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Abstract

Novel methods are used to produce quantitative measures of output expectations and

output uncertainties in the UK based on the information provided by the CBI business

surveys since 2000. These are employed alongside actual output data in an analysis of

the source of innovations and propagation mechanisms underlying output dynamics. The

coverage of the surveys (conducted separately for the manufacturing, distributive trade

and service sectors) and the sample length (covering the periods before and after the

Financial Crisis and through the Brexit period) means the analysis provides a compelling

characterisation of UK business cycle experiences over the last twenty years.
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1 Introduction

Expectation formation is understood to play a key role in macroeconomics, having taken

centre-stage during the Rational Expectations Revolution of the seventies and thereafter.

But there has been a recent surge of interest in the way that individuals acquire and process

information and the impact this has on output dynamics. For example, as discussed

below, authors have explored the role of learning and information rigidities in business

cycle dynamics, attempted to distinguish the e®ects on output of news on fundamentals

from sentiment, and considered the role of psychological factors and cognitive limitations

in output determination.1 At the same time, there has also been a related focus on the

role of uncertainty as a potential source of business cycle °uctuations and/or a contributor

to the propagation of innovations from other sources.2

Given this interest, it is surprising that relatively little use is made of direct mea-

sures of expectations, as obtained from surveys, in modelling business cycle dynamics. Of

course, there is a long tradition of using direct measures to study the expectation forma-

tion process itself,3 and there are important papers deriving measures of uncertainty from

survey responses. But, for example, few of the VAR models used to investigate the e®ect

of uncertainty on output include direct measures of expectations in the VAR,4 and survey-

based measures of uncertainty, if they are used at all, are typically considered as just one

among many alternative measures. But the failure to use survey data is not just a lost

opportunity for gaining direct insights on ¯rms' expectations, sentiments and uncertain-

ties. The omission of direct measures of expectations from business cycle analysis makes it

di±cult to distinguish the contributions to the cycle of ¯rms' fundamentals and their use

of information without employing potentially contentious identifying assumptions, and

can introduce model misspecifcation that obscures or perverts these behavioural insights.

1The introduction of the new code "E7 Macro-Based Behavioural Economics" to the JEL Classi¯cation

System in 2017 is an obvious sign of the growth of interest in the area.

2Bloom (2014) and Castelnuovo (2019) provide excellent overviews of this literature.

3See Pesaran and Weale (2006) and Croushore (2010) for a useful overview.
4Aristidou et al (2019) note that it is unusual to ¯nd direct measures of output expectations even in

models that are used to forecast future output levels.
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This paper provides a time series model of actual output, expected output and output

uncertainties in the UK drawing on the data provided in the Confederation of British In-

dustry's (CBI) suite of business surveys. We brie°y review the advantages of using direct

measures in empirical work on the business cycle (and the potential dangers of omitting

them) and we introduce a novel method of deriving quantitative measures of expectations

and uncertainty from the qualitative CBI survey responses. We then use these quanti-

tative measures in a simple VAR model to capture UK business cycle dynamics between

2000q1-2020q1.5 The analysis provides a compelling characterisation of UK business cycle

experiences over the last twenty years showing, for example, that output uncertainty does

provide a negative source of shocks to output outcomes and, although these are usually

small, they caused relatively large permanent drops in output in the years following the

Global Financial Crisis (GFC) and sovereign debt crisis and in during the period of UK

discussions on leaving the EU.

1.1 Related Literature

The literature on macro-based behavioural economics has expanded in many di®erent

dimensions. The focus in many papers has been the role of agents' use of information

in generating macro dynamics. So, Evans and Honkopohja (2001), Eusepi and Preston

(2011) and Bordalo et al. (2020), for example, emphasise the role of learning in expecta-

tion formations and business cycle °uctuations, while the in°uential papers by Mankiw

and Reis (2002), Sims (2003) and Woodford (2001) explore the consequences of various

forms of information rigidity in rational expectations models. In the latter, agents are

assumed rational but are either slow to take account of macroeconomic information even

when it is publicly available (`sticky information models') or are only able to observe

the fundamentals on which decisions are based with error (`noisy information'). The di-

vergence between agents' perceptions of the economy and reality can generate short-run

°uctuations in output that are quite separate from their long-run time-paths in these

5We end the analysis before the e®ects of the coronavirus pandemic to focus attention on the modelling

strategy and the usefulness of direct measures in this. The advantages of the measures in producing real-

time output nowcasts as the e®ects of the pandemic play out are described in Lee et al (2020).
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circumstances. Empirical evidence on the nature and extent of learning and information

rigidities, based on the analysis of survey responses of professional forecasters, has been

provided in Branch and Evans (2006), Coibion and Gorodnichenko (2011, 2012), and

Dovern et al (2012, 2015), inter alia, to establish that these in°uences are important in

practice.

At the same time, interest in the role of uncertainty in business cycle dynamics has

been studied extensively since Bloom's (2009) seminal piece outlining how a temporary

increase in uncertainty can elicit a `wait and see' response to investing ¯rms resulting

in an initial contraction and subsequent expansion in economic activity. An enormous

literature developed in response suggesting various alternative measures of uncertainty6

and exploring the extent to which this sort of macro dynamic is observed in practice,

typically including the uncertainty measure in a VAR and identifying the e®ects of un-

certainty shocks on output through an impulse response analysis. Prominent examples

include Bloom (2009) itself, Caggiano et al. (2014), Jurado et al. (2015), Barrero et al.

