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1 Introduction

Economic agents usually have heterogeneous expectations about macroeconomic outcomes. A

large literature analyzes theoretical models with heterogeneous expectations. Heterogeneity in

expectations can lead to non-fundamental driven business cycle fluctuations (Lorenzoni, 2009;

Angeletos and La’O, 2013; Ilut and Schneider, 2014), extreme long-run wealth distribution

(Blume and Easley, 2006), speculative bubbles in asset prices (Scheinkman and Xiong, 2003;

Xiong and Yan, 2010), and can influence the effectiveness of monetary policy (Branch and

McGough, 2009; Kurz et al., 2018). Empirically, heterogeneous expectations can be described

as the disagreement among forecasters in the survey data which is shown to change over the

business cycle (Dovern, Fritsche and Slacalek, 2012) and can be used to measure economic

uncertainty (Lahiri and Sheng, 2010; Beckmann, 2021).

An important source of heterogeneous expectations is the different information sets pos-

sessed by agents, such as in the cases presented in Mankiw, Reis and Wolfers (2003) and

Coibion and Gorodnichenko (2012). Another source is to be found in the different subjective

forecasting models adopted by agents, e.g., Andrade, Crump, Eusepi and Moench (2016), An-

geletos, Huo and Sastry (2020), and Andre, Haaland, Roth and Wohlfart (2021). Recently,

Andre, Pizzinelli, Roth, and Wohlfart (2021) studied the subjective models of the macroecon-

omy of households and experts using a hypothetical vignette approach. They found significant

heterogeneity in subjective models within and between households and experts on the effects

of several macroeconomic shocks on unemployment and inflation. This heterogeneity is par-

tially explained by agents’ selective retrieval of different propagation mechanisms. They find

experts tend to recall textbook models, while households with different personal experiences

recall different propagation channels of the shocks.

Following the literature which suggests agents’ different subjective models as a source of

disagreement, this paper empirically studies the heterogeneous expectations of professional

forecasters or experts about macroeconomic variables (aggregate output, consumption and in-

vestment). Using forecasts data from the Survey of Professional Forecasters (SPF) managed
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by the Federal Reserve Bank of Philadelphia, we formally test whether professional forecasters

utilize textbook stochastic growth models which exhibit long-run equilibrium (or cointegra-

tion) relationships to forecast macroeconomic variables.1 Stochastic growth models (e.g., King,

Plosser and Rebelo, 1988; King, Plosser, Stock and Watson, 1991) have been widely used for

analyzing economic growth, business cycles, and welfare in recent decades. A salient feature of

these models (including their one-sector and multi-sector variants) is a balanced growth path

along which aggregate output, consumption, and investment share a common trend. Our anal-

ysis sheds light on a crucial assumption underlying these models and improves understanding

on the expectation formation about macroeconomic variables.

We firstly show that the median (or mean) survey forecasts of aggregate output are not

cointegrated with median (or mean) forecasts of aggregate consumption and investment.2 This

result is robust to different statistical tests, different forecasting horizons (1-, 2-, 3-, and 4-

quarter ahead forecasts), using data from output forecasts that is made at the same or different

dates from consumption (or investment) forecasts, with or without imposing theoretical restric-

tions, and using a multivariate analysis.

Using the data of individual-level forecasts, the paper finds significant heterogeneity among

professional forecasters in terms of utilizing cointegration relationships. The majority of fore-

casters do not appear to use the cointegration relation between aggregate output and consump-

tion in forecasting, as their forecasts of aggregate output are not cointegrated with consumption

forecasts.3 Similar results are found using forecasts of aggregate output and investment. The

proportion of forecasters whose aggregate output forecasts are not cointegrated with investment

forecasts is generally higher than the proportion of forecasters not utilizing the cointegration

relation between output and consumption.

1The paper studies the expectation formation of macroeconomic variables by professional forecasters, fol-
lowing a large literature on expert forecasts, such as Bordalo, Gennaioli, Ma, and Shleifer (2020) and Coibion
and Gorodnichenko (2015). Some influential papers have modeled experts’ forecasts as a crucial determinant
of households’ forecasts. For instance, Carroll (2003) shows that households’ inflation expectations are well
captured by a model in which households’ views are derived from news reports of the views of professional
forecasters. In Malmendier and Nagel (2015), households’ inflation forecasts are influenced by knowledge gained
from personal experience and from experts’ forecasts.

2The same results were found for the US Federal Reserve’s Greenbook forecasts.
3Again, this is robust to using different tests, using forecasts over different horizons, forecasts made at the

same or different dates, with or without imposing the theory-implied cointegrating vector.
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In the tests, we consider a number of econometric issues. For instance, testing many hy-

potheses separately and simultaneously may lead to false rejections of the null hypothesis (the

multiple testing problem). In addition, potential structural breaks may lead to a non-rejection

of the null hypothesis that output forecasts are not cointegrated with forecasts of consump-

tion (or investment). After addessing these issues, we found that heterogeneity still exists in

utilizing long-run equilibrium relationships for forecasting macroeconomic variables.

The paper is related to a strand of literature that studies economic agents’ beliefs about the

relationship between different macroeconomic variables. Carvalho and Nechio (2014), Drager,

Lamla, and Pfajfar (2016) and Kuchler and Zafar (2019) study the relationship between house-

holds’ beliefs about unemployment, inflation, and interest rates. By employing a hypothetical

vignette approach, Andre, Pizzinelli, Roth and Wohlfart (2019) study households’ beliefs about

how macroeconomic shocks impact unemployment and inflation. One of their findings is that

experts tend to recall textbook models in forecasting. Connecting with this result, we find that

some experts appear to utilize long-run equilibrium relationships present in stochastic growth

models to forecast macroeconomic variables.4

A large literature utilizes survey expectations to test or discipline the modeling of agents’

expectation formation process. Greenwood and Shleifer (2014) and Adam, Marcet, and Beutel

(2017) reject the rational expectation (RE) hypothesis with the stock return forecast data.

Branch (2004) and Coibion and Gorodnichenko (2015) find that full-information RE is hard

to square with the inflation forecast updating mechanisms. The evidence provided in this

paper contributes to this literature. On the one hand, realized output and consumption (or

investment) are shown to be cointegrated. On the other hand, forecasts of output and forecasts

of consumption (or investment) are to a large extent not cointegrated. The discrepancy between

the cointegration among realized macroeconomic variables and the non-cointegration among

forecasts of macroeconomic variables appears difficult to be explained by the RE hypothesis.5

The remainder of the paper is structured as follows. Section 2 outlines the survey evidence

4The remaining experts may recall other models which do not incorporate cointegration relationships in
forecasting.

5Kuang, Zhang, and Zhang (2020) find that survey stock price expectations are not anchored by forecasts
of fundamentals, as opposed to a wide range of asset pricing models with various informational assumptions.
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and tests cointegration between realized data. Section 3 presents evidence from median and

mean survey forecasts. Section 4 reports evidence from individual forecast data and discusses

potential mechanisms. Section 5 addresses several econometric and other issues. Section 6

concludes.

2 Survey evidence: roadmap

The (one-sector and two-sector) stochastic growth models typically include a balanced growth

path along which aggregate output, consumption, and investment share a common trend; Ap-

pendix A reviews some general stochastic growth models.6 Denote lowercase letters y, c, i the

logarithm of aggregate output (Y), consumption (C) and investment (I). Aggregate consump-

tion, investment and output contain a unit root. Thus, under the assumption of RE, forecasts

of the three variables over an arbitrary forecasting horizon contain a unit root. Denote by

Et1xt1+k1 the conditional expectations of x made at date t1 and over horizon k1. Moreover, we

have the following results which summarize the cointegration relationships among forecasts of

the three variables under RE:

Proposition 1 For arbitrary t1, t2, k1, k2 > 0, (1) forecasts of aggregate output Et1yt1+k1 are

cointegrated with forecasts of aggregate consumption Et2ct2+k2 with the cointegrating vector

(1,−1), i.e., Et1yt1+k1 − Et2ct2+k2 are stationary; (2) forecasts of aggregate output Et1yt1+k1

are cointegrated with forecasts of investment Et2it2+k2 with the cointegrating vector (1,−1), i.e.,

Et1yt1+k1 − Et2it2+k2 are stationary.7

Three special cases of Proposition 1 are worth mentioning. First, one special case is that

forecasts of aggregate output and consumption (or investment) are made at the same date

(t1 = t2) and over the same forecasting horizon (k1 = k2). Second, the cointegration relation

holds for forecasts of different variables made at the same date (t1 = t2) and over different

6Note that in some stochastic growth models with imperfect information (e.g., Beaudry and Portier, 2014),
agents also have the knowledge of a balanced growth path and their forecasts of the three macroeconomic
variables display corresponding cointegration relationships.

7We have omitted the proof of the proposition. Lemma 2 and Theorem 4 in Kuang, Zhang, and Zhang
(2020) provide the proof in a more general setting.
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horizons (k1 6= k2). Third, the cointegration relation holds for forecasts of different variables

made at different dates (t1 6= t2).

Based on the proposition, the paper studies if professional forecasters indeed utilize the

cointegration relationships in forecasting, and also examines the extent of heterogeneity among

the forecasters. Specifically, Table 1 outlines the main survey evidence in this paper.

