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Abstract 

No, they are not; at least not in the UK. By examining GDP dynamics we find that, over a time-span 

of two decades, an easy-to-perform adaptive expectations model outperforms other standard 

predictors in terms of squared forecasting errors. This should reduce model uncertainty and thereby 

lead to increased homogeneity in expectations. However data collected in surveys shows that great 

variety in expectations persists even in this situation, weakening the general validity of approaches 

assuming predictions based on efficient econometric models. Moreover, Granger tests show that the 

level of disparity across expectations revealed in surveys helps improve the predictive accuracy of 

the optimal econometric model. On one hand it confirms that representative agents’ beliefs do not 

derive from the best model; on the other, it supports previous findings on the one-way information 

flow running from survey expectations to macroeconomic outcomes. Given the sign of the 

parameters it also turns out that the greater the entropy in the survey, the higher the uncertainty in 

the market. Results are based on real time data and are robust to both several predictors and 

nonlinearities. 
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1. Introduction 

Economics is a behavioral science and expectations play a crucial role in it. Yet little is known 

about how individuals actually form expectations. A typical assumption of important strands of 

research is that agents’ expectations are grounded in efficient econometric models. According to the 

rational expectations hypothesis all agents use the “true” model and homogeneous expectations 

naturally arise. In an attempt to step back from the difficult-to-defend omniscience of Muthian 

agents, the adaptive learning literature (see Evans and Honkapohja, 2001, for a survey) assumes that 

agents are boundedly rational but as smart as econometricians. This is the cognitive consistency 

principle (Evans and Honkapohja, 2011). In this setting agents form their expectations by 

relentlessly estimating econometric models. Though this approach allows for the presence of 

different predictors and discord expectations, most of the research that uses adaptive learning has 

been carried out in models with representative agents and homogeneous beliefs. In any case all 

agents should tend to use the best forecasting model because, acting as econometricians, they re-

estimate and possibly reformulate their models as new data become available. According to the 

cognitive consistency principle, then, agents are aware of the likelihood of structural changes and 

take measures to deal with it. The predictor choice approach (Brock and Hommes, 1997) addresses 

more explicitly the presence of different competing models. It points out that individuals could be 

uncertain about the correct model for the economy, so in each period they must select the optimal 

predictor. The selection mechanism consists of choosing the best model according to its relative 

accuracy as quantified by mean-squared-errors (MSE), net of its computational costs. Somewhat 

alike the bounded rationality assumed by the adaptive learning literature, in this approach 

individuals are boundedly rational in the sense that agents use the forecasting rule that has the 

highest fitness. Within this setting, Branch (2004, 2007) analyzes survey data and reports evidence 

that model uncertainty
1
 and computational costs may generate rationally heterogeneous 

expectations because some agent may not fully respond to changes in relative net benefits. 

                                                 
1
 As in Branch (2004, 2007), here model uncertainty refers to the presence of different forecasting rules.   



Persistent heterogeneity in beliefs may emerge even abstracting from computational costs. This may 

happen, for instance, when the kind of optimal
2
 predictor changes frequently: there could be a 

tendency to gradually switch to better performing models, but agents might not jump immediately 

to the most accurate model because of idiosyncratic errors, noise, etc. (Brock and Hommes, 1997). 

Some agent could also prefer to maintain always the same model. Yet this is not the typical 

behavior of econometricians. Sticking with inefficient models is costly and the representative 

econometrician should relentlessly act to reduce these costs. Similarly, as argued by the predictor 

choice theory, strategies that have been more successful in the recent past are selected more often 

than less successful strategies. In sum, most people - and hence the representative agent - should 

tend to use the same (best) model and, accordingly, to have the same expectations.  

To the extent that the representative agent’s beliefs i) are based on efficient models, and ii) can be 

captured by ad hoc surveys, two basic facts emerge, motivating this paper. First, in the absence of 

model uncertainty for a sufficient span of time survey expectations should tend to converge: more 

and more individuals should uncover or consider to use the sole and enduring efficient model. 

Second, the forecasting fitness of efficient econometric models cannot be further enhanced by the 

use of information provided by survey expectations. If agents act as if they were statisticians in the 

sense that they use efficient forecasting rules, then survey-based beliefs must reflect this and cannot 

contain any significant information that helps reduce the MSE relative to the best econometric 

predictor. In other words, survey expectations cannot Granger-cause optimal model-based MSE. 

Yet several authors have suggested that agents may not behave as statisticians and that opposite 

information flows are also plausible (Section 2). Keynes’ animal spirits or the heuristics studied by 

Kahneman et al. (1982) may impinge on individuals’ expectations which, in turn, may affect 

realizations. Katona (1958) has suggested that household surveys could capture precisely these 

mood-driven, and potentially disperse, expectations. Having said this, there could be some value in 

examining the dispersion in survey beliefs to understand i) whether these latter derive from optimal 
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 Henceforth optimal, best, efficient, etc, models are in the sense of minimum-MSE predictors. 



econometric models and ii) the time connections between survey-declared and efficient model-

grounded expectations. Our main goal and desired contribution is to shed some light on this topic 

by examining empirically the peculiar situation existing in the UK. 

Borrowing from both the adaptive learning and the predictor choice approaches, we estimate a list 

of well-known econometric models which could potentially be examined by lay consumers under 

the assumption that they act as econometricians (Section 3). For robustness we estimate, both 

recursively and via MSE-minimizing rolling windows, several univariate and multivariate 

econometric models of the GDP growth rate. We re-estimate all models in each period, and we use 

real-time data so there is no assumption that people form their expectations based on data 

unavailable at the time (Croushore, 2011). It is in line both with the assumption that people act as 

econometricians and with the actual forecasting exercise elicited from survey respondents. This 

connection is important with regard to our goal. Lastly, we perform relative forecasting ability 

exercises to identify the most accurate predictor(s).   

We then turn our attention to survey data (Section 4), computing some indicators of the differences 

across respondents’ replies. These statistics are signal/noise ratios (SNR) and are natural survey 

counterparts of model-based MSE, which, in fact, can be thought of as a measure of dispersion. 

Indeed, several authors have examined the links between the second order moments of expectations 

revealed in surveys and of macroeconomic dynamics (e.g., Mankiw et al., 2003). To the best of our 

knowledge this is the first attempt to examine the proposed SNR. A useful feature of SNR is that 

they reduce the impact of some important issues affecting the basis of widespread methods of 

quantification of qualitative survey observations (Pesaran and Weale, 2006).  

After having studied separately econometric forecasts and survey expectations, we perform 

bivariate VAR analyses - involving the fitness of the best econometric predictor and the degree of 

dispersion across survey responses - to address the significance, the direction and the sign of their 

statistical links (Section 5). As mentioned the idea is that, under the assumption that representative 

agents select and use optimal forecasting models, SNR cannot Granger-cause best model-based 



MSE. Mutatis mutandis the logic is somewhat similar to that behind Carroll's epidemiological 

approach (Carroll, 2003) where the information flow runs from econometric models to survey data 

and not vice versa (Section 2). It is also worth recalling that according to a stylized fact dispersion 

in beliefs across forecasters and macroeconomic uncertainty are positively correlated. For instance, 

Capistran and Timmermann (2009) have argued that macroeconomic uncertainty may lead to 

disagreement among (professional) forecasters. Thus, viewing MSE as an indicator of volatility, the 

proposed analysis can also shed some light on the relationship between the degree of heterogeneity 

across (non-professional) forecasters’ expectations and the second order moments of GDP growth.  

