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Market Reaction to Inefficiencies in USDA Crop Production Forecasts 

Introduction 

USDA is a main source of public information in the U.S. agricultural markets.  The objective of 

USDA’s public situation and outlook programs is to facilitate effective decision-making in an 

uncertain agricultural environment.  Crop production forecasts are among the most important 

outputs of these programs.  However, effective decision making can only be assured if USDA 

forecasts are accurate and efficient.  In recent years multiple concerns have surfaced about the 

reliability of USDA forecasts.  For example, in December 2011, the Wall Street Journal reported 

that over the previous two years, USDA’s monthly forecasts of how much farmers will produce 

have been “off the mark to a greater degree than any other two consecutive years in the last 15 

[years].” 

 Because of their importance to market participants, crop production forecasts have been 

extensively examined in the previous literature.  For example, Egelkraut et al. (2003) compared 

the accuracy of USDA versus private forecasts of corn and soybean production over 1971-2000 

and found that for corn, USDA forecasts were generally more accurate (except August forecasts) 

than private forecasts and improved faster during the forecasting cycle, while no substantial 

accuracy advantages were found in USDA soybean production forecasts.  Isengildina, Irwin, and 

Good (2006) argued that revisions to USDA corn and soybean production forecasts were 

“smoothed” meaning that not all information available at the time the forecasts were made was 

incorporated in the forecasts and some was carried into the next forecast, which could cause 

substantial loss in accuracy.  Isengildina, Irwin, and Good (2013) explored whether smoothing in 

corn and soybean production forecasts was associated with crop size and found that even though 

there was an ex-post correlation between smoothing and crop size, it was difficult to anticipate.  



3 
 

Thus, smoothing has been established as one of the main forms of inefficiency in USDA crop 

production forecasts.  However, the inefficiency of these forecasts does not necessarily imply a 

reduction in welfare due to misallocation of economic resources. If markets anticipate and adjust 

for these forecast inefficiencies, the economic losses from resource misallocation may be 

negligible or non-existent (Orazem and Falk, 1989).  There is substantial anecdotal evidence that 

market anticipates smoothing in USDA crop production forecasts.  For example, AgResource, a 

prominent market advisory service, made this statement following the release of the June 2000 

winter wheat production forecast: “NASS is going to be particularly sensitive about making a 

drastic reduction in their July and August estimate.  ARC anticipates USDA will take a 

conservative approach and slowly reduce production levels in July, August and September.” 

(June 26, 2000).  Similar concerns were expressed by Agrivisor-Zwicker, another market 

advisory service, with respect to the September 1999 corn production forecast: “While some 

private guesses are coming in as much as 400 million bushels less the USDA’s 9.561 billion 

bushel August estimate, few expect USDA to come off their August number by more than 200 

million bushels” (September 2, 1999). 

The purpose of this study is to develop a general framework for evaluation of market 

reaction to forecast inefficiency and to apply it to evaluation of USDA corn and soybean 

production forecasts.  The proposed framework consists of three steps: 1) efficiency in fixed-

event forecasts is evaluated using appropriate rationality tests; 2) efficiency in the difference 

between USDA and private forecasts (commonly referred to as “market surprise”) is evaluated as 

inefficiency in USDA and/or private forecasts would likely cause inefficiency in surprise, 3) if 

inefficiency in surprise is found, observed surprise may be decomposed into predictable and 

unpredictable components; 4) market price reaction to predictable and unpredictable components 
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in market surprise is examined.  If markets are aware of forecast inefficiency, this information 

will already be incorporated in prices and therefore markets would react only to the 

unpredictable component of the forecasts.  If market reaction to the predictable component is 

found, it indicates that markets do not efficiently incorporate information about smoothing in 

USDA forecasts.  In-sample and out-of-sample tests are included to insure robustness of results. 

 

Literature review 

Limited information exists on how the markets react to forecast inefficiency.  Runkle (1992) 

investigated whether futures markets react efficiently to predictable errors in USDA 

announcements of farrowing intentions.  In an earlier study, Runkle (1991) demonstrated that the 

two-quarter-ahead intentions announcement is a biased forecast of actual farrowings, and that the 

one-quarter-ahead intentions announcement is an inefficient forecast of actual farrowings.  In 

order to examine market reaction to these announcements, Runkle (1992) decomposed USDA 

forecast errors into predictable and unpredictable components.  He found that the predictable 

component in these forecast errors had no effect on futures price changes following the 

announcement.  Thus he concluded that market participants understand how the announced 

forecast deviates from an optimal forecast and take into account that deviation in determining 

their demand for futures after the announcement is made. 

Mills and Schroeder (2002) examined whether industry analysts anticipate USDA cattle 

on feed inventory revisions prior to their occurrence.  The inventory revisions contained 

statistically significant biases in all categories of the initial reports.  Revisions were also found to 

be correlated over time.  However, the authors found no statistically significant relationship 

between USDA inventory revisions and the private predictions of these revisions.  They 
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concluded that the persistence of cattle on feed revisions was not anticipated by industry 

analysts.   

Isengildina, Irwin, and Good (2004) examined whether private forecasts were efficient 

expectations of USDA forecasts of corn and soybean production forecasts during 1970/71 

through 2003/04 marketing years.  Their analysis revealed that market expectations of USDA 

revisions were generally unbiased except for October corn and September soybean production 

revisions.  Some deviations from rationality were also detected in expectations of November 

soybean production revisions in the earlier years and in November corn production revisions in 

the later years.  Market analysts appeared to under-predict USDA revisions in corn and over-

predict revisions in soybeans.  Information about smoothing calculated based on historically 

observed correlations in forecast revisions was not efficiently incorporated in November 

expectations of corn production forecasts.   

Xao, Lence, and Hart (2014) evaluated efficiency in USDA and private forecasts of corn, 

soybean and wheat ending stocks.  They found that USDA forecasts are unbiased and private 

forecasts were unbiased expectations of USDA forecasts, but both USDA and private forecasts 

of ending stocks were inefficient.  The authors demonstrated that ending stocks market surprise 

had a predictable component, but stopped short from testing whether markets reacted to it. Frank, 

Garcia and Irwin calculated a predictable component in Hogs and Pigs market surprise using 

several alternative approaches based on the notion that USDA announcements may be biased 

estimates of final inventories.  The authors found only small differences in market reaction to 

conventional surprise versus surprise that accounted for bias with the adjusted surprise 

explaining the market reaction slightly better. Thus, it appears that the previous studies provide 
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conflicting responses to the question of market reaction to predictable components in inefficient 

forecasts. 