Table 1: Main evidence from survey forecasts: roadmap

Panel A: Analysis using median/mean forecasts

Integration properties of the forecasts Evidence 1

Cointegration between Y and C with imposing the vector (1,−1) Evidence 2A

Cointegration between Y and I with imposing the vector (1,−1) Evidence 2B

Cointegration between Y and C without imposing any vector Evidence 3A

Cointegration between Y and I without imposing any vector Evidence 3B

Multivariate analysis of a common trend shared by Y, C, and I Evidence 4

Panel B: Analysis using individual-level forecasts

Cointegration between Y and C over the same horizon with imposing the vector (1,−1) Evidence 5A

Cointegration between Y and I over the same horizon with imposing the vector (1,−1) Evidence 5B

Cointegration between Y and C over different horizons with imposing the vector (1,−1) Evidence 6A

Cointegration between Y and I over different horizons with imposing the vector (1,−1) Evidence 6B

Cointegration between Y and C over the same horizon without imposing any vector Evidence 7A

Cointegration between Y and I over the same horizon without imposing any vector Evidence 7B

Panel cointegration testing between Y and C Evidence 8A

Panel cointegration testing between Y and I Evidence 8B

Before presenting the evidence from the survey forecast data, we test for cointegration

between realized output and consumption (or investment) with the cointegrating vector (1,−1)

implied by typical stochastic growth models. Data on aggregate output, consumption, and

investment for the US are downloaded from the website of the Federal Reserve Bank of St.

Louis. The sample covers the period between 1981:Q3 to 2018:Q4, which is the same as that of

the survey forecast data. All data are at a quarterly frequency and seasonally adjusted. Real

output is re-constructed by subtracting the real Government Consumption Expenditures from

the real GDP.

Table 2 reports test results by applying the Dickey-Fuller GLS (DF-GLS) test to log output

to consumption (or investment) ratios. Panel A shows that the DF-GLS test rejects the null

of unit root at the 5% level, in favor of cointegration between output and consumption. Panel
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Table 2: Tests of the cointegration with the vector (1,−1) using realized data covering

1981:Q3 – 2018:Q4

Test stat. 5% critical 10% critical

Panel A: Realized (log) output-consumption ratio

DF-GLS -2.738** -2.060 -1.749

Panel B: Realized (log) output-investment ratio

DF-GLS -1.757* -2.040 -1.730

** and *: the test statistics with double asterisks or one asterisk indicate

that the corresponding test rejects the null of unit root at the 5% and 10%

significance level, respectively.

B indicates that the test fails to reject the null of unit root at the 5% significance level, but

rejects the null at the 10% level. Therefore, the realized data is broadly consistent with the

model-implied cointegration between output and consumption (or investment), respectively.8

3 Evidence from median and mean forecast data

3.1 Data

Survey forecast data are obtained from the SPF managed by the Federal Reserve Bank of

Philadelphia. Consumption forecasts are measured by forecasts of chain-weighted real personal

consumption expenditures (variable RCONSUM in the SPF documentation).9 Forecasts of

real private output are measured by forecasts for the annual level of chain-weighted real GDP

(RGDP), subtracting forecasts of the annual level of chain-weighted real federal government

consumption and gross investment (RFEDGOV) and local government consumption and gross

investment (RSLGOV).10 Forecasts of aggregate investment are measured as the sum of the

8In addition, we conducted both Johansen trace and maximum-eigenvalue tests among realized output,
consumption, and investment. Test results are in favour of one cointegrating equation at the 5% significance
level.

9The SPF asks participants to predict real personal consumption expenditures (PCE), which include house-
hold expenditures on services and non-durable and durable goods. We cannot separate durable forecasts from
non-durable goods and service forecasts. However, in macroeconomic models with durable and non-durable
goods, such as Beaudry and Portier (2004) and Monacelli (2009), agents have knowledge of the balanced growth
path and their forecasts of total consumption (including durable goods) and output are still cointegrated.

10Before 1992, forecasts of real GNP are used.
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forecasts of chain-weighted real non-residential fixed investment (RNRESIN) and residential

fixed investment (RRESINV). All variables are available at a quarterly frequency from the

third quarter (Q3) of 1981 onwards. Four forecasting horizons are available: 1-, 2-, 3-, and

4-quarter ahead.11 Notably, SPF forecasts of the level of the three variables are provided with

time-varying base years. Appendix B explains the rebasing of the forecast data.12 Figure 1

plots the (normalized) rebased median forecasts of (log) output, consumption, and investment

for all available forecasting horizons. Appendix C shows that the Greenbook forecasts from the

Federal Reserve display similar results to those of the SPF and that there exists no cointegration

between forecasts of output and forecasts of consumption (or investment).

Figure 1: Median forecasts of (log) output, consumption and investment
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3.2 Integration properties of the forecasts

This section examines the integration properties of the median and mean SPF forecasts of

aggregate consumption, output, and investment. Table 3 reports p-values from the Phillips-

Perron (PP) and Dickey–Fuller (DF) tests of median SPF forecasts of consumption, output,

11Whelan (1993) discusses that consumption-output and investment-output ratios should be constructed
using nominal data, given chain-weighted NIPAs. However, since forecasters in SPF are only asked to predict
real variables and no nominal data are available, it is infeasible to construct ratios using nominal data. Therefore,
in line with literature, we construct the forecast ratios using real data.

12Although forecasters do not directly predict (log) consumption-output and (log) investment-output ratios
and the logarithm of an expectation value does not necessarily equal the expectation value of a logarithm (the
Jensen’s inequality), they are regarded equal when the first-order approximation is implemented.
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and investment for all four forecasting horizons.13

Table 3: Integration properties of median SPF forecasts

P values

1Q ahead 2Q ahead 3Q ahead 4Q ahead

Panel A: I(1) test

Median consumption forecasts
PP (Zt test) 0.9054 0.9041 0.9019 0.9032
Dickey–Fuller 0.9440 0.9425 0.9394 0.9388

Median output forecasts
PP (Zt test) 0.7738 0.7873 0.7874 0.7907
Dickey–Fuller 0.8942 0.9007 0.8968 0.8942

Median investment forecasts
PP (Zt test) 0.7174 0.7174 0.7091 0.7106
Dickey–Fuller 0.8877 0.8877 0.8835 0.8790

Panel B: I(2) test

Median consumption forecasts
PP (Zt test) 0.000 0.000 0.000 0.000
Dickey–Fuller 0.000 0.000 0.000 0.000

Median output forecasts
PP (Zt test) 0.000 0.000 0.000 0.000
Dickey–Fuller 0.000 0.000 0.000 0.000

Median investment forecasts
PP (Zt test) 0.000 0.000 0.000 0.000
Dickey–Fuller 0.000 0.000 0.000 0.000

Evidence 1: 1-, 2-, 3- and 4-quarter ahead median forecasts
of aggregate consumption, output, and investment are I(1)
but not I(2).

Panel A shows that for all forecasting horizons considered, both tests fail to reject the

null that median forecasts of consumption, output, and investment are integrated of order 1,

i.e. I(1), at conventional significance levels. Panel B indicates that all median forecasts over

different forecasting horizons are not integrated of order 2, i.e. I(2). Tests on mean forecasts

reach the same conclusion; see Appendix D.

13We use PP tests to examine integration properties of forecasts with Newey-West optimal lags imposed and
DF tests without any lag included. The critical values of PP and DF tests are computed by Cheung and Lai
(1995b).
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3.3 No cointegration with imposing theoretical restrictions

This section tests the cointegration relation between output forecasts and consumption (or

investment) forecasts with the cointegrating vector (1,−1) implied by stochastic growth models.

Many papers criticized the power of the standard DF class of unit root tests in the 1980s and

1990s. This paper uses some of the most powerful tests, such as the DF-GLS test. Another

way to mitigate this concern is by applying the KPSS test, which tests the null hypothesis of

a stationary process against the alternative of a unit root. The robustness of the results is also

demonstrated by analyzing the effects of sample size on testing outcomes in Section 3.5 and

4.2.1.

Table 4 reports the results of testing cointegration between median forecasts of output and

consumption (or investment) with the cointegrating vector (1,−1) using the PP, DF-GLS, and

KPSS tests.14 The first four columns display test statistics for forecasts made at the same date

and over the same forecasting horizon. The last column, labeled as “4Q Y & 1Q C” in Panel A

(or “4Q Y & 1Q I” in Panel B), tests cointegration between 4-quarter ahead output forecasts

and 1-quarter ahead consumption (or investment) forecasts.

14We report test results assuming that there exists no trend component in the consumption-output ratios or
investment-output ratios. The cointegration test results are robust when the trend component is added. The
critical values of the DF-GLS test have been computed by Cheung and Lai (1995a).
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Table 4: Cointegration tests for median SPF forecasts with the cointegrating vector (1,−1)

Panel A: no cointegration between forecasts of output and consumption

Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead 4Q Y & 1Q C

PP (Zt test) -1.586 -1.672 -1.713 -1.720 -1.779
10% critical value -2.577 -2.577 -2.577 -2.577 -2.577
DF-GLS -1.378 -1.478 -1.526 -1.508 -1.588
10% critical value -1.749 -1.749 -1.749 -1.749 -1.749
KPSS 1.885 1.862 1.847 1.861 1.685
5% critical value 0.463 0.463 0.463 0.463 0.463

Panel B: no cointegration between forecasts of output and investment

Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead 4Q Y & 1Q I

PP (Zt test) -1.705 -1.694 -1.559 -1.479 -1.719
10% critical value -2.577 -2.577 -2.577 -2.577 -2.577
DF-GLS -0.209 -0.182 -0.193 -0.242 -0.155
10% critical value -1.737 -1.737 -1.743 -1.743 -1.737
KPSS 2.630 2.641 2.773 2.843 2.645
5% critical value 0.463 0.463 0.463 0.463 0.463

Evidence 2A (Panel A): Median aggregate consumption forecasts and output
forecasts are not cointegrated with the vector (1,−1);

Evidence 2B (Panel B): Median aggregate investment forecasts and output
forecasts are not cointegrated with the vector (1,−1).