Data shows that heterogeneous beliefs are persistent and that the adaptive expectations predictor 

always outperforms a set of widespread models at least over two decades. The enduring presence of 

dissimilar expectations side-by-side with the long-term absence of model uncertainty impinges on 

the general validity of approaches assuming optimal model-based expectations formation. 

Moreover, results point to a significant and one-way Granger-causal chain connecting MSE and 

SNR, with the latter preceding the former. Again, these results contrast with best model-based 

survey expectations, while they are in line with the information flow argued by the above-recalled 

literature on psychological-driven beliefs. Interpreting MSE as a measure of volatility, these 

outcomes also imply that UK citizens’ persistently diverse beliefs are a significant source of the UK 

GDP uncertainty, but not vice versa. We can say more. The sign of the coefficients shows that 

signal/noise ratios are negatively correlated with MSE. That is to say, the greater the level of the 

entropy measured in survey expectations, i) the lower the forecasting ability of the most efficient 

econometric model, and ii) the larger the volatility in the market.  

Our findings are robust to both nonlinearities and several well-known predictors. All in all they 

show that the representative UK citizen does not (tend to) use the optimal predictor even when, and 

this is the main point, the more accurate forecasting rule remains the same over two decades. 

Though a fraction of agents may use the enduring optimal predictor (natural candidates are, e.g., 

professional forecasters), our evidence contrasts with the expectations formation process usually 



hypothesized by important strands of research. It naturally arises some intriguing questions: What 

does persistently impede the representative UK citizen to select the best predictor of GDP 

dynamics? Why (s)he seems not to behave as an econometrician? What is behind the observed 

long-lasting presence of heterogeneous beliefs? Answering to these questions is in our research 

agenda.     

 

2.  A Brief Literature Review  

There are several reasons potentially driving heterogeneity in expectations, and the empirical 

analysis of disparate beliefs is a fruitful area of research (Hommes, 2011). Both in the sticky 

information (Mankiw and Reis, 2001) and in the epidemiological settings (Carroll, 2003), only a 

fraction of agents update their information sets and, accordingly, may have diverse expectations. 

Heterogeneity may also stem from the use of a variety of predictors. Since the theoretical work of 

Brock and Hommes (1997), many authors have examined the benefit of including predictor choice 

as an economic decision in models with expectations formation (Hommes, 2006). In the rationally 

heterogeneous expectations (RHE) framework (Branch, 2004), agents may choose different optimal 

forecasting models because some of them may not fully respond to changes in relative net benefits, 

assumed to be a function of MSE and computational costs. From the empirical standpoint this 

author shows that, in the US, survey expectations are distributed heterogeneously across univariate 

and multivariate forecasting models, and there is dynamic switching between predictors that 

depends on relative MSE. Extending his 2004 paper, Branch (Branch, 2007) contrasts models of 

heterogeneity in survey expectations, showing that model uncertainty is a more robust factor of 

heterogeneity than sticky information. A non-exhaustive list of other papers examining model-based 

expectations and reporting heterogeneity across forecasting models include Aadland (2004), 

Orphanides and Williams (2005), Branch and Evans (2006), Capistran and Timmermann (2009), 

Guse (2010), Branch and McGough (2011), Wieland and Wolters (2011).  

The above-mentioned literature typically maintains that expectations are generated from 



econometric models, in that more or less implicitly assuming that people behave like 

econometricians. Generally speaking, if agents act as econometricians when forecasting, enduring 

model uncertainty may justify long-lasting diverse beliefs: there could be a tendency to gradually 

switch to better performing models, but agents could not jump immediately to the optimal model 

because of idiosyncratic errors, noise, etc. (Brock and Hommes, 1997). Nonetheless, in a world 

where the same “standard” predictor does the best job for decades frictions should fade out and an 

ever-increasing fraction of agents would use it, eventually resulting in identical forecasts. This 

process is close in spirit to Iterative Expectations Stability (e.g., Evans and Honkapohja, 2001) and 

it is in line with both the cognitive consistency principle and the kind of bounded rationality 

assumed by the predictor choice approach. By the same token, information contained in efficient 

models-based survey beliefs ipso facto cannot improve the forecasting ability of optimal 

econometric models. In other words, SNR cannot Granger-cause minimum-MSE.  

Nonetheless there exist several approaches providing theoretical justification for different causal 

chains. Farmer (1999) explains how shocks to agents’ self-fulfilling beliefs can be an independent 

source of economic dynamics. Similarly, heterogeneity of beliefs is a source of sunspot equilibria,
3
 

situations where extraneous random variables influence the economy solely through the 

expectations of the agents (Cass and Shell, 2003; Shell, 2008). Keynes’ animal spirits or other not-

statistically based beliefs, such as the heuristics studied by Kahneman et al. (1982), may then 

impinge on expectations which, in turn, may affect realizations. Katona (1958) has suggested that 

consumer surveys could capture precisely these kinds of mood-driven expectations. According to 

the survey by Ludvigson (2004), indeed, many empirical papers have been looking, with some 

success, for the additional information content of survey expectations, where the adjective 

“additional” means extra-economic factors and/or independent information. Examining survey data 
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 Proper sunspot equilibria can exist in a number of economic situations, including asymmetric information, 

externalities in consumption or production, imperfect competition, etc. In this paper we take an agnostic view of the 

exact channel through which agents’ beliefs may affect economic activity, leaving this topic unresolved for the moment. 



referring to several European countries throughout twenty years, Bovi (2009) shows that agents’ 

expectations exhibit biases significantly conforming to psychological theories which, in turn, are at 

odds with statistical principles. Roberts (1995, 1997) points out that empirical macro models 

perform better in a variety of dimensions when survey-based expectations are used in place of 

constructed model-consistent rational expectations. Mankiw and Reis (2001, 2003) obtain similar 

findings. 

It is worth emphasizing that Branch (2007) concludes that neither the RHE nor the sticky 

information setting can significantly match the data generation process behind survey expectations. 

Moreover an implicit assumption in Branch’s approach is that, since the success of their predictor 

choice is relative to the other alternatives, agents must know the success of the other predictors to 

be able to calculate the relative success of their own choice (Branch, 2004). Therefore, to the extent 

individuals have already paid the computational cost, the question can be asked whether the 

determinant of the choice should deal with forecasting accuracy only. Pesaran and Weale (2006) 

emphasize other critical points in Branch’s papers. As for Carroll’s epidemiological theory on the 

extent by which lay consumers’ expectations are led by forecasts of professionals, one must 

question the rationale behind the fact that household surveys are still among the most watched 

market movers, even among professional forecasters. Nunes (2009) reports some weaknesses in 

Carroll’s setting. 

 

3.  Econometric Models Forecasting Performances 

3.1 Econometric Models 

In this section we estimate and compare the forecasting power of a battery of commonly used 

econometric models aimed at predicting the GDP annual growth rate in the UK. The exercise 

cannot be, and does not intend to be, exhaustive; each model is chosen for its widespread use in 



econometric practice and is designed to be representative of a larger class of predictor functions
4
 

(Branch, 2004). Table 1 summarizes the predictors used in this paper, collecting them in order of 

increasing complexity (Brock and Hommes, 1997).   