 

Data 

This study examines whether markets anticipate inefficiency in USDA forecasts of corn and 

soybean production1 over 1980/81 through 2014/15 marketing years.  USDA forecasts of corn 

and soybean production are fixed–event forecasts, which means that each marketing year t (t = 

1980/81, …, 2014/15) a series of forecasts (𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈 ) are available for the same terminal event at 

time 𝜏𝜏, which is annual crop production.  These forecasts are typically released by the USDA 

from August through November and finalized in January.  Thus, the final estimate released by 

USDA in January is denoted as 𝑞𝑞𝜏𝜏,𝑡𝑡
𝑈𝑈  and the first forecast released in August is 𝑞𝑞𝜏𝜏−4,𝑡𝑡

𝑈𝑈  for a four 

period forecasting cycle (ℎ = 1,⋯ , 4).  Forecast revisions are computed as the difference 

between the current and the previous forecast: 𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈 = 𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡

𝑈𝑈 − 𝑞𝑞𝜏𝜏−ℎ−1,𝑡𝑡
𝑈𝑈 , h = 0, …, 3.  Forecast 

errors are computed as the difference between the final estimate and the forecast: 𝑒𝑒𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈 = 𝑞𝑞𝜏𝜏,𝑡𝑡

𝑈𝑈 −

𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈 , h = 1, …, 4.  All quantities are converted into natural logarithms to account for crop size 

changes over time. 

The market expectations of these forecasts are introduced in this study as combinations of 

private pre-release estimates.  Industry analysts’ pre-release estimates have been used in several 

previous studies as a proxy of market expectations of government reports (e.g., Grunewald, 

McNulty, and Biere, 1993; Colling and Irwin, 1990; Garcia et al., 1997; Egelkraut et al., 2003).  

This study uses an average of production forecasts by Conrad Leslie and Informa Economics 

                                                           
1 See Irwin, Sanders, and Good (2014) for a detailed description of the methodology behind USDA crop 
production forecasts. 
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(formerly Sparks Companies, Inc.) as a proxy for market expectations of USDA forecasts during 

the period 1980-2000.  The average analyst forecast for 2001-2005 is represented by the simple 

average of the Informa Economics estimate and the average analyst estimate reported by the 

Dow Jones Newswire survey.  The Dow Jones survey average is used for 2006-2012.2  Similar to 

USDA forecasts, 𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡
𝑃𝑃  represents h-month ahead private analysts’ forecast of the final crop 

production (𝑞𝑞𝜏𝜏,𝑡𝑡
𝑈𝑈 ) for marketing year t and forecast revisions and errors are computed as: 𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡

𝑃𝑃 =

𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡
𝑃𝑃 − 𝑞𝑞𝜏𝜏−ℎ−1,𝑡𝑡

𝑃𝑃 , h = 0, …, 3 and 𝑒𝑒𝜏𝜏−ℎ,𝑡𝑡
𝑃𝑃 = 𝑞𝑞𝜏𝜏,𝑡𝑡

𝑈𝑈 − 𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡
𝑃𝑃 , h = 1, …, 4, respectively.  The 

difference between USDA and private forecasts reflects the new information contained in the 

USDA forecast which was not previously available from the private forecasts, and therefore 

defined as market surprise,  𝑆𝑆𝜏𝜏−ℎ,𝑡𝑡 = 𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈 − 𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡

𝑃𝑃 , h = 0, …, 4. 

Table 1 presents descriptive statistics and tests of bias for forecast revisions, errors, and 

market surprise for USDA and private analysts’ corn production forecasts.  Mean absolute values 

shown in panel A demonstrate that private forecasts revisions were significantly larger than 

USDA revisions in September and November.  While USDA revisions were larger than private 

revisions in October and January, these differences were not statistically significant.3  The test of 

bias reveals that January USDA revisions and October private revisions had a tendency to be 

positive, while September private revisions tended to be negative.  Thus, one would expect 

private analysts to revise their August estimates of corn production down by about 1% in 

September and revise their September estimate up by about 0.5% in October.  USDA typically 

revises their November corn production estimate up in January by about 0.4%. 

                                                           
2 See Good and Irwin (2006) for further details on the pre-release analysts’ forecasts for corn and 
soybeans. 
3 The t-test results comparing USDA versus private revisions and errors are not shown in the table due to 
space limitations but available from the authors upon request. 
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Our analysis of corn production forecast errors shown in panel B of table 1 reveals that 

USDA forecasts of corn production were more accurate in September and October while private 

forecasts were more accurate than USDA in August and November, but these differences were 

statistically significant only for October forecasts.  This evidence is consistent with the notion 

that inefficient forecasts (based on the evidence of biased revisions discussed above) tend to be 

less accurate.  Forecast errors were biased only for November USDA forecasts, which showed 

about 0.4% underestimation of the final corn production.  No bias in market surprise was found 

in the results shown in panel C.  The magnitude of surprise appears to get smaller from August to 

November during the forecasting cycle, but picks back up in January.  This may be due to the 

fact that while August through November forecasts are based on objective yield estimates 

available during production cycle, final January estimates are based on December producer 

survey (Irwin, Sanders, and Good, 2014). 

Slightly different patterns are observed in soybean production forecasts presented in table 

2.  Panel A shows that bias is found only in November revisions by USDA which tended to 

revise their October estimate up by about 0.7%.  September and November USDA revisions 

were significantly smaller in magnitude than private revisions and while October and January 

private revisions were smaller than USDA revisions, these differences were not statistically 

significant.4  Panel B shows that private forecast errors were slightly smaller than USDA in all 

forecast months but these differences were statistically significant only in September.  Bias was 

found in September private forecast errors with tendency to underestimate final production by 

about 1.6%.  No bias in market surprise was found in panel C, while the pattern of decreasing 

                                                           
4 The t-test results are available from authors upon request. 
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magnitude of surprise that picks back up in January is consistent with our findings for corn 

production forecasts discussed above. 

 

Conceptual Framework 

Theoretical framework for fixed-event forecast rationality testing was originally developed by 

Nordhaus (1987).  According to Nordhaus, weak form efficiency of fixed-event forecasts may be 

described by two conditions: (1) the current forecast error is independent of all previous forecast 

revisions; (2) forecast revisions are uncorrelated with past revisions.  Most previous studies test 

fixed-event forecast efficiency in terms of first order correlation in revisions; that is, they test 

Nordhaus’ second proposition.  However, Isengildina, Irwin, and Good (2013) demonstrated that 

correlations in forecast revisions may extend beyond one lag.  Additionally, Isengildina, Irwin, 

and Good (2013) showed that inefficiency may be prevalent in years with big and small crops; 

suggesting that deviations from typical crop size should be incorporated in efficiency testing. 

