an indicator variable that is 1 if the early data are dropped,

and ESM2M; are 1 if the ™ prediction uses the GFDL-ESM2G and GFDL-ESM2M climate
models, respectively; Adaptation; is 1 if the j™ prediction assumes adaptation and 0 otherwise;
and RCP85; is 1 if the /" prediction uses the RCP8.5 warming scenario and 0 for the RCP4.5

scenario.
Results and Piscussion
Regression Results

Schlenker and Roberts (2009) is first replicated using 1950-2005 data. Table 1 partially presents
estimated regression and Figure 1 is a graph of the g(#) function. The replication is successful.
Schlenker and Roberts (2209) do not present their estimated coefficients, but the shape of the
relationship between temperature and the logarithin of corn yield is consistent with their findings
The downward slope of -0.00471 representing the decrease in log yield due to temperatures aboy
the 29°C threshold is much steeper than the upward slope of 0.000224. In this mode! and all
models, the precipitation variable is scaled by dividing it by 100 to simplify the interpretability o
results.

The base model estimated with recent data added is also presented in Table 1. The results are
largely the same as those without recent data. In the rest of the paper, this replication estimated
with 1950-2016 data is referred to as the base model.



Niyibizi, Brorsen, and Alderman Climate Change Impacts on U.S. Corn Yields |

Table 1. Regression of Log U.S. County Corn Yield Using the Base Model.

1950-2005 1950-2016
Explanatory Variable Estimate SE Estimatc SE
Intercept 3.143581589 0.036017949 3.238052237 0.032907686
Temperature Sum | 0.000223812 6.51756E-06 0.000194178 5.7628E-06

-0.004708025 2.42599E-05 -0.004621092 2.27396E-05
0.064353599 0.002851307 0.06198885 0.002656878
-0.008709195 0.000302572 -0.008149402 0.000279394

Temperature Sum 2
Precipitation [100mm]

§gua:cd precipitation

State-specific Quadratic Trends Yes e
County Fixed Effects Yes o
N 122378

R’ 0.854

Changing a Single Assumption

Next, models with only one change of assumption relative to the base model are presented. Table
shows regression results using long-term average data, which is the assumption change that make
the most difference. Compared to the coefficient in the base model, the second temperature slope
70% less. Interestingly, the first temperature slope is negative, albeit with a magnitude only half
that of the first temperature slope in the base model.

Regression results for the model that uses the exposure calculation method with a domain of [0, 2
are presented in Table 3. While the upward temperature slope does not change, the downward
temperature slope of -0.00632 is 34% steeper than in the base model. However, the average time
spent at high temperatures is less.

Table 3 also shows that using a two-knot time trend has little effect on the two slopes
representing the effect of temperature. Both coefficients representing the effect of precipitation ai
smaller in this new model than in the base model. The years 1971 and 1990 are identified as the
time trend knots.

Although the time trend slopes are state-specific, the knots are restricted to be the same to allo
timely estimation of the model. In Illinois the yearly increases in the 1971-1990 period were on
average similar to the yearly yield increases in the 1990-2016 period; but in Iowa the average
yearly yield increased faster in the 1990-2016 period than in the 1971-1990 period.

Table 2. Regression Corn Log Yield: Using Long-Term Average Data and Keeping Other Assumptions of the Base Model.

Explanatory Variable Estimate SE

Intereept 3.39692492 0.016226627
Temperature Sum | -4.64359E-05 4.49059E-06
Temperature Sum 2 -0.001395848 2.45815E-05
Precipitation 0.009336261 0003370194
Suusred Precipitation -0.002894053 0000353773
Winter holding capacity 0.01290331 0.000220546
Seil Slope 0.000684752 3.77741E-03
State-specific Quadratic Trends Yes

N 152558

R- 0.641
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Table 3. Regression of Log Yield: Model with Changes in Agsumptions,

Explanatory Variable Temperature Funetion  Two-Knot Time Trends  Drop 1950s and 1960s  July-Aumst Data
Intercept 3281867484 3.252370397 3556485558 3464050249
Temg Sum | 0,000201253 0.000184168 0000149115 0.000197128
Temy Sum 2 -0.006316295 -0.004610204 -0.004572556 -0.005030987
P ttation [1 00mm) 0059469768 0.057016762 0.054495343 0.110947374
Seuared Precipl -0.007984084 -0.007719814 -0.007352638 ~0.02047865
Stote-specific Quadratic Trends Yes - Yes Yes
State-specific Two-knot Trends - Yes

County Fixed Effocts Yes Yes Yes Yes

Table 3 also presents regression results for the model that excludes data from the 1950s but
keeps all other assumptions of the base model. The downward slope representing the harmful effe
of higher temperatures on corn yields is similar to that estimated in the base model. The upward
slope representing the positive effect of temperature increases below 29°C is less than that
estimated in the base model.

Partial regression results for a model that uses July-August data but keeps the other assumptior
of the base model are displayed in Table 3. The temperature coefficients in models that use
different subsets of the growing season should not be compared directly becanse the correspondin
temperature variables are not of similar dimensions. For example, the temperature variables in a
model that uses March-August data are larger than temperature variables in a model that uses July
August data, because there are 184 days in March-August and only 62 days in July-August. Since
the temperature coefficients in the new model are of similar magnitude as the base model, the
estimated effects of temperature are larger in the new model. Similarly, the estimated effects of
precipitation are larger. These results suggest that corn yields are more sensitive to temperature ir
July and August than in the rest of the growing season.

The regression results including Corn Belt dummies but keeping all other assumptions of the
base model are presented in Table 4. The relationship between temperature and log yield for non-
Corn Belt counties, represented by an upward slope of 0.00019 and a downward slope of -0.0045
is comparable to that estimated in the base model. However, the slopes are steeper in Corn Belt
counties by 21% and 13%, respectively. These findings suggest that the yields are more sensitive
temperature changes in the Corn Belt than in other regions.

Table 4. Regression of Log Yield: Model that Includes Corn Belt Dummies.

Explanatory Variable Estimate SE

Intercept 3.226224633 0.034574565
Temperature Sum 1 0.000187273 6.81877E-06
Corn Belt * Temperature Sum | 4.24648E-05 1.29111E-05
Temperature Sum 2 -0.004512836 2.41895E-05
Com Belt * Temperature Sum 2 -0.000656286 7.08442E-05

Precipitation [100mm]

0.072321534

0.002975084

Corn Belt * Precipitation

0.021759842

0.007970369

Squared Precipitation -0.0086822 0.000304091
Cormn Belt * Squared Precipitation -0.006524732 0.000959175
State-specific Quadratic Trends Yes
County Fixed Effects Yes
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Changing Multiple Assumptions

To show how results change when assumptions are changed simultaneously, Table 5 provides thc
results of a model that uses yearly data, but changes the other five assumptions of the base model
The model in Table 5 uses a different method of calculating temperature exposure times, a differ
specification for time trends, includes Com Belt dummy variables, removes data from the 1950s
and 1960s, and uses only data from the months of July and August. For Corn Belt counties, the
upward temperature slope is similar to that estimated in the base model, but for other counties thi
slope is insignificant.

County fixed effects are not included in models that use long-term average data. Water holding
capacity and soil type remain relatively constant through the study period. The coefficients for

water holding capacity and soil type are positive, as expected.

Table 5. Regression of Corn Log Yield: Using July-August Yearly Data and Changing
QOther Assumptions of the Base Model.

Explanatory Variable Estimate SE
Intercept 3.851746039 0.06170912
Temperature Sum 1 3.8961E-05 2.52009E-05
Corn Belt * Temperature Sum 1 0.000217446 4.69089E-05
Temperature Sum 2 -0.006748523 6.42272E-05
Corn Belt * Temperature Sum 2 -0.001427322 0.00017963
Precipitation 0.060513901 0.004733167
Corn Belt * Precipitation 0.179874048 0.010048566
Squared Precipitation -0.010489898 0.000919692
Corn Belt * Squared Precipitation -0.038698528 0.002013212
State-Specific Two-Knot Trends Yes

County Fixed Effects Yes

Time trend knots: 1982 and 1999.

Impact of Climate Change on Corn Yield

The impact of climate change is measured as the average percentage corn yield change between
current yield levels and predicted yields in the last thirty years of the twenty-first century (withou
technological change). The calculation is done by county. A weighted average is then computed
the Eastern United States.