Table 1. The Competing Four-Step-Ahead Predictors 

Model (Mnemonic) Model Specification (RHS abstracting from error terms) 

Naïve=Random Walk (RW) yt-1        

Adaptive Expectations (AE) γt-1yt-1 + (1-γt-1)AEt-1             γt∈(0,1], t∀ ;   starting value = y1956Q1 

First Order Autoregression
5
 (AR1) αAR1 + βAR1 yt-1  

Vector Autoregression  1 (VARPC1) αVARPC1+βVARPC1yt-1+δVARPC1π1,t-1                   π1 = Defl. GDP inflation 

Vector Autoregression  2 (VARPC2) αVARPC2+βVARPC2yt-1+δVARPC2π2,t-1                    π2 = Defl. consumption inflation 

Vector Autoregression 1 (VAR1) αVAR1+βVAR1yt-1+δVAR1π1,t-1+λVAR1rt-1     r = 3M Treasury bill rate 

Vector Autoregression 2 (VAR2) αVAR2 + βVAR2yt-1  + δVAR2π2,t-1 + λVAR2rt-1 

Note. yt ≡ (gdpt-gdpt-4)/gdpt-4. To mimic the horizon of beliefs elicited in the surveys (Section 4 and Appendix 2), all 

models are used to perform four-step-ahead forecasts. Usual information criteria suggest limiting AR and VAR models 

to one lag. These latter models are estimated each quarter both recursively and with rolling windows. As per γt-1 in the 

AE formula, it is re-optimized every quarter with step size of 0.04. Due to their symmetry, for VAR models only one of 

the two, or three, right-hand-side is reported. Details on real time data and estimations can be found in Appendix 1. 
 

These standard models are those contained within the toolbox of a “non-leading” econometrician as, 

in all probability, the representative citizen populating household surveys would be. Moreover our 

set is an extension of those used in previous works (Williams, 2004; Branch, 2004 and 2007; 

Forsells and Kenny, 2004; Branch and Evans, 2006). As for the VAR predictors, which again are 

frequently employed bi- and tri-variate Phillips curves (e.g., Henry and Pagan, 2004), it is worth 

noting that they are often cited as an approximation of rational and of professional economists’ 

expectations.  

                                                 
4
 Note that if laypeople act as econometricians and “objectively” use optimal combinations of different predictors, 

model reduction and/or variable selection methods it is unlikely that they will form persistently dissimilar forecasts.  

5
 We have also estimated ARMA(1,1) models. Non-reported Wald-tests on coefficient restrictions and usual 

information criteria show that AR(1) is the best specification for these kinds of models.  



The fundamental intention is to attempt to mimic a representative agent’s forecast of GDP growth 

under the assumption that (s)he acts as an econometrician. In later sections we examine the validity 

of this hypothesis. As mentioned above, individuals must know the success of all predictors to be 

able to calculate the relative success of their own choice. Accordingly they should use the entire set 

of predictors each time and computational costs should not affect the selection procedure. As we 

will see, the selection procedure is simplified in the present “one-single-best-model” case. To 

compute the relative predictive accuracy of the models we rely on the MSE statistic. There are 

several reasons behind this choice. First, the mean squared error is a standard measure of 

forecasting ability as well as a commonly used loss criterion. Second, it is based on the same 

statistic that is minimized in least squared estimations, namely the residual sum of squares (RSS): 

MSE=RSS/T (T=number of observations). Third, as a measure of dispersion the mean squared error 

constitutes a natural counterpart of the survey signal-to-noise ratios elaborated in Section 4. Finally, 

as it is well-known, the Granger causality tests (that we perform in Section 5) are built on the 

comparison of MSE. 

Given our goal we follow the adaptive learning literature and perform, in each quarter, both 

recursive and rolling estimations.
6
 This allows to account for the possible presence of nonlinearities. 

It is worth recalling that the volatility of the GDP annual growth rate in the UK was about 40% 

higher in the 70s than in the period 1956-1969 (the standard deviation was, respectively, 2.9 and 

2.1). According to the cognitive consistency principle, thus, the increase in volatility could have led 

agents to perform rolling windows variants of their models at least since the 80s. Furthermore, 

agents may be thought of as selecting across both different models and different specifications of 

the same model. We set the smallest window size
7
 to thirty-two quarters and the largest to fifty-six 
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 Under certain assumptions, the MSE-minimizing window size is equal to the reciprocal of the optimal gain parameter 

of Kalman’s filter estimation (Branch and Evans, 2006). Therefore our results are robust to parameter estimates 

generated by gain algorithms. 

7
 In VAR models we must estimate at least four parameters which suggests keeping enough observations. 



quarters. We therefore perform, in each quarter and using the data actually available at the time, 

twenty-four separate rolling regressions for each model in order to ascertain the optimal (i.e. MSE-

minimizing) window size. Similarly, a grid search over all γ∈(0,1] with step size 0.04 (i.e. over 

twenty-five γ) is performed in every quarter, choosing the value of γ that minimizes the mean 

squared error. In each case the period zero initial expectation is the value of y in 1956Q1. This is 

because all real time data vintages are available from 1956Q1  (Appendix 1), thus econometricians 

can choose this date as a starting point in any optimization. This date is sufficiently distant in time 

from the periods that we study (1985Q1 or later) for any potential initialization issues to be reduced 

(Carceles-Poveda and Giannitsarou, 2007). Performing the proposed quarterly grid search is more 

time-consuming but, conceptually, no more difficult than using a constant γ. If the AE forecasting 

rule is in the agent’s toolbox, which is likely to be (see, e.g., Assenza et al., 2011), the quarterly 

search just amounts to redo the same procedure each time. In this sense, updating the AE scheme 

searching among twenty-five gamma is neither more complex nor more costly than performing  

twenty-four separate rolling regressions for each of the AR and VAR models here proposed. 

Moreover, neither a 0.04 step size nor a continuous re-optimization is strictly necessary for our aim 

because, as we will see, the AE scheme largely outperforms all the others (Section 3.2). On the 

other hand some effort is required even to find the constant value which should be maintained for 

gamma, and for now there is no method that is clearly superior to the others.
8
 Finally, a time-

varying and non-arbitrary gamma allows us to better differentiate between the first two proposed 

predictors (Table 1). In fact, the RW is a particular AE model in which a value of γt =1 is arbitrarily 

imposed in any t. Thus, the RW is simpler than, but at its best as good as, the most accurate AE 

predictor (Figure 1). For all the VAR models, Akaike’s and Schwarz Bayesian information criteria
9
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 For example, Sargent (1993) uses an arbitrary value, while Orphanides and Williams (2005) calibrate their gamma by 

a non trivial procedure.  

9
 It is worth recalling that these information criteria are also based on the MSE statistic.  



suggest that one lag is optimal for virtually all models.
10

 Details on real-time data and estimations 

are reported in Appendix 1.    

Once we have estimated a model we use it to forecast, computing the relative MSE quarter-by-

quarter. Following the wording of the survey question (Section 4) and as usual in the literature in 

similar cases,
11

 we focus on one-year-ahead predictions (more on that in Appendix 2). Table 2 

reports the average MSE of the models over the full sample period for which the survey data are 

available (1985:1-2009:1), and over three equally long sub-samples.   