In Panel A, the PP and DF-GLS tests fail to reject the null hypothesis that median forecasts

of output are not cointegrated with median forecasts of consumption over the same or different

forecasting horizons with the vector (1,−1) at the 10% significance level. Meanwhile, the

KPSS tests reject the null hypothesis that forecasts of output are cointegrated with forecasts

of consumption for all forecasting horizons at the 5% significance level. Thus, all tests yield

the same conclusion, which is that forecasts of output are not cointegrated with forecasts of

consumption with the vector (1,−1) over the same or different horizons.

Panel B of Table 4 reports the results of testing cointegration between median forecasts

of output and investment with the vector (1,−1). All tests produce the same conclusion that

forecasts of output are not cointegrated with median forecasts of investment with the vector

(1,−1) over the same or different horizons. Similar results are found using mean forecasts; see

Appendix E.1.
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We tested overidentifying restrictions on the cointegration relation among forecasts using

the likelihood-ratio test. We imposed two cointegration relations implied by stochastic growth

models when estimating a Vector Error Correction Model (VECM); the two cointegration vec-

tors are (1,−1, 0) and (1, 0,−1) for the forecasts of output, consumption and investment. The

optimal number of lags is selected by the Akaike information criterion (AIC). Table 5 reports

the p values of tests for median forecasts and mean forecasts, respectively. The null hypothe-

sis is rejected at the 5% significance level, implying that the theoretical cointegration relation

among the forecasts is not supported by the data.

Table 5: Likelihood ratio test of over-identifying restrictions

1Q ahead 2Q ahead 3Q ahead 4Q ahead

P value (median) 0.00 0.00 0.00 0.00
P value (mean) 0.00 0.00 0.00 0.00

Note: Lag selection is based on the AIC criterion. Results are robust to different lag selections.

3.4 No cointegration without imposing theoretical restrictions

This section tests cointegration between forecasts of macroeconomic variables without imposing

the theory-implied cointegrating restriction. Using the Engle–Granger test, Panel A (or B) of

Table 6 reports the results of testing the cointegration between output forecasts and consump-

tion (or investment) forecasts over the same or different horizons and the corresponding 10%

critical values.15 Again, the last column is the testing results of using 4-quarter-ahead output

forecasts and 1-quarter-ahead consumption (or investment) forecasts.

15We report the Engle–Granger test results without incorporating the trend component. Our test results are
robust when the trend is included. The Engel-Granger test’s critical values have been calculated by MacKinnon
(1996).
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Table 6: Cointegration test for median SPF forecasts without imposing the cointegrating

vector (1,−1)

Engle–Granger test

Panel A: cointegration between forecasts of output and consumption

Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead 4Q Y &1Q C

Test stats. -2.315 -2.378 -2.424 -2.451 -2.475
10% critical value -3.073 -3.073 -3.073 -3.073 -3.073

Panel B: cointegration between forecasts of output and investment

Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead 4Q Y &1Q I

Test stats. -2.257 -2.270 -2.251 -2.250 -2.306
10% critical value -3.073 -3.073 -3.073 -3.073 -3.073

Evidence 3A (Panel A): Median consumption forecasts are not cointegrated
with output forecasts without imposing any cointegrating vector;
Evidence 3B (Panel B): Median investment forecasts are not cointegrated
with output forecasts without imposing any cointegrating vector.

The test results uniformly suggest that we cannot reject the null hypothesis that output

forecasts are not cointegrated with consumption (or investment) forecasts at the 10% signifi-

cance level and over the same or different forecasting horizons, as all test statistics are greater

than the corresponding 10% critical values. The test results are robust to using mean forecasts;

see Appendix E.2.

3.5 Multivariate analysis: testing for common trends among fore-

casts of output, consumption, and investment

This section tests if forecasts of output, consumption, and investment share a common trend.

We tested the number of cointegrating vectors among median forecasts of output, consumption,

and investment over a 1- to 4-quarter ahead forecasting horizon, using the Johansen trace and

maximum-eigenvalue tests. The Johansen trace test examines the multivariate cointegrating

relation with the null of no more than r cointegrating vector(s) (rank of r), against the al-

ternative hypothesis that the number of the cointegrating vector(s) is strictly greater than r.

Meanwhile, the Johansen maximum-eigenvalue test evaluates the null of exact r cointegrating
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vector(s) against the alternative of r + 1 cointegrating vectors.

Table 7: Johansen trace and maximum-eigenvalue tests for the number of common trends

among median forecasts

Johansen test

Trace test: J trace(r), r = rank

null: no more than r cointegration vector

Alternative: number of the cointegrating vector > r

Median r=0 5% critical r=1 5% critical
1Q ahead 28.5* 29.7 9.6 15.4
2Q ahead 27.6* 29.7 9.7 15.4
3Q ahead 26.2* 29.7 9.2 15.4
4Q ahead 25.2* 29.7 7.6 15.4

Maximum-eigenvalue test: max(r), r = rank

null: no more than r cointegration vector

Alternative: number of the cointegrating vector = r+1

Median r=0 5% critical r=1 5% critical
1Q ahead 18.9* 21.0 9.5 14.1
2Q ahead 17.9* 21.0 9.7 14.1
3Q ahead 17.2* 21.0 9.1 14.1
4Q ahead 17.5* 21.0 8.4 14.1

*: Jtrace(r) or max(r) test statistics with an asterisk indicate that the

corresponding rank r is the lowest rank, for which the trace test fails to

reject its null number of the cointegration equation and is accepted as the

number of the cointegrating vector among the three forecast variables.

Evidence 4: Median forecasts of output, consumption,
and investment do not share a common trend.

Table 7 reports test results using the median forecasts of output, consumption, and invest-

ment.16 The trace test statistics reported in the upper part of Table 7 suggest that tests for the

median forecasts of output, consumption, and investment over the period of 1- to 4- quarter

ahead uniformly fail to reject the null of no cointegrating vector against the alternative of the

existence of cointegration. Moreover, the maximum-eigenvalue test statistics reported in the

lower part of Table 7 also uniformly fail to reject the null of no cointegrating vector against the

16For the Johansen trace and maximum-eigenvalue tests, we report the outcomes with 1 plus the number of
lags selected by the AIC (robust to other selection criteria, like HQIC and SBIC). This is because the Johansen
test uses first difference and, to compensate for the one lag loss, we incorporated one additional lag.
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alternative of exactly one cointegrating vector. Thus, the results show that any linear combi-

nation of forecasts of output, consumption and investment is not stationary. Similar results are

found using the mean forecasts; see Appendix E.3.

A concern is that tests of unit roots or of cointegration may have low power. We have used

several most powerful and state-of-the-art tests. Two additional ways are used to address this

concern, by analyzing the effect of sample size on testing outcomes. We report the recursive

Johansen trace test statistics from testing the common trends shared by forecasts of output,

consumption and investment. The initial subsample of median or mean forecasts covers 1981:Q3

to 1986:Q2 (20 quarters). By adding a new observation, the sample gradually expands to the

full sample (from 1981:Q3 to 2018:Q4). Figure A.15 in Appendix M plots the test statistics

(red lines) and the corresponding 5% critical values (blue lines) of recursive Johansen trace

tests with rank = 0 for median forecasts of output, consumption, and investment. All test

statistics are below the corresponding critical values, indicating that recursive trace tests fails

to reject the null of no cointegrating vector against the alternative of the existence of at least

one cointegraing vector.17 In Section 4.2.1 where individual-level forecasts are used, individual

forecasters’ are split into different groups with different sample sizes, and we find that there is

no monotonic relation between the proportions of rejecting the null hypothesis and the sample

size.

4 Evidence from individual forecasts

4.1 Data

Individual forecasts from the SPF are used for testing. To obtain reliable testing results, we

selected individual forecasters who have answered more than 60 quarters between 1981:Q3 and

2018:Q4; this resulted in 21 forecasters.18 Individual-level forecasts of real output, consumption,

17Similar results are obtained with mean forecasts; see Figure A.16 in Appendix M. Moreover, this appendix
shows the recursive trace statistics when testing the null hypothesis of 1 cointegrating vector against more than
1 cointegrating vector.

18We found a similar result signifying the existence of significant heterogeneity in utilizing long-run macroe-
conomic relationships in forecasting when we used a different cutoff value than 60 quarters, such as 70 or
58.
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and investment are measured and rebased in the same way as the median forecasts in Section

3.1.

Figure 2: Number of SPF forecasts reported by each selected forecaster for 1- to 4-quarter

ahead forecasting horizons
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Figure 2 plots the number of valid forecasts of output-consumption ratio (which are also

numbers of valid output-investment ratio) for each of the 21 selected individual forecasters,

over 1- to 4-quarter ahead. The X-axis denotes each forecaster’s ID in the SPF dataset, while

the Y-axis denotes the number of forecast observations over different forecasting horizons. In

total, we have 84 time series of forecasts for each individual variable (output, consumption, or

investment). There is a small number of missing values in the dataset, and the procedure for

addressing this is detailed in Appendix F.
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4.2 Heterogeneity in utilizing cointegration relationships in fore-

casting: testing using forecasts made over the same horizon

This section tests cointegration between the individuals’ forecasts of output and consumption

(or between forecasts of output and investment) over the same forecasting horizon, with the

theory-implied (1,−1) restriction imposed. Table 8 reports the results that emerged from the

PP, DF-GLS, and KPSS tests.