 The efficiency of USDA crop production forecasts is tested in this study as: 

(1)                                 𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈 =  𝛼𝛼0𝑈𝑈 + 𝛼𝛼1𝑈𝑈𝑓𝑓𝜏𝜏−ℎ−1,𝑡𝑡 + ∑ 𝜆𝜆𝑗𝑗𝑈𝑈𝑟𝑟𝜏𝜏−ℎ−𝑗𝑗,𝑡𝑡

𝑈𝑈𝐽𝐽
𝑗𝑗=1 + 𝜖𝜖𝜏𝜏−ℎ,𝑡𝑡

𝑈𝑈 , 
 

where 𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈  is current USDA forecast revision and ∑ 𝑟𝑟𝜏𝜏−ℎ−𝑗𝑗,𝑡𝑡

𝑈𝑈𝐽𝐽
𝑗𝑗=1  are preceding months’ forecast 

revisions.  The variable  𝑓𝑓𝜏𝜏−ℎ−1,𝑡𝑡 is out-of-sample percent deviation of the previous month’s 

forecast level from a 10-year rolling linear trend.5  The null hypothesis for fixed-event forecast 

efficiency is 𝛼𝛼0𝑈𝑈 = 0,𝛼𝛼1𝑈𝑈 = 0, and ∀𝜆𝜆𝑗𝑗𝑈𝑈 = 0.  If 𝛼𝛼0𝑈𝑈 ≠ 0, revisions are biased, and if 𝛼𝛼1𝑈𝑈 ≠ 0 this 

bias tends to be present in big or small crop years.  If 𝜆𝜆𝑗𝑗𝑈𝑈 > 0, the forecasts are considered 

“smoothed,” as they are partially based on the previous revision.  If 𝜆𝜆𝑗𝑗𝑈𝑈 < 0, the forecasts are 

                                                           
5 We use deviation from trend rather than change from the previous year’s forecast level to reflect the size 
of current crop relative to the “norm.” 
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called “jumpy,” as they tend to partially offset the previous revision.  The same test can be 

applied to evaluation of efficiency of crop production forecasts published by the private 

agencies: 

(2)                                𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡
𝑃𝑃 =  𝛼𝛼0𝑃𝑃 + 𝛼𝛼1𝑃𝑃𝑓𝑓𝜏𝜏−ℎ−1,𝑡𝑡 + ∑ 𝜆𝜆𝑗𝑗𝑃𝑃𝑟𝑟𝜏𝜏−ℎ−𝑗𝑗,𝑡𝑡

𝑃𝑃𝐽𝐽
𝑗𝑗=1 + 𝜖𝜖𝜏𝜏−ℎ,𝑡𝑡

𝑃𝑃 , 
 

where 𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈   and ∑ 𝑟𝑟𝜏𝜏−ℎ−𝑗𝑗,𝑡𝑡

𝑈𝑈𝐽𝐽
𝑗𝑗=1   refer to current and preceding revisions of private analysts’ 

forecasts, respectively, and all other variables and hypotheses tests are the same as described 

above. 

If private agencies forecast USDA figures, the following test will help understand the 

extent of anticipation of smoothing in USDA forecasts by private analysts: 

(3)                        𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡
𝑃𝑃𝑃𝑃 =  𝛼𝛼0𝑃𝑃𝑃𝑃 + 𝛼𝛼1𝑃𝑃𝑃𝑃𝑓𝑓𝜏𝜏−ℎ−1,𝑡𝑡 + ∑ 𝜆𝜆𝑗𝑗

𝑃𝑃𝑃𝑃𝑟𝑟𝜏𝜏−ℎ−𝑗𝑗,𝑡𝑡
𝑈𝑈𝐽𝐽

𝑗𝑗=1 + 𝜖𝜖𝜏𝜏−ℎ,𝑡𝑡
𝑃𝑃𝑃𝑃 , 

where the dependent variable from equation 1 is replaced with its expectation by private analysts 

calculated as 𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡
𝑃𝑃𝑃𝑃 = 𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡

𝑃𝑃 − 𝑞𝑞𝜏𝜏−ℎ−1,𝑡𝑡
𝑈𝑈 .  Since all independent variables are the same as in 

equation 1, hypotheses tests are interpreted similarly as well, only that they reflect expectation of 

smoothing in USDA forecasts by private analysts.   

The following test of bias conditional on crop size will help understand how well private 

analysts are able to anticipate USDA forecast revisions:  

(4)    𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈 =  𝛾𝛾0 + 𝛾𝛾1𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡

𝑃𝑃𝑃𝑃 + 𝛾𝛾2𝑓𝑓𝜏𝜏−ℎ−1,𝑡𝑡 + 𝜀𝜀𝜏𝜏−ℎ,𝑡𝑡, 

where 𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈  is a USDA forecast revision and 𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡

𝑃𝑃𝑃𝑃  is a private expectation of this revision as 

defined in equation 3.  The null hypothesis of no bias is 𝛾𝛾0 = 0 and 𝛾𝛾1 = 1; 𝛾𝛾1 > 1 indicates 

underestimation of USDA revisions by private analysts and 𝛾𝛾1 < 1 indicates overestimation. 

In the presence of private forecasts, the new information contained in the USDA forecast 

is defined as market surprise, 𝑆𝑆𝜏𝜏−ℎ,𝑡𝑡 = 𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈 − 𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡

𝑃𝑃 .  If inefficiency is observed in either 
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𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈  or 𝑞𝑞𝜏𝜏−ℎ,𝑡𝑡

𝑃𝑃  using equations (1) and (2), it will likely be carried over into market surprise, 

making it inefficient as well, unless private analysts perfectly anticipate and mimic smoothing in 

USDA forecasts.  Efficiency of market surprise can be tested using the same approach as applied 

to revisions in equations (1) and (2) and will have the following specification: 

(5)               𝑆𝑆𝜏𝜏−ℎ,𝑡𝑡 = 𝛿𝛿0 + 𝛿𝛿1𝑓𝑓𝜏𝜏−ℎ−1,𝑡𝑡 + ∑ 𝜆𝜆𝑗𝑗𝑆𝑆𝜏𝜏−ℎ−𝑗𝑗,𝑡𝑡
𝐽𝐽
𝑗𝑗=1 + 𝜈𝜈𝜏𝜏−ℎ,𝑡𝑡 

with 𝐻𝐻0: 𝛿𝛿0 = 0 𝑎𝑎𝑎𝑎𝑎𝑎 𝛿𝛿1 = 0 and ∀𝜆𝜆𝑗𝑗 = 0.  In this case 𝛿𝛿0 ≠ 0 and 𝛿𝛿1 ≠ 0 would indicate 

overestimation or underestimation of smoothing in USDA forecasts by private analysts and 

whether it is associated with crop size.  If ∀𝜆𝜆𝑗𝑗 > 0, it would imply inefficiency in the form of 

consistency and predictability in market surprise.  Thus, equation (5) implies that observed 

surprise can be decomposed into two parts: (a) the true market surprise or the unpredictable 

component, given by the estimated residuals 𝜈̂𝜈𝜏𝜏−ℎ,𝑡𝑡; and (b) the predictable component, given by 

the estimated surprise 𝑆̂𝑆𝜏𝜏−ℎ,𝑡𝑡 = 𝛿𝛿0 + 𝛿𝛿1𝑓𝑓𝜏𝜏−ℎ−1,𝑡𝑡 + ∑ 𝜆̂𝜆𝑗𝑗𝑆𝑆𝜏𝜏−ℎ−𝑗𝑗,𝑡𝑡
𝐽𝐽
𝑗𝑗=1 .6 