(2017), and Ludvigson et al. (2020), and papers which make reference to measures of

uncertainty based on survey responses include Lahiri and Liu (2006), Lahiri and Sheng

(2008, 2010), Boero et al. (2015), Bachmann et al. (2016), Clements (2017), Garratt et

al. (2019), and Jo and Sekkel (2019), for example.

Interest in macro-based behavioral economics has extended well-beyond the extensions

provided by the more nuanced approach to the use of information and the acknowledge-

ment of the potential role of uncertainty though. For example, Akerlof and Shiller's (2019)

text and de Grauwe and Ji's (2020) text, emphasise the role of fear, concern for fairness,

cognitive limitations and other psychological and social factors in decision-making and

macroeconomic dynamics, noting that these in°uences can operate independently of un-

derlying economic fundamentals. The distinction between the e®ects on output exerted

by news on fundamentals and that exerted by autonomous movements in sentiment has

been explored in Beaudry and Portier (2006, 2014), Barsky and Sims (2011, 2012) and

Bachmann and Sims (2012), inter alia. The inclusion of forward-looking variables in the

6Altig et al. (2020), for example,discusses ten popular alternative measures of uncertainty relating to

the UK macroeconomy.
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empirical work (sometimes including surveys of expectations and con¯dence) plays a key

role in capturing the various in°uences that might impact on macroeconomic dynamics

and, through carefully chosen identi¯cation assumptions, in testing the validity of these

alternative hypotheses. In short, direct measures of expectations has been a recurring

element in much of the recent work investigating macro-based behavioural economics,

although they have not been used as systematically and widely as they might have been.

2 The Use of Direct Measures of Expectations in Modelling the Business

Cycle

The primary purpose of the paper is to provide an empirical analysis of the UK business

cycle making use of the direct measures of expectations obtained from the CBI surveys.

But it is worth brie°y rehearsing some of the advantages of using the direct measures in

modelling output movements as well as the potential dangers of omitting them. Stated

simply, in the very likely situation in which individuals recognise that some part of the

innovations in today's output are only short-lived, measures of uncertainty based on actual

output data alone will overstate the true extent of the uncertainty surrounding output, and

models estimated using only actual data are likely to overstate the long-term consequences

of output movements. Further, if the relative importance of the short-lived element of

output change varies over time, the typical univariate model of actual output considered

alone will be misspeci¯ed, and misspeci¯ed in such a way that it will suggest a role for

uncertainty on output dynamics even if one does not exist or overstate the role if one

does exist. These points hold even where there is Full Information Rational Expectations

(FIRE), and the presence of information rigidities or more nuanced cognitive processes

introduces an even more straightforward role for using direct measures of expectations in

modelling output dynamics.

To illustrate these points, denote output growth  =  ¡ ¡1, where  is (the

logarithm of) output at time , and consider a simple model in which growth is determined

according to the following

 =  +  ¡ ¡1 (2.1)
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depending on two types of shock,  and , the latter of which is known to have only

short-lived e®ects and will be o®set in the next period. If the two types of shock are

independent and have variance 2 and 
2
 respectively, then the variance of  is 

2
+2

2
.

Assuming that expectations are formed with FIRE and are captured by the direct survey

measures, then the expected value of +1 formed in time  is the o®set of the short-lived

shock experienced in 



+1 =  ( +1 + +1 ¡  j ­) = ¡ . (2.2)

The advantage of having direct measures of expectations from a survey is immediately

apparent: the short-lived shocks are observed directly through the survey responses, and

the other shocks are recoverable from the `adjusted' actual series obtained by subtracting

the e®ects of the short-lived shocks from the original actual series:

 + 

+1 ¡ ¡1


 =  (2.3)

The `news' arriving on  at time  is re°ected in the expectational error ¡ ¡1

 =

+  and the uncertainty surrounding growth - describing the extent to which output

in  is not known in  ¡ 1, i.e. 2 + 2 - can be readily calculated and split into its

component parts. This will be important if, for example, we believe that the uncertainty

surrounding the short-lived shocks 2 play a less important role in decision-making than

the uncertainty captured by 2 .

In the absence of direct measures of expectations, modelling may be based on the

actual output series alone which, in this illustration, can be captured by the moving

average (MA) process

 =  + ¡1 (2.4)

where  and the variance of  
2
, are obtained matching the variance and covariance

terms of the two characterisations; i.e. the solution to 2+ 2
2
 = (1 + 2)2 and ¡2 =

2. Solving we ¯nd that  2 [¡1 0] with the value depending on the relative size of

the two types of shock (tending to 0 when the permanent shocks dominate and 2
2

! 1,

and tending to ¡1 when the short-lived shocks are relatively important and 2
2

! 0 ).