The replication of Schlenker and Roberts (2009) using 1950-2005 data predicts that a 2°C
uniform temperature increase would decrease yields by 15.89% on average, while a 4°C uniform
temperature increase would decrease yields by 37.42%. These projected changes are comparable
those estimated by Schlenker and Roberts (2009) under these two scenarios: a 14.87% yield
reduction for a 2°C temperature increase and a 35.30% reduction for a 4°C temperature increase.
The impact does not change when the more recent data are included in the regression estimation.
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This replication predicts a 16.28% average yield decrease under a 2°C uniform temperature
increase and a 37.84% average yield decrease under a 4°C uniform temperature increase.

The results presented hereafter are based on climate scenarios rather than uniform temperature
increases. Table 6 presents the impacts of climate change on corn yield predicted by the base mo«
(first row) and by models where only one assumption of the base model is changed. For example,
under the RCP4.5 scenario of the CCSM4 climate model, the base model predicts a 44.6% yield
decrease relative to current yields. The predicted yield decrease only changes slightly if one of the
following model assumption changes: replacing quadratic time trends by two-knot time trends,
adding Corn Belt dummy variables, estimating temperature exposure times using a sinusoid with
domain [0, 2x] in lieu of the sinusoid with a domain of [0, «], and excluding data from the 1950s
and 1960s. Using July-August data instead of March-August data leads to a smaller yield decreas
of 40.8% under the RCP4.5 scenario of the CCSM4 climate model. When July-August data are
used and adaptation is assumed, a 32.5% yield decrease is predicted. The model that uses long-te:
average temperature and precipitation data instead of yearly data predicts a 22.2% yield decrease
under the same scenario. Using long-term averages leads to the largest change in the predicted
effect of climate change on com yields.

Table 6. Predictions of the lmpnet of Climate Change on Corn Yighds Using the Base Model and Its Modifications.
Scenario

Madel CCSMA RCP4S GFDL-ESMG RCP4.S GFDL-ESMIMRCP.S CCSMA RCPE.S GFDL-ESMIG RCPE § GFDL-ESMIM RCPRS
Base mode] ~44.0% 275 -23.3% -53.8% A6.0% 4.5

Usc of fp-knot tems frends 41.9% ; 2365 b4 1% -464% 3.

e of Jebv-Auapm dat A0 EH -560% A1l

Us of lang:-torm averpe data 2245 ) iy

Addition of Com Balt duumany arishley A78% 61.0% 5025

Change the exponge lime exliinath 4394 -6 5% A6t

Exthusion of data from the 1530y and 1940s -45.3% -BEA% AT.1%

Assume sdsemation (with fuby-Anpos dts) -323% A54% 315

The linear regression presented in equation (5) is used to conduct a sensitivity analysis based o
predictions from models corresponding to all combinations of assumptions. This sensitivity
analysis is important for determining how changing assumptions affect predictions of the impact
climate change. Coefficients obtained by estimating equation (5) confirm that results are most
sensitive to whether yearly temperature and precipitation data or long-term data are used. On
average the yield decrease is 18.0 percentage points smaller when long-term average data are use
than when yearly data are used. The source of this considerable difference is in the regression
coefficients. The second temperature slope is less steep in models that use long-term average dat:
compared to models that use yearly data.

Equation (5) was modified to include interactions between the indicator variables, where the
most pronounced are interactions involving LongTermAverageData. For simplicity these are t
only interactions kept in the final results. For a better visualization, however, the results are
presented as two separate regressions: one for predictions based on models that use yearly data, a
another for predictions based on models that use long-term average data.

Table 7 presents the sensitivity analysis of the predicted yield change. The table shows that wt
time-varying weather variables are used, the assumption to which the yield decrease prediction is
most sensitive is the warming scenario. On average the predicted yield decrease is larger by 19.3
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percentage points when the RCP8.5 scenario is assumed compared to when the RCP4.5 scenario i
assumed. The direction of this effect is expected due to more hot days under RCP8.5. The next
most important assumption in the prediction of yield change is the climate model. Relative to the
CCSM4 climate model, using the GFDL-ESM2G and GFDL-ESM2M climate models leads to
yield decreases that are smaller by 15.42 and 18.44 percentage points, respectively. This is caused
by lower temperature levels under the two GFDL climate models.

Table 7. Predicted Percentage Yield Change as a Function of Model and Prediction Assumptions.
Weather" Climate

Explanatory Variable Estimate SE Estimate SE
Totercept 4328406271 0277610017 -20,7874169 __ 0.526137274
Period of season
March-September -0.930247704 0.277610017 -1.751677279 0.505496342
March-October| -2.363947558 0.277610017 4.430832968 0.505496342
July-August 6.930927045 0.277610017 4.248763318 0.505496342
July-August (with Adaptation) 15.14665468 0.277610017
July-September 7.395350255 0.277610017 4.839376496 0.505496342
July-October 7.698047052 0.277610017 4.430832968 0.505496342
Temperature exposure method -0.430121468 0,148388796 -0.201364442 0.2913848449
Two-Knot Trend -0.285727607 0.148388796 2.276554642 0.291848449
Corn Belt Dummies -4,012212408 0.148388796 -17.90699738 0.291848449
Remove 19595 and 1960s Data -1.287737568 0.148388796  7.234356663 0.291848449
Climate model
GFDL-ESM2G 15.42375487 0.181738417 8.401930841 0.357439891
GFDL-ESM2M 1844320143 0.181738417 9.765180064 0.357439891
Warming Scenario
RCP8.5 -19.38345887 0.148388796 -11.30677075 0.291848449
N 672
R? 0.987

“The model labeled Weather uses weather measures for each year, while the model labeled Climate uses an average of’

weather measures across vears.

The period of the growing season used is also important in predicting com yield changes.
Including the later months of the corn growing season leads to slightly more pessimistic
predictions. Relative to predictions from models that use March-August data, yield decreases

predicted based on models that use March-September and March-October data are larger by 0.93
and 2.36 percentage points, respectively. In contrast, restricting data only to the most sensitive
phases of corn growth generally leads to more optimistic yield predictions. Relative to predictions
based on models that use March-August data, yield decreases predicted based on models that use
July-August data, July-September data, and July-October data are smaller by 6.93, 7.40, and 7.70
percentage points, respectively. When July-August data are used and adaptation is assumed,
predicted yield decreases are smaller by 15.15 percentage points compared to when March-Augus
data are used.

Yield decreases predicted based on models that include Corn Belt dummy variables are largert
4.01 percentage points compared to predictions based on models that do not include the dummies.
The use of a different sinusoid in the estimation of temperature exposure times, the replacement o
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quadratic time trends with two-knot trends, and the removal of data from the 1950s and 1960s only
have small effects.

Table 7 also presents the sensitivity analysis of the predicted yield change with models that use
long-term average data. The assumptjon change with the greatest effect is the inclusion of Corn
Belt dummy variables. Including Corn Belt dummy variables created predicted yields that are 17.9
percentage points lower. This is in contrast to the modest change from including Com Belt dummy
variables in models that use time-varying weather variables.

The other assumption changes whose effects are more perceptible in models that use long-term
average data are the exclusion of data from the 1950s and 1960s and the use of two-knot time
trends. Predicted yield decreases are smaller by 7.23 percentage points when data from the 1950s
and 1960s are not included compared to when these data are included. Predicted yield decreases ar
larger by 2.28 percentage points whern two-knot time trends are used compared to when quadratic
time trends are used. Similarly, to models that use yearly data, yield decrease predictions do not
change significantly when a different method of estimating temperature exposure times is used. Tl
rest of the effects of assumption changes are of the same directions and of comparable magnitudes
as those observed among models that use yearly data.

In some models, all six assumptions of the base model are changed. One such model uses long-
term average July-August data, state-specific two-knot time trends, and Corn Belt dummy
variables, estimates temperature exposure times with a sinusoid of domain [0,2x], and does not
exclude data from the 1950s and the 1960s. Using this model, the average predicted yield change
under the RCP4.5 scenario of the three circulation models is a 19.3% decrease. Under the RCP8.5
scenario, the average prediction is a 32.6 yield decrease.

Legend
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Figure 4. Predicted Percentage Corn Yield Changes under the Base Assumptions and the RCP4.
Scenario of the GFDL-ESM2G Climate Model.
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All predicted impacts of climate change presented so far are weighted averages of all counties
included. The impacts are not uniform across locations. Effects of climate change are predicted «
be less severe in northern U.S. counties than in southern counties. This disparity corroborates the
findings of Cai et al. (2013). As an example of the disparity, Figure 4 shows a map of the
predictions of the effect of the GFDL-ESM2G RCP4.5 scenario on com yields.

