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The Value of El Nifio Forecast Methods For the U.S.
Winter Wheat Producers, Do They Differ?

Abstract

The value of improved climate forecasts to winter wheat producers is estimated. Two El
Nifio/Southern Oscillation based forecasting methods are compared. 1n most regions, a five phase
approach ismore val uabl e than the more commonly used three phase approach. Economic valueand
distributional aspects have implications for producers, policy makers, and meteorol ogists.
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The Value of El Nifio Forecast Methods For the U.S.
Winter Wheat Producer, Do They Differ?

The 1997-1998 EI Nifio, an El Nifio/Southern Oscillation (ENSO) event, captured both the
scientific community’s and the general public’'s attention. Regularly, the news media reported
weather events whose cause was attributed to El Nifio. Although it is not possible nor correct to
attribute singleweather eventsto El Nifio, weather patternsexperienced over alonger timeframecan
be attributed to the phenomenon. The ability to attribute longer time period weather patterns to
ENSO events may provide the basis for improved climate forecasts. ENSO events are anomaliesin
the tropical Pacific, which are linked (tel econnected) to seasonal climate variations in parts of the
world (Bjerknes, Ropeleski and Halpert 1986, 1987, 1989; Kiladis and Diaz). Importantly, the
teleconnections are lagged, implying improved seasonal climate forecasts may be possible.

Classifying ENSO eventsis, however, not standardized. Current methodsrely on seasurface
temperature anomalies, sea surface air pressure differences across the Pacific, or some combination
of these and other weather parameters. Methods using sea surface air pressure differences rely on
the Southern Oscillation Index (SOI). Within the SOI, at least two different classification schemes
areused. The most commonly used method divides ENSO eventsinto three phases (3P): warm (El
Nifio), other, and cold (El Veijo or La Nifia) (Climate Prediction Center). A second method used
divideseENSO eventsinto five phases (5P): consistently positive, consistently negative, rapidly faling,
rapidly rising, and consistently zero (Stone and Auliciems).

Previous studies report the use of ENSO based forecasts may have value to producers at the
fiddlevel (Hill et al.; Mjeldeet al.; Marshal, Parton, and Hammer). Hill et al. show Texas sorghum
producers may increase expected profits by including 3P climate forecasts into their management

decisons. Their resultsare site and scenario specific with increasesin net returns ranging from 3.1%
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t0 132.9%. Using experimental plot data, Mjeldeet al. estimate the 3P ENSO forecasts providelittle
value to east-central Texas sorghum producers, but corn producers could benefit from using the
forecasts. Marshall, Parton, and Hammer found the value of the 5P forecast system ranged between
A$3.70/ha (Australian dollars) for arisk neutral producer to A$3.83/ha for atypically risk averse
producer. Adamset al. illustrate the use of 3P forecasts at the aggregate level (allowing for price
changes) may reduce producer surplus, but overall society benefits.

The objective of this study isto compare the two SOI-based forecast methods to determine
which providesgreater valueto U.S. winter wheat producers. To valuethe different methods, wheat
yields are smulated using historical daily weather data and various management practices for the
major U.S. winter wheat growing regions. Decision theory isused to value the two forecast methods
at the field level. Only SOl-based forecast methods are considered here because sea surface
temperature data are not available for a sufficient period to provide meaningful comparisons.

M ethodology

Field level data over a sufficient time period is not available. A crop growth model is used
to providewinter wheat yields given different nitrogen application levels, planting dates, and weather
conditions. Eighty-five years of weather data are used. Yieldsat six different siteswithin the U.S.
are smulated. The production data is then used in into an economic model to obtain optimal
management practices assuming different climate forecasts are used.

Economic Decision Model

Decision theory (Hilton) isused to derive the climate forecast’ svalue assuming arisk neutral
decision maker. First, the input combination which maximizes expected net returnsfor agiven price
under climatological (historical) distribution of weather is obtained. It is assumed the decision

maker’ s prior knowledgeis the climatological distribution and each year of historical datais equally



likely. Site specific optimal input combinations are obtained using the following mode:

;
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where E(m) isthe expected net returns per acre (ac), T isthe number of weather years, p is expected
price ($ per bushel (bu)), y; isyield (bu/ac) associated with site i and year j, nis applied nitrogenin
pounds (Ib)/ac, d is planting date, r, is nitrogen cost in $/Ib, r, is harvest costs in $/bu, and vc, is
other variable costs in $/ac.