Since (1 +  + 2)2 = 2+ 2, we know 2  2+ 2 and the uncertainty associated
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with the expectational error obtained from the univariate MA speci¯cation overstates

the uncertainty surrounding expectational error observed when the direct measures are

available (and obviously cannot be used in a decomposition to measure the sizes of the

uncertainties surrounding the two types of shock).

The problems arising from the unsatisfactory treatment of the short-lived shocks when

modelling actual output alone are compounded in the case where the MA representation

is approximated with a ¯nite autoregressive process (AR) as is typical in the literature.

This is exempli¯ed by measures of `persistence' which show the long-run e®ect of a shock

to the output level. When output growth is characterised by the MA representation in

(2.4), a 1% shock to growth will leave expected growth unchanged in the long run but will

cause the output level to be (1+)% higher than it would have been in the absence of the

shock. Obviously, if the short-lived shocks dominate and  tends to¡1, the measure can be

arbitrarily close to zero (re°ecting the fact that output levels are stationary in this case).

However, if the MA process is approximated by an AR(2) model  = 1¡1+2¡2+

for example, then the restrictions on 1 and 2 required to ensure stationarity mean that

the persistence measure 1
1¡1¡2

¸ 1
3
.7 This illustrates the idea that the type of (low

order) AR model of output typically reported in the literature - without reference to

direct measures of expectations - imposes a lower threshold on persistence so that it will

also overstate the long-run e®ects of shocks to output if the e®ects of the transitory shocks

are important.

Perhaps even more importantly in the context of the recent discussions of business cycle

dynamics, the time series representation of actual output considered alone will be badly

misspeci¯ed if the relative importance of the two types of shock vary over time. This

would be the situation if, for example, there are occasional periods of crisis associated

with increased volatility in the permanent shocks (with the size of the short-lived shocks

unchanged). This heteroskedasticity means the parameters of the univariate model -  and

2 in (2.4) or the corresponding parameters in the AR approximation - are actually time-

varying and a simple time-invariant univariate model would be misspeci¯ed. Further, the

7See Hamilton (1994, p17) for details. Note too that, in the AR(1) case, where 1 2 [¡1 1] for

stationarity, persistence cannot be less than 1
2 .
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nature of the misspeci¯cation is such that the misspeci¯ed errors of an estimated time-

invariant speci¯cation will be correlated over time with the volatility in the errors so that

the addition in the growth equation of an uncertainty variable that re°ects this volatility

would show as important even if uncertainty actually has no e®ect on output growth.

The limitations of the univariate model of actual output arise because the single model

is being used to capture the outcomes of two processes: the process determining output

and the expectation formation process. A bivariate model of actual and expected growth

- making use of direct measures of expectations - is able to characterise the two processes

and their interactions properly and would avoid the econometric issues raised above. For

example, consider the ¯rst-order model
2

6
4





+1

3

7
5 =

2

6
4
11 12

21 22

3

7
5

2

6
4

¡1

¡1



3

7
5+

2

6
4
1

2

3

7
5  (2.5)

This model can clearly accommodate the illustrative example of (2.1), with 12 = 1 and

11 = 21 = 22 = 0, and with 1 = +  and 2 = ¡. In practice, the two types of

shocks - and associated uncertainties - could be obtained through an orthoganalisation of

the estimated residuals (regressing the reduced form residuals c1 on c2 with the residuals

from this regression interpreted as observations of the b's). Measures of the persistence

of shocks to the bivariate model - based on the `variance of the long-di®erences' in this

multivariate setting8 - can deliver values that are arbitrarily close to zero, and estimated

regression parameters - and associated impulse response analyses - remain unbiased even

in the presence of heteroskedasticity in the 's. The FIRE assumption of the illustrative

model is embedded within (2.5) by imposing the restriction that 12 = 1 and 11 = 0,

but more sophisticated assumptions on the expectation formation process could be cap-

tured through an appropriate set of (less-rigid) restrictions, while leaving the relationship

unrestricted would give maximum °exibility in representing the expectation formation

process.9 Equally, more complex models of output determination would be accommo-

dated if no coe±cient restrictions are imposed and/or higher order lags are included in

8See Lee, Pesaran and Pierse (1992) and Pesaran, Pierse and Lee (1993) for discussion of persistence

measures in multivariate systems.
9The model in (2.5) implicitly assumes expectational errors are stationary: actual growth  = ¡¡1

and expected growth ¡1

 = ¡1


 ¡ ¡1 are both assumed to be stationary, so their di®erence ¡

[7]



the VAR model. And, given that the danger of ¯nding a spurious relationship between

growth and uncertainty is avoided when the direct measures of expectations are included

in the analysis, the addition of measures of uncertainty in the VAR would allow for an

uncorrupted analysis of the e®ects of uncertainty in growth dynamics.

3 Measuring Expectations and Uncertainty Using the CBI Survey

The discussion above is based on the idea that quantitative measures of expected out-

put and the uncertainty surrounding output are readily available. As is often the case,

however, the CBI surveys provide only qualitative information on individuals' expecta-

tions. The ¯rst step in the analysis is the derivation of quantitative measures from the

qualitative responses, therefore, and in this section, we describe a novel approach to this

derivation which accommodates the possibility that the relationship between growth and

the reported survey responses may change over time. We also describe two measures of un-

certainty based on the survey responses that can capture di®erent aspects of individuals'

lack of knowledge about growth.