Conclusions

The goal was to determine the sensitivity of the predicted impact of climate change on corn yield
in the United States to changes in an econometric model of yield. Yield change predictions are
most sensitive to using long-term average data instead of yearly data. On average, roughly half o
the predicted yield losses go away when long-term average data are used. Long-term average dat
were expected to implicitly consider some adaptations (changing planting date or varieties) that i
missed in the models that use annual weather data and county fixed effects. Changing all model
assumptions, including the use of July-August long-term average data, the average prediction unc
the three circulation models is a 19.3% corn yield decrease under the RCP4.5 scenario and a 32.6
yield decrease under the RCP8.5. The yield loss predictions from all models in this study assume
that time trends do not continue. Note that Niyibizi (2019) finds that corn yields have been
increasing over 1% per year. So if technological change continues at the same rate, yields will
continue to go up, but at a slower rate. The predictions may overestimate the losses from climate
change since they ignore the possibility of innovations such as heat-resistant corn varieties or
varieties with shorter growing cycles. With the changes to the model, the predictions are within ]
range of predictions from Ricardian models and agronomic simulation models. While the results
largely confirm Schlenker and Roberts (2009), they do provide models with yield losses that are |
as large as Schlenker and Roberts predict.
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Enforcement of Formal and Informal Contracts and
the Development of the Local Dairy Industry in Algeria

Fateh Mamine and M’hand Fares

In Algeria, the development of the local milk value-chain goes through the coexistenc
an emerging formal contracting and the dominant informal contracting. Since the latt
encounters frequent enforcement issues that can destabilize the formal contracts. Our
article analyzes efficient enforcement mechanisms that can ensure a stable coexistenc
formal and informal contracting. Having recourse to the neo-institutional approach, w
test different hypotheses on the comparative efficiency of the contract enforcement
mechanisms using survey data collected in one of the main value chains of local dairy
regions in Algeria. Our empirical results mainly show that the formal contract is an
efficient mechanism to manage milk quality risks thanks to its contractually defined
renegotiation procedure that avoids terminations and litigation in case of problems wii
compliance to dairy standards. Contrary to the literature, we find that reputation and t1
is not an efficient mechanism for enforcing informal contracts without public supervis
and control.

Key words: Algeria, Contract, Enforcement, Formal, Informal, Milk Sector

At independence in 1962, the production of local milk in Algeria was provided by an archipelag
of small regional value chains of production and consumption. Faced with administrative
management failures during the 1970s, the public policy abandoned these local value chains and
turned to milk powder imports to ensure the needs of an Increasing population in dairy products.
The debt crisis in the early 1990s reactivated the need for a vast rehabilitation program of the loc
dairy value chains to guarantee food sovereignty (Ghozlane, Belkheir, and Yakhlef, 2010; Fares
and Mamine, 2018; Daoudi and Bouzid, 2020). To encourage dairy farmers to improve breeding
practices and the safety and physicochemical quality of milk to meet the requirements of
industrials, an incentive program with investment and production subsidies was set up. To be
eligible for these subsidies, farmers must engage in a process of certification of their farms (healt
approval) and sign a formal contract for the delivery of their milk to a collection center. This
contract stipulates a payment according to the milk quality and, in case of non-compliance,
especially in case of safety problems, the possibility for the buyer to reject the milk delivered.
Farmers who refused to join this program, or who did not have access to it because they are
smallholders, could continue to sell their milk under informal contracts. In the early 2000s, a
second version of the program to rehabilitate the local dairy chains introduces the possibility of
subscribing to a less restrictive certificate (health certificate) with some subsidies (Mamine, 2016
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However, despite these incentives, most of the local milk production continues to be traded unc
informal contracts (Souki, 2010).

In this article, we analyze Algerian local milk value chain development when two contract f¢
coexist and the dominant form remains the informal contract. We mainly focus on the enforcen
problems of these two types of contracts and their impacts on contract stability. Having recours
the neo-institutional approach, in particular the theory of incomplete contracts, we derive three
testable hypotheses on the effectiveness of the enforcement mechanisms that could ensure their
execution and stability.

We test these hypotheses using survey data that we collected in one of the main local dairy
value-chain in Algeria (Souk Ahras region). We characterize the value chain as a chain of cont
set up around a nexus driven by collection center. This chain has two stages: the first stage witl
upstream contracts between farmers and collection centers and the second stage with downstre:
contracts between collection centers on the one hand and industrial processors or artisanal
processors on the other hand.

To implement hypotheses testing, we define proxies for the major enforcement problems in
contracts (quantity of milk rejected by the collection center or dairy; the number of renegotiatic
outside of the contract; the number of contract terminations giving rise to dispute, etc.). We als
collected data characterizing the enforcement mechanisms of the two contract forms: (i) the
renegotiation clauses; (ii) trust and reputation; and (iii) monitoring and control by a public thir
party.

Our statistical tests highlight some interesting results regarding the enforcement and stability
both contracts. First, the formal contract seems to be a particularly stable form of contract, able
manage the hazards related to milk quality by using a contractually defined renegotiation proce
(“in-contract” renegotiation). This is efficient when quality hazards lead to milk rejection for n
compliance without generating a breach of contract or dispute.

In contrast, the informal contract is much more unstable with a significant higher number of
contract renegotiations or terminations with dispute. This instability of the informal contract is
partly explained by the relative inefficiency of its main enforcement mechanisim, i.e., the reput:
and trust mechanism. Indeed, we find that the degree of reputation and trust in informal contrac
not significantly higher than in formal contracts and does not prevent terminations and/or dispt
That is, private enforcement mechanisms seem to be less efficient in the case of informal contr
Finally, we find that the threat of third-party intervention in informal downstream contracts ma
counterbalance for the inefficiency of reputation and trust mechanism by disciplining behavior
Indeed, our results show that more frequent controls by the fraud and veterinary services can
enforce informal contracts between collection centers and artisanal processors since non-
conforming milk is then more often rejected, and renegotiations do not end up in a dispute beft
judge.

The remaining sections are organized as follows. Section 2 presents the context of our surve
and the major issues at stake in milk quality management in dairy local value chains in Algeria
Section 3 describes the analytical framework and the derived hypotheses as well as the test
variables collected in our surveys. Section 4 presents and discusses the results of our statistical
tests. Section 5 gives some concluding remarks and directions for future work.
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Background

The rehabilitation program of the local milk value chain in A.lgeria,_set up in the 1990s.t0 reduc
imports of milk powder and ensure food sovereignty, makes III possible to stop the decline ar?d
ensure the revival of the collection of local milk under administered (formal) contract (see Figu
1). Even though milk collection is still largely done under informal contracts, the existence of
formal contracts makes it possible to meet the requirements of industrial processors regarding t
physio-chemical quality of milk. By positioning themselves as the most profitable segment than
to better quality milk, formal contracts make it possible to compete with milk powder imports ar
thus ensure the viability of the local milk value-chain, This strategy of differentiating formal anc
informal trade by quality (Mamine et al., 2021; Bouchetara et al.,, 2021) sheds light on the
economic and social limits of trading mainly with informal contracts.

First, from a public finance point of view, informal contracts escape to any kind of tax. Seconq
any safety standards and supervision of milk production set up by public policy cannot be enfore
which constitutes a risk for urban consumers willing to buy dairy products from local milk. This
may generate a “crowding-out” effect of the wealthier urban consumers in the local dairy market
Third, specific investment in storage and transport to deal with the perishability of milk (Yalkour
2007) cannot be developed using only informal contracting (Royer and Vézina, 2012; Dries et al.
2014).

Figure 1. Dynamics of milk production and collection in Algeria from 1969 to 2018.

To mitigate this problem of milk safety, the public policy tried to extend jts safety improvement
strategy to informal contracts. After the certification of farmers that sign formal contracts and
comply with milk safety standards (health approval), in the early 2000s a second version of the
rehabilitation program introduces the possibility to farmers with informal contracts of subscribing
to a less restrictive certificate (health certi ficate) (Mamine, 201 6). However, despite these
incentives and certification processes, most of the local milk production continues to be traded
under informal contracts (Djermoun et al., 2014). This transaction mode of the dairy sector is
especially present in emerging and less developed countries in Africa and Asia (Dieye et al., 2005;
Birthal et a, 2009, 2017; Buj et al., 2013; Kumar et al., 2017; Boimah and Weible, 202).
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The coexistence of formal and informal contracts in the same value chain is a source of tension &
may generate instability. To show how this instability due to milk quality management problems
may emerge, we collected data on the Souk Ahras milk value chain, one of the major milk chain
Algeria. We characterized the value chain as a chain of contracts set up around a nexus represen
by the collection center (see Figure 2). This chain has two stages: the first stage with upstream
contracts between farmers and collection centers, and the second stage with downstream contrac
between collection centers on one hand and industrial processors or artisanal processors on the
other hand.