To obtain the value of using the different ENSO forecasts, the 85 years of data are classified
into the three or five category ENSO phases. The economic model is then modified to provide
optimal input combinations and associated expected net returns, yields, and nitrogen use by ENSO
event. A more complete explanation of T isnecessary. For the historical model, T representsthe 85
years. When forecasts are used, T represents the number of years in the relevant phase. Overall,
expected net returns associated with using the ENSO forecasts are then obtained by weighting the
expected net returns associated with each phase by the probability of the phase. The value of the
ENSO based forecastsare obtai ned by subtracting the expected net returnsusing the decision maker’s
prior knowledge from the expected net returns associated with the ENSO forecasts. The value of
perfect knowledgeisobtained by determining the optimal input combination for each year. Expected
net returns are the mean of the net returns obtained using each year’s optimal input combination.
Obtaining the value of forecast is consistent with numerous value of information studies (Hill et al.;
Mjelde et al.; Hilton).

Crop Growth Smulation Model

Theuseof crop growth simulation model provides an effective way to obtain production data
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when “real world” data are not available (Dillon, Mjelde, and McCarl; Hammer, Rosenthal, and
Butler). Inequation (1), y;(n,d) represents outcomes from CERES Wheat-V2.10 (Godwin et al.),
a process-oriented ssimulation model. CERES-Wheat V2.10 is capable of smulating wheat yields
under different management combinations and weather conditions.

Site Descriptions and Data

Six siteswithin major winter wheat producing areasin the United States are modeled (Table
1). Thestesarein Kansas, Oklahoma, Illinois, Michigan, Ohio, Texas, and Washington. The most
common soil proportionately in each representative area appropriate for wheat production is used.
Sail information is obtained from the GRASS and MUUF data bases (U.S. Army Corp of Engineers
--CERL; Baumer, Kenyon, and Bettis). Wheat class varies by site.

Daily precipitation and temperature data for the fall 1910 to summer 1995 (exact dates vary
by site because of growing conditions) are used to simulate 85 crop years. The data is from the
United States Historical Climatological Network, a subsection of the Carbon Dioxide Information
AndyssCenter (Easterling et al.). Solar radiation is approximated using a solar radiation generator
(Richardson). For sites missing precipitation and/or temperature data, the missing data is
approximated with data from a nearby location or if no location is available by the use of arandom
weather generator WGEN (Richardson).

Other variable costsin equation (1) are obtained from the USDA-Economic Research Service
regional farm budgets for the years 1989-1995. Fixed costsin the budgets are not included. Costs
are adjusted to 1997 prices assuming an annual three percent inflation rate. Mean nitrogen pricesare
from the USDA-NASS Agricultural Pricesfor 1989-1995. The range of wheat prices are obtained
from historical wheat prices by wheat class (USDA -ERS). Nine prices for each wheat class are

used.



Table1l. Siteand Parameter Description for Modeled U.S. Winter Wheat Sites

Wheat Planting Seed

Site Name! L ocation? Soil Type Type? Days* Rate’

lllinois 39 -89 Medium Silt Loam Soft Red 250, 265, 280 1400000
Kansas 38-98 Medium Sandy Loam Hard Red 240, 255, 270 1400000
Ohio 41 -84 Medium Silt Loam Soft Red 250, 265, 280 1900000
Oklahoma  36-98 Deep Silt Clay Hard Red 240, 255, 270 1400000
Texas 33-99 Deep Silt Clay Hard Red 240, 255,270 750000
Washington 48-118 Deep Silt Loam Soft White 240, 255, 270 100000

! Site modeled. * Latitude and longitude. * Wheat type. * Day of year in Julian days. >Seeds
per acre.

Classification of theyearsinto the 3P method arefrom the Climate Prediction Center, whereas
the 5P classification schemeisfrom Stone and Auliciems. Because winter whest is planted inthefall,
classification of the ENSO events is based on the September classification of the SOI by the two
methods. The 5P classification ismissing for the years 1914 and 1931. Missing phase classification
are obtained by interpolating the first available month on either side of September.

A summary of the years which fall into the 3P and and 5P categories is presented in Table
2. With the 3P method, 24% of the years are in the warm phase. Cold event years comprise 14%
of the years. Sixty-two percent of the years fall into the other category. The percentage of years
falling into phases 1-5 in the 5P classification scheme are 20, 28, 8, 13, and 30%. The mgority of
the warm phase years are classified asin phase 1 in the 5P method. Eleven of the twelve cold phase
yearsare classified as phase 2 in the 5P method with the remaining year classified in phase4. A maor
difference between the classification schemeis evident in examining the years classified as“ other” in

the 3P method. The 5P method classifies the “other” yearsin al 5 phases.



