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1. Introduction
This paper develops an econometric framework for analyzing forecast errors when panel data on survey forecasts are available.  The use of panel data makes it possible to decompose forecast errors into macroeconomic aggregate shocks for which forecasters should not be held accountable, and forecaster-specific idiosyncratic errors and biases for which they should be held responsible.  We use the Blue Chip Survey of Professional Forecasts in which every month a group of thirty to fifty individuals forecasts the year over year percentage change in a number of macroeconomic variables.  Each month the panel forecasts the percentage change from the previous year to the current year and from the current year to the next year.  Thus the Blue Chip data set is a three-dimensional data set in that it provides information on multiple individuals forecasting for multiple target years over multiple forecast horizons.  This data set has many advantages over some other more commonly used surveys.  First, Blue Chip forecasts are regularly sold in a wide variety of markets (public and private) and hence one would expect them to satisfy a certain level of accuracy beyond surveys conducted for purely academic purposes.  Secondly, the names of the respondents are published next to their forecasts.  This lends further credibility to the individual forecasts as poor forecasts damage the respondents' reputations.  Thirdly, forecasts for fairly long horizons (currently anywhere from one to twenty-four months) are available.  This enables one to study the nature of forecast revisions over extended periods.  Fourthly, forecasts are made and revised on a monthly basis.  The shorter the interval between successive forecasts, the less the chance of aggregate shocks of opposite sign occurring within the same period and thus negating each other.

In recent years, many authors have studied the validity of Muth's (1961) Rational Expectations Hypothesis (REH) mostly using consensus (average) survey data.  The use of consensus rather than individual data creates the usual aggregation bias problems, cf. Keane and Runkle (1990).  Notable examples of studies which have used individual data are Hirsch and Lovell (1969) using Manufacturer's Inventory and Sales Expectations surveys, Figlewski and Wachtel (1981) using Livingston's surveys, Zarnowitz (1985) and Keane and Runkle (1990) using ASA-NBER surveys, DeLeeuw and McKelvey (1984) using the Survey of Business Expenditures on Plant and Equipment data, Muth (1985) using data on some Pittsburgh steel plants, and Batchelor and Dua (1991) using the Blue Chip surveys.  Of these, only Keane and Runkle (1990) and Batchelor and Dua (1991) estimated their models in a panel data setting using the Generalized Method of Moments (GMM) estimation procedure.  However, Keane and Runkle (1990) used only one-quarter ahead forecasts, and Batchelor and Dua (1991) analyzed data on one individual at a time.  One distinctive feature of the Blue Chip forecasts is that these forecasts are made repeatedly for fixed target dates rather than for a fixed forecast horizon which helps to pinpoint the nature of forecast revision with respect to monthly innovations.

In this paper, we describe the underlying process by which the forecast errors are generated and use this process to determine the covariance of forecast errors across three dimensions.  These covariances are used in a GMM framework to test for forecast rationality.  Because we model the process that generates the forecast errors, we can write the entire error covariance matrix as a function of a few basic parameters.  By allowing for measurement errors in the forecasts, our model becomes consistent with Muth's (1985) generalization of his original model such that the variance of the predictions can potentially exceed the variance of the actual realizations.
  We use the underlying error generation process to extract from the forecasts a measure of the monthly "news" impacting real GNP (RGNP) and the implicit price deflator (IPD) and to measure the volatility of that news.  We utilize this information to study how news affects volatility.  Because the individuals are not consistent in reporting their forecasts (as is typical in most panel surveys), approximately 25% of the observations are randomly missing from the data set.  We set forth a methodology for dealing with incomplete panels and implement this methodology in our tests.

The plan of this paper is as follows: In section 2, we describe the structure of multiperiod forecasts implicit in the Blue Chip surveys.  In this section we also develop the covariance matrix of forecast errors needed for GMM estimation.  Empirical results on the rationality tests are given in section 3.  In section 4, we show how aggregate shocks and their volatility can be identified in our framework; we also report the so-called news impact curves for IPD and RGNP.  In section 5, we generalize our rationality tests further by allowing aggregate shocks to be conditionally heteroskedastic over time.  Finally, concluding remarks are summarized in section 6.