Upstream, farmers provide milk to collection centers through formal and informal contracts. I
formal contracts, the most critical clauses are those related to the attributes of the physicochemic
quality of the delivered milk, where non-compliance can be refereed for various reasons: (i) curc
(sour) milk; (ii) milk with a low-fat content (< 3.4%); and (iii) milk with a low density. To provi
incentives for compliance, the contract stipulates a payment according to the quality of the milk,
and in case of non-compliance especially in case of safety problems the possibility for the buyer
reject the milk delivered (“in-contract” renegotiation procedure).

In contrast, informal contracts are less constraining. First, they give to farmers the option of
delivering curdled milk in variable proportions, while it is forbidden in formal contracts. Second
there no explicit obligations to reduce wetting density or skimming fat content practices since nc
rejection of milk delivered nor penalties are planned in the informal contract in case of non-
compliance (Mamine, 2016). That is, when a milk quality hazard occurs and there is evidence of
non-compliance with milk quality standard, an “out of contract” renegotiation procedure may tal
place to solve the problem.

Downstream, the main objective assigned to collection centers is the delivery of collected mil
industrial processor using formal contracts (FC in Figure 2) specifying the standard
physicochemical quality attributes of the milk (density, acidity, fat content). Any milk that does
comply with these quality requirements, especially curdled milk that is difficult to pasteurize, is
systematically rejected by the industrial processors. The rejected milk, returned to collection
centers, is resold to artisanal processors since their requirement for physicochemical quality of
is not so restrictive. Artisanal processing without pasteurization (curdling, churning, fermentatio
mainly produces Raéb (curdled milk), Lben (whey), and farm butter; all products highly prized |
the local population (Mamine et al., 2016). Besides the resold quantities, the collection center al
sells additional quantities to artisanal processors through informal contracts (IC in Figure 2).

Due to the absence of pasteurization in the artisanal processing process, the artisanal processo
are legally obliged to source exclusively from farmers having health approval. Procurement fror
collection centers is prohibited by Law, as the latter collect and mix milk from farmers having o
not health approval. Indeed, the collection centers use the same infrastructure and equipment to
carry out formal and informal exchanges and thus are unable to separate the flows of milk
according to their origin (Mamine, 2016; Fares and Mamine, 2018).

Since the relationships between collection centers and artisanal processors are illegal, a credit
threat of control by veterinary services and fraud services able to find evidence of milk non-
compliance to safety standard may discipline the behavior.
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Figure 2. Local milk chain of contracts in the Souk Ahras region.
Analytical Framework and Data
Analytical Framework and Hypotheses

While agency theory puts asymmetric information between parties and the trade-off between
insurance and incentives at the heart of contract design, incomplete contract theory mainly focus
on enforcement problems (Hart, 1995; Aghion et al., 2015). These contract enforcement problen
can be explained by two main reasons.

First, in contrast to Agency contract theory, hazards are related to verifiability problems, i.e.,
contracting parties may observe the true information but not the third party (a court or a judge). ]
example, let us suppose conversely that the third party can observe ex post the same information
than contracting parties, then even if the initial contract is incomplete because of parties boundex
rationality and/or high writing costs (Klein,1996; Williamson, 1985, 1996), the third party can
always complete the contract by “filling-in the gaps” (Ayres and Gertner, 1989).

"The second reason that explains enforcement problems of incomplete contracts is renegotiatio
Indeed, if the condition of non-verifiability is necessary, it is not sufficient to generate enforcem
issues. Even if the third party cannot observe the true information, it can still induce the parties t
tell the truth by setting up a revelation mechanism inspired by the Salomon’s judgement (Moore
and Repullo, 1988; Maskin and Tirole, 1999). The only case where the third party can no longer
complete the contract is where both parties cannot prevent themselves to renegotiate the revelati
mechanism (Segal, 1999; Hart and Moore, 1998).
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If the two previous conditions may generate together enforcement issues, this does not howex
imply that only an informal or “at-will” contract (Hart and Moore, 1988) can be signed. Chung
(1991) and Aghion, Dewatripont, and Rey (1994) show that if the third party can verify a stand:
trade (minimal quantity or quality), then a formal contract specifying a minimum quantity or
quality of the good can be enforced in the case of disagreement or dispute during the renegotiat;
process (Fares, 2007). In the case of enforcement problems in local milk contracting, the latter
result implies that a formal contract between a farmer and a collection center specifying that eit]
the farmer delivers milk compliant with an observable quality standard or it is rejected, is an
enforceable contract. Indeed, in case of a dispute that comes before a judge, the latter has only t
verify that evidence of milk non-compliance provided by the collection center through, e.g., a
report of testing results on milk quality, is mentioned in the (initial) formal contract as a cause ¢
milk rejection. If it is true then the judge cannot do anything else than enforce the formal contra
and thus the rejection decision.

The milk rejection clause defines the “in-contract” renegotiation procedure since it simply sa;
how to renegotiate the contract in case of non-compliance to quality standards. Since the third p
always enforces the clause, there is no possibility of “out of contract” renegotiation which may
leave the opportunity for the farmer to cheat.

Hypothesis 1: A formal contract can mitigate the enforcement problems due to milk quality
management by designing an “in-contract” renegotiation procedure that alleviates opportunism
renegotiation, early termination problems and dispute.

In contrast, when parties can sign only implicit or informal contracts, defined as “informal
agreements and unwritten codes and conduct that powerfully affect the behavior of individuals”
(Baker et al., 2002), renegotiation or disputes are settled according to informal or social norms «
behavior. These informal codes of conduct that sustain informal contract, or relational contracti
can be both economic and sociological (Dyer and Singh, 1998; Lazzarini et al., 2004).
Economists have pointed to self-enforcement, i.e., the value of future relationships, as the main
mechanism through which informal contracting operates (Klein, 1996). In general, self-
enforcement acts by making profits obtained in the long term, if the relationship is maintained,
exceed those that can be obtained in the short term from opportunistic behavior. Accordingly, tr
performance is not secured by the threat of legal enforcement, but instead by the threat of the
relationship termination.

In contrast, the sociology literature has pointed out the value of social norms that emerge fror
previous trade, such as reciprocity and social embeddedness, even if it is not in their self-interes
do so (Gulati, 1995; Rabin, 1993; Uzzi, 1997). In any case, it can be detived from both perspect
that informal or relational contracting is largely sustained by trust and reputation that emerges fi
the norms and values encouraged by repeated trade (past and future). Both approaches argued tt
the presence of reputation and trust may discourage formal contracting because trust and reputa;
offer less costly safeguards than complex contracts (Noteboom et al., 1997; Scott, 2003). Some
authors have even argued that the two safeguards may weaken one another. Particularly,
excessively formal contracts may undermine the operation of informal safeguards by “crowding
out” the individual willingness to cooperate (Fehr and Géchter, 2000; Lazzarini et al., 2004).
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Hypothesis 2: Reputation and trust, as enforcement mechanisms, are more tailored to informal
contracts than formal ones. Moreover, formal contract and trust/reputation mechanisms are more
substitutable than complementary.

Therefore, if the farmer is afraid of losing his reputation or if he always trusts his partner, then
will never cheat in the renegotiation and thus never breaches the contract relationship even in the
case of disagreement.

A second enforcement mechanism of informal contracting that can make reputation and trust
mechanism more credible is the monitoring and supervision mechanism. As shown by efficiency
wage models (Weiss, 1991), more intensive monitoring increases the probability of cheating
behavior detection (Frey, 1993) and thus the cost of informal contract breach. The problem with
informal contract is that in the case of breach for non-compliance, the farmer’s best reply can be
sue even if he may lose his reputation. The collection center may indeed encounter difficulties to
provide hard evidence of non-compliance since there is no formal contract defining explicitly the
milk quality standard to comply with. Therefore, the judge may not enforce the collection center
milk rejection decision and the latter may even be required to pay damages. A non-enforcement
milk rejection by the judge may set a legal precedent that encourages farmers not to comply with
quality standards.