Finally, the test of market reaction to forecast inefficiency is based on the premise that 

prices react to the true market surprise, 𝜈̂𝜈𝜏𝜏−ℎ,𝑡𝑡, rather than the predictable component of market 

surprise, 𝑆̂𝑆𝜏𝜏−ℎ,𝑡𝑡: 

 (6)         ∆𝑃𝑃𝑑𝑑,𝜏𝜏−ℎ,𝑡𝑡 = 𝜋𝜋0 + 𝜋𝜋1𝑆̂𝑆𝜏𝜏−ℎ,𝑡𝑡 +  𝜋𝜋2𝜈̂𝜈𝜏𝜏−ℎ,𝑡𝑡 + 𝜉𝜉𝑑𝑑,𝜏𝜏−ℎ,𝑡𝑡 

                                                           
6 Several previous studies also attempted to isolate a predictable component of market surprise in their 
analyses.  For example, McKenzie (2008) suggests that surprise can be decomposed into anticipated and 
unanticipated components as 𝑆𝑆𝜏𝜏−ℎ,𝑡𝑡 =  𝜃𝜃0 + 𝜈𝜈𝜏𝜏−ℎ,𝑡𝑡 (equation 9, p. 355).  Mills and Shroeder’s (2004) 
approach, expressed as 𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡

𝑃𝑃𝑃𝑃 = µ0 + µ1𝑟𝑟𝜏𝜏−ℎ,𝑡𝑡
𝑈𝑈 + 𝜊𝜊𝜏𝜏−ℎ,𝑡𝑡 (equation 3, p. 366) can also be reduced to 

𝑆𝑆𝜏𝜏−ℎ,𝑡𝑡 =  𝜃𝜃0 + 𝜈𝜈𝜏𝜏−ℎ,𝑡𝑡 for µ1 = 1.  Frank, Garcia, and Irwin’s (2008) linear projection of surprise 
(equation 3.1, page 76) can also be reduced to 𝑆𝑆𝜏𝜏−ℎ,𝑡𝑡 =  𝜃𝜃0 + 𝜈𝜈𝜏𝜏−ℎ,𝑡𝑡 .  It is clear that our approach extends 
previous attempts by directly incorporating information about smoothing in the predictable component 
of market surprise. 
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where ∆𝑃𝑃𝑑𝑑,𝜏𝜏−ℎ,𝑡𝑡 = 100 × (ln𝑃𝑃𝑑𝑑,𝜏𝜏−ℎ,𝑡𝑡 − ln𝑃𝑃𝑑𝑑−1,𝜏𝜏−ℎ,𝑡𝑡), 𝑑𝑑 is the date of Crop Production report 

release, ln𝑃𝑃𝑑𝑑,𝜏𝜏−ℎ,𝑡𝑡 is the natural logarithm of the settlement prices on day 𝑑𝑑 of the new crop 

futures contracts (December contract for August through November corn forecasts; November 

contract for August through October and January contract for November soybean forecasts).  

The null hypothesis is 𝜋𝜋1 = 0, which would indicate that the market participants are aware of 

inefficiency in the production forecasts and this information is already incorporated in prices.  

Furthermore, since corn and soybeans are closely related commodities, previous studies show 

that cross commodity effects may also be relevant for price reaction, therefore corn (soybean) 

surprise was included in soybean (corn) price reaction test described by equation (6). 

 

Empirical Results 

Table 3 shows fixed-event efficiency test results for USDA and private corn and soybean 

production forecasts using equations (1) and (2).  Significant constant coefficient indicates bias 

in revisions and suggests that October revisions of private forecasts of corn production tend to 

be positive, while January revisions tend to be negative.  In soybeans, November revisions of 

USDA forecasts tend to be positive.  Most of these findings are supported by the descriptive 

statistics shown in tables 1 and 2.  Significant positive correlations with past revisions are 

observed in multiple cases in November and January indicating the presence of smoothing in 

these forecasts.  The most extensive evidence of smoothing is observed in November corn 

production revisions with a very similar magnitude in USDA and private forecasts.  Our 

findings indicate that a 1% revision in October was typically followed by a 0.58% revision in 

the same direction in November.  In private forecasts, this pattern was more pronounced in the 

big crop years, increasing the following revision by 0.06% for each 1% deviation from the trend 



13 
 

yield.  Based on the R-squared measures, this evidence of smoothing explains about 50% of the 

variation in November corn production forecast revisions.  January revisions of corn production 

forecasts are also affected by smoothing with correlation coefficient of 0.54 between January 

and November revisions of USDA forecasts.  However, in this case, smoothing appears more 

pronounced in small years and less pronounced in big years.  January revisions of private corn 

production forecasts show the only evidence of smoothing extending beyond one lag with 0.18 

correlation with November revision and 0.27 correlation with October revision.  Smoothing 

explains 59% and 40% of the variation in January corn production revisions of private and 

USDA forecasts, respectively.  In soybeans, smoothing of about 0.3% is observed in November 

and January USDA revisions and in November private forecast revisions. 

Table 4 sheds light at how well private analysts understand smoothing in USDA crop 

production forecast revisions by presenting estimation results from equation (3).  The dependent 

variable is the difference between the private forecast and the previous USDA forecast, or the 

private expectation of USDA revision.  The independent variables are the same as in table 3, so 

we can compare coefficients from table 4 to coefficients for USDA revisions in table 3.  Our 

results show that private analysts do, in fact, anticipate smoothing in November and January 

revisions for both commodities.  However, the magnitude of smoothing is underestimated.  All 

coefficients for the lagged USDA revision in table 4 are smaller than the ones in table 3.  

Another misunderstanding is in the positive coefficients for deviation from trend in corn 

equations that would suggest that smoothing is more pronounced in big crop years, which is not 

consistent with what we observed in table 3.  On the other hand, private analysts appear to have a 

very good understanding of bias in USDA November soybean revisions. 
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According to the F-test results presented in table 5, private forecasts are unbiased 

predictions of USDA estimates in most cases except October and November corn production 

revisions and September soybean production revisions.  Estimated coefficients for October and 

November predictions of USDA corn production revisions are both greater than one indicating 

that private analysts underestimated USDA revisions by about 30% in October and 16% in 

November.  On the contrary, estimated coefficient for September soybean revisions is less than 

one suggesting that private analysts overestimated USDA revisions by about 20%. 

Tables 6 and 7 combine in-sample market surprise efficiency tests and price reaction tests 

for corn and soybeans, respectively.  If inefficiency in the form of correlation with previous 

surprise is found in panel A, observed surprise can be decomposed into predictable and 

unpredictable components.  Panel B examines price reaction to observed and decomposed 

surprises.  Panel C extends this analysis to include cross-commodity effects.  Panel A of table 6 

demonstrates significant positive correlation with previous surprise in October, November, and 

January surprise for corn.  These results can be considered in conjunction with our results shown 

in table 4 which suggest that private analysts underestimate smoothing in USDA forecasts.  