3.1 Deriving quantitative measures of expectations

The CBI Survey provides qualitative information on the question "Excluding seasonal

variations, what has been the trend over the past three months and what are the expected

trends for the next three months, with regard to volume of output (i.e. production)?".

Survey participants can respond that the trend has been one of `Up', `Same', `Down' or

`n/a' over the two time frames. Then

 =


= prop. individuals saying in  that trend was `Up' over the previous 3 months

 =


= prop. individuals saying in  that trend was `Same' over the previous 3 months

 =


= prop. individuals saying in  that trend was `Down' over the previous 3 months

while the corresponding variables referring to the expected trend over the next three

months are denoted 

+1, +1 and 


+1.

¡1

 = ¡ ¡1


 is also stationary. If output has a unit root, this means actual and expected output

levels are cointegrated with cointegrating vector (1¡1) and shocks to the system have the same long run

e®ect on these two series. See Garratt, Lee and Shields (2018) for further discussion.

[8]



There have been a number of methods proposed for converting the information con-

tained in these proportions into a time series for a quantitative measure of expectations.10

Many are based on the recognition that, if the average percentage increase in output for

those individuals reporting a rise is  and the average decrease in output for those indi-

viduals reporting a fall is ¡, then the average increase in output across all individuals

is

 =
1



"
X

+
X
0¡

X


#

=
1


[( £ ) + ( £ 0)¡ ( £ )]

= (  £ )¡ (  £ ) (3.6)

Further, if the average increases and decreases,  and , remain relevant in expectation,

then the expected future growth is given by



+1 = ( 


+1 £ )¡ ( 


+1 £ ) (3.7)

The `regression method' for converting qualitative survey outcomes to a quantitative series

is based on (3.6) and (3.7) where estimated values for  and  can be obtained by treating

(3.6) as a relationship that holds over time with error and regressing  on  and The

estimated values can then be applied to (3.7) to obtain a time series for expected growth.11

3.1.1 Accommodating structural change

The assumption that the average percentage increase of output among those experiencing

a rise and the average percentage decrease in output among those experiencing a fall are

both constant over time is extremely unlikely to hold true in practice; more realistically,

 will be higher and  will be lower in good times, and vice versa in recessions. However,

the formula at (3.6)-(3.7) remain relevant even if these averages change over time so long

10See Pesaran (1987) for a more detailed discussion.
11These expressions also provide the motivation for using the balance statistic  = ¡  as an

indicator of growth since, in the special case where  = , (3.7) simpli¯es to  = £  and +1 = £

+1 and actual and expected growth move proportionately with the backward-looking and forward-

looking balance statistics respectively.

[9]



as we replace  and  with time-varying  and . Two possibilities for estimating values

for  and  based on (3.6) are as follows:

1. use a rolling sample window of, say,  periods and obtain time-varying values for 

and  for at each point in time  by estimating the models  de¯ned by.

 :  =   ¡   +  for  =  ¡    (3.8)

so that the coe±cient attached to each period are based on the regression estimated

over the most recent  periods; and

2. use a `meta model', again based on a set of rolling regressions, but allow the data

to choose an appropriate sample window at each point to balance the advantages

of longer samples (which provide more accuracy in estimated relationships) versus

short samples (which are less vulnerable to the e®ects of structural breaks).

Both of these approaches will capture time variation in the  and  coe±cients and im-

prove the scaling in quanti¯cation. The simple rolling window approach is more straight-

forward but makes an arbitrary choice on the size of the sample window. As explained

below, the `meta model' is based on a more systematic choice of window size and is able

to capture both smoothly evolving relationships and abrupt changes in the relationship

between growth and the survey responses.

The `meta' modelling approach is described in detail in Lee et al. (2015), where

it is applied to the estimation of a Taylor rule, and Aristidou et al. (2019), where it

applied in the context of forecasting output growth and the probability of recessions. The

approach deals with the uncertainty over the appropriate sample window through model

averaging, assuming that there are  possible models that can be used to characterise

output growth at time  . The models are all of the form in (3.6) but estimated over

various sample windows  ¡max   ¡min with  = max¡min+1. Hence each model

 links output growth to the backward-looking qualitative survey responses over the

period  ¡    , but we contemplate models that might be relevant only for the most

recent min periods or back to max periods in the past.

[10]



The `meta model' explaining  over the full sample     is then de¯ned by

 ¢¢ = f ,  for  = min  max,  =    g (3.9)

with weights  capturing the relevance of the di®erent candidate model at each point

over the sample.12 A pragmatic approach to deriving model weights is to allow these to

evolve over time, updating the weights in each period to re°ect new evidence on whether

the previously-held model continues to be valid or whether an alternative new-born model

is now appropriate. The approach can be formalised by writing, for any  and for  =

min  max ¡ 1,

¡1 !