To discourage the farmer to sue, the supervisor of the quality standard must be: (i) a third part;
that may provide an independent report on milk quality; (ii) the party who also defines the standa
since the informal contract cannot define explicitly the standard to comply with. That is, the
supervisor mmust be the public entity in charge of milk quality regulation, e.g., veterinary services
fraud services. Fares and Rouviére (2010) shows that in food safety regulation, a credible threat c
public supervision of quality standard in case of default is necessary to discipline behavior in val
chains.

Hypothesis 3: Monitoring by the third party in charge of the mandatory quality standard may
reduce dispute and terminations in informal contracts.

Material and Data

The survey was done in 2014. Tt is based on three complementary surveys in the Souk Ahras
region. The latter is one of the biggest dairy basins in Algeria with a production of 90 million lite
per year and where 64% of the local milk is marketed through informal contracts, and 36% with
formal contracts which is slightly higher than in the national average (DSA, 2021). In the first
survey, we have 77 questionnaires that deal exclusively with formal and informal contracts betw
dairy farmers and collection centers. In the second, we surveyed 12 collection centers in the 17
collection centers of the region (having a total of 763 contracts with dairy farmers). In the third, 1
surveyed only one industrial dairy in the region and 18 representative artisanal processors (9 in tt
large town of Souk Ahras and 9 in the neighboring villages).

In the different surveys, we collected indicators that can be proxies of enforcement problems i
upstream and downstream contracts. In upstream contracts between dairy farmers and collection
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centers, the quality management problem is the most critical variable that may generate
enforcement issues. Following Boehm (2022) we choose the number of milk quantity rejected, t
quantity discarded, and the quantity of curdled milk, as indicators of non-compliance to the milk
quality standard and thus a source of renegotiations and dispute.

To measure the enforcement issues that may occur between the farmers and the collection
centers due to these problems of milk quality management, we collected proxies such as : (i) the
number of renegotiations per year; (ii) the number of terminations and disputes per year. To get
indicators of the enforcement mechanisms in formal and informal contracts, we build polytomot
variables to catch: (i) the level of trust that the farmer may have on its collection center (using a
scale from 0 (no trust) to 3 (full trust)); (ii) the reputation level of the farmer (dummy variable:
high/low level). We also have a measure of the collection center monitoring activity since we
collected the number of “private controls” per year done by the collection centers in the contrac
dairy farms.

Regarding the downstream contracts, we collected first a measure of the dedicated assets
developed by the collection center (ratio of collected quantities on its storage capacity), and a
measure of the public monitoring and control of informal contracts through the number of “publ
controls” done by public officers (fraud control and veterinary services) in the artisanal processc
To test the validity of our hypotheses and analyze the comparative effectiveness of contract
enforcement mechanisms through the proxies defined above, we mobilize parametric and non-
parametric tests adapted to our data (Student's test and Mann-Whitney test for means, Spearman
Pseudo R? and Pearson's R? for correlation test).

Results and Discussion
Upstream Contracts between Farmers and Collection Centers

During the administered economy era, milk collection was first developed by peddlers attached
dairy shops who bought milk from roadside farmers. Informal contracts were almost the only to
of coordination between collectors and farmers. In the absence of coercive state enforcement
mechanisms, the enforcement of informal contracts is based on informal enforcement mechanis:
such as reputation and relationships of trust built up over time (North, 1990). Under the impetus
policies subsidizing official collection (collection bounty, subsidies for collection equipment) fr
1990°s onwards, a large number of peddlers turned to the official collection for industrial
processors. In the Souk-Ahras region, there are more than 35 collection points attached to 15
private collection centers.

With the emergence of the formal status of the collection centers and the increase in the milk
quality requirements, formal contracting has been developed to guarantee both the quantities an
qualities required by the industrial processors. This gives rise to more detailed clauses to ensure
some crucial milk dimensions (density, fat content, acidity, daily quota) that generates 95% of
disputes between collection centers and farmers. To solve the dispute that may emerge from mil
quality issues, parties may have recourse to two private enforcement mechanisms: (i) renegotiat
process contractually defined; and/or (ii) trust and reputation.
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“In-Contract” vs. “Qut-of-Contract” Contract Renegotiation Process

In formal and informal contracts, the first enforcement mechanism in case of milk quality issu
renegotiation. As shown by Table 2, the number of renegotiations in both contracts is not
significantly different (p < 0.05), but the nature and the objective of the renegotiation are not t}
same. Indeed, the main objective of renegotiation in formal contracting is to enforce the contra
case of milk rejection. In contrast, in informal contracting the main issue is not so much the cal
(milk rejection) than the consequence of the renegotiation that may lead to termination of the
contract. This difference can be explajned by the design of the renegotiation process: in formal
contract, the renegotiation process is contractually defined and supervised (“in-contract”
renegotiation), while due to its implicit nature the renegotiation in the informal contract cannot
contractually defined and thus follows an “out-of-contract” process.

The main interest for collection centers of using formal contracting lies in the possibility of
refusing non-compliant milk without termination. Indeed, with formal contracting the farmer
commits to achieving different objectives regarding the physicochemical quality of milk, and t}
in case of non-compliance he has to accept milk rejection decision by the collection center as a
penalty for under-investment and/or poor management of the milk quality. In this case, the state
non-compliance with the standard is only declared after a contractually defined assessment
procedure and carried out by the collection center.

For the collection center, the assessment of physicochemical quality parameters involves hig|
measurement costs (transaction costs) due to equipment and time spent in the assessment proce:
of acidity color indicator for curdling, lactodensimeter for density (Barzel, 1982). The technolo
for assessing fat content is not only very expensive but also difficult to master for small collecti
centers. Therefore, the collection center has no incentive to cheat in the renegotiation process
because the assessment procedure is costly and contractually supervised. If a dispute emerges ei
because the center does not follow the assessment process defined in the contract and rejects mi
in bad faith, or because the farmer does not accept the rejection decision while the assessment
procedure is consistent, a third party (e. g, a court) can verify the assessment procedure and can
punish the cheating party (Aghion, Dewatri pont, and Rey, 1994). Since this threat is credible, th
probability of a dispute in leading to the termination of the formal contract is rather low. This is
exactly what we observe in Table | and this result confirms our hypothesis 1.



162 Fall 2021 Journal of Agribusi

Table 1. Student Test on Indicators of the Contract Renegotiation Process.

. Type of Contract
Mo FCs iCs Threshold of Signification
Number of 0 0.55 0.325
Number of rejections/year 3.92 0.17 0.032
Number of terminations/year 0.04 1.07 0.001

In contrast, in informal contracting the collection center cannot rely upon “in-contract”
renegotiation process since informal contracts are implicit and thus not verifiable by a third party
The main issue is then how to discipline the farmer’s behavior and make credible his commitmer
on quality standard compliance, specific investments in conservation and transport (fo avoid
curdling milk), and the adoption of good production practices to improve the density and fat
content of the delivered milk? The first enforcement mechanism that the collection center
implements is “private supervision” with on-farm quality controls. However, as shown in the
following Table 2, the Mann-Whitney U-test result on the correlation between the number of
farmer/collectors disputes and the regularity of quality control does not allow to reject the null
hypothesis HO of equality of the two samples at 5% level (p < 0.876). In other words, the control
carried out by the control center seem to be not credible enough to discipline the behavior of
farmers.

Table 2. Mann-Whitney Test on the Number of Disputes and Regularity of Quality
Control by Collection Centers.

Regular control Number of disputes between collectors and farmers (times/year)
by collectors Mean SD N Mann-Whitney Test
No 134 26.13 5 .

S t level 0.876
Yes 485 6.14 7 ignificant level 0.8

Trust and Reputation Mechanism

When there is evidence of non-compliance, collection centers cannot mitigate the opportunistic
behavior through farmer supervision and thus an “out-of-contract” renegotiation takes place. Thi
renegotiation process can take two forms according to the reputation of the farmer.

When non-compliance is occasional and the farmer has a good reputation, the collection cente
settles for a slight penalty by accepting the milk delivery with a lower renegotiated price. The
collection center can justify its lower renegotiation offer by the fact that non-compliant milk can
resold only to artisanal processors that offer a lower price than industrial processors. If the farme
accepts the renegotiation offer, there is no dispute and thus the contract is enforced and non-
terminated.