 

Table 2. The Forecasting Performance (MSE) of GDP Growth Predictors 

Model  85Q1-89Q4 90Q1-96Q2 96Q3-02Q4 03Q1-09Q1 90Q1-09Q1 

RW  3.73 5.34 1.73 4.31 3.80 

AE 1.17 2.49 0.42 3.09 2.01 

AR1 1.98 5.11 0.98 3.72 3.27 

AR1 rolling 1.80 3.52 0.90 3.71 2.73 

VARPC1 (y,π1) NA 6.64 1.45 4.24 4.11 

VARPC1 (y,π1) rolling  
NA 4.29 1.27 3.79 3.12 

VARPC2 (y,π 2) NA 7.07 1.66 4.56 4.43 

VARPC2 (y,π2) rolling  
NA 3.71 1.34 3.74 2.94 

VAR1 (y, π 1, r) NA 6.97 3.16 5.82 5.32 

VAR1 (y, π 1, r) rolling 
NA 4.10 1.01 3.12 2.75 

VAR2 (y, π 2, r) NA 6.52 3.18 5.98 5.24 

VAR2 (y, π 2, r) rolling 
NA 3.45 0.95 3.48 2.64 

                Note. MSE refer to (real-time) forecasts of GDP annual growth. The rolling variants of each kind of  

  model are those showing, in every quarter, the MSE-minimizing window size. The forecasts of VAR  

  models start in 1990Q4. See also Table 1. 
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 We have also estimated more generously lagged (up to four lags) models. Results show that the MSE stemming from 

VAR models using different lag length are very highly correlated and in no case outperform the most parsimonious 

version (i.e. that using only one lag). 

11
 For example, Branch (2007) and Mankiw et al. (2003) compare annual inflation with survey responses to 12-month 

inflation expectations. 



Table 2 demonstrates that the AE predictor is always the most accurate. This result recalls the 

theory put forward by Clements and Hendry (1995): complex models may forecast better or worse 

than simple models. From the empirical standpoint Atkeson and Ohanian (2001) found that in the 

US from a 1985-1999 quarterly sample it is difficult to outperform a year-over-year random walk 

forecast of inflation. Fisher et al. (2002) confirm that the RW inflation forecast outperforms the 

Phillip’s curve forecast from 1985 to 2000. Similarly, Williams (2004) finds that the RW model is 

more reliable than other models and that the VAR model is the worst performer in the US. It is 

worth recalling here that RW cannot outperform the optimal AE scheme. Moreover, Milani (2007) 

finds that expectations are adaptive over a post-war sample period, while Branch (2004) 

demonstrates that, even though the VAR is on average a better predictor for inflation in the US, 

there are periods where the adaptive or naïve predictor dominates. Finally, evidence from learning-

to-forecast laboratory experiments coordination on simple rules, such as adaptive expectations, is in 

some sense consistent with our findings (Assenza et al., 2011). This said, the overall forecasting 

accuracy is not dissimilar across models (with the possible exception of the recursive VAR models).  

Some sub-periods display larger discrepancies, demonstrating that peculiar GDP evolutions may 

impinge on the relative forecasting accuracy of models. In the presence of nonlinearities, for 

instance, rolling estimations can predict better than the corresponding recursive ones. Another 

robust outcome displayed by Table 2 is that, as compared to other sub-samples, in the second half 

of the 90’s the MSE of all models shrinks dramatically. Though outside our main aim in this paper, 

we may say that a possible explanation may be found in the so-called “Great Moderation” (GM), a 

stylized fact referring to the significant reduction in the macroeconomic volatility around the 

industrialized world during the last decades
12

 (Stock and Watson, 2003). As already noted, in fact, 

the means-squared error is strictly linked to the residual sum of squares and many authors suggest 
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 Several authors show that, in the UK, the Great Moderation started in the early ‘90s (e.g., Benati, 2008; Bean, 2009). 

Figure 1 confirms their outcomes.    



looking for the presence of the GM by working on estimated residuals.
13

 Figure 1 clarifies the U-

path of the GDP growth rate volatility which is perhaps less easily observable in Table 2. We report 

the MSE relative to the RW and AE forecasting rules. Thus, side-by-side with the U-path, Figure 1 

also allows us to check the improvement in forecasting accuracy, stemming from re-optimizing 

gamma, during different macroeconomic phases. Clearly the more distant the MSE relative to the 

AE predictor is from RW, the more distant gamma is from one.  

 

Figure 1. Mean-squared errors as a Proxy of the Great Moderation 
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Note. The two lines are the mean squared errors referring to real time forecasts of UK GDP annual growth. The solid 

line is the MSE stemming from the Random Walk forecasting rule, the dashed line is the MSE relative to the Adaptive 

Expectations scheme. See Tables 1 and 2. 

 

 

3.2 Relative Forecasting Performances 

In the previous section we have seen that the forecasting success of the models is relatively similar, 

with the likely exception of the AE which appears to be the most accurate. It is worth noticing that 

performing the grid search with alternative step sizes one obtains very similar results. The 
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 For instance, Kim et al., (2004) use the residuals of autoregressive models. 



correlation between the MSE relative to the AE forecasting rule with step size 0.04 and those 

stemming from grid searches with step sizes of 0.08, 0.12, 0.24 is, respectively, 99%, 98%, and 

96%. The correlation with the RW diminishes to 68%. It should be clear that smaller step sizes 

allows to obtain more, or equally, accurate
14

 forecasts (at the cost of an increased computation 

time). Thus, inserting in Fig. 1 the MSE deriving from the AE scheme computed using the cited 

step sizes - namely 0.08, 0.12 and 0.24 – they would lie within the two lines reported in Fig. 1. In 

particular they would be above (or would overlap) the dashed line and below (or would overlap) the 

solid line. More in general, the full-sample correlations between the MSE relative to the different 

models vary from a minimum of 87% (VARPC1 rolling vs. VAR1) to a maximum of 99% (VAR1 

vs. VAR2 and VARPC1 vs. VARPC2).  

To formally test the relative forecasting ability of the models we perform Diebold-Mariano-type 

tests (Diebold and Mariano, 1995). Following the logic of this paper, we maintain the mean-squared 

error as loss criterion and we run the following rolling regressions (abstracting from the error term):           

               

                                              MSEt,j – MSEt,rw = const                                                                      (2)    

where:  

J = AE,AR1,VARPC1,VARPC2,VAR1,VAR2, and their corresponding rolling versions (Tab. 1). 

 

As usual in the literature (Theil, 1966), we take the RW as the pivotal model: it is the 

easiest/cheapest/quickest way of obtaining econometric forecasts. Since the null is “Model J has 

better predictive accuracy than RW”, and because this is a one-sided test, we reject it if the t-

statistic of the intercept is greater than -1.69 (corresponding to a p-value of 5%). In the following 
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 This is strictly true only if the larger steps are a sub set of the smaller steps. For instance, the step size of 0.04 implies 

a grid of twenty-five gamma that includes all the thirteen steps stemming from a step size of 0.08. In this paper every 

grid search always includes the RW, i.e. the AE scheme with a constant, unitary gamma.      