8
><

>:

+1 if the null +1 is not rejected in favour of  for  = min,..., 

 if the null +1 is rejected in favour of  for  = min,...,

(3.10)

Here, the weight assigned at time  ¡ 1 to the model based on data  ¡ 1¡  to  ¡ 1 is

either transferred to the model with one additional observation - i.e. using data  ¡ 1¡ 

to  - or to a new model based on the shorter sample of data  ¡  to  . If a model is

rejected in favour of more than one shorter alternative, the weight can be split equally

among the alternative models. In transferring the weights, the tests should be conducted

comparing the null to successively shorter samples so the weights can be shifted down

sequentially where the evidence is that a model based on a shorter sample outperforms

a model based on a longer one. Given that the shorter models are all nested within the

longer model, the validity of the null can be tested using standard  -tests of structural

stability.

The estimated weights of the meta model show which of the individual models, distin-

guished by the sample length, provide the most likely characterisation of the relationship

between .and the qualitative survey responses. The importance of the various models

is re°ected in the averaged coe±cients

 =
X



 £  and  =
X



 £  ,

12The motivation for the meta modelling approach is the Bayesian Modelling Average formula described

in Hoeting et al. (1999) and discussed in detail in Lee et al. (2003).
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and changes in the size of the weights over time provide useful information on how the

relationship has evolved. For example, the duration statistic

 =
X



 £  (3.11)

provides a time- indication of the average duration of the relationship in place at that

time. The use of model weights provides considerable °exibility in capturing the time-

variation in the nature of the relationship between growth and the survey responses which

can evolve smoothly over time, with weights shifted to progressively longer samples during

periods of stability for example, or can change very abruptly if, for example, the weights

all shift to a short sample following a signi¯cant structural break.

3.2 Deriving measures of output uncertainty

Uncertainty refers to the extent to which something is not known and di®erent types of

uncertainty can be de¯ned depending on the event of interest and the perspective from

which the event is considered. As noted previously, many measures of uncertainty have

been proposed in the literature but these are often based on an outside metric - stock

price volatility or newspaper coverage, for example13 - which may be only tangentially

related to the event of interest. In the case of output uncertainty, for example, this can

introduce a disconnect between the uncertainty measure and output °uctuations, with

the measures re°ecting uncertainties about events that may have little or no connection

with the current or future values of output. There are also potential problems where the

measure is obtained from a ¯rst-stage econometric model of the variable of interest - e.g.

based on the errors from a forecasting model as in Jurado et al (2015) and Ludvigson

et al. (2020) - since the measures implicitly assume an underlying expectation formation

process that may or may not be applicable. For example, the sort of information rigidi-

ties highlighted by Coibion and Gorodnichenko (2019) generate expectational errors that

re°ect genuine uncertainty about the variable - in that agents have not collected the infor-

mation necessary to form FIRE even though it is available - but which then introduce a

13Examples include Bloom (2009), Caggiano et al. (2014), Baker et al. (2016), and Barrero et al.

(2017), inter alia.
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systematic component into the size of expectational errors which would be omitted from a

measure of uncertainty based on forecast errors. In contrast, uncertainty measures based

on individuals' stated understanding of output growth, as re°ected in surveys, unambigu-

ously relate to `uncertainty about output growth' and automatically take into account

individuals' use of information without any underlying assumptions being made.

Two potentially useful measures of uncertainty about output growth can be obtained

from the survey data on output expectations reported in the CBI surveys. The ¯rst is

derived directly from the average expected future growth series of (3.7) and is based on the

size of the average expectational error,
q
(+1 ¡ +1)2. This provides a natural measure

of the extent of what is not known about +1 as re°ected in the the (one-period-ahead)

expectational error and as revealed at time  + 1. The measure is common to all survey

respondents and is often termed `ex post consensus uncertainty'. The disadvantage of

using this measure is that it involves the actual outcome - hence the descriptor `ex post' -

which is unknown at the time expectations are formed and so does not properly capture the

uncertainty surrounding the reported expectation at the time it was reported. Lahiri and

Sheng (2008) therefore suggest constructing a measure of `ex ante consensus uncertainty'



+1 based on a GARCH model in which

+1 ¡ 

+1 = + +1 (3.12)

and, for example,

+1 » (0 2+1) and 2+1 = 0 + 1
2
 + 2

so that the size of the expectational error in time  + 1 is driven by the innovations

observed at time . The ex ante consensus uncertainty measure is 

+1 = d+1, the

estimated standard deviation of the innovations to the (de-meaned) expectational error

at time + 1 conditioned on the information available at .

A second useful measure of uncertainty on output growth is provided by the dispersion

of opinion among the survey respondents at  over outcomes at time +1. As highlighted

in Kozeniauskas et al (2018), this dispersion measure will depend on a number of di®erent

elements including the cross-section variability in ¯rm-level actual outcomes, the public

[13]



information on these outcomes and ¯rms' private information about their own and other

¯rms' prospects. Disagreement will occur even in the absence of uncertainty when ¯rms'

responses are driven by di®erences in micro circumstances. But disagreement will also

re°ect di®erences in information across ¯rms and the relative weight ¯rms place on public

and private signals. Reverting back for a moment to the case where  and ¡ are time-

invariant measures of the average growth among those ¯rms reporting 'Up' and those

reporting `Down' respectively, the cross-section variance of responses on expected growth

is given by

³



+1

´2
=

1



0

@


+1X

2 +


+1X
0¡


+1X

2

1

A ¡ ( 

+1)

