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High-Frequency Credit Spread Information 

and Macroeconomic Forecast Revision

We examine whether professional forecasters incorporate high-frequency 

information about credit conditions when revising their economic forecasts. 

Using Mixed Data Sampling regression approach, we find that daily credit 

spreads have significant predictive ability for monthly forecast revisions of 

output growth, at both aggregate and individual forecast levels. The relations are 

shown to be notably strong during ‘bad’ economic conditions, suggesting that 

forecasters anticipate more pronounced effects of credit tightening during 

economic downturns, indicating the amplification effect of financial 

developments on macroeconomic aggregates. Forecasts do not incorporate the 

totality of financial information received in equal measures, implying the 

presence of information rigidities in the incorporation of credit spread 

information.

Keywords: Forecast Revision, GDP Forecast, Credit Spread, High-Frequency Data, 
Mixed Data Sampling (MIDAS).

JEL Classification: C53, E32, E44
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Ⅰ. Introduction

The prediction of future economic activity is of great interest to 

individuals and policy makers, as economic activities are in fact influenced 

by the expectations of market participants. Policy makers in central banks 

and governments produce forecasts of the main macroeconomic variables 

upon which they base monetary and fiscal policy responses, while at the 

same time the published predictions provide useful information for 

economic agents making everyday economic decisions. Among sources of 

economic predictions, professional forecast surveys are widely reported as 

they integrate a number of individual forecasters’ predictions of several 

variables and are regularly updated, usually published on a monthly or 

quarterly basis.

Through sequences of updated surveys, forecasters make and revise 

their forecasts by reflecting on actual data outcomes and incorporating 

newly available information. This structure of economic surveys, in which 

initial forecasts are followed by periodic updates, has initiated a large 

literature examining the expectations formation process and finding that 

survey forecasts fail the full-information rational expectations hypothesis.

Nordhaus (1987) demonstrated the failure of forecast efficiency by 

showing forecast errors and revisions are correlated with past forecast 

revisions. Forecast efficiency has been tested in numerous studies, most of 

which have rejected weak-form efficiency in consensus forecasts (see, for 

example, Isiklar et al. 2006; Ager et al. 2009; Capistrán and 

López-Moctezuma 2014) and also in individual forecasts (Gallo et al. 

2002; Dovern and Weisser 2011; Deschamps and Ioannidis 2013; Andrade 

and Le Bihan 2013). With only a few exceptions such as Clements (1997), 

most studies have found positive coefficients on lagged revisions, implying 

that forecasts are not sufficiently updated when new information is 

received.

Recent studies have focused on the linkages between forecast 

smoothing and models of information rigidities. Dovern et al. (2015), for 
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example, examine information rigidities in GDP growth forecasts and 

show that forecast revision dynamics are in line with the predictions of 

noisy information models (Woodford 2001; Sims 2003). A similar 

conclusion is reached by Coibion and Gorodnichenko (2012, 2015a).1)

Instead of testing the informational rigidities for weak-form forecast 

efficiency, in this paper we directly examine how forecasters incorporate 

high-frequency information from financial markets as they make 

predictions at both the consensus and individual levels. Specifically, we 

explore whether forecasts respond to changes in credit spreads and test 

whether this relation is consistent with what theory and empirical studies 

imply. We use the survey forecasts data set for the US by Consensus 

Economics, which comprises monthly predictions made by a panel of 

professional forecasting institutions.

To use high-frequency financial market data in a model explaining 

low-frequency forecast revisions, we adopt the framework of mixed data 

sampling (MIDAS) proposed by Ghysels et al. (2004, 2007). This 

framework uses weighting functions with only a few hyper-parameters, 

such as distributed lag polynomials. By reducing the number of 

parameters to estimate, the MIDAS regression enables us to relate 

variables with different frequencies. The method, initially focused on 

financial applications (see, for example, Ghysels et al. 2007; Alper et al. 

2008; Chen and Ghysels 2010), has recently been applied to improving 

forecasts of low-frequency macroeconomic variables, such as GDP growth, 

with the aid of higher-frequency macroeconomic and financial data. For 

instance, Clements and Galvão (2008) demonstrate a significant reduction 

in RMSE by using monthly indicators in a MIDAS specification to forecast 

quarterly output growth.2) Andreou et al. (2013) incorporate information 

1) Other studies examining information rigidities in survey forecasts include Dräger and Lamla (2012), 
Andrade and Le Bihan (2013), Loungani et al. (2013), and Hur and Kim (2016).

2) Other articles linking low-frequency macroeconomic series with high-frequency macroeconomic or 
financial data include Schumacher and Breitung (2008), Hamilton (2008), Armesto et al. (2009), 
Marcellino and Schumacher (2010), Kuzin et al. (2011), Monteforte and Moretti (2013), Modugno (2013), 
Galvão (2013), Foroni and Marcellino (2014), and Breitung and Roling (2015).
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from daily financial data in forecasting quarterly GDP, and they 

demonstrate that adding high-frequency financial information to the 

model delivers superior forecasting performance. There are two reasons 

for using high-frequency daily asset prices with the MIDAS framework. 