Figure 2 we report the results obtained using a window size of sixteen quarters.
15

 Due to real time 

data availability the very first MSE stemming from the rolling VAR models refers to the third 

quarter of 1993. 

 

Figure 2. The Relative (wrt RW) Forecasting Accuracy of Standard Econometric Models. 
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Note. The benchmark model is the RW, the loss criterion is the MSE. When a curve is below the -1.69 (indicating the 

5% p-value) horizontal line then the corresponding model dominates the benchmark. 
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 Neither recursive estimation nor other window sizes substantially change the outcomes. All tests rely on Newey-West 

HAC dispersion matrices (Newey and West, 1987). 



Evidence from Figure 2 shows that the AR models never outperform the predictions of the 

benchmark model. As for the “professional” predictors, i.e. the VAR models, their recursive 

versions never beat the RW; however some of their rolling variants do, especially at the beginning 

and at the end of the sample. One may speculate that this may be due to the absence of the Great 

Moderation in those periods, which amplifies the need for non-linear estimations. As for the two 

simpler forecasting rules, the AE dominates the RW in all quarters. This is not surprising because 

the RW is a special and less refined type of adaptive expectations model. Instead, the RW is 

sometimes dominated by other predictors. We therefore move on to replicate the Diebold-Mariano-

type tests using the AE as the benchmark: equation (2) becomes MSEt,j - MSEt,AE = const. Figure 3 

reports the results. 

 

Figure 3. The Relative (wrt AE) Forecasting Accuracy of Standard Econometric Models. 
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Note. The benchmark model is the AE, the loss criterion is the MSE. When a curve is below the -1.69 (indicating the 

5% p-value) horizontal line then the corresponding model dominates the benchmark. 

 

 

Fig 3 indicates that there is no model uncertainty over the sample: in terms of MSE, the AE model 

is clearly and systematically superior to all others. It is important to note that, due to its evident 

superiority, the AE predictor would eventually be selected by all econometricians even if the “horse 



race” were performed less frequently than here proposed. Only if agents never performed the race 

and always used their own preferred model, then heterogeneity due to different models would 

persist. But this situation is hard to conceptualize under the hypothesis that people act as 

econometricians. Two last considerations: first, the AE model is conceptually simpler and no more 

costly than its competitors, with the exception of the RW. Therefore, for a non naïve model to be 

selected its forecasting ability should be significantly better than that of the AE. Second, given the 

clear-cut results collected in Table 2 the above mentioned DM-tests are simply a formal 

confirmation of an expected outcome. To sum up, to the extent UK citizens behave as 

econometricians and/or tend to switch to better models there should be an increasing share of 

people choosing the AE predictor. As a consequence, more and more uniform beliefs should be 

observed. For this reason in section 4 we look at whether the detected factual absence of model 

uncertainty leads to higher homogeneity in expectations. 

 

4. Survey Data  

 

4.1 The European Commission Data Set 

For this paper, a unique data set has been obtained from the Business Surveys Unit of the European 

Commission (European Commission, 2007). For the UK the data is based on monthly surveys from 

January 1985 to date. Each survey consists of two-thousand interviews and it is not a genuine panel, 

i.e. there are no re-interviews. This is due to the fact that it is difficult to maintain a genuine panel 

over a lengthy period. On the positive side the survey design is continuously refined and it is 

carefully aimed to capture the representative consumer. This latter feature is important because, 

since respondents are not professional economists, we have the possibility of testing for the 

presence of not-econometrically based forecasts (Katona, 1958). It is also worth noting that, given 

that we focus on the representative agent in all surveys, demography-related heterogeneous 

expectations should disappear. In fact, Bryan and Venkatu (2001a,b) and Souleles (2004) detect 

strong evidence that survey expectations are different across demographic groups. Finally, Pesaran 



and Weale (2006) argue that many of the respondents simply provide categorical data even in 

quantitative surveys.  

Though the survey asks several questions, the relevant query to this study is:  

“How do you expect the general economic situation in the country to develop over the next 12 

months? It will…” 

Surveyed individuals have six reply options:   

LB=…get a lot better; 

B=…get a little better; 

E=…stay the same; 

W=…get a little worse; 

LW=…get a lot worse; 

N=don't know. 

 

LB, B, E, etc., are the shares of respondents having chosen the corresponding option, the sum being 

one. Only these six aggregate shares are available, and only five of them form the basis of this 

study. Following mainstream literature, we have excluded the proportion relative to the option
16

 

“don’t know”, rescaling the other shares accordingly. Our data set covers the period January 1985-

March 2009.  

The fact that interviewees must reply to several other questions about both personal (e.g., household 

financial situation) and macroeconomic evolutions (e.g., unemployment, inflation, etc.) may 

actually induce the respondent to think about GDP when elicited on the general economic situation. 

An indirect indication that in peoples’ minds the question “general economic situation in the 

country to develop over the next 12 months” deals with annual GDP growth can be drawn from the 

corresponding retrospective question. Central tendency statistics (see Section 4.2) computed via 

replies to the corresponding retrospective question show unconditional correlations close to 70% 
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 This can be regarded as a “non response”, i.e. it is not the outcome of an explicit elaboration but rather a declaration 

of no information. In this regard, the European Commission Users’ Manual (2007, p. 18) states that: “(…) there are six 

reply options: five “real” ones and a ‘do not know’ option”. 



with respect to annual GDP growth.
17

 Figure 4 in the next section offers a visual indication of how 

much survey expectations and actual GDP annual growth rate go hand in hand throughout the 

sample period. Given that GDP data is available at quarterly intervals only, we aggregate monthly 

survey data by using quarterly averages. The correlation between the quarterly series obtained using 

the last or the first monthly observation of the corresponding quarter and that used in this paper is 

almost one. Therefore the results are robust to the use of any of these time aggregations. In view of 

the VAR analyzes reported in Section 5 it is worth mentioning that time aggregation may reduce 

noise in series but may also increases contemporaneous correlation (Spencer, 1989).  

 

4.2 Heterogeneous Expectations as Signal-To-Noise Ratios 

Taking advantage of the European Commission database, we elaborate some alternative quantitative 

indicators of the mean and dispersion of survey expectations. Details can be found in Appendix 2. 

We do not rely on a single measure because each has pros and cons and none has emerged as being 

definitively superior to the others (Pesaran and Weale, 2006). Needless to say, uniform results 

stemming from different indicators increase the robustness of the findings.   

As for the central tendency one of the most used quantification methods is the balance statistic 

(Anderson, 1952; Theil, 1952). In the three-category scheme (e.g., with only “up”, “same”, “down” 

option replies), it is defined as the difference between the share of respondents that expect “up” and 

the share of respondents that expect “down”. Exploiting all the five replies, we use a slightly 

modified version also used by the European Commission (2007). Another well-known conversion 

method is that of Carlson and Parkin (1975, henceforth CP), which we also calculate in the five 

option replies version of Batchelor and Orr (1988). Essentially, the CP method interprets the share 

of respondents as maximum likelihood estimates of areas under the density function of aggregate 
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 The query is: “How do you think the general economic situation in the country has changed over the past 12 months”. 