Then, results in panel A of table 6 indicate consistency in this underestimation.  Inefficiency 

associated with September surprise appears most persistent, as it affects both October and 

November surprises.  Thus, a 10% positive September surprise would be followed by a 3.47% 

surprise in October and a 2.1% November surprise in the same direction.7  Correlation between 

January and November surprise is the largest indicating that a 1% difference between USDA and 

private forecasts in November is usually followed by a 0.73% difference in January.  Significant 

                                                           
7 The difference between this analysis and the test of bias shown in table 5 is that the test of bias looks at 
over-or underestimation of USDA forecasts by private agencies for a specific month across marketing 
years, while the surprise efficiency analysis shown in table 6 examines the dynamics in this over- or 
underestimation across months within a marketing year. 
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negative coefficient for the deviation from trend variable indicates that this correlation is weaker 

in big crop years and stronger in small crop years.  These findings along with fairly large R-

squared coefficients for January and November regressions suggest that our traditional measure 

of market surprise may have a fairly large predictable component.  If market is aware of this 

inefficiency, prices will react only to the unpredictable but not the predictable component. 

Results shown in panel B indicate that market reaction to observed October surprise is 

similar in magnitude to market reaction to unpredicted surprise and no reaction to predicted 

component is observed, suggesting that decomposing surprise does not add much information in 

this case.  In November and January, there is still no market reaction to the predicted component, 

but the market reaction to the unpredicted component is stronger than the reaction to the 

observed surprise, and our ability to explain variation in price reaction with decomposed surprise 

is stronger as well, suggesting that observed inefficiency in surprise is understood and 

anticipated by the market.  Panel C demonstrates that information from the soybean markets does 

not have much impact on changes in corn prices, as none of the included variables were 

significantly different from zero. 

Soybean market surprise efficiency and price reaction tests presented in panel A of table 

7 reveal positive correlation with previous surprise ranging from 0.19% in November to 0.29% 

in September.  Thus, the consistency in surprise is not as wide spread as what we found in corn 

and the R-squared values for these regressions are lower, suggesting a smaller predictable 

component.  Panel B demonstrates that while decomposing surprise does not help improve our 

ability to explain variation in price changes, soybean market does appear to react to both 

predicted and unpredicted components of market surprise in November, suggesting that this 

inefficiency is not taken into account by the market.  Panel C demonstrates that information from 
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the corn market has significant impact on soybean markets in November, but interestingly it is 

mostly the predictable rather than the unpredictable component of market surprise, suggesting 

that inefficiency in November corn surprise is not taken into account by the soybean market.  

Overall, the in-sample results demonstrate that while inefficiency in surprise appears more 

common in the corn markets, it is also better understood and incorporated into prices by the 

market.  Corn market information affects soybean markets but not the other way around. 

Out-of-sample analysis presented in tables 8 and 9 focuses on inefficiency in surprise 

caused by the first degree autocorrelation and ignores additional lags and cross-commodity 

effects due to smaller number of observations.  Table 8 results are based on surprise efficiency 

tests that are conducted using the first 20 years of data (1970-1989) and price reaction tests 

conducted using the last 25 years of data (1990-2014).  Panel A demonstrates that significant 

positive correlation with lagged surprise was found in October and November corn surprises, 

while were positively correlated with crop size in October and negatively correl6ated in 

November.  These findings were used to decompose market surprise into predictable and 

unpredictable components.  Price reaction test results in panel B are very similar to in-sample 

results and show little to no benefits to decomposing the market surprise in October, but 

substantial improvements in R-squared for November regression.  As before, markets appear to 

incorporate information about this inefficiency and react only to the unpredictable component of 

market surprise.  Table 9 expands the surprise efficiency test subsample to 30 years (1970-1999) 

and reduces price reaction test subsample to 15 years (2000-2014).  Results appear robust and 

once again similar to the in-sample results, especially since correlation with lagged surprise was 

found in January in table 6 as well.  The only difference in this set of results is the price reaction 

to the predictable component of corn surprise as well as the unpredictable component in 
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November.  This finding is indicative of deterioration in the market understanding of inefficiency 

in market surprise in the recent years. 

Our findings for soybeans in table 8 reveal bias and autocorrelation in January surprise, 

which is not consistent with the in-sample findings shown in table 7.  When this information is 

used to decompose observed market surprise, prices appear to react to both predicted and 

unpredicted components, suggesting that prices do not incorporate this inefficiency in market 

surprise.  Incidentally, no significant autocorrelation was found in the surprise efficiency tests 

shown in table 9.  This finding, in combination with the results from tables 7 and 8 points to an 

unstable nature of correlations in market surprise in the soybean market, which helps understand 

why the market does not take this information fully into account and appears to react to the 

predictable component in tables 7 and 8. 

 

Summary and Conclusions 

The goal of this study was to examine how markets react to inefficiencies in corn and soybean 

production forecasts released by USDA.  A general evaluation framework was proposed which 

consisted of: 1) evaluating efficiency of fixed-event forecasts using appropriate rationality tests; 

2) assessing efficiency in market surprise, which allows decomposing market surprise into 

predictable and unpredictable components if inefficiency is found; 3) testing market price 

reaction to predictable and unpredictable components in market surprise.  Thus, the first step of 

the evaluation framework answers the question: Are USDA production forecasts biased, 

inefficient or smoothed?  We found that November soybean revisions tended to be positive and 

both November and January revisions for both commodities were correlated with previous 

revisions indicating smoothing.  Private analysts’ estimates of USDA forecasts reflect industry’s 

understanding of inefficiencies in these forecasts.  We found that private estimates were unbiased 
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predictions of USDA revisions with three exceptions: October and November corn revisions 

were underestimated by 30% and 16% and September soybean revisions were overestimated by 

20%.  Private analysts appear to have a good understanding of bias in USDA November soybean 

revisions.  While private analysts appear to anticipate smoothing in November and January 

revisions, they tend to underestimate it.  Inability of private analysts to correctly anticipate 

smoothing in USDA forecasts would result in inefficiency in market surprise. 

 Step 2 of our framework addressed the question: Is market surprise inefficient, 

predictable?  Indeed, it is, particularly in corn market.  We found that a 10% positive difference 

between USDA and private corn production forecasts in September is followed by a 3.47% 

surprise in October and a 2.1% surprise in November.  Correlation between January and 

November corn surprise was the largest indicating that a 1% surprise in November is usually 

followed by a 0.73% surprise in January.  In soybeans, inefficiency in surprise was a lot less 

widespread with correlations with previous surprise of 0.29 and 0.19 detected for September and 

November, respectively.  Correlations in surprise suggest that the observed market surprise that 

is affected by inefficiency has a predictable component. 