Table 8: Cointegration tests using individual forecasts over same forecasting horizon

No. of forecasters: 21 forecasters and 4 horizons (1 – 4Q-ahead)

With (1,−1) restriction
No. of no cointegration Proportion of no

detected out of 84 forecasts cointegration detected

Panel A: cointegration between forecasts of output and consumption
PP Zt test (10% crit. value) 63 75.0%
DF-GLS (10% crit. value) 66 78.6%
KPSS (5% crit. value) 56 66.7%

Panel B: cointegration between forecasts of output and investment
PP Zt test (10% crit. value) 77 91.7%
DF-GLS (10% crit. value) 76 90.5%
KPSS (5% crit. value) 62 73.8%

Evidence 5A (Panel A): In 67% – 79% of the 84 cases (21 forecasters and 4 forecasting
horizons), forecasts of output and consumption are not cointegrated with vector (1,−1);

Evidence 5B (Panel B): In 74% – 92% of the 84 cases (depending on the test),
forecasts of output and investment are not cointegrated with vector (1,−1).

The testing results suggest a significant disagreement among individual forecasters in terms

of utilizing the cointegration relation between output and consumption (or investment) in fore-

casting. Panel A shows that, using the PP test, in 75% of the 84 cases, output forecasts are

not cointegrated with consumption forecasts, while they are cointegrated in the remaining 25%

of cases.19 The DF-GLS test suggests that for about 21% of the 84 cases, forecasts of output

and consumption are cointegrated; the corresponding number is about 1/3 based on the KPSS

test.

19Recall that there are 84 time series of forecasts for each variable (21 forecasters times four forecasting
horizons).
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Figure 3 plots the DF-GLS test statistics and the associated critical values from Panel A of

Table 8. The test statistics are pinned down by the circle at the end of each red stem, while

the corresponding critical value is located on the blue line.20 For the majority of forecasters,

the test statistics are above the blue line of critical values, suggesting no cointegration between

output forecasts and consumption forecasts. The DF-GLS test indicates that three forecasters

(with IDs of 20, 99, and 504) form cointegrated output and consumption forecasts for at least

3 forecasting horizons. In addition, the forecaster with ID 463 (or ID 507) forms cointegrated

output and consumption forecasts over 3- and 4-quarter ahead (or over 2- and 3-quarter ahead).

Figure 3: DF-GLS test statistics vs. critical values using individual-level output and

consumption forecasts

Panel B of Table 8 tests the cointegration between output forecasts and investment forecasts

over the same forecasting horizon and with the (1,−1) restriction. In 92% of the 84 cases, the

PP tests suggest that output forecasts are not cointegrated with investment forecasts at the 10%

significance level, while the two forecasts are cointegrated for the remaining 8% of the cases.

The DF-GLS test fails to reject the null of no cointegration between forecasts of output and

20For the DF-GLS test, since we report the test statistics and critical values with the number of lags that
minimizes the modified AIC criterion, the critical value for different tests differs. See Ng and Perron (2000).
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investment for 91% of the cases, while the KPSS test rejects the null of cointegration between

forecasts of output and investment for around 74% of the cases (and fails to reject the null for

26% of the cases).21

Overall, the majority of forecasters do not utilize the cointegration relation between output

and consumption (or investment) with the cointegrating vector (1,−1) in forecasting. Moreover,

for all three tests, the proportion of forecasters who do not utilize the cointegration relation

between output and investment in forecasting is higher than the proportion of forecasters who

do not utilize the cointegration relation between output and consumption.22

Using individual-level forecasts, we tested overidentifying restrictions by imposing two coin-

tegration relations implied by stochastic growth models when estimating a VECM. The two

cointegration vectors are (1,−1, 0) and (1, 0,−1) for forecasts of output, consumption, and

investment. The optimal number of lags was selected by the AIC criterion. Table A.13 re-

ports outcomes of the likelihood-ratio test. The test rejected the cointegrating restrictions at

the 5% significance level for the majority of cases, while the null hypothesis was not rejected

for a handful of cases. Thus, there still exists heterogeneity in the utilization of the long-run

relationships in forecasting macroeconomic variables.

We also recursively applied Johansen trace test to examine if a common trend exists in

forecasts of consumption, output, and investment for several forecasters IDs. Figure A.17 in

Appendix M displays the test statistics against the corresponding 5% critical values. The null

hypothesis of a common trend was persistently rejected for some IDs (ID 20 and 510) as the

sample became longer, and was not rejected for some other IDs (ID 421 and 429).

4.2.1 Test results by groups with different sample size and characteristics

We examined how the proportion of rejecting the null hypothesis of no cointegration depends

on the sample size. Forecasters were divided into three groups according to their sample sizes

(top, middle, and bottom one-third). Table A.20 in Appendix N reports the proportions of no

21Figure A.4 plots the DF-GLS test statistics against the corresponding critical values associated with Panel
B of Table 8.

22PP and KPSS test statistics are illustrated by plots in Appendix H.
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cointegration between output forecasts and forecasts of consumption (or investment) in each

group. There is no monotonic relation between the proportions and the sample size.

Moreover, we examined how the testing results depend on the forecasters’ characteristics.

The SPF provides limited information regarding the participants’ characteristics. It contains

information on the types of institutions to which the forecasters belong, which are either finan-

cial service providers or non-financial service providers. One may wonder if the test results are

robust across different groups or if there exists heterogeneity across the two groups.

Table A.21 reports the proportion of forecasters within each group whose forecasts of con-

sumption (or investment) are not cointegrated with their own output forecasts with the coin-

tegration vector (1, -1). Within each group (financial or non-financial service providers), het-

erogeneity still exists in utilizing the cointegration relation between output and consumption

(or investment) in forecasting. Across the two groups, it appears that a higher proportion of

forecasters from financial service institutions make use of the cointegration relations between

macroeconomic variables in their forecasts.23

4.3 Heterogeneity in utilizing cointegration relationships in fore-

casting: testing using forecasts made over different horizons

Using individual forecasts data, this section tests the cointegration between forecasts of output

and consumption (or investment) over different forecasting horizons and with imposing the

theory-implied (1,−1) cointegrating vector. Panel A (or B) of Table 9 reports the test results

produced by the PP, DF-GLS and KPSS tests, using 4-quarter ahead output forecasts and the

1-quarter ahead consumption (or investment) forecasts of 21 forecasters.

Panel A reports that there is no cointegration between 4Q-ahead output forecasts and 1Q-

ahead consumption forecasts in 13 out of 21 cases based on the PP test in 17 out of 21 cases

based on the DF-GLS test, and in 16 out of 21 cases based on the KPSS test. Thus, all three

tests suggest that in over 62% of the cases, 4-quarter ahead forecasts of output and 1-quarter

23A potential reason for this is that financial institutions may have more demanding requirements on prac-
titioners’ economic and quantitative skills and therefore the experts employed in this type of institutions are
more likely to recall stochastic growth models in forecasting.
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Table 9: Testing using individual forecasts over different forecasting horizons

With (1,−1) restriction
No. of no cointegration Proportion of no

detected out of 21 cointegration detected

Panel A: cointegration between 4Q ahead Y forecasts and 1Q ahead C forecasts
PP Zt test (10% crit. value) 13 61.9%
DF-GLS (10% crit. value) 17 81.0%
KPSS (5% crit. value) 15 71.4%

Panel B: cointegration between 4Q ahead Y forecasts and 1Q ahead I forecasts
PP Zt test (10% crit. value) 20 95.2%
DF-GLS (10% crit. value) 19 90.5%
KPSS (5% crit. value) 16 76.2%

Evidence 6A (Panel A): In 62% – 81% of 21 cases (depending on the test used),
4-quarter ahead output forecasts and 1-quarter ahead consumption forecasts are
not cointegrated, when the (1,−1) cointegrating vector is imposed.
Evidence 6B (Panel B): In 77% – 95% of 21 cases, 4-quarter ahead output forecasts
and 1-quarter ahead investment forecasts are not cointegrated, when the (1,−1)

cointegrating vector is imposed.

ahead forecasts of consumption are not cointegrated. Panel B shows that, compared with the

results in Table 8, a larger proportion of no cointegration is detected between 4-quarter ahead

output forecasts and 1-quarter ahead investment forecasts by all three tests. Overall, the testing

results suggest that heterogeneity exists in terms of utilizing cointegration relations in making

forecasts among individual forecasters and that the majority of forecasters do not make use of

the long-run relationships.
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4.4 Individual level cointegration tests without imposing theoretical

restrictions

Table 10: Cointegration tests without imposing (1,−1) restriction, using individual-level

forecasts over the same forecasting horizon

Total individual forecasters: 21, with 4 forecasts each (1-, 2-, 3- & 4Q ahead)

Engle–Granger test (10% crit. value) No. of no cointegration Proportion of no
over the same horizons detected out of 84 forecasts cointegration detected

Forecasts of Y and C 69 82.1%

Forecasts of Y and I 82 97.6%

Evidence 7A (Panel A): In 82% of 84 cases, the forecasts of Y and C are not cointegrated,
when no cointegrating vector is imposed.
Evidence 7B (Panel B): In 98% of 84 cases, the forecasts of Y and I are not cointegrated,
when no cointegrating vector is imposed.