When the farmer has a bad reputation and a history of non-compliance, especially if the latter
occurs in the spring, the collection center will choose breach of contract instead of price
renegotiation. Terminations of contracts are frequent in the spring due to milk quality problems :
thus severe rejections of milk by industrial processors. Since there is an excess supply in spring,
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secondary market with the artisanal processors is close to saturation and then the collection cen
cannot find alternative buyers for all the quantity rejected by industrial processors. That js, the
center has to sort the non-compliant farmers having informal contracts and breach contracts wit
farmers having a bad reputation,

According to our hypothesis 2 collection centers and farmers rely on trust and feputation to
enforce their informal contracts since they cannot recourse to a third party to verify the clayges |
their implicit contract, However, our data do not provide evidence for this hypothesis. The resul
highlighted by the analysis in Table 3 show: (i) an absence of significant bilateral correlation
(Spearman’s Pseudo R2 equal to — 0.095 significant at p < 0.4] 1) between the type of contract a
the level of trust of farmers; and (ii) an absence of sj gnificant correlation between the reputation
the farmer and the type of contract (Spearman Pseudo R2 equals 0.44 significant at p < 0.505),

Table 3. Farmer Trust and Reputation,
—————=L_Tusi and Reputation, _

FC IC

zero 4% 0%

Trust level o o st
average 12% 21%
strong 84% 5%
. low 40% 48%
Reputation level ston 50% 52%

Number of contracts 25 52

contract” renegotiations and dispute (Table 1).
Note that, even if informal contracts are clearly less stable contracts than formal ones, this does
not mean that trust and reputation do not play a key role in enforcement. Otherwise, the percentag

Downstream Contracts between Collection Centers and the Industrial Processor

Since the formal institational framework of the milk chain obliges the collection centers to write an
exclusive delivery contract with a single industrial processor, the former may face a monopsony
Power since their supply capacity is very limited compared to the industrial processor capacity.
Therefore, the industrial may impose the most restrictive clauses (e.g., higher threshold for fat
content, hard delivery schedules, more frequent deliveries per day and per week, hi gher or erratic
daily milk quota to be delivered...). Moreover, due to the asymmetry in the capacity to measure
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physicochemical parameters the industrial may be opportunistic since the measure is non-verifia
by the collection centers. Therefore, the collection centers can be suspicious of the measurement
made by the industrial processor since as reported in our survey where 11 out of 12 collection
centers do no more trust the industrial measurements.

The collection centers react by transferring this constraint to upstream contracts with farmers
reduce non-compliance at the farm gate. In formal contracting, the situation is planned in the
contract: (i) in case of rejection for non-compliance with safety standards, there is no payment; (
in other cases, the bonus-malus for milk quality is applied. In informal contracting, when there i
non-compliance with safety standards, milk is only rejected and there is no payment. As explain
above, when non-compliance is on milk quality and and/or does not occur during a season with
structural oversupply (spring or summer), the collection center renegotiates quantity delivered a
lower price.

To empirically confirm this result, we tested the correlation between the quantity of milk reje:
by dairies and the number of conflicts between collection centers and producers according to
season (Table 4). Our results show a significant correlation at the threshold of 5% in spring and
10% in summer. There is indeed a strong seasonality in the stability of contracts, because in spri
the excess supply and curdling of leads to termination and dispute in many informal contracts.

Table 4. Pearson Correlation between the Amount of Milk Rejected and the Number of Disputes
between Collection Centers and Farmers.

Spring Summer Fall Winter
Pearson Correlation 0,641%* 0.562* -0.149 -0.138
Significant (bilateral) 0.025 0.057 0.644 0.67

**The correlation is significant at the 5% threshold (p < 0.05); *the correlation is significant at the 10% threshold (p < 0.10).

However, this problem of structural oversupply in spring and summer would not have a
destabilizing effect if the collection centers were able to ensure sufficient raw milk storage capa
(cooling tanks). That is, the contract relationship between farmers and collection centers is plag
by double moral hazard (Bolton and Dewatripont, 2005): if the farmer may under-invest in milk
safety equipment in his farm, the collection center may also under-invest in the milk conservatic
equipment that may be at least partly responsible for the deterioration of the physicochemical
quality of milk that tumns by curdling. To test this hypothesis, we calculated the ratio of the quan
collected daily on the storage capacity of the collection centers, according to season.

In Figure 3, since the ratio varies from one season to another while the storage capacity remai
constant, then there is a seasonal effect in the quantities collected. The annual ratio is less than
which means that the collection centers have set up an annual storage capacity greater than the t
quantity collected during the year (+21% on average). For three seasons of the year (summer, fa
and winter) the average daily quantities collected by the collection centers are less than the (dail
storage capacity. However, the spring season upsets the equation with its oversupply since the
collection centers end up with a 31.8% capacity shortage.
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Figure 3. The Ratio Quantity Collected/Storage Capacity.

Since in spring the collection centers cannot manage the peaks of milk collection, the
underinvestment in capacity implies that curdled milk not sold to the artisanal processors must by
destroyed. We find indeed a strong correlation between the quantity of curdled milk collected
during spring and summer and the quantity of milk destroyed by the collection centers (Table 5),

Table 5. Pearson’s Correlation between Curdled and Destroved Milk Quantities by Collection Centers,
Spring Summer Fall Winter

Pearson Correlation 0,712%* 0,576* 0.323 -0.13

Significancy (bilateral) 0.009 0.05 0.305 0.687

N 12 12 12 12

**The correlation is significant at the 5% threshold (p £ 0.05); * the correlation is significant at the 10% threshold (p<0.10),
Downstream Contracts between Collection Centers and Artisanal Processors

By law, only farmers with health approval can provide milk for artisanal processors since due to t
absence of pasteurization in artisanal processing, only approved farms can be certified by the pub
authority. But in fact, artisanal processors use several suppliers at the same time to cover their
needs for raw and curdled milk. First, artisanal processors have recourse to non-approved farmers
because only 50% of the supplying farmers have health approval, as shown in Table 6 below.
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Table 6. Activity and Main Procurement Sources of the 18 Artisanal Processors Surveved,

Min Max Mean SD
Processing capacity (in liter/day) 30 1500 535.38 + 358,39
Collection centers 0 2 0.94 + (.63
Suppliers total 0 13 2.94 +3.11
Farmers I Fhealh 0 100 50.64 +42,53
Frequency of public monitoring (times/yvear) 1 36 11,27 +8.90

Supplies coming from collection centers can be supported only by informal contracting since
they are prohibited by Law. The consequences of using only informal contracting are twofold. C
the one hand, only informal enforcement mechanisms (trust and reputation) can be used. On the
other hand, both partners are subject to controls and possible sanctions by public authorities. Th
public control carried out by the frand repression services (joint commission of the Directorate ¢
Trade and Veterinary Services) aims at verifying, among other things, the traceability of milk
processed in artisanal processors. One of their objectives is to avoid the milk flows rejected by t
industrial processor for non-compliance but resold by collection centers through informal contr:
to artisanal processors. To avoid cheating behavior, the artisanal processor risks legal proceedin
with possible penalties that can reach 350,000 DA! and the suspension of its activity in case of 1
compliance with the safety standard.

Our results in Table 7 show a very significant and positive correlation (Pearson’s R2 equal to
0.685 significant at the 1% threshold) between the frequency of public control and the increase
milk rejections, as well as the reduction of disputes in case of renegotiation. This clearly proves
the threat of frequent public control (once a month on average, see Table 6) may discipline the
behavior of artisanal processors and collection centers: milk that does not comply with the safet
standard is more often rejected and disagreements in renegotiation do not lead to public dispute:
before a court. This result confirms our hypothesis 3.

Table 7. Pearson’s Correlation Between Public Monitoring Frequency and the Number of
Conflicts and Refusals.

Number of refusals

Number of conflicts

Public controls
frequency

Pearson Correlation 0,685%* -0.266
Sig, (bilateral) 0.007 0.358
N 14 14

**The correlation is significant at the 5% threshold (p < 0.05).

The threat of a frequent public control may however not be sufficient by itself to discipline th
behavior of both parties. Recall that 50% of the milk provided by farmers continues to be illega
because it comes from unapproved farmers, which reduces the credibility of a financial sanctior
after a public control by the veterinary service.

To make the financial sanctions credible in case of non-compliance with safety standards,
another stage is added to the enforcement mechanism. Suppose that despite the threat of a publi
control disagreement during the renegotiation turns into a public dispute that comes before the

! About $2,500 in 2021,
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court. Then, both parties may suffer high monetary penalties as indicated above (eslneciauy the
artisanal processors) because previous illegal practices recorded by public officers during the
control are sent to the court and provide evidence of illegal practices and behavior, Thg, is, the
intervention of a judge may disclose information on illegal contractual practices that would
otherwise have remained hidden as long as the parties comply with the safety standard (rejectio
non-compliant milk) and the stability of the contract (renegotiation without dispute) (Baker and
Choi, 2018).