First, even though the information sources and methodologies that 

underlie the survey forecasts are largely unknown, it is reasonable to 

expect that forecasters who update their forecasts at short intervals (in 

our case, on a monthly basis) will endeavor to utilize information from 

high-frequency economic news. As financial asset prices are 

forward-looking in nature and reflect expectations about future economic 

activity, they incorporate all high-frequency information in a timely 

manner. The common methods of time-aggregating higher-frequency 

variables, such as averaging or taking only the latest value, may result in 

loss of efficiency with respect to the use of past information. 

Second, due to incomplete information about the timing of the 

surveys, a priori aggregation schemes summarising the high-frequency 

data may ignore respondents’ forecast behaviour in forming predictions 

upon arrival of newly available information. Indeed, as discussed in 

Ghysels and Wright (2009), there may exist gaps among the dates when 

the forecasters information set are formed, the dates when the surveys are 

actually submitted, and the dates set as the submission deadlines.3) The 

adoption of MIDAS regression resolves these issues, as it relies on a 

flexible aggregation function with minimal restrictions, allowing a 

data-generated weighting scheme (see Andreou et al. 2010 for a detailed 

discussion). 

Our study is related to a large body of literature on the predictive 

information in financial asset prices for future economic activity.4) For 

example, in the tradition of Estrella and Hardouvelis (1991), the ability of 

3) We know the dates of the survey deadlines, which do not exactly match the dates the forecasters made their 
forecasts and answered the surveys.

4) See Stock and Watson (2003) for a comprehensive survey on the role of asset prices in forecasting 
macroeconomic variables.
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spreads between long- and short-term government bonds to predict 

output growth and recession has been regarded as a stylised fact among 

economists (see also Harvey 1989; Stock and Watson 1989; Dotsey 1998; 

Wright 2006; Ang et al. 2006; Rudebusch and Williams 2009).

A large empirical literature has shown that credit spreads have 

predictive power for real activity. Gertler and Lown (1999) and Mody and 

Taylor (2004) show that credit spreads based on high-yield corporate 

bonds forecast US GDP growth. Gilchrist et al. (2009) document that the 

predictive power of credit spreads is more prominent when the corporate 

bonds of intermediate-risk rather than high-risk firms are used. The most 

recent works by Gilchrist and Zakrajšek (2012), Faust et al. (2013), 

Krishnamurthy and Muir (2015), and Bleaney et al. (2016) support the 

earlier findings that credit spreads have substantial predictive content, and 

find that a component in credit spreads attributable to deviations from 

the usual compensation for default risk strongly predicts a decline in 

economic activity.

Our paper is also linked to the growing interest in recent studies 

examining the differences in forecasting behaviour under different states 

of the business cycle.5) For instance, Coibion and Gorodnichenko (2015b) 

and Loungani et al. (2013) find that the degree of information rigidity is 

lower in recessions than in normal years. Dovern and Jannsen (2017) find 

that the forecast errors turn positive as the economy recovers from 

recessions and disappear during expansions, implying a differential 

treatment of information depending on the phase of the business cycle.

Our findings can be summarised as follows. First, forecasts are 

negatively impacted by credit spreads, consistent with the predictions of 

the theory. An increase in daily credit spreads － the difference between 

the yields on an index of seasoned long-term Aaa-rated corporate bonds 

and on constant maturity 10-year Treasuries － is associated with 

significant negative revisions in consensus forecast revisions of US GDP 

5) Other exercises examining state-dependent forecast errors include Sinclair et al. (2010), Sheng and Wallen 
(2014), Messina et al. (2015), Xie and Hsu (2016), and El-Shagi et al. (2016).
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growth. Second, weighting functions in MIDAS regressions show 

hump-shaped weights. Forecast revisions respond more strongly to 10- to 

15-day-old credit spread information than to the most recent information, 

indicating that forecasts are slow to incorporate high-frequency financial 

information. This result is consistent with models of information rigidities 

(Coibion and Gorodnichenko 2012; 2015a), and with models of sticky 

information in particular (Mankiw and Reis 2002).

Third, testing these relations at the individual forecast level, we find 

that forecasters broadly agree in the direction of revision as they update 

their information sets using the news from financial asset prices. Most 

individual forecasters (more than 90%) revise their forecasts downward as 

the daily credit spread increases. There is however substantial cross-section 

variability in the individual estimates, indicating that forecasters interpret 

credit spread information differently.

Fourth, we provide evidence as to whether forecasters exhibit 

state-dependent forecasting behaviour when they revise their GDP 

predictions in light of new information from financial asset prices. 

Proxying the state of the economy using a real-time daily measurement of 

business conditions built by Aruoba et al. (2009), we find that the effect 

of credit spreads on revisions of output growth forecasts is more 

prominent during bad economic states. This result is consistent both with 

the finding that information acquisition is faster during recessions 

(Loungani et al. 2013), and with the finding that credit shocks have 

larger effects on output during periods of weak economic growth 

(Barnichon et al. 2017).