In step 3 we evaluated whether futures prices react to both predictable and unpredictable 

components in market surprise.  Even though some sporadic evidence of market inefficiency 

with respect to USDA smoothing information has been observed in the out-of-sample tests for 

November corn production revisions, and in the in-sample tests for November soybean 

production revisions, where market reacted to both predictable and unpredictable components, 

these results did not hold up in the other cases.  In the vast majority of results, we found that 

even when decomposing surprise allowed us to better explain variation in futures prices, prices 

reacted to unpredictable component only.  This pattern suggests that even though the private 
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analysts have some misunderstanding of smoothing in USDA forecasts, the market as a whole, 

seems to correct for it and incorporates this information efficiently.  This finding may help 

explain a moderate market reaction to large revisions in USDA production forecasts which is 

sometimes observed.  For example, Irwin, Good, and Newton (2014) in their Farmdoc daily 

report describe market reaction to August 2014 corn production report as: “The forecast was 

smaller than expected, but this seemingly bullish news was shrugged off by the market.  

Comments by traders and market analysts indicate there is a widespread expectation that the 

forecast will increase in subsequent Crop Production reports.  This would explain the weak 

reaction of market prices to the release of the August report.” 

Overall, the findings of this study are consistent with Runkle’s (1992) and contrast Mills 

and Schroeder (2002) and Isengildina, Irwin, and Good’s (2004) results.  These differences are 

likely due to the differences in methodology and estimation approach, as market reaction tests 

are applied in the current and Runkle’s (1992) study, while predictability of USDA revisions was 

explored in the analyses of Mills and Schroeder (2002) and Isengildina, Irwin and Good’s (2004) 

work.  Our proposed framework differs from Runkle’s (1992) approach in that while he focuses 

on examination of price reaction to the predictable and unpredictable components in forecast 

error (which is unobserved prior to the end of the forecasting cycle), we focus on price reaction 

to decomposed market surprise.  Furthermore, our analysis demonstrates that market surprise 

rationality analysis accounts for inefficiencies in both USDA forecasts and their private 

expectations, while error rationality analysis focuses on inefficiency in USDA forecasts only. 

Thus, even though USDA forecasts are not always efficient, the markets seem to be aware of 

these inefficiencies and appear to take them into account in their reaction.  Therefore, it is not 
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likely that inefficiencies in USDA reports would result in significant resource misallocations and 

subsequent economic losses. 
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Table 1. Summary Statistics for Corn Production Forecasts, 1970/71-2014/15.

Panel A. Forecast Revisions (Current-Previous Forecast)

September October November January September October November January
Mean Abs. 2.136 1.722 1.528 1.102 2.795 1.554 1.909 0.764
Mean -0.455 0.231 0.293 0.369 -1.074 0.512 0.499 -0.151
Std. Dev. 3.460 2.291 2.022 1.452 4.015 2.048 2.370 1.076
t-test -0.883 0.677 0.973 1.706* -1.795* 1.659* 1.397 -0.794
p-val 0.382 0.502 0.336 0.095 0.079 0.104 0.169 0.433
N 45 45 45 45 45 44 44 32
Panel B. Forecast Errors (Final-Forecast)

August September October November August September October November
Mean Abs. 4.656 3.656 2.182 1.102 4.118 3.710 2.531 0.764
Mean 0.439 0.894 0.663 0.369 -0.328 0.798 0.135 -0.151
Std. Dev. 6.638 4.644 2.920 1.452 6.733 4.808 3.186 1.076
t-test 0.443 1.291 1.522 1.706* -0.275 0.939 0.239 -0.794
p-val 0.660 0.203 0.135 0.095 0.785 0.355 0.813 0.433
N 45 45 45 45 32 32 32 32
Panel C. Market Surpise (USDA-Private)

August September October November January
Mean Abs. 1.884 1.061 0.949 0.606 0.974
Mean -0.302 0.318 0.155 0.029 0.158
Std. Dev. 2.250 1.327 1.215 0.839 1.411
t-test -0.899 1.605 0.847 0.232 0.633
p-val 0.374 0.116 0.402 0.818 0.531
N 45 45 44 45 32
Note: Single, double and triple asterisks (*) denote statistical significance at the 10%, 5%, and 1% levels, respectively.

USDA Private

USDA Private
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Table 2. Summary Statistics for Soybean Production Forecasts, 1970/71-2014/15

Panel A. Forecast Revisions (Current-Previous Forecast)

September October November January September October November January
Mean Abs. 2.370 2.353 1.471 1.295 2.831 2.037 1.924 0.882
Mean -0.433 0.377 0.658 -0.067 -0.942 0.615 0.554 0.025
Std. Dev. 3.786 3.217 1.737 1.664 4.139 2.759 2.458 1.201
t-test -0.766 0.787 2.543*** -0.268 -1.527 1.495 1.512 0.117
p-val 0.447 0.436 0.014 0.790 0.134 0.142 0.138 0.907
N 45 45 45 45 45 45 45 32
Panel B. Forecast Errors (Final-Forecast)

August September October November August September October November
Mean Abs. 5.004 4.111 2.304 1.295 4.906 4.047 1.750 0.882
Mean 0.537 0.969 0.592 -0.067 -0.018 1.618 0.600 0.025
Std. Dev. 6.324 5.040 2.788 1.664 6.668 5.122 3.112 1.201
t-test 0.569 1.290 1.424 -0.268 -0.015 1.787* 1.091 0.117
p-val 0.572 0.204 0.161 0.790 0.988 0.083 0.283 0.907
N 45 45 45 45 32 32 32 32
Panel C. Market Surpise (USDA-Private)

August September October November January
Mean Abs. 1.855 1.277 1.338 0.862 1.021
Mean -0.253 0.257 0.019 0.124 0.026
Std. Dev. 2.149 1.696 1.723 1.071 1.326
t-test -0.789 1.016 0.074 0.774 0.113
p-val 0.434 0.315 0.941 0.443 0.911
N 45 45 45 45 32
Note: Single, double and triple asterisks (*) denote statistical significance at the 10%, 5%, and 1% levels, respectively.

USDA Private

USDA Private
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Table 3. Fixed-Event Forecast Efficiency Tests, 1970/71-2014/15

Dependent variable: 
Current Revision

October November January October November January
Revision (1st lag) 0.198 0.586*** 0.541*** 0.061 0.584*** 0.180**

(0.120) (0.107) (0.132) (0.094) (0.136) (0.080)
Revision (2nd lag) -0.008 -0.075 -0.086 0.272***

(0.083) (0.116) (0.080) (0.082)
Revision (3rd lag) 0.063 -0.034

(0.069) (0.040)
Deviation from trend 0.021 0.016 -0.486*** 0.016 0.058*** -0.007

(0.025) (0.017) (0.014) (0.022) (0.018) (0.009)
Constant 0.367 0.185 0.177 0.601* 0.217 -0.439***

(0.322) (0.219) (0.183) (0.317) (0.282) (0.144)
R-squared 0.171 0.534 0.395 0.048 0.495 0.590
Adj. R-squared 0.131 0.500 0.334 0.002 0.457 0.529
F-test 4.32** 15.64*** 6.52*** 1.04 13.05*** 9.72***
p-val 0.020 0.000 0.000 0.364 0.000 0.000
N 45 45 45 44 44 32

Dependent variable: 
Current Revision

October November January October November January
Revision (1st lag) 0.122 0.261*** 0.290* -0.181 0.314** 0.157