Our main empirical findings are: (1) the Blue Chip forecasters are highly heterogeneous, (2) an overwhelming majority of them are not rational in the sense of Muth (1961), (3) "good" news has a lesser impact on volatility than "bad" news of the same magnitude, and (4) surprisingly, the effect of news on volatility is not too persistent.

2. The Structure of Multi-Period Forecasts
The Model
For N individuals, T target years, and H forecast horizons, let Fith be the forecast for the growth rate of the target variable for year t, made by  individual i, h months prior to the end of year t.  The data is sorted first by individual, then by target year, and lastly by forecast horizon so that the vector of forecasts (F') takes the following form: F' = (F11H, ..., F111, F12H, ..., F121, ...F1TH, ..., F1T1, F21H, ..., FNTH).  Notice that the horizons decline as one moves down the vector; that is, one is approaching the end of the target year and so moving forward in time.  Let At be the actual growth rate for year t (i.e. the percentage change in the actual level from the end of year t-1 to the end of year t).  To analyze the forecasts, we decompose the forecast errors as
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Equation (1) shows that the forecast error has a three-dimensional nested structure, cf. Palm and Zellner (1991).  It is written as the sum of the bias for individual i (i), the unanticipated monthly aggregate shocks (th), and an idiosyncratic error (ith).  The error component th represents the cumulative effect of all the unanticipated shocks which occurred from h months prior to the end of year t to the end of year t.  Equation (2) shows that this cumulation of unanticipated shocks is the sum of each monthly unanticipated shock (uth) that occurred over the span.  The rational expectations hypothesis (REH) implies that E(ith) = 0 and E(uth) = 0  i = [1,N], t = [1,T], and h = [1,H].  Figure 1 illustrates the construct of the forecasts and error terms where the horizontal line represents two years marked off in months.  Each vertical bar marks the first day of the month (forecasts are assumed to be made on the first day of each month, although they are actually made at some time within the first week).  The two upper horizontal brackets show the range over which unanticipated shocks can occur which will affect the error of forecasts made for target year 2 at horizons of 18 and 11 months, respectively.  The subrange common to both ranges contains the source of serial correlations across horizons.  The lower horizontal bracket shows the range over which shocks can occur which will affect a forecast made for target year 1 at a horizon of 12 months.  The subrange common to this and the 18 month horizon forecast for year 2 contains the source of serial correlation across adjacent targets.  Thus the error structure is correlated over three dimensions: (1) correlation occurs across individuals due to shocks which affect all forecasters equally, (2) for the same target year, as the forecast horizon increases, monthly shocks are accumulated causing serial correlation of varying order over horizons, (3) across adjacent target years there is a range of unanticipated shocks which is common to both targets and which causes serial correlation over adjacent targets.

Our model specifies explicit sources of forecast error and these sources are found in both At and Fith.  If forecasters make "perfect" forecasts (i.e. there is no forecast error that is the fault of the forecasters), the deviation of the forecast from the actual may still be non-zero due to shocks that are, by definition, unforecastable.  Thus the error term th is a component of At and we describe it as the "actual specific" error.  Forecasters, however, do not make "perfect" forecasts.  Forecasts may be biased and, even if unbiased, will not be exactly correct even in the absence of unanticipated shocks.  This "lack of exactness" is due to "other factors" (e.g. private information, measurement error, etc.) specific to a given individual at a given point in time and is represented by the idiosyncratic error ith.  The error term ith and the biases i are components of Fith and we describe them as "forecast specific" errors.

More rigorously, let A*th be the unobserved value the actual would take on for year t if no shocks occurred from horizon h until the end of the year.  Since aggregate shocks are unforecastable, it is A*th that the forecasters attempt to forecast and it is deviations from this for which they should be held accountable.  Their deviations from A*th are due to individual specific biases (i) and "other factors" (ith).  Thus


[image: image3.wmf]*

ithth

ith

i

 =     

FA

f

e

++


where the right hand side variables are mutually independent.