Table 10 provides results of the Engle–Granger test of cointegration between forecasts of output

and consumption (or investment), without imposing the theoretical cointegration restrictions.

In 61 out of 84 (or 82 out of 84) cases, the test suggests no cointegration between individual

output forecasts and consumption (or investment) forecasts at the 10% significance level.

Figure 4 presents the test statistics and critical values, when the test is applied to output and

consumption forecasts. For the majority of forecasters, forecasts of output and consumption

are not cointegrated. They are cointegrated for three forecasters (those labelled as ID 20, 99,

and 518) over all four horizons. Moreover, the forecasts of output and consumption made by

the forecaster with ID 463 are cointegrated over 3- and 4-quarter ahead, respectively. The

4-quarter ahead forecast of output and consumption made by the forecaster designated as ID

40 are cointegrated. Figure A.9 in Appendix I displays the test statistics and critical values,

when the test is applied to output and investment forecasts.
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Figure 4: Engle–Granger test statistics vs. critical values for testing cointegration be-

tween output and consumption forecasts and without imposing the (1,−1) restriction
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4.5 Discussion on potential mechanisms

The empirical analysis reveals heterogeneity in utilizing the cointegration relationships present

in stochastic growth models in the forecasting of macroeconomic variables. Some experts (or

professional forecasters) make use of these relationships, while the majority of the experts do

not. Why do the forecasts made by most forecasters not make use of cointegration relationships?

A special survey, SPF Panelists’ Forecasting Methods, conducted by the Federal Reserve

Bank of Philadelphia in 2009, explicitly asked participants for their forecasting methods.24

Most respondents – 21 out of 25 – responded that they adopt models to produce their forecasts.

Among them, the vast majority (20 out of 21) add subjective adjustments (i.e., based on their

judgment) on top of the forecasts produced by the models. This result may not be surprising, as

add-factoring is a common practice in the forecasting community, where forecasters incoporate

their personal judgements on top of the statistical models. Moreover, the vast majority (20

out of 21) of forecasters acknowledge that a model is a prominent part in producing forecasts

24The exact questions and answers can be seen from p.10 of a summary of survey available at
https://www.philadelphiafed.org/-/media/frbp/assets/surveys-and-data/survey-of-professional-forecasters/spf-
special-survey-on-forecast-methods.pdf?la=en&hash=DA9492A3DE5E3BF70D40F807B7278C83.

23
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over up to two years ahead. The forecasting horizons (1-, 2-, 3- and 4-quarter ahead) examined

in our empirical evidence fall within the 2–year ahead horizon, indicating that most of these

forecasts are produced by a method which consists of a forecasting model alongside the inclusion

of forecasters’ judgements.

There are two potential causes for the documented evidence that most forecasters’ fore-

casts of consumption (or investment) are not cointegrated with forecasts of output. First, the

component of subjective judgments that these SPF forecasters add to their forecasts of macroe-

conomic variables do not display a cointegration relation. Various studies have examined the

implications of employing subjective judgements in macroeconomics and policy making. For

instance, Svensson and Tetlow (2005) empirically demonstrate the impact of judgment on fore-

casting by the Federal Reserve Board.25 The second possible cause of no cointegration between

these macroeconomic forecasts is that, the forecasting models (the components before adding

adjustments) of most SPF forecasters do not impose long-run equilibrium relationships.

5 Econometric issues and discussions

5.1 Addressing the multiple testing problem

In the previous section, we studied the cointegration relation between individual-level forecasts

of output and consumption (or investment) by performing multiple unit root (or cointegration)

tests simultaneously. A concern is that the testing outcomes might be subject to the multiple

testing problem. This issue was addressed in two ways. First, we used Anderson’s sharpened

False Discovery Rate (FDR) q-values, which is a corrected version of p-values and has greater

power than many other methods. Second, we performed a panel cointegration test that considers

cross-sectional dependence, which utilizes a larger sample size and has higher power.

Appendix J reports test outcomes using Anderson’s sharpened q-values for both forecasts

of output-consumption ratios and forecasts of output-investment ratios. Compared with the

25Svensson (2003, 2005) formally illustrates that economic performance can be improved if monetary poli-
cymakers explicitly incorporate subjective adjustments to the forecasts of key variables. Bullard, Evans, and
Honkapohja (2007) show the inclusion of the add-factoring judgmental adjustment in forecasting can lead to
self-fulfilling fluctuations.

24



results in Table 8, the proportions of rejecting the null hypothesis of no cointegration become

lower. However, the testing results suggest that heterogeneity still exists in terms of utilizing

cointegration relations in making forecasts among individual forecasters, and that the majority

of forecasters do not make use of long-run relationships.

Since these professional forecasters are exposed to common aggregate shocks, their forecasts

may be highly correlated. Appendix J.1 tests and confirms the cross-sectional dependence for

forecasts of output-to-consumption ratios (or output-to-investment ratios) for 1- to 4-quarter

forecasting horizons. First-generation panel unit root tests such as the Fisher-type panel tests

generally ignore such instances of dependence and suffer from size distortions. To address this

issue, we adopted a version of second-generation panel unit root tests, the cross-sectionally

augmented Dickey–Fuller (CADF) test proposed by Pesaran (2003). It tests the unit root

in heterogeneous panels with the null hypothesis that all panels are non-stationary, against

the alternative hypothesis that at least one panel is stationary. The CADF test eliminates

cross-sectional dependence by augmenting the standard Dickey–Fuller (DF) or the Augmented

Dickey–Fuller (ADF) regression with cross-sectional average lagged levels and the first differ-

ences of the individual data series.26 We examine if 1- to 4-quarter ahead forecasts of output

are cointegrated with forecasts of consumption (or investment) with the (1,−1) restriction.

Panel A and B of Table 11 report the p-values of the panel unit root tests on forecasts of

output-consumption ratios and output-investment ratios over 1- to 4-quarter ahead forecasting

horizons, respectively. In Panel A, the CADF panel unit root tests uniformly reject the null

that all panels are non-stationary at any conventional significance level, indicating that at

least one forecaster imposes the (1,−1) cointegration relation when forecasting output and

consumption. Similar results are obtained in Panel B where the CADF tests uniformly reject

the null, suggesting that at least one forecaster imposes the cointegrated relation between

output and investment in forecasting.

26All panel unit root tests are performed with Newey-West optimal lags. Test results are robust to different
numbers of lags incorporated.
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Table 11: P-values of Pesaran panel cointegration test with the cointegrating vector (1,−1)

CADF panel unit root test Number of panels: 21 in each test

H0: All panels are non-stationary;
H1: At least one panel is stationary

1Q ahead 2Q ahead 3Q ahead 4Q ahead

Panel A: cointegration between forecasts of output and consumption
P-values 0.000 0.000 0.000 0.000

Panel B: cointegration between forecasts of output and investment
P-values 0.001 0.001 0.001 0.007

Evidence 8A (Panel A): The CADF panel cointegration tests suggest that at least
one forecaster’s output forecasts are cointegrated with consumption forecasts
over 1-, 2-, 3- and 4-quarter ahead with the (1,−1) restriction.
Evidence 8B (Panel B): The CADF panel cointegration tests suggest that at least
one forecaster’s output forecasts are cointegrated with investment forecasts
over 1-, 2-, 3- and 4-quarter ahead with the (1,−1) restriction.

5.2 Structural breaks

The results so far have not considered potential structural breaks in the sample. A concern is

that a structural break may lead to the non-rejection of no cointegration between the forecasts.

To address this concern, this section employs the Recursive Cusum test (Krämer and Ploberger,

1992; Brown, Durbin, and Evans, 1975) and the Gregory and Hansen (1996) cointegration test.

The Recursive Cusum test investigates parameter stability with the null hypothesis being no

structural break. The test statistics are based on whether the time series abruptly changes in

a way not predicted by the model across rolling samples. Figure 5 displays the individual-level

Recursive Cusum test statistics and the corresponding 5% critical value, assuming OLS resid-

uals for forecasts of output-consumption ratios. The test statistics (red dots) are all below the

corresponding critical values (blue lines). This implies that for all individual forecasts, the Re-

cursive Cusum tests indicate that no structural break is found in the estimated coefficients from

the augmented DF regression. Similar results are obtained with recursive residuals. Appendix

L shows that the same results are obtained for individual-level forecasts of output-investment

ratios and for median and mean forecasts.