The correlations with other growth rates, such as annualized quarterly change and q-o-q, are lower both for the 

prospective and the retrospective queries.  



expectations, that is, as probabilities. Within both approaches one can also compute measures of 

disagreement between agents’ expectations. One problem with separate measures of mean and 

dispersion is that they need some scale factor or critical value whose quantification is as crucial as it 

is tricky (Appendix 2). 

We also compute another measure of dispersion, the Index of Qualitative Variation (IQV). It is 

based on the ratio of the total number of differences in the distribution to the maximum number of 

possible differences within the same distribution. We scale it to ensure that 0 ≤ IQV ≤ 1, where 

IQV=0 means no variation because all cases belong to a single category; that is to say, expectations 

are totally homogeneous. Unlike the previous methods, the IQV does not account for the ordered 

nature of the data, thereby increasing the robustness of our results.  

Figure 4 provides a visual impression of how survey expectations and the GDP annual growth rate 

move together in the sample period.   

 

Figure 4. Survey Expectations and GDP annual growth rate in the UK 
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Note: The signal is computed by the Carlson-Parking method with three options replies. The noise (RHS scale) is   

the index of qualitative variation: when it is one there is full heterogeneity. Signal and noise statistics are lagged  

four quarters because the survey question refers to the one-year-ahead horizon (Section 4.1). 



For our ends the most important point to note is that, putting aside some years of the GM period, the 

IQV is always very close to one and that, moreover, it is never lower than a very high 0.77. In other 

words, highly heterogeneous expectations persist since the inception of data availability. The other 

proposed indexes simply reinforce the outcome of “split” beliefs: in each month and throughout the 

sample period the number of optimists and pessimists tend to be rather similar. Heterogeneity 

among survey respondents in the UK is also documented by Lombardelli and Saleheen (2003).  

With central tendency and standard deviation indicators to hand, we are able to calculate signal-to-

noise ratios with the aim of capturing the relative heterogeneity in survey expectations. These ratios 

allow us to reduce some important drawbacks affecting separate measures of both central tendency 

and discord indicators (Appendix 2). Table 3 shows their definitions and cross-correlations.  

 

Table 3. Survey Signal-to-Noise Ratios. Cross Correlations 

  1985:1-2009:1 

Definition Mnemonic SNR_BALt SNR_BAL3t SNR_CPt SNR_CP3t 

BALe

ty
,

/ 
BALe

t

,
σ  SNR_BALt     

3,BALe

ty /
3,BALe

tσ  SNR_BAL3t 0.80    

CPe

ty
,

/ 
CPe

t

,σ  SNR_CPt 0.74 0.87   

3,CPe

ty / 
3,CPe

tσ  SNR_CP3t 0.80 0.99 0.89  

3,CPe

ty / IQVt SNR_IQVt 0.72 0.95 0.91 0.97 

             Note: SNR_IQV is computed setting δ=1. See Appendix 2. 

 

Table 3 emphasizes that, with the possible exemption of SNR_BAL, all metrics are strongly 

correlated. So, notwithstanding the different nature of the indexes all SNR seem to contain similar 

information, which is reassuring as regards their reliability: it may be the effect of the relatively 

reduced number of crucial assumptions behind the ratios. Moreover, since our goal is to compare 

survey expectations with model-based MSE, SNR are a natural choice because both these statistics 

deal with second moments. Note that the noise measures the dispersion across agents, and not the 

uncertainty of individual beliefs. Given our aim, this is a useful feature since model uncertainty as 



meant here should impinge on the former. We also propose a hybrid SNR, namely SNR_IQV 

(computed by setting δ=1, see Appendix 2). The reason is that this latter, according to Maag’s 

findings (Maag, 2009), might be the most efficient signal-to-noise ratio in order to quantify survey 

expectations. Relying on micro-data from the Swedish consumer survey that asks for both 

qualitative and quantitative responses on expected inflation, Maag contrasts the fitness of 

alternative approaches. Evidence suggests that whereas the three-category probability method (CP3) 

is the most reliable in describing the central tendency, the IQV most closely tracks the actual 

heterogeneity of quantitative replies. Other authors emphasizing reasons to prefer these indicators 

for quantifying discord across survey beliefs are Lacy (2006), and Badarinza and Buchmann (2009). 

Authors using similar statistics for comparisons with macroeconomic volatility are Mankiw et al. 

(2003), Capistran and Timmermann (2009).  

Prima facie evidence on the time connections linking the survey SNR and the MSE stemming from 

the optimal predictor (i.e., AE), is collected in Figure 5. Specifically, it reports the unconditional 

correlations between contemporaneous MSE and both contemporaneous and lagged SNR.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Figure 5. Model-based MSE and Survey Signal-to-Noise Ratios. Correlations (85Q1-09Q1) 
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Note: Each point marks the correlation between MSE_AEt (=MSE deriving from the AE model) and the corresponding 

SNRt-i, with i=0,…,12. Correlations outside the (approximate) two standard error bounds, equal to ±0.2 

(= ± 2/ 97 where 97=n. of obs.), are significantly different from zero. 

 

 

 

Figure 5 reveals a number of comforting outcomes and one intriguing result. Among the former, the 

data demonstrates that all significant unconditional correlations are negative. This is comforting 

because, as mentioned, the MSE can be thought of as a proxy of volatility. As for contemporaneous 

correlations, the balance measure turns out to be the least accurate. This is to be expected due to the 

hard-to-defend assumptions behind this method (Batchelor and Orr, 1988). In addition the five-

category indicators appear to be superior to the others, perhaps because of their more detailed 

information content. This is particularly true for SNR_CP and SNR_IQV, which is in line with their 

above-mentioned relative superiority. Though contemporaneous unconditional correlations are 

relatively small,
18

 they are significant for SNR_CP and SNR_IQV. The intriguing trait of Figure 5 
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 Excluding 1991Q2 allows us to achieve values close to 0.4 for both SNR_IQV and SNR_CP. This exclusion 



is that contemporaneous MSE are significantly correlated with lagged SNR.
19

 These findings call 

for more refined statistical analyses. 

 

5. Causality Tests   

Evidence emerging from the previous two sections indicates the persistent presence of discord 

expectations and the factual absence of model uncertainty over the long term. Though the former 

outcome is an expected one (see, e.g., Mankiw et al., 2003; Lombardelli and Saleheen, 2003; Kurz, 

2011), the latter and their coexistence is more interesting. All this is hard to conceptualize under the 

assumption of best model-based expectations. In addition, as mentioned, contemporaneous MSE 

relative to the most efficient predictor are significantly correlated with lagged SNR. We therefore 

perform Granger-cause analyzes to test the presence, the direction, and the sign of significant causal 

links between SNR and MSE. The point is that if representative consumers use the best model to 

forecast, then survey expectations must reflect this and cannot contain any significant information 

improving the forecasting accuracy of the optimal econometric model. Hence, we limit the analysis 

to the AE predictor. Specifically, we estimate bivariate VAR models involving one SNR and one 

MSE
20

 and then perform Granger block causality tests. Table 4 summarizes the results obtained.   

 

 

 

 

 

 

 

                                                                                                                                                                  
increases the correlations with lagged SNR by a similar magnitude.  

19
 Unconditional correlations between contemporaneous SNR and lagged MSE, not reported  here for reasons of space 

but available upon request, are statistically zero for all lags up to twelve.  