Table2. Number and Proportion of Yearsin Each Phase for Both M ethods

3P 1 Phase* 2 Phase 3 Phase 4 Phase 5 Phase Total
5P Prop. Prop. Prop. Prop. Prop. Prop.

Warm 0.13 0.00 0.05 0.00 0.06 0.24
Cold 0.00 0.13 0.00 0.01 0.00 0.14
Other 0.07 0.15 0.04 0.12 0.24 0.62
Total 0.20 0.28 0.08 0.13 0.30 1.00

Source: Computed from Climate Prediction Center and Stone and Auliciems.

Results

The value of the 3P, 5P, and perfect forecasts vary by site (Table 3). Use of the 3P method
inlllinoisand Ohio has no value for the decision maker over using climatological information. At the
four other sites, the value ranges at the lowest price from $0.66 at Texas to $1.10/ac in Oklahoma.
At the highest price, the value of the forecast ranges from $0.20 in Kansasto $1.77/ac in Oklahoma.
Differences between sites are also noted in the pattern of values over the range of prices. In Kansas,
the value of the forecasts decreases as wheat price increases, whereas in Oklahoma an opposite
pattern is noted. Both Texas and Washington exhibit a general pattern in which the value of the
forecastsincreaseswith wheat priceincreases over thelower range of prices, whereasover the higher
range of prices, the value of the forecasts declines.

Very smilar patterns are observed with the 5P method. [llinois and Ohio decision makers
obtain no value from using the 5P method. At the four remaining sites, the value ranges from
$0.67/ac in Kansas to $2.46/ac in Oklahoma at the lowest price level. At the highest price level, the
value ranges from $0.02 in Kansas to $3.96/ac in Oklahoma. The same patterns of increasing and

decreasing value of the forecasts are exhibited by site as in the 3P method, except for Washington.



Table 3. The Value of 3 Phase, 5 Phase, and Perfect For ecasts ($/acr €)

Price Level Illinois Kansas Ohio Oklahoma Texas Washington
3 phase method
1 0.00 0.81 0.00 1.10 0.66 0.50
2 0.00 0.72 0.00 1.18 0.70 0.55
3 0.00 0.44 0.00 1.43 0.49 0.62
4 0.00 0.33 0.00 150 0.41 0.65
5 0.00 0.28 0.00 154 0.40 0.59
6 0.00 0.23 0.00 1.65 0.36 0.54
7 0.00 0.22 0.00 1.67 0.35 0.50
8 0.00 0.22 0.00 1.68 0.35 0.51
9 0.00 0.20 0.00 1.77 0.40 0.54
5 phase method
1 0.00 0.67 0.00 2.46 181 1.43
2 0.00 0.62 0.00 2.65 1.96 1.42
3 0.00 0.33 0.00 3.21 1.78 1.05
4 0.00 0.25 0.00 3.35 1.66 0.94
5 0.00 0.21 0.00 3.44 1.59 0.80
6 0.00 0.12 0.00 3.69 155 0.76
7 0.00 0.10 0.00 3.74 157 0.72
8 0.00 0.09 0.00 3.76 157 0.69
9 0.00 0.02 0.00 3.96 164 0.64
perfect forecasts
1 3.63 9.38 5.06 14.04 7.82 10.44
2 3.94 9.61 5.50 14.87 8.22 10.76
3 4.44 9.94 6.20 17.30 8.82 11.82
4 4.62 10.00 6.45 17.96 8.91 12.13
5 4.82 10.04 6.71 18.36 8.96 12.39
6 4.94 10.17 6.86 19.48 9.11 12.47
7 5.06 10.20 7.03 19.68 9.13 12.56
8 5.65 10.21 7.81 19.77 9.15 12.63
9 5.97 10.34 8.19 20.69 9.27 12.74

At the Washington site, the value of the forecast decreases as wheat price increases.

Decison makersat all sites obtain value from the use of perfect climate forecasts. Depending
on price and site, the value ranges from $3.63 to $20.69/ac. Decision makersin lllinois and Ohio,
generdly, gain theleast. Within any site, the value of perfect forecasts increases as price increases,
a pattern not consistent with the ENSO-based forecasts at all sites.

Certain observations result from comparing the three methods. First, the value of improved

climate forecasts is not uniform across regions, raising distributional issues. Secondly, the value of
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the 3P and 5P methods within a region is not equal except for Illinois and Ohio decision makers.
With the exception of the Kansas region, the 5P method has superior results to the 3P method.