Because unanticipated shocks will occur from horizon h to the end of the year, the actual (At) is the actual in the absence of unanticipated shocks (A*th) plus the unanticipated shocks (th).
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where A*th is predetermined with respect to th.  It so turns out that Lovell (1986) and Muth (1985) have suggested precisely this framework to analyze survey forecasts.  The so-called implicit expectations and rational expectations hypotheses are special cases of this model when th = 0  t,h and ith = 0  i,t,h, respectively.  Note that in the presence of ith the conventional rationality tests like those in Keane and Runkle (1990) will be biased and inconsistent.

The Error Covariance Matrix
The covariance between two typical forecast errors is
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where E(2ith) = 2(i) and E(u2th), for the time being, is assumed to be 2u over all t and h.  From (5) the NTH x NTH forecast error covariance matrix () can then be written as:

Except for the 2(i) the entire covariance matrix is expressed in terms of one fundamental parameter, 2u, the variance of the monthly aggregate shocks.

The submatrix b takes the form shown because, for the same target, two different horizons have a number of innovations common to both of them.  The number of innovations common to the two horizons is equal to the magnitude of the lesser horizon.  For example, a forecast made at a horizon of 12 is subject to news that will occur from January 1 through December 31.  A forecast made for the same target at a horizon of 10 is subject to news that will occur from March 1 through December 31.  The innovations common to the two horizons are those occurring from March 1 through December 31.  The number of common innovations is 10 and the variance of each monthly innovation is 2u, so the covariance between the two forecast errors is 102u.  Note that under rationality, the covariance of the shocks across any two months is zero.

The submatrix  c takes the form shown because, for consecutive targets t and t+1, when the horizon of the forecast for target t+1 is greater than 12, that forecast is being made at some point within year t and so some of the news which is affecting forecasts for target t will also be affecting the forecast for target t+1.  The number of innovations common to the two forecasts is equal to the lesser of the horizon for target t and the horizon for target t+1 minus 12.  For example, a forecast made for target 7 at a horizon of 15 is subject to news that will occur from October of year 6 through December of year 7.  A forecast made for target 6 at a horizon of 9 is subject to news that will occur from April through December of year 6.  The innovations common to the two horizons are those occurring from October through December of year 6.  Since the number of common innovations is min(9,15-12) = 3, the covariance between the two forecast errors is 32u.  In the context of time-series data on multi-period forecasts, Brown and Maital (1980) first demonstrated that serial correlation of this sort is consistent with rationality.  Since Batchelor and Dua (1991) analyzed forecast errors individual by individual and did not allow for any idiosyncratic error, B is the matrix they attempted to formulate.  Following Newey and West (1987), they used Bartlett weights to ensure positive semi-definiteness of the covariance matrix.  Unfortunately, under rationality, this is not consistent with the logical decline of variances and covariances in b and c as the target date is approached.

Estimating 
Estimating  requires estimating N+1 parameters (2u and 2(i), i = [1,N]).  Averaging (1) over various combinations of i, t, and h gives the following estimates:
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Since E(2ith) = 2(i), consistent estimates of the individual idiosyncratic error variances can be obtained by regressing EQ \O(_,ˆ)2ith on N individual specific dummy variables.  The test for individual heterogeneity is achieved by regressing EQ \O(_,ˆ)2ith on a constant and N-1 individual dummies.  The resulting R2 multiplied by NTH is distributed 2N-1 under the null hypothesis of 2(i) = 2  i.

From (5), E(2th) = h2u.  A consistent estimate of the average variance of the monthly shocks (2u) can be obtained by regressing the TH vector EQ \O(_,ˆ)2th on a vector of horizon indices, h.  For our data set, the indices run from 18 to 8 and are repeated over all target years.

3. Rationality Tests: Empirical Results
The Incomplete Panel
We use the 35 forecasters who reported more than 50% of the time.
  We include sixteen target years (1977 through 1992) and eleven forecast horizons (from eighteen months before the end of the target year to eight months before the end of the target year).  The dates on which the forecast were made are July 1976 through May 1992.  The total number of observations present is 4585 out of a possible 6160.  Thus we have an incomplete panel with nearly 25% of the entries randomly missing.  To average the forecast errors, missing data are replaced with zeros and the summation is divided by the number of non-missing data.  In order to estimate a relationship with OLS or GMM, the data and covariance matrices have to be appropriately compressed.  Compressing the error covariance matrix requires deleting every row and column of the matrix which corresponds to a missing observation in the forecast vector.  Compressing the data matrices requires deleting every row corresponding to a missing observation in the forecast vector.  The compressed matrices can be directly used in OLS and GMM calculations.
  All our variance calculations (e.g. estimation of 2(i), 2u, etc.) also account for the fact that N varies over the sample.