2

=
1



h
(

+1
£ 2) + (+1 £ 0)¡ ( 

+1
£ 2)

i
¡ ( 


+1)

2

= ( 

+1 £ 2) + ( 


+1 £ 2)¡

h
( 


+1 £ )¡ ( 


+1 £ )

i2
(3.13)

The estimated values of  and  discussed above (including those taking into account any

potential time-variation in the parameters) can be used with (3.13) to obtain a time series

for this `disagreement-based uncertainty' assuming that the time-variation is dominated

by information °ows rather than changing variation in micro circumstances. This is the

measure - assuming time-invariant parameters - used by Bachmann et al. (2016) in their

study of the e®ects of uncertainty on the business cycle in the US and Germany.

4 Actual Output, Expected Output and Output Uncertainty in the UK,

2000q1-2020q1

The empirical work of the paper is conducted using actual quarterly output data provided

by O±ce for National Statistics (ONS) and expectations data reported quarterly through

the CBI's suite of business surveys. The CBI suite constitutes four surveys completed by

businesses operating in the UK and traces its origins back to 1958 with the introduction

of the Industrial Trends Survey (ITS) covering the UK manufacturing sector. Since then

the survey suite has expanded with the addition of the Distributive Trades Survey (DTS),

the Services Sector Survey (SSS) and the Financial Services Survey (FSS) in 1983, 1998

[14]



and 1989 (respectively) with each survey covering their eponymous industrial sectors.14

Our analysis focuses on the period 2000q1 - 2020q1 and on the output of the sectors

covered by the ITS, DTS and SSS which constitute more than 90% of UK private sector

activity.15 Activity as referenced in the ITS, DTS and SSS relates to the volume of

`output', `sales' and `business' respectively. The corresponding actual output series are

obtained from the ONS and represent the Gross Value Added series for our `Manufacturing

sector' (i.e. Sections B, C, and F of the UK's Standard Industrial Classi¯cation [SIC]

2007 covering the production industries excluding Energy and Water), our `Distribution

sector' (i.e. Sections G and H of SIC2007 covering Wholesale and Retail Trades and

Transportation and Storage Services) and our `Service sector' (i.e. Sections I-T excluding

K of SIC2007 covering other services apart from Financial Services).16

Figure 1 introduces the raw output data for the Manufacturing, Distribution and

Service sectors, showing the evolution over time of the (logarithm of the) output level, .

The UKManufacturing Sector was broadly the same size in 2020 as in 2000, with quarterly

growth over the sample period averaging just -0.04% per annum. The slowdown associated

with the Global Financial Crisis [GFC] of 2008/9 clearly played a considerable role in this,

seeing output fall by 12% in the year from 2008q3. Output growth in Distribution and

Services was a little more healthy, averaging 0.54% and 0.44% per annum respectively,

but these too su®ered considerable downturn in the period following the GFC. Figure

2(a)-(c) plots the corresponding quarterly output growths  ¡ ¡1 alongside the survey

responses  and  published in the three surveys in . The broad co-movements in

the data are apparent, with the proportions of ¯rms reporting `Up' and `Down' rising

and falling as output growth rises and falls, and are re°ected in the simple correlations

14A detailed description of the questions posed in the surveys, the sample frame, the characteristics of

the ¯rm participants and a summary of the properties of the data relating to some key business cycle

features is provided in Lee et al. (2020).

15Financial services are excluded as the sample of ¯rms surveyed is smaller than the others.
16The data used in here are the most recently published,` ¯nal vintage' measures. An alternative would

be to use measures of output as published in real time and to accommodate data revisions in the analysis,

as in Garratt et al. (2008) or Aristidou et al. (2019), for example. Our view is that this is important for

nowcasting and forecasting but is less so for in-sample business cycle modelling.
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between quarterly output growth and  and  which are, respectively, 0.43 and -0.54 in

Manufacturing, 0.51 and -0.61 in Distribution and 0.35 and -0.52 in Services.

Figure 3(a)-(c) describes the quantitative expectations series obtained adopting the

three alternative approaches for converting the qualitative survey expectations series into

quantitative series discussed above. These are: the `whole sample' regression approach,

assuming  and  in (3.6) and (3.7) are constant over time; the `rolling modelling' ap-

proach in which  and  are allowed to vary over time with their estimates based on a

rolling regression analysis of ¯xed length; and the `meta modelling' approach in which 

and  vary over time with their estimates based on estimated model averages. The derived

quantitative expectations series for the methods, 

+1¡ , are plotted against the actual

outcome, +1 ¡ , in the ¯gure and the expectations series for the di®erent conversion

methods show the relative bene¯ts of the more sophisticated quanti¯cation methods in

each case. To provide a little detail, we note that estimates of the  and  in the `whole

sample' regression model are  = 477 (085) and ¡ = ¡453 (075) for Manufactur-

ing (with standard errors in parentheses),  = 426 (054) and ¡ = ¡318 (055) for

Distribution and  = 258 (040) and ¡ = ¡107 (034) for Services.17 Applying these

parameters to the forward-looking survey responses, provides a series for expected growth

that has a statistically signi¯cant correlation with actual outcomes of 051, 058 and 043

in Manufacturing, Distribution and Services respectively, so the estimated relationships

are certainly useful. But the relatively large standard errors of the coe±cients re°ects

some considerable residual variability in these relationships and suggests that it might

be useful to take into account possible time-variation in the parameters. Figures 3(a)-(c)

show the relationships based on the rolling-window and meta-modelling approaches are

indeed better able to capture the more extreme periods of output growth and contraction

than the other series, with the correlation with actual outcomes being 065, 065 and 068

in the meta models for Manufacturing, Distribution and Services, for example.18 Figure