(0.165) (0.078) (0.167) (0.123) (0.143) (0.100)
Revision (2nd lag) -0.105 0.026 -0.047 0.085

(0.078) (0.090) (0.109) (0.092)
Revision (3rd lag) -0.110 -0.069

(0.083) (0.058)
Deviation from trend 0.011 0.019 0.001 0.088** 0.041 -0.001

(0.049) (0.023) (0.024) (0.040) (0.036) (0.020)
Constant 0.460 0.557** -0.314 0.678 0.409 -0.265

(0.494) (0.235) (0.260) (0.411) (0.356) (0.223)
R-squared 0.031 0.279 0.175 0.103 0.224 0.257
Adj. R-squared -0.016 0.227 0.093 0.060 0.167 0.147
F-test 0.66 5.29*** 2.13* 2.41* 3.94** 2.33*
p-val 0.520 0.004 0.095 0.102 0.015 0.081
N 45 45 45 45 45 32
Note: Single, double and triple asterisks (*) denote statistical significance at the 10%, 5%, and 1% levels, respectively.
F-test null: b1=b2=b3=c=0

Panel B. Soybeans

Panel A. Corn

Private

Private

USDA

USDA
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Table 4. Expectation of Smoothing in USDA Forecasts by Private Analysts, 1970/71-2014/15 
                

Dependent variable: Private 
forecast-Previous USDA forecast Corn 

  
Soybeans 

  October November January   October November January 
USDA Revision (1st lag) 0.031 0.451*** 0.162***   0.155 0.185** 0.123** 
  (0.078) (0.083) (0.049)   (0.131) (0.080) (0.056) 
USDA Revision (2nd lag)   -0.019 0.012     -0.050 0.026 
    (0.065) (0.047)     (0.081) (0.029) 
USDA Revision (3rd lag)     -0.070**       0.011 
      (0.028)       (0.027) 
Deviation from trend 0.029* 0.028** 0.010**   0.013 0.039 -0.000 
  (0.016) (0.013) (0.005)   (0.039) (0.024) (0.008) 
Constant 0.263 0.206 -0.091   0.46 0.534** -0.078 
  (0.202) (0.171) (0.069)   (0.393) (0.243) (0.092) 
R-squared 0.157 0.593 0.573   0.072 0.242 0.295 
Adj. R-squared 0.116 0.563 0.510   0.028 0.187 0.191 
F-test 3.83** 19.88*** 9.07***   1.63 4.37*** 2.83** 
p-value 0.030 0.000 0.000   0.207 0.009 0.044 
N 44 45 32   45 45 32 
Note: Single, double and triple asterisks (*) denote statistical significance at the 10%, 5%, and 1% levels, 
respectively. 
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Table 5. Test of Bias in Private Expectations of USDA Revisions, 1970/71-2014/15       
                    
Dependent variable: 
USDA forecast-Previous 
USDA forecast 

Corn 
  

Soybeans 

  September October November January   September October November January 
Private forecast -
Previous USDA forecast 

1.012*** 1.306*** 1.159*** 1.179**   0.793*** 1.050*** 0.852*** 0.958** 
(0.074) (0.136) (0.088) (0.486)   (0.056) (0.103) (0.094) (0.462) 

Deviation from trend 
-0.019 0.001 -0.011 -0.029**   0.040* -0.010 -0.017 -0.020 

(0.017) (0.011) (0.008) (0.012)   (0.022) (0.021) (0.012) (0.017) 
Constant 0.294 0.098 -0.035 0.096   0.204 -0.025 0.164 -0.005 
  (0.204) (0.180) (0.128) (0.237)   (0.230) (0.272) (0.165) (0.239) 
R-squared 0.859 0.728 0.841 0.221   0.850 0.716 0.674 0.141 
Adj. R-squared 0.852 0.715 0.834 0.167   0.843 0.702 0.658 0.081 
F-test (Ho:b=1) 0.03 5.06** 3.28* 0.14   13.46*** 0.23 2.50 0.01 
p-val 0.871 0.030 0.077 0.716   0.001 0.631 0.121 0.928 
N 45 44 45 32   45 45 45 32 
Note: Single, double and triple asterisks (*) denote statistical significance at the 10%, 5%, and 1% levels, respectively.   
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Table 6. In-Sample Forecast Surprise Efficiency and Price Reaction Tests for Corn, 1970-2014.

Dependent variable: USDA - Private 
forecast

USDA-Private (1st lag) 0.075 0.347*** 0.186* 0.734**
(0.089) (0.133) (0.106) (0.353)

USDA-Private (2nd lag) -0.040 0.210** 0.065
(0.078) (0.094) (0.204)

USDA-Private (3rd lag) -0.009 -0.105
(0.051) (0.210)

USDA-Private (4th lag) 0.153
(0.107)

Deviation from trend -0.016 0.014 -0.004 -0.024**
(0.013) (0.010) (0.007) (0.011)

Constant 0.312 0.062 -0.102 0.231
(0.200) (0.181) (0.119) (0.238)

R-squared 0.055 0.168 0.254 0.374
Adj. R-squared 0.010 0.106 0.178 0.253
F-test 1.22 2.70* 3.32** 3.10**
p-val 0.305 0.059 0.020 0.025
N 45 44 44 32

Dependent variable: Close-to-Close 
Change in the New Crop Corn Futures

Observed Surprise -1.230*** -1.112*** -1.426***
(0.289) (0.287) (0.367)

Predicted Surprise -0.599 0.272 -0.886
(0.687) (0.521) (0.597)

Unpredicted Surprise -1.336*** -1.623*** -1.749***
(0.307) (0.306) (0.461)

Constant 0.282 0.185 0.199 0.168 0.452 0.366
(0.334) (0.347) (0.236) (0.217) (0.513) (0.515)

R-squared 0.311 0.329 0.267 0.423 0.335 0.364
Adj. R-squared 0.294 0.295 0.250 0.393 0.313 0.320
N 42 42 43 42 32 32
Panel C. Price Reaction Tests with Cross-Commodity Interactions 
Dependent variable: Close-to-Close 
Change in the New Crop Corn Futures
Observed Corn Surprise -1.271*** -1.070*** -1.217***

(0.304) (0.312) (0.435)
Predicted Corn Surprise 0.292

(0.537)
Unpredicted Corn Surprise -1.581***

(0.336)
Observed Soybean Surprise 0.100 -0.092 -0.417

(0.203) (0.251) (0.463)
Predicted Soybean Surprise 0.001

(0.461)
Unpredicted Soybean Surprise -0.089

(0.257)
Constant 0.281 0.206 0.141 0.430

(0.337) (0.239) (0.277) (0.515)
R-squared 0.316 0.270 0.425 0.353
Adj. R-squared 0.281 0.233 0.363 0.309
N 42 43 42 32
Note: Single, double and triple asterisks (*) denote statistical significance at the 10%, 5%, and 1% levels, respectively.