26



Figure 5: Illustration of individual-level cumulative sum test (OLS residuals) for
coefficient stability, forecasts of output-consumption ratios
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Now turn to the Gregory-Hansen test. The null hypothesis of the test assumes the existence

of a structural break and no cointegration at the break point. Rejecting the null hypothe-

sis implies the existence of a cointegration relation with a structural break. Figure 6 plots

the Gregory–Hansen test statistics and the corresponding critical values for individual-level

forecasts of output-to-consumption ratios. Each red dot stands for the test statistics for an

individual forecaster, while the blue horizontal line corresponds to the 10% critical value. The

null hypothesis is not rejected for the vast majority of cases. This implies that there is no

cointegration between the two forecasts, taking into account structural breaks. In a small pro-

portion of cases, the null hypothesis is rejected, implying the existence of cointegration between

the two forecasts with a structural break. Overall, the results suggest heterogeneity in utilizing

long-run equilibrium relationships in forecasting among the forecasters.27

27Appendix L shows that the same results are obtained when using forecasts of output and investment ratios.
Moreover, it shows that the Gregory–Hansen test indicates no cointegration in median and mean forecasts.
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Figure 6: Gregory–Hansen cointegration test statistics with forecasts of output-
consumption ratios
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5.3 Testing for forecasters’ beliefs about mean reversion

One issue of interest is whether the forecasters believe in mean reversion to the long-run equi-

librium implied by the full-information RE stochastic growth models. This section tests this

question using the data of individual-level forecasts and following Armona, Fuster, and Zafar

(2019). They conducted a survey experiment in which participants were provided informa-

tion regarding recent local house price growth rates. They found that participants were more

likely to believe in momentum in house price growth rather than mean reversion in house price

growth.

First, note that for the majority of forecasters, forecasts of output are not cointegrated

with forecasts of consumption (or investment). This implies that they do not believe in mean

reversion to the long-run equilibrium. Second, for the forecasters whose output forecasts are

cointegrated with forecasts of consumption (or investment), we tested if they believe in mean

reversion to the long-run equilibrium in the following way. We regressed the revisions to fore-

casts of output to consumption (or investment) ratios on the forecast errors of the ratios. The

SPF provides participants information about the latest data in the survey questionnaire and

elicits their macroeconomic expectations. Specifically, the regression is as follows:
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(Ei
tVt+1 − Ei

t−1Vt) = αi + βi(Vt − Ei
t−1Vt) + uit, (1)

where i is an individual, t is time (quarter), and Ei
t is the expectation operator for individual

i based on the information available at t. V represents output to consumption (or investment)

ratios. αi is an intercept term, and the slope coefficient βi represents how strongly, and in

what direction, the individual i revises their expectation in response to the forecast errors of

the ratios. Table 12 reports the estimation results. The regressions yield positive regression

coefficients βi, suggesting that the forecasters are extrapolating (or believe in momentum)

instead of believing in mean reversion.

Table 12: Regression results, extrapolating v.s. mean reversion

Estimated coefficient (βi) P value

Panel A: output to consumption ratios

ID 20 1.09∗∗∗ 0.00
(0.10)

ID 504 0.92∗∗∗ 0.00
(0.11)

ID 510 0.82∗∗∗ 0.00
(0.09)

Panel B: output to investment ratios

ID 504 0.91∗∗∗ 0.00
(0.09)

ID 510 0.78∗∗∗ 0.00
(0.09)

Note:
∗∗∗means significant at 1% level.

5.4 Cointegration among other macroeconomic variables

We examined the integration and cointegration properties of other macroeconomic variables,

such as inflation, unemployment, and nominal interest rates. We briefly summarize the results

and relegate the detailed testing results in Appendix O.

First, the mean and median forecasts of inflation and unemployment are I(0). Appendix

O also shows that the Johansen trace and maximum-eigenvalue tests confirm the existence
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of multiple cointegrating vectors between inflation forecasts and unemployment forecasts. All

individual forecasts of inflation are also I(0). Most individual unemployment forecasts are I(0)

and a small proportion of unemployment forecasts are I(1). Thus, it is not meaningful to

analyze the cointegration between inflation forecasts and unemployment forecasts.

Second, if the real interest rate is stationary, the nominal interest rate and the inflation

rate are cointegrated with the (1, -1) vector, according to the Fisher equation. King, Plosser,

Stock, and Watson (1991) provide some evidence for the co-integration between realized nominal

interest rates and inflation. Median and mean forecasts of nominal interest rate are I(1). As

mean, median, and individual inflation forecasts are I(0), there exists no coingration vector

that yields cointegration between the non-stationary forecasts of nominal interest rate and the

stationary inflation forecasts. The recursive trace test is utilized to illustrate the non-existence

of cointegrating vectors between the forecasts of the inflation rate and the nominal interest rate

in Appendix O.

5.5 Fitting forecasting models

Macroeconomists may be interested in how to model the expectation formation process of

forecasters who use or do not use long-run relationships in forecasting. We explore one way

to approximate the expectation formation of the two types of forecasters by fitting parsimo-

nious recursive forecasting models (constant gain learning algorithms) to the survey forecast

data, following Branch and Evans (2006). Specifically, the expectation formation process of the

forecasters who utilize cointegration relationships is approximated by recursive estimation and

forecasting using a cointegrated Vector Autoregressive (VAR) model which imposes cointegra-

tion among output, consumption, and investment. The expectation formation process of the

forecasters who do not utilize cointegration relationships is approximated by recursive estima-

tion and forecasting using a simple univariate autoregressive process. Appendix P.2 provides

the details of fitting the models to survey forecasts data.
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5.6 Forecast accuracy

Another interesting issue concerns the accuracy of forecasts made by the forecasters who utilize

(or do not utilize) long-run relationships. To evaluate this, individual forecasters from the

SPF are divided into two groups: those who utilize a long-run relationship in forecasting and

those who do not. Forecasts made by each individual from each group are evaluated against

the corresponding realized values. Table A.28 reports the accuracy of forecasts, measured

by root-mean-square errors (RMSEs) over 1-, 2-, 3-, and 4-quarter horizons. The forecasters

who do not use long-run cointegration relationships are generally more accurate, as they have

slightly smaller average root-mean-square errors. However, these differences are unimportant

economically and it remains an open question that whether utilizing the long-run relationships

improves the accuracy of forecasting.

6 Conclusion

This paper studies the expectation formation of macroeconomic variables (aggregate output,

consumption, and investment) by professional forecasters. We focused on analyzing whether

professional forecasters utilize long-run cointegration relationships among the aformentioned

macroeconomic variables postulated by stochastic growth models to make forecasts. The me-

dian (or mean) survey forecasts of aggregate output are not cointegrated with the median

(or mean) forecasts of aggregate consumption and investment. Significant heterogeneity exists

among forecasters in terms of utilizing long-run relationships. The majority of the forecasters

do not appear to utilize these relationships in forecasting. The results are robust to using

different tests, using forecasts over different horizons, forecasts made at the same or different

dates, with or without imposing the theory-implied cointegrating vector, and considering the

multiple testing problem and structural breaks.

31



The findings have implications for policymakers.28 First, not utilizing long-run equilibrium

relationships in forecasting or estimations by the policymakers may lead to mis-measurements

in the output gap, which is an important input for monetary and fiscal policy. For instance,

fiscal policymakers in the EU target a certain level of structural fiscal balance, which is crucially

determined by estimates of the output gap. Kuang and Mitra (2020) examine the interaction

between policymakes’ mis-measurements of the output gap, fiscal policy decisions, and the

prolonged recession in the aftermath of the 2007–08 financial crisis in European countries.

Kuang, Mitra and Tang (2021) study monetary policy design when policymakers do not make

use of knowledge of the balanced growth path and use various detrending methods to learn about

the output gap. They find that the methods that intrinsically produce larger and more volatile

output gap estimates are more prone to self-reinforcing deflation spirals and large welfare losses,

and that the optimal response to the output gap estimates from these methods is smaller.

Second, households and firms who do not make use of long-run equilibrium relationships

in forecasting may hold overly optimistic or pessimistic beliefs about macroeconomic variables.

This may lead to inefficient fluctuations in economic decisions in areas such as consumption

and investment. As an example, Kuang and Mitra (2016) develop a quantitative business cycle

model where agents do not have knowledge of the balanced growth path and learn about the

long-run growth rates of economic variables. The model replicates pro-cyclical forecasts of

long-run growth rates of output and productivity in the data and suggests that optimism and

pessimism about long-run growth rates is crucial to understanding business cycle fluctuations.
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Appendix (Not for publication)

A Stochastic growth models

This section reviews some one- and two-sector stochastic growth models and shows Proposition

1 holds for these models. We use a version of the two-sector model of Schmitt-Grohe and Uribe

(2011) which nests many one- and two-sector stochastic growth models. For our purpose of

studying cointegration relation, it is innocuous to leave out some non-essential features, such as

capital adjustment cost, capacity utilization, taxes, government spending and transitory shocks.

Incorporating these features does not affect the cointegration relation of interest and hence all

of our theoretical and empirical results.

The economy is populated by a unit mass of identical infinite-horizon agents with preferences

as

U =
∞∑
t=0

βtu(Ct, 1−Nt),

where Ct is consumption of commodity goods, Nt is labour input, β is subjective discount factor

and u is the utility function. The production function of final good is

Yt = K1−α
t (Xz

tNt)
α,

where Kt is the pre-determined capital stock and Nt is the labor input. Xz
t is a permanent

neutral productivity shock. The capital stock evolves according to

Kt+1 = (1− δ)Kt +Xa
tH(It),

where δ is depreciation rate and It is investment. Xa
t is nonstationary investment-specific

technology shocks. H(I) = Iξ is the production function. In a decentralized version of this

economy, the relative price of investment goods in terms of consumption goods, which we denote

by pIt , is given by

pIt =
1

Xa
tH
′ (It)

.
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The resource constraint is Yt = Ct + It.