Tests for Bias
Before performing the rationality tests, we computed the sum of squared residuals of the forecast errors using preliminary actuals (released in January or February), estimated actuals (released in March or April), and revised actuals (released in July).  Because the forecast errors for both RGNP and IPD exhibited a slightly lower sum of squares under revised actuals, these are the actuals we use in all of our tests.

Keane and Runkle (1990) claim that when the July data revision occurs between the time a forecast is made and the time the actual is realized the forecast will falsely test negative for rationality.  While they are not clear as to how the data revision causes a bias, it appears that bias arises when forecast levels (as opposed to growth rates) are analyzed.  Because the IPD level in any period is dependent on the IPD level in the previous period, when the previous period's IPD level is revised after a forecast is made, it will appear that the forecaster based his forecast on a different information set than he actually used.  For example, if the forecaster thinks that IPD at time t is 100 and he believes inflation will be 5% between time t and time t+2, he will report a forecast for period t+2 IPD of 105.  Suppose that at time t+1 data revisions are made which show that the true IPD at time t was 101, not 100.  Suppose further that the forecaster was correct in that inflation was 5% from time t to time t+2.  Given the data revision, the IPD reported at time t+2 will be 106.05, not 105.  That is, the forecaster was correct in believing inflation would be 5%, but his level forecast was incorrect due to the revision of the time t IPD.  While the July revisions do represent a change from the preliminary data, the change is neither significant nor systematic when one analyzes growth rate forecasts.  In fact, in our framework, the July data revisions are nothing more than aggregate shocks which occur every July.  To the extent that the revisions would be systematic, that systematic component represents information which could be exploited by the forecasters and for which the forecasters should be held responsible.  To the extent that the revisions would not be systematic, that non-systematic component represents an aggregate shock to the actual for which our model accounts along with all other aggregate shocks occurring in that period.

Variance estimates of the monthly aggregate shocks (2u) for IPD and RGNP were 0.0929 and 0.1079, respectively.  Estimates for the individual forecast error variances (2(i)) for IPD and RGNP are given in Table 1 and show considerable variability.  With estimates of 2u and 2(i) we construct the error covariance matrix () and perform GMM (cf. Hansen, 1982) on equation (1) using dummy variables to estimate the i's.  Prior examination showed that, for IPD forecasts, individual #12 had the smallest bias and, for RGNP forecasts, individual #28 had the smallest bias.  We use a constant term for the individual with the smallest bias and individual specific dummy variables for the remaining forecasters.  This formulation allows for any remaining non-zero component in the error term to be picked up by the base individual.
  Since the bias for the base individual is not significantly different from zero, deviations from the base are also deviations from zero bias.  The estimates we get for the i are identical to those obtained through the simple averaging in equation (7); it is the GMM standard errors that we seek.  The GMM covariance estimator is given by (X'X)‑1X'X(X'X)​‑1 where X is the matrix of regressors and  is the forecast error covariance matrix in (6).

Table 1 shows the bias and the standard errors for each individual for IPD.  Of thirty-five forecasters, twenty-seven show a significant bias.  Table 1 also contains the same results for RGNP where eighteen of the forecasters show a significant bias.  These results suggest distinct differences in the forecast error variances across individuals and strong heterogeneous bias throughout the individuals.  Interestingly, more forecasters are unbiased in predicting RGNP than in predicting IPD.  This is consistent with evidence presented by Batchelor and Dua (1991) and Zarnowitz (1985).

The rational expectations hypothesis should not be rejected based solely on the evidence of biased forecasts.  If the forecasters were operating in a so-called "peso problem" environment where over the sample there was some probability of a major shift in the variable being forecasted which never materialized, then rational forecasts could be systematically biased in small samples.  However, the use of panel data allowed us to show that over this sample it was technically possible to generate rational forecasts since nearly fifty percent of the respondents were, indeed, successful in producing unbiased forecasts.