4(a)-(c) plots the duration statistics de¯ned in (3.11) that lie behind the meta models'

17The estimated parameters are broadly consistent with the simple balance statistic assumption that

 and  are equal in Manufacturing then, but this is clearly not the case for Distribution and Services.
18The various rolling regressions were estimated subject to the restriction that  and  remain positive.

In practice, this meant restricting  = 001 on those occasions when the unrestricted  became negative.
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expectations series, highlighting in the Manufacturing results for example, four or ¯ve

distinct periods during which the preferred sample period increased period-by-period -

indicating model stability - to be replaced abruptly by shorter preferred sample lengths

at speci¯c break-points.19

The two uncertainty measures described at (3.13) and (3.12) can be obtained based

on the estimated parameters and derived expectations series found using the parameters

obtained through the meta modelling approach and these are plotted in Figure 5(a)-(c).

The ex ante consensus uncertainty measure is obtained from an estimated GARCH model

applied to the expectation errors allowing for a fourth-order ARCH in the variance for

Manufacturing and a ¯rst-order ARCH in the variance for the Distribution and Service

sectors.20 In Manufacturing, the two most pronounced episodes of high consensus uncer-

tainty are the period covering the GFC and its aftermath and in 2019, perhaps associated

with the UK's negotiations on leaving the EU. These episodes also show in the measures

of disagreement-based uncertainty for Manufacturing, although there are also high val-

ues associated in the early 2000's at which time a global slowdown was threatening UK

manufacturing.

19The shortest sample length considered reasonable for estimation was two years. This is also the

minimum length of time assumed to be required for a break to be recognised (so that breaks occur 8

periods before the shift in weight). Break points were identi¯ed by rejecting the null of no break described

in (3.10) based on F-tests operating at the 1% signi¯cance level.
20The inclusion of a lagged ¡1 term was not helpful so the models had an ARCH form in every

sector. For example, the estimated model for the variance for Manufacturing was  = 062 + 0352¡1 +

0282¡2 ¡ 013 2¡3 ¡ 023 2¡4.
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4.1 Capturing the E®ects of Expectations and Uncertainty on the Business

Cycle

The interplay between actual and expected output growth and the associated uncertainties

can be captured in a relatively straightforward VAR model:
2
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(4.14)

for  = 1   where the B's are matrices of parameters and the 's are mean zero

innovations. The model explains four stationary series: the size of the observed `consensus

uncertainty' relating to 

+1 and dated at ; the size of the disagreement uncertainty

surrounding expectations of 

+1; the expected growth in output published in the survey

dated at time ; and the growth in actual output at time  All the dependent variables are

dated at time  so the vectors of shocks » = (1  4)
0   = 1   , fully characterise

the news arriving on these variables in each period. The interdependencies between actual

and expected outputs and the uncertainties surrounding expectations that are captured by

the model in (4.14) are consistent with any number of structural models in which output

outcomes depend on lagged and expected future outputs and any number of assumptions

on expectations formation, information rigidities and the role of sentiment.21

Models of the form in (4.14) were estimated for the Manufacturing, Distribution and

Service sectors and VAR's of order 3, 2, and 2 were found to be su±cient to capture the

dynamics of the system in each case. The underlying regressions had good explanatory

power in all cases22 and showed strong interdependence between all four variables. The

system dynamics are best illustrated and interpreted through an impulse response analy-

sis and in what follows we impose a causal ordering of the shocks through a Choleski

decomposition. This can be motivated by the assumptions that, for example, output

decisions are made against a backdrop of uncertainty, so that the uncertainty variables

21As noted earlier, the model does incorporate the assumption that expectational errors are stationary.
22The average 2's over the three sectors for the uncertainty, disagreement, expected output growth

and actual output growth equations were 0.43, 0.76, 0.89 and 0.39 respectively.
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are determined prior to the output variables. Similarly, we might assume that current

decisions are based on expectations on the future so that 

+2 precedes 


+2 and +2

precedes . This would allow us to identify the separate e®ects of consensus uncertainty

shocks, disagreement shocks, shocks to expected future output and, ¯nally, shocks to cur-

rent output. Figure 6(a)-9(a) through to Figure 6(c)-9(c) provide a picture of the system

dynamics in the three sectors, setting out the response of the four variables to shocks to,

respectively, uncertainty, disagreement, expected output and actual output., under this

Choleski ordering. The shocks in each case are taken to be of a `typical' (one standard de-

viation) size so the e®ects of the shocks on output, say, are comparable across the Figures.