The rest of the paper is organised as follows: Section 2 explains the 

structure of Economic Consensus and other data. Section 3 explains the 

MIDAS methodology for analysing mixed-frequency data. Section 4 

discusses the empirical findings regarding the effect of credit spreads on 

forecast revisions. Finally, Section 5 concludes.
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Ⅱ. Data 

1. Consensus Economics

We examine the effect of credit spreads on GDP forecast revisions 

using the Consensus Economics data set. Every month, Consensus 

Economics Inc. publishes macroeconomic forecasts provided by a panel of 

professional forecasters comprising financial institutions, research centres 

and large industrial firms. We use the fixed-event GDP forecasts for the 

Unites States between 1991 and 2016. Panellists predict GDP for both the 

current and following year every month, i.e. each forecaster makes the 

initial forecast for a target year on January of the previous year and then 

updates the forecast monthly, making a total of 24 forecasts for the target 

year. This fixed-event structure of the survey gives a three-dimensional 

panel structure (formalised by Davies and Lahiri 1995), comprising 26 

target years, 24 forecast horizons, and   forecasters. As characterised by 

Capistrán and Timmermann (2009), forecasters frequently enter, exit, and 

reenter with a period of absence. The average number of submitted 

forecasts in each survey is 26.0 for both the current and following year, 

which gives us 16,213 observations in total.

In measuring revisions, we count only the differences between 

consecutive revisions, but consider submitted but unchanged forecasts as 

zero revisions.6) To prevent the inclusion of non-consecutive forecast 

values in the calculation of consensus revisions, we first calculate 

individual revisions, and then average the revisions across the individual 

forecasts.7) Each target year has 24 forecasts and thus a maximum of 23 

6) It is possible that forecasters do not respond when their predictions are unchanged. Dovern and Weisser 
(2011) interpolate the data when an observation is missing but two adjacent forecasts are the same by 
setting the missing value with the adjacent value. We tried increasing the number of observations with the 
interpolation method and confirmed that it does not affect our main findings.

7) For preventing small sample problems, several studies (such as Dovern and Weisser 2011; Deschamps and 
Ioannidis 2013) exclude panellists who made too few forecasts. Occasional participation may produce 
outliers in forecasts. As we only consider the revisions rather than the values of forecasts, we include all the 
forecasters when calculating consensus forecasts, regardless of the forecasters’ participation rates. 
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revisions.

Figure 1 illustrates the means and standard deviations of forecast 

revisions across horizons (    ⋯  ). The first row (‘All States’) 

shows that forecast revisions tend to be negative at long horizons, as GDP 

forecasts begin with somewhat optimistic numbers that are gradually 

corrected and revised down as the horizon shortens. The average 

standard deviation of revisions among forecasters is highest at middle 

horizons, when the forecasts are actively revised. Forecasts at shorter 

horizons are revised less frequently, resulting in lower standard deviations 

of revisions among forecasters. It can also be seen from the bottom row 

that forecasts in bad states overpredict GDP at all horizons.

Matching monthly revisions with daily credit spread data, we take 

forecast revisions from 7th to 18th updates, as we expect the relationship 

between output forecasts and credit spread information should be most 

relevant.8) Dovern et al. (2015) find that the average size of revision is 

larger at mid-horizons than at very long or short forecast horizons. Sheng 

and Wallen (2014) also document that the professional forecasters 

included in Consensus Forecasts data revise their medium-term forecasts 

(10 to 17 months ahead) most frequently.9)

2. Credit Spreads

Credit spreads (also called quality spreads or default spreads) are the 

differences between the interest rates on matched maturity debt with 

different default risks. The predictive content of credit spreads has been 

examined in a number of articles focusing on the US economy, where the 

private debt market is most active. For example, Bernanke (1983) 

documents the usefulness of the Baa-Treasury bond spread as a predictor 

However, the results are robust even when we exclude the panellists with only a small number of forecasts.
8) Testing the relations with different sets of forecast horizons, such as the first 12 or the last 12 revisions, 

however, gives qualitatively the same results (the results are available on request).
9) Sheng and Wallen (2014) explain that forecasters’ inattentiveness at very long and short forecasting 

horizons is due to noisier signals and the observation of actual outcomes, respectively.
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Figure 1. Means and Standard Deviations of Revisions

Notes: The figure illustrates the means and standard deviations of individual forecast 
revisions across revision horizons (    …  ). The first row (All States) 
reports the statistics for the entire sample, whereas the bottom two rows 
report the split sample statistics for good states and bad states separately. 
Economic states are identified by averaging daily Aruoba-Diebold-Scotti (ADS) 
index values matched to monthly survey cycles. The sample period is from 
January 1991 to December 2016.

of industrial production growth during the Great Depression. Guha and 

Hiris (2002) show that the same spread contains useful information about 

the turning points of business cycles. The spread between commercial 

paper and Treasury bills (paper-bill spread) has also shown to be a 

significant predictor of real growth (see, for example, Stock and Watson 

1989; Friedman and Kuttner 1993; Emery 1996; Ewing et al. 2003; 

Bordo and Haubrich 2004), and Gertler and Lown (1999) demonstrate 

that the high-yield spread outperforms other financial indicators.10)
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We obtain daily observations of interest rates and credit spreads from 

Federal Reserve Economic Data (FRED). The credit spread is calculated as 

the difference between the Moody’s Seasoned Aaa Corporate Bond and 

the 10-year Treasury constant maturity rate. Using the preliminary MIDAS 

regression exercises based on different measures of credit spreads from 

the literature, we choose the spread between Aaa-rated corporate bonds 

and 10-year Treasury notes (Aaa-spread) as our main high-frequency 

financial variable, as it has exhibited the most significant effects on 

forecast revisions. The Aaa-spread has fluctuated markedly, widening 

notably around the early 2000s recession and the recent Great Recession.