Martingale Test for Efficiency
The standard rationality test looks for a correlation between the forecast error and information that was known to the forecaster at the time the forecast was made.  That is, in the regression


[image: image9.wmf]titht,h+1

thith

i

   =  +  +  + 

AFX

d

f

le

-


one tests H0:  = 0 where Xt,h+1 can be leading economic indicators, past values of the target variable, etc.
  This is the so-called efficiency test.  Since Xt,h+1 is predetermined but not strictly exogenous, the use of individual dummies will make OLS estimation inconsistent (see Keane and Runkle, 1992).  This is because the use of individual dummies is equivalent to running a regression with demeaned variables.  The demeaned X's are a function of future X's (EQ \O(X,¯) is a function of all Xth's, past and present), and the demeaned error is a function of past errors (for the same reason).  Since past innovations can affect future X's, the error and the regressor in the demeaned regression can be cotemporaneously correlated.
  Looking for a legitimate instrument in this case is a hopeless endeavor since one has to go beyond the sample period to find one.  The optimal solution is to apply GMM to the first-difference transformation of (10):
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With Blue Chip data, since At is the same over h, the first-difference transformation gives us the martingale condition of optimal conditional expectations as put forth by Batchelor and Dua (1992); see also Shiller (1976).  This condition requires that revisions to the forecasts be uncorrelated with variables known at the time of the earlier forecast.  An advantage of this test is that it is now completely independent of the measured actuals.  It is also independent of the process generating the actuals.  For instance, it may be argued that RGNP and IPD data is generated partially by a component that is governed by a two-state Markov process (cf. Hamilton, 1989).  Even in this situation, the martingale condition should be satisfied by rational forecasts.  For Xt,h+1 - Xt,h+2, we used the lagged change in the growth rate of the quarterly actual.  The IPD and RGNP are announced quarterly and past announcements are adjusted monthly.  We calculated the quarter over quarter growth rate (Gth) using the latest actuals available at least h+1 months before the end of year t.  The lagged change in this growth rate, Qt,h+1 = Gt,h+1 ‑ Gt,h+2, is information that was available to the forecasters h+1 months prior to the end of year t.  Note that since Qt,h+1 predates ut,h+1 and the 's are idiosyncratic errors, the composite error and the regressor in (11) will be cotemporaneously uncorrelated.
  Rationality requires that Qt,h+1 not be correlated with the change in the forecast (i.e. H0:  = 0, H1:   0).

For IPD and RGNP, the estimated regressions, respectively, were (standard errors are in parentheses):
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We find that, in both cases, the change in the actual quarterly growth rate significantly explains the forecast revision at the one percent level of significance and thus the tests reject efficiency.

Note that under rationality, the forecast revision Fith = Fith - Fi,t,h+1 = ut,h+1 - ith - i,t,h+1 can be written as Vith - 1Vi,t,h+1 where Vith is a white noise process.  Thus if Fith turns out to be a moving average process of order higher than one, it will imply that the forecasters did not fully incorporate available information.  Using a specification test due to Godfrey (1979), we tested H0: Fith = Vith - 1Vi,t,h+1 against H1: Fith = Vith - 1Vi,t,h+1 - 2Vi,t,h+2.  This is a Lagrange multiplier (LM) test based on the restriction 2 = 0.  The test procedure involves regressing computed residuals (EQ \O(V,ˆ)ith) based on the MA(1) model on Vith / 1 and Vith / 2 where the partial derivatives are evaluated at the ML estimates of the restricted model.  The resulting R2 multiplied by NTH is distributed 22 (cf. Maddala, 1992, p. 541).  The calculated statistics for both IPD and RGNP resoundingly rejected the null hypothesis.
  Thus, based on the bias and martingale tests, we overwhelmingly reject the hypothesis that the Blue Chip panel has been rational in predicting IPD and RGNP over 1977 - 1992.