In this model economy, TFP and the price of investment are given, respectively, by

consumption

TFPt = (Xz
t )1−α

and

pIt =
1

Xa
t ξI

ξ−1
t

Let µzt ≡ Xz
t /X

z
t−1 and µat ≡ Xa

t /X
a
t−1 denote, respectively, the gross growth rates of Xz

t

and Xa
t . And let xt = ψ ln (Xz

t ) − ln (Xa
t ) . The joint law of motion of Xz

t and Xa
t follows the

vector error correction model (VECM)

 ln (µzt/µ
z)

ln (µat /µ
a)

 =

 ρ11 ρ12

ρ21 ρ22


 ln

(
µzt−1/µ

z
)

ln
(
µat−1/µ

a
)
+

 κ1

κ2

xt−1 +

 1 0

0 1


 ε1t

ε2t

 (A.1)

where the innovations to the common trend in neutral and investment-specific productivity, ε1t

and ε2t are i.i.d normal with mean zero and variances σ2
ε1 and σ2

ε2 , respectively.

We consider three cases. Case I: neutral productivity shock Xz
t and investment-specific

productivity shock Xa
t share a common stochastic trend; it is supported by the empirical

evidence in Schmitt-Grohe and Uribe (2011).29 Thus,

xt = ψ ln (Xz
t )− ln (Xa

t ) is stationary.

Case II: assuming that TFP and the price of investment possess independent stochastic

trends, i.e., ρ21 = ρ21 = κ1 = κ2 = D21 = 0, see e.g., Fisher (2006).30 Case III: we shut down

the investment specific shocks by setting Xa
t = 1 for all t. Moreover, let ρ11 = ρ12 = 0, and

κ1 = ψ = 0. The productivity process becomes ln (µzt/µ
z) = D11ε

1
t . This becomes a version of

the one-sector stochastic growth, e.g., like King, Plosser and Rebelo (1988).

29They estimate a two-sector stochastic growth model which contains this feature and find that innovations
in the common stochastic trend explain a sizable fraction of the unconditional variances of output, consumption,
investment and hours.

30Nevertheless, Schmitt-Grohe and Uribe(2011) argue that this formulation is strongly rejected by the data
(see their Section 2).
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The balanced growth path. For all three cases, there exists a balanced growth path

along which the following variables are stationary:

Yt
XY
t

,
Ct
XY
t

,
It
XY
t

,
Yt/Nt

XY
t

,

where XY
t = (Xz

t )
1−α
1−αξ (Xa

t )
α

1−αξ . Hence Yt, Ct and It have a common trend and are cointegrated

with each other with cointegrating vector (1,−1). Thus, Proposition 1 holds for all three models.

B Rebasing forecasts data

Since the Survey of Professional Forecasters (SPF) began, there have been a number of changes

of the base year in the national income and product accounts (NIPA). The forecasts for levels of

consumption, investment and output use the base year that was in effect when the forecasters

received the survey questionnaire. This Appendix explains how the forecasts data are rebased.

Table A.1: Base years and ratios for rebasing

Range of Survey Dates Base Year Ratio

1976:Q1 to 1985:Q4 1972 3.31
1986:Q1 to 1991:Q4 1982 1.48
1992:Q1 to 1995:Q4 1987 1.23
1996:Q1 to 1999:Q3 1992 1.04
1999:Q4 to 2003:Q4 1996 1
2004:Q1 to 2009:Q2 2000 0.94
2009:Q3 to 2013:Q2 2005 0.84
2013:Q3 to present 2009 0.79

Table A.1 provides the base year in effect for NIPA variables (including consumption expen-

ditures), reproduced from Table 4 of the documentation of Survey of Professional Forecasters

(p. 23). For rebasing, we use real consumption, investment and output data of different vin-

tages from the Real-Time Data Set for Macroeconomists managed by the Federal Reserve Bank

of Philadelphia. Year 1996 is used as the common base year for all forecast data. The data in

each window needs to be rebased by multiplying a base ratio. For instance the 2000:Q1 real
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consumption at the window from 1996:Q1 to 1999:Q3 is 1409.5 while it is 1469.5 at 2000:Q1 and

hence the ratio is 1469.5/1409.5. Figure A.1 plots the (normalized) rebased median forecasts

of (log) output-consumption ratios and (log) output-investment ratios for all four forecasting

horizons, respectively.

Figure A.1: Median forecasts of (log) Y/C ratios and Y/I ratios
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C Testing using the Greenbook forecasts

This Appendix shows the result of no cointegration between forecasts of output and consump-

tion (or investment) still holds when we use the Greenbook forecast dataset in lieu of SPF

data. The Greenbook contains projections on the US economy forwards (and backwards) and

is produced before each meeting of the Federal Open Market Committee. It includes projections

for a large number of macroeconomic variables including real consumption growth, real GDP

growth and real investment. Four forecasting horizons are reported in each projection: 1- to

4-quarter ahead (while more horizons are issued from time to time). The dataset is published

with a five-year lag. The sample of Greenbook growth forecast we use spans from 1981:Q3 to

2013:Q4.

Real consumption level forecast is obtained by multiplying the consumption growth forecast
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Figure A.2: Greenbook forecasts of (log) output, consumption and investment
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(gRPCE) by (rebased) real-time estimate of consumption level. Real investment level forecast

is obtained by summing the forecast of the level of real residential investment and the level

of real non-residential investment. The forecast of the level of real residential investment is

calculated as the real residential investment growth forecast (gRRES) multiplied by (rebased)

real residential investment level. The forecast of the level of real non-residential investment is

calculated as the real non-residential investment growth forecast (gRBF) multiplied by (rebased)

real non-residential investment level. Real total government spending forecast is subtracted

from real GDP level forecast. All level data comes from real-time datasets for the US economy

maintained by the Philadelphia Fed.

Figure A.2 plots the normalized and rebased Greenbook forecasts of log output, consumption

and investment. Table A.2 reports the integration properties of Greenbook forecasts. Similar

to SPF median (or mean) forecast testing results, Greenbook forecasts of consumption, output

and investment are integrated of order 1, i.e. I(1), but not integrated of order 2, i.e. I(2).

44



Figure A.3: Greenbook forecasts of (log) Y/C ratios and Y/I ratios
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Table A.2: Integration properties of Greenbook forecasts

P values

1Q ahead 2Q ahead 3Q ahead 4Q ahead

Panel A: I(1) test

Consumption forecasts
PP (Zt test) 0.9903 0.9883 0.9864 0.9862
Dickey-Fuller 0.9966 0.9950 0.9930 0.9923

Output forecasts
PP (Zt test) 0.9287 0.9250 0.9189 0.9169
Dickey-Fuller 0.9830 0.9688 0.9604 0.9553

Investment forecasts
PP (Zt test) 0.7887 0.7423 0.7036 0.6845
Dickey-Fuller 0.9501 0.9107 0.8685 0.8345

Panel B: I(2) test

Consumption forecasts
PP (Zt test) 0.000 0.000 0.000 0.000
Dickey-Fuller 0.000 0.000 0.000 0.000

Output forecasts
PP (Zt test) 0.000 0.000 0.000 0.000
Dickey-Fuller 0.000 0.000 0.000 0.000

Investment forecasts
PP (Zt test) 0.000 0.000 0.000 0.000
Dickey-Fuller 0.000 0.000 0.000 0.000
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Figure A.3 plots Greenbook forecasts of (log) output-to-consumption and output-to-investment

ratios. Table A.3 reports cointegration test results between forecasts of output and consumption

(or investment) when the theoretical (1,−1) cointegration relation is imposed.31 Both PP and

DF-GLS tests suggest that the forecast of output is not cointegrated with consumption (or

investment) at standard critical level, when the theoretical (1,−1) cointegration relation is

imposed. Therefore, this result is consistent with SPF forecast testing results.

Table A.3: cointegration test for Greenbook forecasts with cointegrating vector (1,−1)

Panel A: cointegration between forecasts of consumption and output

Mean 1Q ahead 2Q ahead 3Q ahead 4Q ahead 1Q C & 4Q Y

PP (Zt test) -2.682 -2.683 -2.672 -2.738 -2.732
5% critical value -2.888 -2.888 -2.888 -2.888 -2.888
DF-GLS -1.593 -1.580 -1.834 -1.822 -1.888
5% critical value -2.077 -2.062 -2.062 -2.053 -2.062
KPSS 1.19 1.30 1.35 1.40 1.03
5% critical value 0.463 0.463 0.463 0.463 0.463

Panel B: cointegration between forecasts of investment and output

Mean 1Q ahead 2Q ahead 3Q ahead 4Q ahead 1Q I & 4Q Y

PP (Zt test) -1.856 -1.976 -2.047 -2.103 -1.871
5% critical value -2.888 -2.888 -2.888 -2.888 -2.888
DF-GLS -1.286 -1.492 -1.529 -1.546 -2.030
5% critical value -2.077 -2.062 -2.062 -2.062 -2.062
KPSS 1.86 1.74 1.14 1.15 1.78
5% critical value 0.463 0.463 0.463 0.463 0.463

Table A.4 reports the Engle-Granger cointegration test outcomes when no cointegration

restriction is imposed.32 Again, the Engle-Granger test indicates that the forecasts of output

are not cointegrated with the forecasts of consumption (or investment) at 10% significance level,

consistent with the testing results from SPF forecasts.

31We report the cointegration test results when trend is omitted. If trend is introduced, the DF-GLS test
and the PP test indicate that the forecast of output-consumption ratio (or output-investment ratio) are not
cointegrated at 10% critical level.

32We report Engle-Granger test results without incorporating the trend component. Our test results are
robust when the trend is included.