Reputation, as additional mechanism, may limit dispute between collection centers and artisa
processors, As seen above, in case of g dispute that comes before the court one or both parties 1y
not only lose money but also their reputation in case of information disclosure by the court.
Reputation can also matter even without Jjudgment. Suppose that during the renegotiation, the
artisanal processor tries to increase its bargaining power by threatening for non-payment and leg
action. The faulty artisanal processor may lose its suppliets since information about this type of
dishonest behavior (non-payment) may move around quickly among the “small world” of
collection centers in the dairy basin. That is why artisanal processors always end up agreeing to
settle on the terms of payment for the quantities delivered by the collection centers.

Bargaining power-sharing among the partners in the last enforcement mechanism can also
explain the “no dispute” outcome in renegotiation. There is indeed a sort of pendulum swing in 1
bargaining power during the year, which ensures a kind of balance during the renegotiation phas
The artisanal processors impose their prices and the quantities to be delivered to the collection
centers during the oversupply season (spring) and thus get the whole bargaining power. The
bargaining power allocation is reversed during the rest of the year when the milk production
decline from the summer and lasting until the end of the winter. The collection center gets then t
whole bargaining power and thus increases prices and reduces the quantities delivered. Especiall
during the month of Ramadan, when demand for artisanal dairy products is at its peak and the
collection centers may increase their sales by 30% and double their market price (7 DA/liter to |
DA/liter). Even in this situation, it can be efficient for the artisanal processors to maintain their
informal contracts with the collection centers to obtain supplies of raw and curdled milk, even if
small quantities provided are renegotiated at a higher price.

Conclusion

In Algeria, public policy tries to develop a local milk value-chain by encouraging the adoption of
formal contracts and milk quality standards that meet the requirements of industrial processors.
However, the formal contractin € must coexist with a milk collection that is still mostly done
through informal contracts. The latter encounter frequent enforcement problems because of their
difficulty in managing milk quality hazards, particularly in the spring, and this can destabilize the
formal contracts. Seasonality of supply and demand for dairy products is an exogenous factor to
‘ontract arrangements, but it generates instability and dispute in formal and informal contracts
which reduce the enforceability of the contracts
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Our paper aims at analyzing the efficient mechanisms to reduce the enforcement problems of
these two contract forms and thus determine the conditions for a stable coexistence. Our empirical
results are in line with recent literature on formal and informal contracting interaction (Gilson et al
2010; Asaad et al., 2018; Baker and Choi, 2018; Boehm, 2022) and validate the hypothesis that
formal contracts are efficient in dealing with milk quality problems. Indeed, in the event of a milk
quality issues that leads to delivered milk rejection, the contract renegotiation is strictly framed by
procedure explicitly defined in the formal contract and that a judge can easily implement. This
limits contract terminations and dispute.

Conversely, our data do not confirm the hypothesis often put forward in the literature that
reputation and trust mechanisms are sufficient to ensure the self-enforcement of informal contracts
Our data even show that the degree of trust and reputation is higher in formal contracts and
represents an additional mechanism of their stability. But our results support the hypothesis of an
efficient public intervention through supervision and control of safety and fraud services. The thre:
of sanctions for illegal activities, particularly in the case of non-compliance of the delivered milk
with the safety standards, significantly limits dispute and instability of informal contracts.
Therefore, this public monitoring mechanism mitigates the failures of the reputation and trust
mechanism in the enforcement of informal contracts and thus is a necessary condition for the stabl
coexistence of formal and informal contracting in the local milk value chain. This our main
recommendation and point of vigilance for policy makers.

Besides this objective of mitigation of informal contract instability, it would be interesting for
public policy to develop complementarities between the two very distinct market channels of the
formal and informal dairy contracts. Indeed, the structuring and valorization of the traditional dain
products (raeb, Iben, etc.) and their informal dairy channel, especially among urban consumers
willing to pay higher prices for these traditional dairy products, would make it possible to scale up
the development of the local milk value chain beyond the substitution to milk powder import
objective. This is one of our research limitations in addition of those regarding the survey scale du
to the number of stakeholders and the nature of their activities. We leave these interesting issues ft
future developments in our research agenda.
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An Analysis of the Increase in
Fresh Sweet Potato Consumption in the United States

Wesseh J. Wollo and Linda Abudulai '

Linear regression analysis was used to analyze whether the increase in sweet potato
consumption in the United States since 2001 is due to the impacts of changes in the r
retail price of fresh sweet potatoes, real disposable personal income, real retail price ¢
fresh white potatoes, or tastes and preferences. Results show that sweet potato price,
disposable income explain some of the changes in consumption, but a significant amq
of the increase in consumption remains, suggesting that consumer tastes and preferen
have changed.

Key words: Income Elasticity, IJpomoea batatas, Price Elasticity, Regression Analysi
Sweet Potato, Time Trend

The sweet potato (Ipomoea batatas) is one of the world important food crops due to its nutrition
contents, which offer important health benefits. The sweet potato is a rich source of vitamins A
C and E, and minerals such as magnesium, iron, cooper, potassium, and protein (Amagloh et al
2021). The sweet potato also contains antioxidant, anti-inflammatory, and anti-cancer propertie
(Amagloh et al., 2021), and because of its health benefits, the sweet potato is considered a
functional food. Functional foods have potentially positive effects on health beyond basic nutrit
(Zeratsky, 2005).

In the United States, the consumption of fresh sweet potatoes per capita has increased
significantly, from 4.37 pounds in 2001 to 6.69 pounds in 2020, an increase of 53%. During thi
period, many economic variables that affect consumption have also changed. The real price of
sweet potatoes declined 5% from about $0.19 a pound to about $0.18 a pound, the real price of
white potatoes decreased 21%, from $0.14 a pound to $0.11 a pound; and real per capita dispos
personal income increased 38%, from $34.216 billion to $47.241 billion. However, according t
Agricultural Marketing Resource Center, the increase in sweet potato consumption is due to the
increasing promotion of the health benefits of the sweet potato and not the decrease in the price
sweet potatoes.

Few studies have analyzed the consumption of sweet potatoes in the United States. The resul
these studies are out of date. The results, however, have been mostly consistent. A study by Ma
(1975) found that for white households, family income, number of meals eaten at home, family
are important determinants of weekly consumption of sweet potatoes. The study also found that
estimated relationship for non-white households was similar structurally to the white household
except the sample size was not large to yield statistically significant coefficients for some of the

Wesseh J. Wollo is a professor of agricultural economics and Linda Abudulai is a data science graduate stu
both with Cooperative Research, Department of Agriculture and Environmental Sciences, Lincoln Universi
Missouri, Jefferson City. Funding was provided by the U.S. Department of Agriculture under the National
Institute of Food and Agriculture, (Evans-Allen Grant; accession number #1025138.
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variables found important in white households. Nonetheless, price, consumer age, number of
households did show statistically significant coefficients .

Other research by Schrimper and Mathis (1975) found an inelastic commercial demand and an
elastic reservation demand. They also found that sweet potatoes and white potatoes are substitutes
and that the income elasticity of demand was not significantly different from zero in both demanc
relations. Another research by Wollo and Jones (1996) also found that the demand for fresh sweet
potatoes is inelastic, sweet potatoes and white potatoes are substitutes, and that fresh sweet potatc
is an inferior commodity.

The lack of recent research information on fresh sweet potato consumption in the United States
means producers, wholesalers, and retailers alike must rely on old research data when planning fc
production and distribution. Thus, the purpose of this research was to analyze whether the increas
in fresh sweet potato consumption in the United States is due to changes in the real price of fresh
sweet potatoes, per capita personal disposable income, real price of white potatoes, or tastes and
preferences. The research reported here is like that of Mathia (1975), Shrimper and Mathia (1975
and Wollo and Jones (1996) in that we used a demand relation in our analysis. However, our
research differs from the other authors in that we used the most recent data from 2001 to 2020,
whereas the previous authors used data from various sample periods between 1949 to 1996.

Materials and Methods

To analyze the demand for sweet potato in the United States, we use a quantity-dependent deman
model with a time trend variable as a proxy for changes in consumer tastes and preferences. We
formulate the general model as

(1) Q=1(P,PR,1, T)

where Q = quantity demanded of the commodity, P = real price of the commodity, PR = real pric
of a substitute or complement, I = real per capita deposable income, and T = time trend, a proxy f
changes in consumer tastes and preferences for sweet potatoes. The specific model is

2) InQS = Bo + B1InPS + B2InPW + B3InInc is + B4T + Ut

We expressed the form of the relationship in natural logarithm to obtain the elasticity coefficie:
directly, where InQS is the natural log of the quantity of sweet potato in pound per capita; InPS is
the natural log of the real price of sweet potatoes expressed in cents per pound [2012 = 100, Gros
Domestic Price Deflator]; InPW is the natural log of the real price of white potato, a related
product[2012 = 100, Gross Domestic Price Deflator]; Inlnc is the natural log of per capita real
disposable personal per capita income [2012 = 100, Gross Domestic Price Deflator]; T is the time
trend variable; and Ut is the disturbance term.