4. Measuring Aggregate Shocks and Their Volatility
Note that Fith - Fi,t,h+1 = ut,h+1 - ith + i,t,h+1 gives an NTH vector for which uth are constant across individuals.  Because ith are white noise across all dimensions, the aggregate shocks can be extracted by averaging Fith - Fi,t,h+1 over i, which gives us a TH vector of shocks.  By plotting the uth against time, we can see the monthly aggregate shocks to IPD (Figure 2) and RGNP (Figure 3).
  In Figure 2 all positive aggregate shocks can be regarded as "bad" news (i.e. an increase in inflation) and all negative aggregate shocks can be regarded as "good" news.  Similarly, in Figure 3 all positive aggregate shocks can be regarded as "good" news (i.e. an increase in the growth rate of RGNP) and all negative shocks can be regarded as "bad" news.  Notice that October of 1987 (the stock market crash) shows news which decreased the expected growth rates of RGNP and prices simultaneously.  Notice as well the early 1980's where there were a number of monthly incidences of news which increased the expected inflation rate while decreasing the expected growth rate of RGNP (stagflation).

Since each monthly aggregate shock was computed as the mean of N observations, we can also estimate its variance according to the procedure described above.  The greater the variance of a single uth, the greater is the disagreement among the forecasters as to the effect of that month's news on the target variable.  The variance of uth is a measure of the overall uncertainty of the forecasters concerning the impact of news; in the context of the model, it is the variance of the aggregate shocks (cf. Pagan, Hall, and Trivedi, 1983).

Figures 4 and 5 show the measures of volatility over time for IPD and RGNP, respectively.  Notice that the volatility was high during the early eighties (uncertainty as to the effectiveness of supply-side economics combined with the double-dip recessions starting in 1982), temporarily peaked during the stock market crash of October 1987 (while the stock crash undermined consumer spending, the government reported that month a higher than expected preliminary estimate of third quarter RGNP), and peaked again in January 1991 (expectations of a slowing economy and lower oil prices once the Persian Gulf war is resolved combined with uncertainty as to the length of the war).

The News Impact Curve
A recent work by Engle and Ng (1991) recommends the News Impact Curve as a standard measure of how news is incorporated into volatility estimates.  They fit several models to daily Japanese stock returns for the period 1980-1988.  All of their models indicate that negative shocks have a greater impact on volatility than positive shocks and that larger shocks impact volatility proportionally more than smaller shocks.  Of the three main models they fit (GARCH, EGARCH, and one proposed by Glosten, Jaganathan and Runkle (1989) -- GJR) the GJR model gave them the best results.  Using our data on news and volatility, we estimated these three models and also a simple linear model which allows for differences in the effects of good and bad news.  Using certain non-nested test procedures (cf. Maddala, 1992), we found that a simple linear model slightly outperforms the GARCH(1,1), EGARCH(1,1), and GJR models used by Engle and Ng (1991) and that the linear model outperforms the corresponding log-linear version.

Our model can be written as:
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where u+th = uth if uth > 0, u+th = 0 otherwise, u-th = uth if uth > 0, u-th = 0 otherwise, and th is a random error with zero mean and variance 2.  This model allows for persistence and asymmetry in the effect of news on volatility.  Ordinary regression results for IPD and RGNP are reported in Table 2.

Notice that positive news affects volatility more than negative news for IPD while the opposite is true for RGNP.  For IPD, positive news implies an increase in the rate of inflation.  Therefore, for IPD, positive news is "bad news".  However, for RGNP, positive news implies an increase in the growth rate of RGNP; therefore, for RGNP, positive news is "good news".  We see then that for both series, bad news affects volatility more than does good news of an equal size.  Also, the coefficient of the lagged volatility is less than 0.20 for IPD and 0.30 for RGNP in all the models estimated.  Thus, the degree of persistence that we see in these data is considerably less than what researchers typically find using ARCH type models.

We conclude therefore that (1) "bad" news does have a greater effect on volatility than "good" news, (2) "large" news and "small" news do not seem to affect volatility disproportionally, (3) the volatility of RGNP is more sensitive to news than is the volatility of IPD, and (4) the effect of news on volatility seems to be only mildly persistent.