The predictive power of the Aaa-spread has been tested in several 

recent studies (see Mody and Taylor 2004; Gilchrist et al. 2009; Mueller 

2009; Buchmann 2011; Schumacher 2014). Specifically, Gilchrist et al. 

(2009) find that the forecasting ability of bond spreads is closely 

associated with information about the bonds of intermediate-risk rather 

than those of high-risk firms.

3. Other Variables

To test differences in how forecasters’ expectations are formed as they 

incorporate financial information in different economic conditions, the 

identification of economic states is required. Literature analysing the state 

dependence of forecasting behaviour (for example, Sinclair et al. 2010, 

2015; Dovern et al. 2012; Lougani et al. 2013; Messina et al. 2015) uses 

recessions identified ex-post by institutions such as National Bureau of 

Economic Research (NBER) or Economic Cycle Research Institute (ECRI). 

A notable exception is Dovern and Jannsen (2017) who identify recession 

years at annual frequency using the most recent data vintage.

Examining state-dependent forecasting behaviour based on an ex-post 

10) Compared to corporate-Treasury spreads, the spreads across corporate bond categories (such as High 
yield-Aaa and Baa-Aaa) are mostly related to default risk premia, and thus their relationship with the 
business cycle is stronger during recessions (Duca 1999).
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measure of business conditions may be problematic as forecasters do not 

know the state of the economy at the time they make forecasts.11)  Instead 

of using ex-ante defined recessions, we adopt a real-time measure of 

aggregate business conditions developed by Aruoba, Diebold, and Scotti. 

(2009, ADS index hereafter). The ADS index is an indicator that uses a 

set of macroeconomic and financial variables to track business conditions. 

It is constructed using a dynamic factor model that permits extraction of 

the latent state of macroeconomic activity. Positive values of the ADS index 

indicate better-than-average conditions, whereas negative values indicate 

worse-than-average conditions; the average value is zero. The index is 

updated by the Federal Reserve Bank of Philadelphia and has been proven 

to be a useful indicator of economic conditions in real time.12)

We assume that forecasters decide the current economic state using all 

the available real-time information summarised in the ADS index. Then 

the economic states perceived by the forecasters at the time of each 

survey are measured by the average values of the daily ADS index 

between the previous and current survey deadlines. This method makes 

for a more transparent and straightforward rule which might be close to 

agents’ recognition of the economic conditions, using a broad information 

set in real-time. 

Ⅲ. MIDAS Regressions

The MIDAS regression approach involves data sampled at different 

frequencies. Applying parsimonious but flexible distributed lag 

polynomials, the MIDAS framework allows us to use the information in 

high-frequency explanatory variables, avoiding probable issues from an a 

priori data aggregation scheme.13) Our basic MIDAS model used to 

11) Determining the recessionary periods, matching ex-post identified recession months between the actual 
survey date or the target year is also questionable.

12) The index can be accessed online at https://www.philadelphiafed.org/research-and-data/real-time-center/ 
business-conditions-index.
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predict forecast revisions is given by

      
  θ        (1)

where  denotes a consensus forecast revision for US GDP growth 

rates for target year  at time . Consensus forecast revisions are 

calculated as the average of individual forecast revisions such that 

     

    (2)

where   is the number of survey respondents at time .   denotes the 

number of the lagged high-frequency explanatory variables, and  is the 

number of trading days in a month.

Individual forecast revisions are the differences between two consecutive 

GDP growth forecasts of individual   for target year  at time . 

Specifically,

         (3)

where    is individual  ’s forecast of the GDP growth rate.14)   is 

the daily change in credit spreads. Our model specification is in the class 

of ADL-MIDAS regressions, introduced by Andreou et al. (2013), offering 

the structure of augmented distributed lag regression with mixed- 

frequency data. The inclusion of an autoregressive term of order one is 

from the literature testing the weak form of forecasting efficiency 

(Nordhaus 1987; Deschamps and Ioannidis 2013; Dovern et al. 2015).

Several previous studies proposed diverse functional forms of MIDAS 

polynomial weights aiming at parsimonious but flexible specifications.15)  

13) For an overview of the MIDAS regression framework, see Armesto et al. (2010), Andreou et al. (2011), 
and Foroni and Marcellino (2013).

14) Notations for the revision horizons () are abstracted as each forecast time () matches to one 
corresponding consensus revision.
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In this study, we employ four weighting schemes to test the robustness of 

the relations across different methods. The first weighting scheme we 

consider (denoted M1) is the normalised beta probability density function 

suggested by Ghysels et al. (2004, 2007). Specifically, we use

  
  

 

  


  



  


  

 (4)

where     . In M1, the parameters are estimated using 

non-linear least squares. Our second weighting scheme (M2) uses an 

Almon lag polynomial of order   , specified as

 ⋯      
   (5)

In M2 the parameters are estimated with non-linear least squares, and 

we set   . We also use two alternative polynomial specifications, 

Step-Weighting (M3) and U-MIDAS (M4), that are estimated with OLS. 

The step-function allocates different coefficients to several intervals of 

high-frequency data as follows:

 ⋯    ∈     
 ∈   (6)

where   is the number of steps, and    ≺  ≺⋯≺    .  is an 

indicator which becomes 1 when  belongs to its corresponding interval 

and 0 otherwise. We set the number of steps in M3 to four, 

corresponding to the number of weeks in one month. Meanwhile, 

unrestricted MIDAS polynomials (U-MIDAS) use a simple regression 

estimating the individual coefficients without any constraints.16)

15) Ghysels et al. (2007) present a discussion on various lag structures to parameterise MIDAS weighting 
functions.