NovemberOctober January

Panel A. Forecast Surprise Efficiency Tests

Panel B. Price Reaction Tests

October November January

October November JanuarySeptember
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Table 7. In-Sample Forecast Surprise Efficiency and Price Reaction Tests for Soybeans, 1970-2014.

Dependent variable: USDA - Private 
forecast

September October November January
USDA-Private (1st lag) 0.286** 0.143 0.186** 0.361

(0.116) (0.164) (0.091) (0.248)
USDA-Private (2nd lag) 0.147 -0.099 0.076

(0.131) (0.097) (0.139)
USDA-Private (3rd lag) 0.053 0.223

(0.077) (0.157)
USDA-Private (4th lag) -0.169

(0.116)
Deviation from trend 0.003 -0.013 -0.026** -0.017

(0.023) (0.021) (0.011) (0.016)
Constant 0.336 -0.014 0.01 -0.178

(0.246) (0.268) (0.156) (0.246)
R-squared 0.136 0.075 0.199 0.238
Adj. R-squared 0.094 0.007 0.119 0.091
F-test 3.29** 1.10 2.48* 1.62
p-val 0.047 0.360 0.059 0.189
N 45 45 45 32

Dependent variable: Close-to-Close 
Change in the New Crop Soybean Futures
Observed Surprise -0.531*** -0.921***

(0.190) (0.266)
Predicted Surprise -0.207 -1.098*

(0.480) (0.582)
Unpredicted Surprise -0.583*** -0.875***

(0.204) (0.301)
Constant 0.083 -0.006 -0.021 -0.003

(0.305) (0.330) (0.272) (0.280)
R-squared 0.163 0.175 0.227 0.229
Adj. R-squared 0.142 0.133 0.208 0.190
N 42 42 43 43

Dependent variable: Close-to-Close 
Change in the New Crop Soybean Futures
Observed Soybean Surprise -0.521*** -0.747***

(0.189) (0.279)
Predicted Soybean Surprise -0.538

(0.666)
Unpredicted Soybean Surprise -0.817**

(0.332)
Observed Corn Surprise 0.272 -0.593*

(0.230) (0.347)
Predicted Corn Surprise -1.999*

(1.116)
Unpredicted Corn Surprise -0.580

(0.358)
Constant -0.010 -0.021 0.410

(0.314) (0.266) (0.456)
R-squared 0.192 0.279 0.340
Adj. R-squared 0.151 0.243 0.268
N 42 43 42
Note: Single, double and triple asterisks (*) denote statistical significance at the 10%, 5%, and 1% levels, respectively.

November

Panel A. Forecast Surprise Efficiency Tests

September October November

September

January

Panel C. Price Reaction Tests with Cross-Commodity Interactions 

September

Panel B. Price Reaction Tests

November
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Table 8.  Forecast Surprise Efficiency (1970-1989) and Out of-Sample Price Reaction Tests (1990-2014).

Dependent variable: USDA - Private 
forecast

September October November January September October November January
USDA-Private (1 lag) 0.129 0.553*** 0.450** 1.311 0.158 0.063 0.021 1.871**

(0.125) (0.132) (0.165) (1.054) (0.224) (0.155) (0.194) (0.575)
Deviation from trend -0.019 0.026*** -0.014* -0.027 -0.021 0.004 -0.034** -0.055*

(0.017) (0.009) (0.008) (0.023) (0.038) (0.019) (0.014) (0.025)
Constant 0.176 0.259 0.077 0.380 0.012 0.209 0.115 -1.052*

(0.320) (0.188) (0.182) (0.734) (0.485) (0.295) (0.239) (0.472)
R-squared 0.136 0.584 0.329 0.576 0.038 0.010 0.241 0.869
Adj. R-squared 0.034 0.532 0.245 0.364 -0.075 -0.106 0.152 0.804
F-test 1.34 11.22*** 3.92** 2.72 0.33 0.09 2.70* 13.31**
p-val 0.289 0.001 0.041 0.180 0.721 0.916 0.096 0.017
N 20 19 19 7 20 20 20 7

Dependent variable: Close-to-Close 
Change in the New Crop Futures

November
Observed Surprise -1.354*** -1.136** -2.447***

(0.392) (0.441) (0.397)
Predicted Surprise -0.828 0.465 -2.530***

(0.728) (0.496) (0.426)
Unpredicted Surprise -1.391*** -1.492*** -2.415***

(0.396) (0.341) (0.406)
Constant 0.167 -0.083 0.119 -1.156 0.124 -0.014

(0.487) (0.570) (0.344) (0.266) (0.386) (0.454)
R-squared 0.352 0.374 0.224 0.581 0.623 0.629
Adj. R-squared 0.322 0.314 0.190 0.543 0.607 0.595
N 24 24 25 25 25 25

Panel A. Forecast Surprise Efficiency Tests (1970-1989)

Panel B. Price Reaction Tests (1990-2014)

Soybeans

October January

Corn

Corn Soybeans
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Table 9.  Forecast Surprise Efficiency (1970-1999) and Out of-Sample Price Reaction Tests (2000-2014).

Dependent variable: USDA - Private 
forecast

September October November January September October November January
USDA-Private (1 lag) 0.103 0.422*** 0.443*** 0.750** 0.209 0.132 0.058 0.515

(0.106) (0.124) (0.157) (0.341) (0.162) (0.171) (0.117) (0.450)
Deviation from trend -0.011 0.019** -0.007 -0.027** -0.004 -0.004 -0.031** -0.021

(0.016) (0.009) (0.009) (0.012) (0.029) (0.022) (0.012) (0.024)
Constant 0.081 0.139 -0.020 0.292 0.368 0.177 0.069 -0.081

(0.262) (0.173) (0.165) (0.330) (0.329) (0.302) (0.181) (0.374)
R-squared 0.064 0.363 0.234 0.414 0.058 0.024 0.189 0.161
Adj. R-squared -0.005 0.314 0.175 0.330 -0.012 -0.049 0.128 0.041
F-test 0.93 7.41*** 3.97** 4.94** 0.83 0.33 3.14* 1.34
p-val 0.408 0.003 0.031 0.024 0.446 0.723 0.060 0.293
N 30 29 29 17 30 30 30 17

Dependent variable: Close-to-Close 
Change in the New Crop Futures

Observed Surprise -1.534** -0.478 -3.076***
(0.571) (0.856) (0.736)

Predicted Surprise 1.453 0.921* -1.715
(1.946) (0.502) (1.465)

Unpredicted Surprise -1.463** -1.326** -3.367***
(0.539) (0.467) (0.781)

Constant 0.36 -0.928 0.377 0.103 -0.320 -0.737
-0.796 (1.101) (0.426) (0.226) (0.816) (0.900)

R-squared 0.376 0.493 0.024 0.757 0.573 0.611
Adj. R-squared 0.324 0.401 -0.052 0.716 0.540 0.546
N 14 14 15 15 15 15

Panel A. Forecast Surprise Efficiency Tests (1970-1999)

Panel B. Price Reaction Tests (2000-2014)

Corn

Corn Soybeans

October November January