For example, Figures 6(a) and 6(b) show that both `consensus uncertainty' shocks and

`disagreement uncertainty' shocks have a negative impact on actual and expected output

in the Manufacturing sector, with a typical uncertainty shock causing output to be 0.5%

lower than it would have been in the absence of the shock for the consensus uncertainty

and similarly for a typical disagreement shock, with adjustment taking two or three years.

The impact e®ects on output of a typical shock to expected output are around 0.5%,

but there is then a relatively prolonged build-up of an e®ect over the subsequent three

years, leaving output around 1.2% higher than it would have been in the absence of the

shock. In each case, the actual and expected output series converge to the same levels -

by construction - but this convergence is not monotonic and can take up to 18 months,

providing little support for a Full-Information Rational Expectations interpretation of

the model (in which the output response would mirror that of the expectations response

after one quarter). The impact e®ect of a typical shock to actual output is around 0.7%

and also initiates adjustments over the subsequent two years, although the ultimate e®ect

remains at around 0.7%.

Similar patterns show in the impulse responses for Distribution and Services in Fig-

ures 6(b)-9(b) and Figures 6(c)-9(c). Typical uncertainty and disagreement shocks cause

expected and actual outputs to fall, again in the region of -0.3% to -0.2%, although the

uncertainty and disagreement responses are more protracted than in the Manufacturing

sector and take four or ¯ve years to have their full impact. The e®ects of shocks to ex-

pected and actual output show over a much shorter time frame (of one or two years) and
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in both cases, it is the shocks to expected output that have the most persistent e®ect.

The time paths of the actual and expected series are again complicated, providing little or

no support for the patterns of adjustment suggested by FIRE for example, and illustrat-

ing the complexities of business cycle dynamics introduced by ¯rms' use of information,

sentiment and uncertainty.

While these impulse responses are useful in describing the dynamics of the estimated

model, the implications for the macroeconomy are better captured in Figures 10(a)-(c)

which plots the output series alongside the Beveridge-Nelson trend output series in each

sector. The Beveridge-Nelson trends show, at each point in time, the output level that

will be achieved when all current and past shocks have played out and assuming that no

further shocks occur.23 The trend is readily-interpreted as the steady-state output level

therefore and re°ects the size of the shocks actually observed in the data as well as the

in¯nite horizon e®ects captured by the impulse responses. For ITS, for example, Figure

10(a) shows output falling some 2.5% below trend during the GFC but broadly tracking

the trend from 2012/13.24 However, Figure 10(a) also plots the BN trend that would have

been observed if there had been no shocks to uncertainty or our disagreement measure

after 2007q4, denoted `BN excl. U and D'. This trend lies above the original BN trend

throughout the period, showing that the shocks to uncertainty and disagreement caused

trend output to be some 2.5%-4.5% lower than it would have been in the absence of shocks

through 2008-2012 and some 1%-2% lower at the end of the sample. Comparably large

e®ects for uncertainty and disagreement are observed in the Service and the Distributive

Trade sectors in Figures 10(b) and 10(c), although the timing of the largest e®ects - during

23The estimated model provides measures of the actual shocks experienced and, based on the estimated

parameters, their accumulated e®ect which drives the change in the BN trend. The level of the BN trend

is obtained assuming actual output was at steady state in 2007q4, arbitrarily chosen at a point just prior

to the GFC. For expositional purposes, the plotted BN trend is the average value over the previous 4

quarters.
24It is worth noting that, while actual output fell more than BN trend, the latter itself dropped around

7% from peak to trough in the GFC. This might explain why the downward pressure on prices - exerted

by a negative gap - was not as large as expected by some commentators at that time considering the

actual output drop alone.
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2011/12 and 2014/15 - are a little later than observed in Manufacturing and coincide more

with the timing of the sovereign debt crisis and the UK's discussions on whether to leave

the EU.

5 Concluding remarks

We have argued that surveys of ¯rms' expectations provide reliable measures and direct

insights on the processes underlying expectation formation and the uncertainty surround-

ing the process. Omitting these measures from empirical work on output dynamics not

only wastes an important source of information but also leads to potentially serious mis-

interpretation of results, including overstatements of the uncertainty surrounding shocks

and of the persistent e®ect, and ¯nding a spurious (or over-stated) causal relationship

from uncertainty to output growth. One potential reservation in the use of surveys is that

many surveys provide only qualitative responses, but we have described a novel `meta

modelling' approach that provides a relatively straightforward means of translating these

into quantitative series taking into account the changing nature of the relationship be-

tween survey responses and outcomes. The expectations and uncertainty series that are

derived can then be employed in a relatively straightforward VAR model that captures

the interplay between these series and actual outcomes. Based on the data produced by

the CBI for the UK, we ¯nd that these interactions are complex, out-of-line with those

suggested by simple models embodying Rational Expectations, instead requiring more

nuanced explanations of ¯rms' use of information and of cognitive limitations and other

psychological and social factors in decision-making. We do ¯nd a role for uncertainty and

disagreement shocks in in°uencing business cycle dynamics, with these having relatively

substantial e®ects of up to 4% in di®erent sectors during GFC and sovereign debt crisis

and during the UK's discussions over Brexit.
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