16) U-MIDAS is particularly useful when  (the number of high-frequency data linked to one low-frequency 
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Ⅳ. Empirical Results

1. Credit Spread and Growth Forecasts Revisions

As discussed in the first section, studies have shown that higher credit 

spreads are associated with GDP growth. We estimate the four MIDAS 

regressions introduced in the previous section to test for the relation 

between credit spreads and forecast revisions. Our sample begins with the 

first forecast revision in 1991M01 for the growth rate of 1991 and ends 

with the revision in 2016M06 for the growth rate of 2016, making for a 

total number of 306 revisions. There are 6,505 Aaa-spread observations 

over 26 years, giving 20.8 observations on average for each month. 

Trading days per month () and the number of lagged daily series ( ) 

in Equation (1) are each set to be 20. Most submission deadlines are the 

second Monday of the month, so 20 daily observations of credit spreads 

before the survey deadlines are selected to match for each forecast 

revision.17)

As deterioration in credit conditions works to propagate and amplify 

the effects of macroeconomic shocks and depress economic activity

(Bernanke et al. 1999), we anticipate that survey respondents would make 

negative (positive) growth forecast revisions when credit spreads 

increase(decrease). Furthermore, we expect no clear patterns on MIDAS 

weighting polynomials on daily information, as there is no reason that credit 

spreads on specific days in a month react more strongly to future 

economic growth. A forecaster who is efficient in incorporating 

information from high-frequency asset prices may use every available 

observation, whether one day old or twenty. In other words, we would 

expect MIDAS weights to be equally negative for all days. Evidence that

observation) is small, especially in the case of regressing quarterly series on monthly (Foroni et al. 2015). 
However, we estimate a U-MIDAS model to confirm whether we can find a specific daily lag formation 
as the forecasters use financial information.

17) An exercise with a larger number of lagged daily spreads, for example, 40 lags, gives similar results, as 
added lags do not affect the revisions significantly.
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Figure 2. Estimated MIDAS Polynomials

Notes: This figure plots the estimated MIDAS polynomials from Equation (1) for the 
four weighting functions. Estimations are based on a normalised beta probability 
density function (M1), Almon lag polynomials (M2), a step-weighting function 
(M3), and U-MIDAS (M4). The dashed lines in M3 and M4 indicate two 
standard errors from the estimates.

the weights are larger for specific days would indicate that forecasts 

respond more strongly to information released on those days.

Figure 2 plots the estimated MIDAS polynomials for the four different 

weighting schemes across the 20 daily lags of credit spreads. The 

estimated parameters for M1 and M2 and reported in Table 1. In all 

four models, consensus GDP growth forecasts are revised negatively when 

credit spreads increase. For M1 and M2, the significance of the 

relationship can be seen from the t-statistics in Table 1. For M3, the 

confidence interval in Figure 2 shows significance for all steps, while the 

coefficient estimates of U-MIDAS (M4) are all negative but not always 

significant. Overall, our findings are largely consistent with the prediction 

that GDP forecasts incorporate credit spread information. Table 1 also 

reports the results for a model with only lagged revisions (M0). The estimates
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Table 1. Parameter Estimates for MIDAS Regressions


     

-0.007 -9.948 3.026 1.824 0.503 0.392
(-0.660) (-6.505) (2.363) (3.673) (11.173)


     

-0.009 0.288 -0.192 0.008 0.507 0.377
(-0.833) (1.042) (-3.308) (3.232) (11.095)


  

-0.008 0.516 0.261
(-0.781) (7.960)

Notes: This table reports the Equation (1) coefficient estimates in MIDAS regression of the revisions of 
consensus GDP growth rates on a lag of revisions and changes in credit spreads (the difference 
between Aaa-rated corporate bond and 10-year Treasury rates). Estimations are based on a normalised 
beta probability density function (M1) and Almon lag polynomials (M2). M0 is a model without daily 
credit spreads.  is a constant,  is a slope coefficient in model M1 of high-frequency (daily) 
Aaa-spread, and  is a coefficient of the lag of revisions. ’s are the parameters determining the 
shape of weighting polynomials on the daily credit spreads, and they are estimated using non-linear 
least squares. The adjusted   is shown in the last column. See Equations (1), (4), and (5) for 
further details. The values in parentheses are t-statistics. The sample period covers 1991 to 2016.

for  are around 0.5 in all specifications, showing the existence of 

substantial information rigidities in consensus forecasts.18) In Table 1, the 

MIDAS estimations including daily credit spreads give substantially higher 

adjusted   , implying that forecasters update growth predictions in line 

with the developments in credit conditions.

Interestingly, we find that the weighting functions are not flat, as the 

polynomials in Figure 2 are clearly hump-shaped. The largest effects 

concentrated between 10 and 15 days, with some variability across models. 