5.
GMM Estimation When Aggregate Shocks Are Conditionally Heteroskedastic
While testing for rationality, we assumed that the variance of the aggregate shocks (2u) was constant over the sample.  Figures 4 and 5 indicate that the variance changes considerably over time.  Allowing the variance of the monthly shocks to vary over time gives our model more generality, but it also increases the number of parameters to be estimated in the construction of the error covariance matrix  from N+1 to N+TH.  Recall that in the original formulation (7) the matrix  was a function of N idiosyncratic variances (2(i)) and the average variance of the monthly shocks (2u).  We must now replace the average variance of the monthly aggregate shocks with the specific variance present at each horizon and target.  Below we show the adjustment for the submatrices b and c in (6).  The submatrix b is the covariance of forecast errors across individuals for the same target and different horizons.  Under conditional heteroskedasticity, the  innovations in each of those eighteen months have different variances; they are 2u(t,1) through 2u(t,18) (where t is the target of the two forecasts).  The covariance between two forecast errors is the sum of the variances of the innovations common to both forecast errors.  Thus, the submatrix b transforms to:

The submatrix c in (6) is the covariance between forecast errors of two consecutive targets over all horizons.  Under time specific heteroskedasticity, the submatrix c transforms to

The submatrices bt and ct in (15) and (16) reduce to the submatrices b and c in (6) when 2u(th) = 2u  t,h.  The target associated with ct is the lesser of the row and column of submatrix B in (7) in which ct appears.

With this expanded covariance matrix which allows for conditional heteroskedasticity in unanticipated monthly shocks, we recomputed the GMM standard errors corresponding to the bias estimates reported in Table 1 (these standard errors are reported in square brackets).  We find little change in the GMM estimates of the standard errors under conditional heteroskedasticity.  All our previous conclusions continue to remain valid in this expanded framework, viz. a significant proportion of respondents are making systematic and fairly sizable errors whereas others are not.  Thus, as Batchelor and Dua (1991) have pointed out, the inefficiencies of these forecasters cannot be attributed to such factors as peso problems, learning due to regime shifts, lack of market incentive, etc.

6. Conclusion
We developed an econometric framework to analyze survey data on expectations when a sequence of multiperiod forecasts are available for a number of target years from a number of forecasters.  Monthly data from the Blue Chip Economic Indicators forecasting service from July 1976 through May 1992 is used to implement the methodology.  The use of panel data makes it possible to decompose forecast errors into aggregate shocks and forecaster specific idiosyncratic errors.  We describe the underlying process by which the forecast errors are generated and use this process to determine the covariance of forecast errors across three dimensions.  These covariances are used in a GMM framework to test for forecast rationality.  Because we model the process that generates the forecast errors, we can write the entire error covariance matrix as a function of a few basic parameters, and test for rationality with the most relaxed covariance structure to date.  This also automatically ensures positive semi-definiteness of the covariance matrix without any further ad hoc restrictions like the Bartlett weights in Newey and West (1987).  Since the respondents were not consistent in reporting their forecasts, we set forth a methodology for dealing with incomplete panels in GMM estimation.  Apart from testing for rationality, further uses of the survey forecasts become apparent once the underlying structure generating the forecast errors is established.  We show how measures of monthly news impacting real GNP and inflation together with their volatility can be extracted from these data.

Specific empirical results can be summarized as follows:  Even though all forecasters performed significantly better than the naive no-change forecasts in terms of RMSE, we found overwhelming evidence that Blue Chip forecasts for inflation and real GNP growth are not rational in the sense of Muth (1961).  Over half of the forecasters showed significant bias.  Also, there are distinct differences in the idiosyncratic forecast error variances across individuals.  The use of panel data enabled us to conclude that over this period it was possible for forecasters to be rational.  Tests for the martingale condition of optimal conditional expectations and for the appropriate covariance structure of successive forecast revisions also resulted in the same conclusion.  Rationality tests based on forecast revisions are attractive because these are not sensitive to the true data generating process and data revisions.  Thus, the observed inefficiency in these forecasts cannot possibly be rationalized by peso problems, regime shifts, or the use of revised rather than preliminary data.

We found that volatility was high during the early eighties, temporarily peaked during the stock market crash of October 1987 and peaked again in January 1991 just before the latest trough turning point of March 1991.  We also found that bad news affects volatility significantly more than does good news of equal size.  This is consistent with the evidence summarized by Engle and Ng (1991) using certain generalized ARCH models.  The coefficient of lagged volatility was found to be less than 0.30 in all the models estimated.  Thus, the degree of persistence in volatility that we find in the survey data is considerably less than what researchers typically find using ARCH-type time series models.