20
 Henceforth, to avoid confusion, when we write MSE in capital letter we refer to one of the time series computed in 

section 3. Note that the Granger causality is based on the mean-squared error so that when we say “SNR Granger causes 

MSE” we mean the variable SNR helps reduce the mean-squared forecast error referring to the variable MSE.  



Table 4. AE-based MSE vs. Survey-based Signal/Noise Ratios. Granger-Causality 

                                      

Signal/Noise Ratios BAL BAL3 CP CP3 IQV 

Causality Direction 
SNR => 

MSE 

MSE => 

SNR 

SNR => 

MSE 

MSE => 

SNR 

SNR => 

MSE 

MSE => 

SNR 

SNR => 

MSE 

MSE => 

SNR 

SNR => 

MSE 

MSE => 

SNR 

Granger Tests 0.01 0.72 0.05 0.17 0.07 0.28 0.04 0.40 0.00 0.45 

SNR coef. in MSE_AE -0.5 -0.4 -0.9 -1.2 -0.5 

Note. Granger Tests row reports the p-values (based on Newey-West HACSE) of Granger block exogeneity tests, which 

are based on bivariate VARs made up by one SNR and one MSE (lag length according to usual information criteria). In 

order to obtain multivariate normal residuals i) the VARs start from 1990:1; ii) occasionally two point dummies (taking 

the value 1 in, respectively, 1987:3 and 1988:3 and 0 elsewhere) are added; iii) RMSE are used. The last row reports the 

(algebraic sum of the) jointly significant coefficients of the signal/noise ratios entering the MSE_AE equation of the 

bivariate VAR.   

 

A robust message emerges from Table 4: no matter the survey indicator we use, SNR always 

Granger-cause MSE. That is, using the information contained in past and current levels of 

disagreement across survey respondents one can beat minimum-MSE econometric models. These 

outcomes are at odds with the assumption of efficient model-grounded survey beliefs. On the other 

hand, these findings are in line with the additional information content of survey data with respect 

to econometric models as found in some papers (see Ludvigson, 2004, for a survey). They are also 

congruent with the results of Mankiw and Reis (2001, 2003) and Roberts (1995, 1997), which show 

that empirical macro models perform better when survey-based (inflation) expectations are used in 

place of constructed model-consistent rational expectations. Interpreting MSE as a proxy for 

volatility, then, we can also add that the level of dispersion in laypeople’s beliefs is a significant 

source of the UK GDP uncertainty, but not vice versa.    

Another robust and interesting finding stemming from our analysis refers to the sign of the 

correlations connecting SNR to MSE. The last row of Table 4 shows that the sum of the SNR 

coefficients significantly entering the AE-related MSE equations is negative in all the possible 

combinations between the proposed SNR and MSE. It implies that when the signal coming from the 

surveys is more perturbed, the macroeconomic uncertainty increases. This is in line both with the 

stylized fact on the positive correlation between dispersion in expectations across forecasters and 

macroeconomic uncertainty, and with the results of Capistran and Timmermann (2009). In fact, 



these authors argue for an opposite information flow, but they examine inflation and professional 

forecasters in the United States. Finally, it has been argued that in a bivariate VAR with only one 

variable measured with error - as, possibly, are our SNR – this latter is often mistakenly concluded 

as failing to Granger-cause the other variable, while the Granger causality in the other direction is 

more often detected (Andersson, 2005). That is to say, our results seem to be robust even to 

measurement errors.  

Granger causality does not tell us anything regarding the possibility of instantaneous correlation 

between time series. Evidence of no instantaneous feedback between the accuracy of econometric 

models and the level of discord across survey beliefs could instead reassure that replies are 

exogenous to the results of the econometric exercises performed in Section 3. To analyze the 

presence of instantaneous correlations in our VAR settings we rely on two tests: the Geweke’s 

instantaneous feedback test (Geweke, 1982) and forecast error variance decompositions (FEVD). In 

the interests of space we do not report results for the latter.
21

 Simply stated the former amount to a 

test, via log-likelihood ratios, of whether the current value of SNR enters the MSE equation of the 

aforementioned VAR (or, equivalently, vice versa): if the added current value significantly enters 

the equation, then there is contemporaneous causality. Table 5 collects the results for adaptive 

expectations-based MSE. 

 

Table 5. AE-based MSE vs. Survey-based Signal/Noise Ratios. Instantaneous Feedback.  

Signal/Noise Ratios BAL BAL3 CP CP3 IQV 

Geweke’s Test 0.98 0.98 0.83 0.82 0.97 

Note. The bottom row reports the χ2 p-values of LR tests. These latter are the log-ratio taken from the variance of the 

residuals of the SNR equation of the bivariate VARs (involving one SNR and the AE-based MSE) and the variance of 

the residuals of the same equation where the current value of MSE is added. The null is: “no instantaneous feedback”. 

See also Table 4.  

 

The results unequivocally point to the absence of any contemporaneous feedback between cross-

sectional spreads observed from survey data and econometric forecasting accuracy, supporting once 
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 Results confirm those of Table 5 and are available upon request. 



again a negative answer to the question in the title of this paper. To sum up, at least referring to 

economic growth throughout the period here analyzed, in the UK the expectation feedback system 

looks like an open loop where (survey-declared) beliefs play a key role with respect to realizations.  

 

5. Concluding Remarks 

Muthian agents are all equally rational and know the “true” model. The adaptive learning literature 

assumes that agents are boundedly rational in the sense that they are as smart as econometricians 

and that they are able to learn the correct model. The predictor choice approach argues that 

individuals are boundedly rational in the sense that most agents use the forecasting rule that has the 

highest fitness. Preferences could generate enduring inertia in the dynamic switching process and a 

stationary environment for a sufficiently long period is necessary to learn the correct model. Having 

said this, all the cited approaches typically argue that there is a general tendency to forecast via 

efficient forecasting models.    

This paper addressed the empirical validity of this assumption examining GDP dynamics in the UK 

throughout two decades. Results show that an easy-to-perform predictor systematically offers the 

best forecasts and that disparate beliefs persist. In addition, evidence points to information flows 

going from survey data to econometric models. In particular, Granger-causality tests suggest that 

the accuracy of the optimal forecasting model can be further enhanced by the use of the information 

provided by the level of disagreement across survey beliefs. Moreover, forecast error variance 

decompositions and Geweke’s instantaneous feedback tests indicate the absence of any 

contemporaneous feedback between MSE and SNR. All this casts doubt on the widespread 

assumption that representative agents’ beliefs derive from optimal econometric models. Interpreting 

means-squared errors as a proxy of uncertainty, then, we can add that UK citizens’ persistently 

diverse expectations are a significant source of the UK GDP growth rate volatility, but not vice 

versa. Lastly, the sign of their correlation implies that wider entropy in survey expectations leads to 

greater macroeconomic uncertainty. Again, it contrasts with the information flow linking 



expectations and realizations that is usually assumed in important strands of research.    

These results are robust to several SNR measures and take into account well-known forecasting 

rules, including univariate and multivariate models estimated both recursively and via optimal-size 

rolling windows. They are also in line both with the literature supporting the non-econometrically-

based content of the information captured by surveys carried out on laypeople, and with the stylized 

fact on the positive correlation between dispersion in beliefs and macroeconomic uncertainty.  