The common pattern of the four weighting functions shows that 

consensus forecasts revisions are better associated with daily information 

lagged around two weeks prior to the submission deadlines rather than 

with the latest information.19) This result indicates that, although 

18) Our estimate of the rigidity parameter () is larger than those from previous studies with different sample 
periods. For example, Ager et al. (2009)’s estimated rigidity coefficient is 0.28 based on the data from 
1996 to 2006, and Dovern et al. (2015) report a coefficient of 0.33 using a sample from 1989 to 2010.

19) The survey deadlines do not necessarily match the dates when surveys are actually submitted or the dates 
when the respondents form their predictions. However, we believe that professionals, who make monthly 
predictions consecutively, may form their predictions on a date close enough to observe the most 
up-to-date information.
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forecasters incorporate credit spread information, they do not incorporate 

the totality of credit spread information received in equal measures.

The hump-shaped polynomials are indicative of information rigidities 

(see, for example, Coibion and Gorodnichenko 2012, 2015a), in the sense 

that forecasts are updated on the basis of 10- to 15-day-old information 

and are less responsive to the most recent information. Furthermore, 

hump-shaped polynomials are consistent with models of sticky information 

(Coibion and Gorodnichenko 2015a; Mankiw and Reis 2002). In sticky 

information models, forecasters update their information sets infrequently, 

and, in any given period, a fraction of the forecasts are based on 

outdated information. The finding that the consensus forecast places little 

weight on the most recent information suggests that some forecasters do 

not use the latest information. Consensus forecasts only partially 

incorporate the most recent information, which contributes to the 

formation of information rigidities in consensus forecasts.

Overall, our analysis suggests that the well-documented information 

rigidities in consensus forecasts can be partially attributed to the slow 

incorporation of high-frequency financial information.

2. Economic State and Forecast Revisions

Several recent studies have proposed theoretical explanations for the 

sluggishness in survey forecasts, including information frictions (Coibion 

and Gorodnichenko 2012), heterogeneity in loss aversion (Capistrán and 

Timmermann 2009), and forecasters’ rational maximisation of their 

perceived abilities (Deschamps and Ioannidis 2013). 

The origins of the forecast smoothness in these models, such as the 

variations in information rigidity and the role of revisions determining 

perceived ability, in fact, should be closely related to economic conditions. 

For example, in periods of high volatility, forecasters may confront larger 

costs of ignoring new information as well as smaller losses of reputation 

associated with deviations from their previous forecasts. Ribeiro and 
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Veronesi (2002) indeed find that agents’ expectations are more influenced 

by current innovations in a recessionary state when their uncertainty 

about the current regime is high.

Following the recent literature studying state-dependent expectations 

formation in forecasting behaviour, we examine whether forecasters’ 

responses to high-frequency information in asset prices differ according to 

the economic state. Specifically, our model modifying Equation (1) is

       
  θ0   ×  

   
  θ1   ×

      
(7)

where     is a dummy variable associated with the ADS index 

determining economic states between  and   . The value of     is 

zero when the averaged ADS index is above or equal to a certain 

threshold and one otherwise. We set the threshold so that the months 

with the lowest one-third of averaged ADS index values are identified as 

bad states. In determining the threshold, we consider the fact that 

economic expansions are usually longer than contractions. The identified 

bad states (bottom one-third) include all the months defined as recessions 

by the NBER, but cover more times of economic slowdown due to 

smaller business cycles.

In this modified version of the model, we allow both forecast 

smoothing and the effect of the credit spread to be state-dependent. A 

recent line of research focuses on the non-linear effects of credit shocks, 

and Barnichon et al. (2017) for instance find that credit shocks have a 

larger impact on economic activity during low-growth periods. By allowing 

for state-dependent effects, we investigate whether such non-linearities also 

apply to forecast data. If the effect of the credit spread on GDP growth 

is larger in bad states than in good states, we should expect professional 

forecasters to incorporate this relationship in their forecasts.

Figure 1 illustrates the means and standard deviations of individual
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Table 2. Parameter Estimates for MIDAS Regressions in Good and Bad 
Economic States

Panel A. Good States



     

0.020 -6.028 1.795 1.025 0.461 0.268
(1.950) (-3.635) (2.242) (24.491) (7.783)



     

0.020 -0.319 0.018 -0.001 0.469 0.270
(1.945) (-1.002) (0.265) (-0.441) (7.887)



  

0.018 0.473 0.228
(1.685) (6.903)

Panel B. Bad States



     

-0.054 -13.530 3.432 2.186 0.472 0.446
(-2.430) (-5.245) (2.170) (3.257) (6.244)



     

-0.060 0.952 -0.403 0.018 0.492 0.430
(-2.602) (2.004) (-4.041) (4.027) (6.296)



  

-0.074 0.442 0.175
(-2.169) (4.342)

Notes: This table reports the Equation (7) coefficient estimates in MIDAS regression of the revisions of 
consensus GDP growth rates on a lag of revisions and changes in credit spreads (the difference 
between Aaa-rated corporate bond and 10-year Treasury rates). Estimations are based on a normalised 
beta probability density function (M1) and Almon lag polynomials (M2). M0 is a model without daily 
credit spreads.  is a constant,  is a slope coefficient in M1 of high-frequency (daily) Aaa-spread, 

and  is a coefficient of the lag of revisions. ’s are the parameters determining the shape of 
weighting polynomials on the daily credit spreads, and they are estimated using non-linear least 

squares. See Equations (4), (5), and (7) for further details. The adjusted   is shown in the last 
column. The values in parentheses are t-statistics. The sample period covers 1991 to 2016.

forecast revisions across revision horizons calculated for good and bad 

states. The plots in the first column show that forecasters made large 

positive errors in bad states, implying that they initially made moderate 

forecast values without much knowledge of the future states. Revisions in 

bad states peak between the 7th and 12th revisions, which is earlier than 

revisions in good states made between 10 and 16 months after the initial 

forecasts. The standard deviations of the revisions are larger in bad states, 

suggesting that forecasters disagree more in revising GDP forecasts under 

such economic conditions.