For discussion purposes, consider the lowest and highest prices. The 3P method in Kansas,
Texas, and Washington captures 9%, 8%, and 5% of the value of perfect forecasts at the lowest
price. At the highest price, the 3P method captures roughly 1% of the value of perfect forecastsin
Kansas and 3% in Texas and Washington. In Oklahoma, the 3P method captures approximately 8%
of value of perfect knowledge at both the highest and lowest price. The Midwestern sites capture
none of the value of perfect forecasts.

The 5P method captures a higher percentage of the value of perfect forecasts for al sites
except Kansas, if the siteswith no value areignored. At thelowest price, the percentage of the value
of perfect forecast captured by the 5P method for Kansas, Oklahoma, Texas, and Washington are 7%,
18%, 23%, and 14%, whereas at the highest price these percentages are 0%, 19%, 18%, and 5%.
These percentages of the value of perfect forecasts are remarkably high for Texas, Washington, and
Oklahoma. ENSO based forecasts and perfect forecasts have the largest absolute value at the
Oklahoma site.

These high percentages suggest skill is present in climate forecasts currently available.
Economic results mirror meteorological relationships between ENSO events and weather patterns.
The strongest relationships between ENSO and weather patterns have been found in the South and
Northwest. These findings correspond to a higher value for the forecasts in Oklahoma, Texas, and
Washington. Much weaker signals have been found for the Midwest and great plains (Ropel ewski
and Halbert 1986, 1987, 1989). Weather, soil types, and wheat type also appear to play arolein
determining the value of the ENSO-based forecasts. Illinois and Ohio are areas of fertile soils and

have higher rainfall than the other areas, winter wheat is grown early in the season. Combining the
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growing environment of these areas with weak ENSO signals causes ENSO-based forecasts to have
little or no value. The growing conditions also appear to lower the value of perfect forecasts. In
Oklahoma, ENSO-based forecasts may capture alarge percentage of perfect forecasts value because
Oklahomaliesnear the boundary between two Pacific North American (PNA) atmospheric pressure
patterns. Wallace and Gutzler show the PNA is an important teleconnection pattern in the U.S. It
appears there are interactions between the PNA and ENSO (Nemanishen).

The question is, does knowledge of every phase or does knowledge of only certain phases
provide value to the decision maker? Using Oklahoma and Washington as examples, the phases
which provide enough information for decision makers to change input usage (arequirement for the
information to have value) are illustrated. Again, site specific results are noted. The differencein
expected profits of using ENSO based forecasts and climatological probabilitiesfor the two methods
are presented in Figure 1 by phase for price level 3. In Oklahoma, changesin input use occurs only
for the cold phase when using the 3P method, thus changes in expected profits occur only during
knowledge of this phase. Decision makers using the 5P method alter their input usage over the
climatological strategiesin two of the five phases, 2 and 5. Phase 2, isamost equivaent to the cold
event in the 3P, whereas phase 5 corresponds to the other event in the 3P method (Table 2 and
Figure 1). In contrast, decision makersin Washington alter input usein all phases when using either
the 3P or 5P forecasts (Figure 1).

Conclusions

The objective of thisstudy isto compare two currently available SOI-based forecast methods

to determine which provides greater value to U.S. winter wheat producers. For three of the six sites

modeled, the 5P method provides more valuable information than the 3P method. The 3P method
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Figure 1. Increasesin Net Returns by Phase for Oklahoma and Washington Sites by Forecasting
Method.
ismore valuable at only one site. Neither method provides any information of value at two of the
sites. Depending on price, site, and method considered between zero and 23% of the value of perfect
forecasts are captured using the ENSO based forecasts.

Overadl, the results suggest the 5P method provides more value to producers than the 3P
method. The 5P method provides more precise classification of yearsfaling into the “other” phase
in the 3P system. Warm and cold events are, generally, classified in comparable categories. This
conclusion has implications for the U.S. weather forecasting system and decision makers using the
information. It aso illustrates the need for multidisciplinary interaction/research between decision
makers, socia scientists, and physical scientists if improved climate forecasts are to reach their full
potential.

Future research should focus on enhancing SOI-based forecasting methods by incorporating
other factors beyond relative air pressure differences. The experimental multivariate ENSO index

currently being used by NOAA may be a step towards improved forecasting classification, but
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unfortunately the data necessary to generate this index is currently not available over an extended
period. This study considers decision makers who face fixed prices. When aggregate price effects
of decision maker’s responses to climate forecasts are considered it is likely the value of this
information will vary.
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