All in all, our evidence leads to a negative answer to the question in the title of this paper, arising 

some intriguing questions: Why the representative UK citizen seems to be more boundedly rational 

than what usually hypothesized in the adaptive learning literature and the predictor choice 

approach? What does persistently hamper him/her to use the most accurate model? Are there 

econometric (objective) or psychological (subjective) impediments? Answering to these questions is 

in our research agenda. 





Appendix 1. Real-Time Data and Estimation 

 

When comparing econometric models and survey expectations, the former should be estimated in 

real-time, i.e., using the data which agents had available at the time when they stated their 

expectations (Croushore, 2011). In fact, this caveat also applies to econometric techniques. For 

instance it is very unlikely that laypeople were able to use VAR models before 1980. Exploiting the 

Bank of England database, we are in a position to use real-time data.
22

 Consequently, we do not 

assume that individuals use information which will be available only in future dates or that they 

have remarkably good foresight about data revisions (which, in fact, is unlikely). 

The quarterly data set consists of consecutive vintages ordered as they become available to agents. 

As for real GDP, the first available vintage was published in March 1976 and covers the period 

1955Q1-1975Q4; the second was published in June 1976 and covers the period 1955Q1-1976Q1, 

and so on up to the last release here used (published in June 2009 and covering the period 1955Q1-

2009Q1). Thus, each vintage is released with a delay of three months. In order to perform the 

standard bi- and tri-variate VAR models discussed in the main text we need another three variables, 

namely the deflators of GDP and private consumption,
23

 and the interest rate. The first vintages of 

the two deflators are available since January 1990 and include data from 1970Q1 to 1989Q4. 

Therefore, time series for deflators are shorter than those for real GDP. This means that univariate 

real-time forecasting exercises dealing with real GDP dynamics cannot have a starting point before 

1976Q4, while the earliest VAR-based expectations must refer to 1990Q4. The interest rate (3M 

Treasury bill rate) is not subjected to data revision and is available from 1957Q1. To sum up, our 

database consists of sequentially-released vintages of the above-mentioned four variables.  

To mimic the horizon of beliefs elicited in the surveys, our real time estimation and forecasting 

exercises are performed as follows: To obtain the first forecast we estimate the models described in 

                                                 
22 

Data is available on line at: http://www.bankofengland.co.uk/statistics/gdpdatabase/  

23
 As far as we know, real time data for CPI is not available. 



Section 3 using the first available vintage; a quarter later the second vintage becomes available and 

we re-estimate the above-mentioned models using this new vintage to produce the second forecast, 

and so on. As for the AE and rolling estimations in each quarter we re-optimize, respectively, the 

gamma and the window. 

As for the predictive ability metric, in all forecasting exercises we compute: 

                                            MSEt+5= (t+5yt+4 – t+1y
e

4t+ )
2
                                                             (A1)

  

where: 

yt 
≡  (GDPt-GDPt-4)/GDPt-4 

t+1y
e

4t+ = Expected value of y in t+4 based on the vintage released in t+1  

t+5yt+4 = Actual value of y in t+4 as reported by the vintage released in t+5. 

 

An example should help to clarify the matter: 

in 1976Q1 (=t+1) the first time series for yt, running from 1956Q1  

to 1975Q4 (=t), is made available. The four-steps-ahead prediction refers  

to 1976Q4 (=t+4). To compare this with its realization we have to wait  

until 1977Q1 (=t+5), when the actual data for 1976Q4 is eventually released. 

 

As mentioned the sample size is shorter for VAR models, but the logic of the procedure remains the 

same for all models examined.  

  



Appendix 2. Signal to Noise Ratios 

 

The relevant query to this study is:  

“How do you expect the general economic situation in the country to develop over the next 12 

months? It will…” 

Surveyed individuals have six reply options:   

LB=…get a lot better; 

B=…get a little better; 

E=…stay the same; 

W=…get a little worse; 

LW=…get a lot worse; 

N=don't know. 

 

LB, B, E, etc., are the shares of respondents having chosen the corresponding option, the sum being 

one.
24

 With reference to the three-category version, for each method we aggregate the responses as 

suggested by Berk (1999): 

B

ts = LBt+Bt; 
W

ts = LWt+Wt; 
E

ts  = Et.  

 

Working on these data we compute: 

 

� Balance and disconformity statistics (Anderson, 1952): 

 

                                                            
3,BALe

ty = α(
B

ts  - 
W

ts )                                                         (A2) 

                                                    
3,BALe

tσ = α2
[(

B

ts +
W

ts )
2
  - (

B

ts -
W

ts )
2
]                                        (A3) 

 

Using all five reply options (as done, e.g., by the European Commission, 2007): 

 

                                      
BALe

ty
,

= α(LBt+0.5∗Bt-0.5∗Wt-LWt)                                                        (A4) 

                             
BALe

t

,
σ = α2

[(LBt+0.5∗Bt+0.5∗Wt+LWt)
2 

- (LBt+0.5∗Bt-0.5∗Wt-LWt)
2
]            (A5) 
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 Following mainstream literature, we have excluded the proportion relative to the option “don’t know”, rescaling the 

other shares accordingly. 

 



The parameter α can be chosen to ensure that the balance has the same average value as the GDP 

growth rate. This is an arbitrary choice and may be misleading (Nardo, 2003; Pesaran and Weale, 

2006). As for the balance statistic, e.g., the European Commission put a unitary weight.  

 

���� Carlson and Parkin (1975), with three shares: 

 

                                  
3,CPe

ty = δ 
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Carlson and Parkin, with five shares (Batchelor and Orr, 1988): 
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where: 

r

ty = agent’s reference GDP growth rate; 
1

tz = N
-1

[1-LBt]; 
2

tz  
= N

-1
[1-LBt-Bt];

3

tz = N
-1

[1-LBt-Bt-Et];
4

tz = N
-1

[LWt];  

N
-1

[]=inverse of the cumulative normal distribution.
25

  

 

δ is a critical value that can be recovered by equating the mean of the expected (or perceived) GDP 

growth to average actual GDP growth in the sample period. As per the multiplier α in the Anderson 

setting, the quantification of the critical value is as important as it is tricky.
26

    

 

                                                 
25

 Dasgupta and Lahiri (1992), Smith and McAleer (1995), and Berk (1999) find that the accuracy of the quantified 

series does not significantly vary between any of the common parametric distributions.  

26
 For instance, when respondents have five options replies, it is not possible to assume that δ is constant (Pesaran and 

Weale, 2006) 



� Index of Qualitative Variation (IQV): 

 

                                                 IQVt=
1−K

K








− ∑

=

K

i
its

1

2

,1                                                             (A10) 

 

where K=5 is the number of option replies, and i=LBt, Bt, Et, Wt, LWt. The scaling factor ensures 

that 0 ≤ IQV ≤ 1, where IQV=0 means no variation as all cases belong to a single category; that is to 

say, expectations are totally homogeneous.   

It is important to note that the SNR proposed in this paper afford to overcome some of the 

difficulties featuring their components. As for the five- and three-category probability methods 

respectively, the factors
r

ty and δ disappear in the ratio. In the balance approach, the remaining α is 

no longer an issue as any linear transformation leaves the correlation unchanged. 
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