Figure 3 plots the estimated MIDAS weights using the four models.
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Figure 3. Estimated MIDAS Polynomials between Good and Bad Economic States

(Good states)

(Bad states)

Notes: This figure plots the estimated MIDAS polynomials from Equation (7) for the four weighting functions with 
good and bad economic states. Economic states are identified by averaging daily Aruoba-Diebold-Scotti 
(ADS) index values matched to monthly survey cycles. The estimates are based on normalised beta 
probability density function (M1), Almon lag polynomials (M2), Step-weighting function (M3), and U-MIDAS 
(M4). The dashed lines in M3 and M4 indicate two standard errors from the estimates.



High-Frequency Credit Spread Information and Macroeconomic Forecast Revision 20

The effects of daily credit spreads on monthly consensus forecast revisions 

are negative in both states, but the size of the relations are notably 

stronger in bad states. Comparing the slope coefficients on credit spreads 

in the M1 specification, Table 2 reports that   is larger than   in 

absolute value. The coefficients of M3 and M4 show that growth forecast 

revisions are more prominent in bad economic states and forecasters 

incorporate more recent information associated with the variations in 

credit spreads. These results are consistent with the findings of Loungani 

et al. (2013) that the acquisition of information is faster during recessions. 

Gorodnichenko (2008) has also shown that macroeconomic shocks lower 

agents’ inattention as information rigidity is endogenous to economic 

states. The adjusted    in bad states is 0.45 (M1) and 0.43 (M2), higher 

than the    from the regressions with only lagged revisions (0.18), 

indicating that in bad states regressing revisions on the credit spread 

substantially increases the model goodness-of-fit.

3. Forecast Revisions at Individual Level

Next, we test whether the effect of credit spreads on GDP forecast 

revisions found at the consensus forecast level exists for individual 

forecasts. The individual MIDAS regression model analogous to Equation 

(1) is 

       
  θi        (8)

where   is the forecast revision of forecaster   for target year  at 

time . Equation (8) has five parameters to estimate for each individual 

forecaster in case of M1. We only test with the forecasters who made 

more than 50 revisions in total, leaving 41 forecasters with an average of 

148.9 revisions each.

We report the results of individual-level estimation using model M1 as 

it provides the slope estimates () related to the sign and size of forecast 
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Figure 4. Distributions of MIDAS Coefficients’at the Individual Level

Notes: This figure plots histograms of the slope coefficients ( ) on credit spreads 

and on lagged forecast revisions ( ) from Equations (8) and (9). The 

estimates are based on MIDAS regression M1 (using a normalised beta 
probability density function). The first row reports the results for all states, 
whereas the second and third rows report the results for good and bad 
states respectively. Forecasters with less than 50 revisions are excluded, 
leaving 41 forecasters in total.

updates associated with the developments of the credit spread. The 

estimated coefficients on the daily credit spread () are negative for 36 

out of 41 (87.8%) individuals. Counting only the significantly estimated 

coefficient at the 10% level, we find 28 (93.3%) among 30 individuals 

negatively responded to the change in Aaa-spread. The first row in Figure 

4 plots the histogram of the estimated coefficients (), showing that the 
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estimates conform to the normal distribution, with an average value -10.3, 

close to the value (-9.9) from the coefficient of consensus revisions ().

This exercise shows that individual forecasters systematically revise their 

forecasts according to high-frequency information in asset markets, mostly 

agreeing on the sign of the impact of the developments in credit 

conditions. The range of the estimates displayed in Figure 4 however 

shows that forecasters disagree on the possible magnitude of the effects, 

which is consistent with the hypothesis that forecasters interpret public 

information differently (Lahiri and Sheng 2010; Manzan 2011).

The estimates of individual forecast rigidity () are on average 0.14, 

and 37 out of 41 individual estimates are positive. The finding that 

forecast revisions are autocorrelated is strong evidence of forecast 

smoothing at the individual level. Individual forecasts are inefficient and 

therefore not optimal. The rigidity measure on average is much lower 

(0.14) compared to the estimate of consensus forecast revision, which is 

around 0.5. This result is consistent with the findings in previous studies 

that information rigidity in forecast surveys is a property largely related to 

the consensus forecast level and it is not as strong at an individual level 

(Coibion and Gorodnichenko 2015a; Dovern et al. 2015). Although 

forecasts are revised according to credit spread information, there are still 

inefficiencies in how forecasters use the information as they do not fully 

react to the latest developments in financial asset prices.20)

We further examine how the forecast updating behaviour of individual 

forecasters differs depending on the economic state. Our model adjusting 

Equation (8) is

20) Studies such as Gallo et al. (2002) have shown that the consensus made by other forecasters in the 
previous period affects individuals’ current predictions. Our study is not directly connected to that issue, 
as we focus instead on forecast revisions. However, our findings at the individual forecaster level imply 
that revisions responding to the signals from credit conditions make the forecasters’ herding less severe, 
as the majority of the forecasters revise in the same direction.
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Table 3. Responses to Credit Spread and Forecasting Abilities