     �See Lovell (1986) and Jeong and Maddala (1991) for additional discussion on this point.


     �Batchelor and Dua (1991) restrict their data set to a subset in which there are no missing observations.  Keane and Runkle (1990) have more than fifty percent of their data set randomly missing yet they do not explain how they handled the missing data problem.


     �This statistic far exceeded the 5 percent critical value of 7.96 in all our calculations.


     �Table 1 lists the forecasters included in our sample.


     �cf. Blundell, et. al. (1992).


     �All calculations reported in the paper were done using all three sets of actuals; the differences in the results were negligible, cf. Zarnowitz (1992, pp. 396-397).


     �Mankiw and Shapiro (1986) examine the size and nature of data revisions in the growth rate of GNP (real and nominal).  They find that the data revisions are better characterized as news than as forecasters' measurement errors.


     �It can be argued that the estimate for the base individual picks up not only the base individual's bias, but also the mean of the cumulative aggregate shocks (�EQ \O(_,¯)�) resulting in deviations from the base individual actually showing deviations from the base bias plus the mean of the cumulative aggregate shocks.  However since �EQ \O(_,¯)� will be based on NT independent observations (NT = 176 for our data set) �EQ \O(_,¯)� = 0 is a reasonable identifying restriction under the assumption of rationality.


     �Note that because the horizon index declines as one moves forward in time, a variable indexed h+1 is realized one month before a variable indexed h.


     �Note that, for the same reason, the problem will arise even with a constant term, cf. Goodfriend (1992).  Thus the efficiency tests reported by Keane and Runkle (1990) are not valid.


     �See Schmidt, Ahn, and Wyhowski (1992).


     �Qt,h+1 is known on the first day of the month of horizon h+1, whereas ut,h+1 is not realized until the first day of the month of horizon h.


     �We may point out there is an interpretation of our model (2) - (3) where Fith should, in fact, be a white noise process under rationality.  If we believe that each forecaster has private information and take the definition of rational expectations to be that all available information is used optimally in the sense of conditional expectations, then Fith = E(At|Iith) where Iith is the information forecaster i has h months prior to the end of target t.  By the law of iterated expectations, the expectation of Fith - Fi,t,h+1 = E(At|Iith) - E(At|Iit,h+1) conditional on Iit,h+1 is zero.  This suggests that At - Fith = i + th + ith where ith = hj=1 ith and th is defined in (3).  Hence the idiosyncratic error will have a similar structure as the aggregate shock and Fith = uth + ith.  Thus, significant autocorrelation in Fith is evidence against rationality where the agents are allowed to have private information.


     �Note that the shocks appear to be serially correlated.  In fact, by regressing uth for IPD and RGNP on their lagged values, we found the coefficients to be highly significant.  This by itself is not evidence against rationality.  Since all individuals do not forecast at exactly the same point in time (there is a window of almost five days over which the forecasts are reported), those who forecast earlier will be subject to more shocks than those who forecast later.  For example, an individual who forecasts on the first day of the month is subject to thirty days' worth of shocks.  An individual who forecasts on the fifth day of the month is subject to only twenty-five days' worth of shocks.  When we subtract the forecasts made at horizon h+1 from the forecasts made at horizon h, some of the shocks in this five day period will show up as shocks occurring at horizon h while others will show up as shocks occurring at horizon h+1.  Because the shocks are computed by averaging the forecast revision over all individuals, the estimated shocks may exhibit a moving average error of order one due to cross sectional information aggregation.


     �Note that the "news" (uth) falls over the month whereas the volatility is observed at the end of the month when the forecasts are actually revised and the disagreement between them is observed.  That is why we have uth on the right hand side rather than the lagged value of uth as in Engle and Ng (1991).  With ut,h+1, the explanatory power of all the models falls considerably.


     �Because the shortest horizon in our data set is eight months, we do not have observations on 2u(t,1) through 2u(t,7).  Effectively, we take 2u(t,8) as a proxy for these volatilities in constructing .
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