The coefficients to estimate are B0, B1, B2, B3, and B4. Economic theory postulates that the
sign of B1< 0, indicating inverse relationship between price and quantity demanded. However, B
> 0 if sweet potato and white potato are substitutes and B2< 0 if they are complements. Also, B3
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0 if sweet potato is a normal good (indicating that consumers buy more sweet potatoes at higk
incomes), and B3< 0 if sweet potato is an inferior good (indicating that consumers buy fewer
potatoes at higher incomes). Economic theory postulates no signs for BO and B4. The signs
associated with these coefficients may be either positive or negative. We used a statistical
significance level of 0.05 to evaluate the significance of the estimated coefficients. To estimat
model, we use yearly quantity and price data for sweet potatoes and white potatoes obtained f
the U.S. Department of Agriculture’s Economic Research Service website for vegetables and
and the per capita income data from the Federal Reserve Bank of St. Louis website. Table 1
presents variable identification and descriptive statistics.

Table 1. Variable Identification and Descriptive Statistics.

Variable

identification Description Mean SE Min  Max
Qs Quantity of fresh sweet potatoes per year (Ib.) 59235 0.2885 376  8.01
PS Yearly real price of sweet potatoes (8/1b.) (2012 = 100, GDP Deflator) 0.2045 0.0043 0.1708 0.236
PW Yearly real price of white potatoes ($/1b.) (2012 = 100, GDP Deflator) 0.11t 0.0043 0.079 0.153
Inc Yearly real per capita disposable income ($000) (2012 = 100, GDP Deflator) 39,331 783 34216 4724
T Time (rend NA NA 1 2

Results and Discussion

Table 2 reports the estimated regression coefficients. All the coefficients, except for the trend

variable, are in natural logarithm, so they are elasticities. The estimated regression has an R2 ¢
0.86 and a corrected R2 of 0.83. It also has a Durbin-Watson coefficient of 2.18. We evaluate:
Durbin-Watson coefficient at .05 significance level one sided with four explanatory variables
sample size of 20. The lower bound of the Durbin-Watson test, dL. was 0.90 and the upper bou
dU was 1.83. The reported Durban-Watson coefficient of 2.18 exceeded the dU, the upper bot
so we concluded the absence of autocorrelation.

The own price elasticity coefficient was statistically significant, and the sign was consistent
economic theory (Table 2). The price elasticity of demand for sweet potato was — 0.586. Thus
1% increase in the price of sweet potatoes (PS) would decrease quantity demanded by about 0
suggesting an inelastic demand over the sample period. This result is consistent with the resuls
reported in Schrimper and Mathia (1975) for commercial demand but inconsistent for the
reservation demand. The result is also consistent with the result reported in Wollo and Jones
(1996). Given the own-price elasticity of demand -0.586 (Table 2) and decline in the real price
sweet potato of 5% from 2001 to 2020, other things being equal, would have caused sweet pot
consumption to rise by 2.93%, from 4.37 pounds per capita to 4.50 pounds per capita.’

! These were calculated by substitution into the price elasticity formula: own price elasticity of demand (E
%AQuantity + %APrice. 0.586 = %AQuantity + 0.05. Therefore, %AQuantity = 2.93%, and 2.93% of 4.37
0.13 pounds. Increase in quantity = 4.37 Ibs. + 0.13 lbs. = 4,50 Ibs. Similar calculations were performed fc
effect of the change in income.
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The estimated income elasticity of -4.400 was statistically significant (Table 2). The income
elasticity suggests that for a 1% increase in per capita disposable income, quantity demanded would
decrease by 4.40%. The negative income elasticity coefficient suggests that sweet potato is an
inferior product. This result is in accord with Wollo and Jones (1996) and Mathia (1975), but
inconsistent with those reported in Schrimper and Mathia (1975). The income elasticity of demand
for sweet potatoes of -4.40 and the increase in real income of 38%, other things being equal, would
have caused sweet potato consumption to decline by 1.67%. Translating this into pounds and
holding other factors constant, would have meant a .073 pounds per capita decrease in sweet potato
consumption. Starting from 4.50 pounds per capita, consumption would have decreased to 4.43
pounds per capita.?

The estimated coefficient of -0.078 for the white potato price variable was not significant (Table
2). The negative sign suggests that sweet potatoes and white potatoes are complements. This result
is inconsistent with those reported in Wollo and Jones (1996), Mathia (1975), and Schrimper and
Mathia (1975) for commercial demand, but consistent with the results reported in Schrimper and
Mathia (1975) for reservation demand. However, because the estimated white potato price
coefficient was not significant, white potato price has no impact on the per capita consumption of
sweet potatoes over the sample period. This, however, does not mean that the price of white
potatoes is irrelevant in the analysis of sweet potato consumption in the United States. It may rather
mean that a large data set is needed to get the true pattern of sweet potato consumption.

The estimated coefficient of 0.090 for the trend variable was statistically significant. The
coefficient of 0.090 on the time trend variable and its estimated standard error of 0.0163 suggests
that, for the sample period 2001 to 2020 and holding all other variables constant, the percentage
annual rate of increase in per capita sweet potato consumption was 9.43%.

After considering the impacts of the real price of sweet potatoes and per capita real personal
income, fresh sweet potato consumption increased 4.43 pounds per capita. However, sweet potato
consumption increased to 6.69 pounds per capita in 2020, a difference of 2.32 pounds per capita
from 4.37 pounds per capita in 2001. This means that other factors besides price and income
contributed to the increase in consumption. Two other factors considered were expectations and
changes in consumer tastes or preferences. We discounted expectations because this variable is
only meaningful in a short-run situation, and not in a long-run situation such as a 20-year period.
The estimated result of 9.43% for the trend variable suggested that changes in tastes or preferences
explain a significant amount of the changes in sweet potato consumption.

2450 pounds per capita - .073 pounds per capita = 4.43 pounds per capita.
3 100{exp (0.090 - (0.0163)2/2} - 1) = 9.43%.
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Table 2. Results of Estimated Regression.

U.S. Sweet Potato Consumption Tre

8 ¥ Oulput
Regression Statistics
Multiple R 0.926017
R Square 0.857507
Adjusted R Square 0.819509
Standard Error 0.095121
Observations 20
ANOVA

df 5 MS F Significance !
Regression 4 0.816745 0.204186 22.567160 0.000
Residual 15 0.135719 0.009048
Total 19 0.952464

Coefficients Standard Errar t Stat P-value

Intercept 46243623 12.062420 3.833694 0.001627
inPS -0.586043 0.267586 -2.190108 0.044732 *
Inlnc -4.400700 1.174448 -3.747037 0.001943 *
trend 0.090410 0.016318 5.540559 0.000057 *
InPW -0.078356 0.129685 -0.604201 0.554739

Durbin-Watson 1.83, *Signifacant at p<.05.

Conclusions

Based on the results, the study concludes that sweet potato price and disposable personal in
explain some of the changes in sweet potato consumption in the United States, but a signific
amount of the increase in consumption remains. These changes are captured by the trend va
suggesting that consumer tastes and preferences have changed. The trend variable, however
not indicate why tastes and preferences have changed, despite the report by the Agricultural
Marketing Resource Center that the increase in sweet potato consumption was due to increa
promotion of the health benefits of the sweet potato and not due to the price of sweet potato
(https://www.agmre.org/commodities-products/vegetables/sweet-potatoes). Therefore, the i
variable should be interpreted with care. Further studies are needed to ascertain why tastes e
preferences have changed.

Limitations of the Study

This research updates the literature on fresh sweet potato consumption in the United States.

However, the results should be evaluated in the context of its limitations. One limitation is t
used a trend variable as a proxy to capture changes in tastes and preferences. But there are
factors that the trend captured besides tastes or preferences that we did not include in our m
Also, from the result of the trend variable we cannot tell why tastes or preferences changed.
study this change we need to know more about fresh sweet potato consumption in the Unite
States. What kind of people eat fresh sweet potatoes, where is it eaten, and when is it eaten?
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