   

All States 0.563 0.001 0.008 41
(37.298) (0.577)

Good States 0.557 0.000 0.000 41
(39.095) (0.110)

Bad States 0.571 0.002 0.109 41
(50.528) (2.186)

Notes: This table reports the Equation (11) OLS estimates testing the relationship between the degree of 

responses to daily credit spreads (  in the model M1) and individual forecasting ability across 

economic states. Individuals’ forecasting abilities are measured by the root mean squared forecast 
errors.   is a constant, and   is the relationship between forecasting ability and  .  is the 

number of forecasters, and the last column shows the  . The values in parentheses are 
Newey-West t-statistics (Newey and West, 1987). The sample period covers 1991 to 2016.

       
  θi,0   ×  

   
  θi,1   ×

      
(9)

where     is a dummy variable classified based on the ADS index 

defining economic states between  and   .

The second and the third row in Figure 4 illustrate the histogram of 

the estimates of () and  in good and bad economic states. A majority 

of forecasters revise output forecasts downward when credit spreads 

increase but exhibit substantial rigidities in updating forecasts as shown in 

positive . Estimates of both coefficients are more dispersed in bad 

states, showing that forecasters disagree more in the bad state in response 

to high-frequency financial information than in good states when they 

show more concentrated distributions. This result suggests that 

information from the market forecasters is more dispersed in troubled 

times, so policy makers such as monetary authorities should pay much 

attention to the signals from the financial markets. 

As shown in this exercise, the degree to which forecasters incorporate 

high-frequency credit spread information varies substantially. In order to 

find a possible link between individuals’ use of financial information when 
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making revisions and their forecasting ability, we initiate a simple 

regression connecting the individual forecasters’ abilities and the degree of 

responses to daily credit spreads. Individuals’ forecasting abilities are 

measured using the root mean squared forecast errors (Deschamps and 

Ioannidis 2013) over the entire period (1991-2016), defined as

  ×  
   

 
   (10)

where 
  is the squared forecast errors for forecast .21) Forecast errors 

are calculated using the initial GDP releases rather than the revised GDP 

data as standard in the literature (Dovern and Weisser 2011; Chen et al. 

2016; El-Shagi et al. 2016).22)

We investigate whether a forecaster who strongly incorporates credit 

spread information shows higher overall forecast ability. Specifically, we 

estimate the relationship between individual  s and estimated slope 

coefficients on the daily credit spread () using simple regression:

   
   (11)

Figure 5 plots the relationship between the two variables. As   

increases with higher forecast errors on average, lower   indicates 

higher ability. The coefficients on credit spreads () are positively related 

with , but the relationship is statistically significant only when the 

economy is in bad states. We report the estimation results in Table 3, 

confirming that   is positive and significant in bad states. This result 

implies that responding more actively and consistently to the 

developments in credit market conditions enables forecasters to make

21) Using mean squared errors (MSE) instead of root mean squared errors (RMSE) to measure forecasters’ 
abilities gives similar results.

22) The real-time macroeconomic data set of diverse vintages is provided by the Federal Reserve Bank of 
Philadelphia at https://www.philadelphiafed.org/research-and-data/real-time-center/real-time-data.
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Figure 5. Individual MIDAS Coefficients and Forecasting Abilities

Notes: This figure plots the linear relationship between the slope coefficients ( ) on credit spreads estimated 

using M1 and individuals’ forecasting ability measured by the root mean squared error (RMSE). Each circle 
corresponds to one forecaster. Forecasters with less than 50 revisions are excluded, leaving 41 forecasters 
in total. The first row is for all economic states, while the second and third rows are for good and bad 
states respectively.

smaller forecasting errors on average, but this relationship is mostly 

dependent upon their strong responses during bad economic states.
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Ⅴ. Conclusion

This paper has explored the relationship between high-frequency credit 

spread information and forecast revisions. Using a MIDAS regression 

approach, we have provided empirical evidence that daily changes in 

credit spreads have a significant predictive ability for monthly revisions of 

GDP growth forecasts. Specifically, we have shown that increases in daily 

credit spreads, measured as the difference between the long-term 

Aaa-rated corporate bond rate and the constant maturity 10-year Treasury 

rate, are associated with significant downward forecast revisions both at 

the consensus and individual levels.

The weighting functions of all the four MIDAS regressions we 

examined have indicated hump-shaped polynomials, suggesting that 

forecasters do not respond in a sufficient and timely manner 

incorporating all high-frequency information in financial markets. Testing 

how the effect differs between economic states, we show that the effect of 

credit spreads on GDP forecast revisions is more prominent when the 

economy is in bad states, consistent with the previous literature studying 

state-dependent expectations formations in survey forecasts.
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고빈도 신용스프레드 변화가 경제전망 수정에 미치는 영향

Bruno Deschamps*, Christos Ioannidis**, 가국*** 
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신용스프레드가 시장참가자의 경제전망 수정에 미치는 영향에 대해 분석하였다. 

혼합자료 샘플링(Mixed Data Sampling, MIDAS) 모형을 이용하여 추정한 결과, 
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