46



Table A.4: cointegration test for Greenbook forecasts without imposing cointegrating

vector (1,−1)

Engle-Granger test

Panel A: cointegration between forecasts of output and consumption

Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead 4Q Y &1Q C

Test stats. -2.313 -2.575 -2.610 -2.821 -2.805
10% critical value -3.077 -3.077 -3.077 -3.077 -3.077

Panel B: cointegration between forecasts of output and investment

Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead 4Q Y &1Q I

Test stats. -2.805 -1.138 -1.446 -1.627 -1.191
10% critical value -3.077 -3.077 -3.077 -3.077 -3.077

Conclusion (Panel A): Greenbook consumption forecasts are not cointegrated
with output forecasts without imposing any cointegrating vector;
Conclusion (Panel B): Greenbook investment forecasts are not cointegrated
with output forecasts without imposing any cointegrating vector.

D Integration properties of mean forecasts

This appendix reports integration properties of SPF 1- to 4-quarters ahead mean forecasts of

consumption, output and investment. Panel A indicates that all forecasts over all forecasting

horizons are integrated of order 1, i.e. I(1) and Panel B shows that all forecasts are not

integrated of order 2, i.e. I(2) at conventional significance level. Therefore, test results for

mean forecasts are consistent with median forecast results.
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Table A.5: Integration properties of mean SPF forecasts

P values

1Q ahead 2Q ahead 3Q ahead 4Q ahead

Panel A: I(1) test

Mean consumption forecasts
PP (Zt test) 0.9082 0.9049 0.9023 0.9023
Dickey-Fuller 0.9510 0.9478 0.9459 0.9451

Mean output forecasts
PP (Zt test) 0.7767 0.7796 0.7788 0.7806
Dickey-Fuller 0.8963 0.8930 0.8902 0.8884

Mean investment forecasts
PP (Zt test) 0.7216 0.7100 0.7097 0.7116
Dickey-Fuller 0.8916 0.8858 0.8849 0.8851

Panel B: I(2) test

Mean consumption forecasts
PP (Zt test) 0.000 0.000 0.000 0.000
Dickey-Fuller 0.000 0.000 0.000 0.000

Mean output forecasts
PP (Zt test) 0.000 0.000 0.000 0.000
Dickey-Fuller 0.000 0.000 0.000 0.000

Mean investment forecasts
PP (Zt test) 0.000 0.000 0.000 0.000
Dickey-Fuller 0.000 0.000 0.000 0.000

Evidence: Mean 1-, 2-, 3- and 4-quarter ahead forecasts
of aggregate consumption, output and investment are
I(1) but not I(2).

E Testing using mean SPF forecasts

E.1 Testing with imposing the theoretical restriction

This section shows no cointegration between mean forecasts of output and consumption (or

investment) with imposing the theory-implied cointegration vector (1,−1), consistent with the

testing results using median forecasts. Panel A (or B) of Table A.6 reports the testing results

on cointegration between output forecasts and consumption (or investment) forecasts.
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PP and DF-GLS tests fail to reject no cointegration between mean forecasts of output

and consumption at 10% level with two exceptions marked by dagger (-1.825 and -1.851).

The two exceptions come from DF-GLS tests between forecasts of output and consumption

over forecasting horizons of 3- and 4-quarter ahead, which only marginally reject the null of

no cointegration at 10% critical values. For both cases, the null hypothesis are nevertheless

rejected at 5% level. The KPSS tests strongly in favor of no cointegration over all forecasting

horizons at 5% level.

Table A.6: cointegration test for mean SPF forecasts with cointegrating vector (1,−1)

Panel A: cointegration between forecasts of consumption and output

Mean 1Q ahead 2Q ahead 3Q ahead 4Q ahead 1Q C & 4Q Y

PP (Zt test) -1.578 -1.596 -1.628 -1.657 -1.717
10% critical value -2.577 -2.577 -2.577 -2.577 -2.577
DF-GLS -1.347 -1.318 -1.825† -1.851† -1.551
10% critical value -1.749 -1.749 -1.737 -1.737 -1.749
KPSS 1.948 1.954 1.983 2.011 1.831
5% critical value 0.463 0.463 0.463 0.463 0.463

Panel B: cointegration between forecasts of investment and output

Mean 1Q ahead 2Q ahead 3Q ahead 4Q ahead 1Q I & 4Q Y

PP (Zt test) -1.656 -1.616 -1.601 -1.542 -1.685
10% critical value -2.577 -2.577 -2.577 -2.577 -2.577
DF-GLS -0.249 -0.324 -0.319 -0.351 -0.214
10% critical value -1.737 -1.737 -1.737 -1.737 -1.737
KPSS 2.641 2.696 2.781 2.872 2.638
5% critical value 0.463 0.463 0.463 0.463 0.463

†
: Test statistics with dagger indicate that corresponding tests reject the null of unit root (no cointegration) at

10% critical values, but fail to reject the null at 5%. The 5% critical value for both tests is -2.047.

In Panel B, cointegration test results from PP and DF-GLS tests between mean forecasts

of output and investment are almost identical to median forecast test results, in favor of no

cointegration. Consistently, KPSS tests in the two panels indicate a strong rejection of its null

of cointegration between mean forecasts, agreeing with other tests performed.
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Table A.7: cointegration test for mean SPF forecasts without imposing cointegrating

vector (1,−1)

Engle-Granger test

Panel A: cointegration between forecasts of consumption and output

Mean 1Q ahead 2Q ahead 3Q ahead 4Q ahead 1Q C & 4QY

Test stats. -2.357 -2.373 -2.462 -2.538 -2.525
10% critical value -3.073 -3.073 -3.073 -3.073 -3.073

Panel B: cointegration between forecasts of investment and output

Mean 1Q ahead 2Q ahead 3Q ahead 4Q ahead 1Q I & 4QY

Test stats. -2.223 -2.245 -2.272 -2.277 -2.264
10% critical value -3.073 -3.073 -3.073 -3.073 -3.073

E.2 Testing without imposing cointegration restrictions - mean fore-

casts

Using the Engle-Granger test, Panel A (or B) of Table A.7 tests if mean forecasts of output

are cointegrated with the mean forecasts of consumption (or investment) without imposing a

cointegration vector (1,−1). The tests cannot reject the null hypothesis that output forecasts

are not cointegrated with consumption or investment forecasts, respectively, at 10% level over

any forecasting horizon. The cointegration test results suggest that there exists no cointegrating

vector, with which mean forecasts of output are cointegrated with forecasts of consumption (or

forecasts of investment) over any forecasting horizon.

E.3 Multivariate testing using mean forecasts

Using mean SPF forecasts data, Table A.8 tests if forecasts of output, consumption and in-

vestment share a common trend. Only the trace test for 1-quarter ahead forecasts rejects the

null of zero cointegrating vector, in favor of the existence of cointegrating vector, but fails to

reject the null of 1 cointegrating vector against the alternative of more than one cointegrating

vector. However, the maximum-eigenvalue test fails to reject the null of zero cointegrating

vector against the alternative of one cointegrating vector for 1-quarter ahead forecasts. The
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Table A.8: Johansen trace and maximum-eigenvalue tests for the number of common

trend among mean forecasts

Johansen test

Trace test: J trace(r), r = rank

null: no more than r cointegration vector

Alternative: number of the cointegrating vector > r

Mean r=0 5% critical r=1 5% critical
1Q ahead 30.4 29.7 9.7* 15.4
2Q ahead 29.5* 29.7 9.7 15.4
3Q ahead 27.7* 29.7 9.1 15.4
4Q ahead 27.0* 29.7 8.4 15.4

Maximum-eigenvalue test: max(r), r = rank

null: no more than r cointegration vector

Alternative: number of the cointegrating vector = r+1

Mean r=0 5% critical r=1 5% critical
1Q ahead 20.7* 21.0 9.6 14.1
2Q ahead 19.8* 21.0 9.5 14.1
3Q ahead 18.5* 21.0 9.0 14.1
4Q ahead 18.7* 21.0 8.2 14.1

*: Jtrace(r) or max(r) t test statistics with asterisk indicate that corresponding

rank r is the lowest rank, for which trace test fails to reject its null number of

cointegration equation, and is accepted as the estimated number of cointegrating

vector among these three forecast variables.

rest of the test statistics suggest that mean forecasts of output, consumption, and investment

do not share a common trend, similar to median forecasts.

F Dealing with missing values

There is a small number of missing values in individual-level forecasts during 1981q3 to 2018q4.

Therefore, before conducting formal unit-root/cointegration tests, we fix the missing data prob-

lem by filling in gaps. Ryan and Giles (1998) examine three natural ways of dealing with missing

observations in the process of unit root testing: “ignoring” the gaps, replacing the missing ob-

servation(s) with the previously recorded observation (previous observation carried forward,

POCF) and using step interpolation, i.e. linearly interpolating between the last recorded ob-
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servation and the next recorded observation after to fill in the gap. They conclude that in

terms of the power of the test, in addition to size distortion, ignoring the gaps is the best

method among these three methods. Later works, like Ghysels and Miller (2014), examine the

cointegration test results and suggest that linear interpolation of missing observation should

be avoided in cointegration tests. Therefore, in line with the previous work, this paper applies

the methods of “ignoring” the gap to fill in small gaps in observations and reports the relevant

test results in the main text. Below, we check the robustness of test results with the methods

of POCF to fill in small gaps.

We show the testing results in Section 4 are robust to an alternative method of dealing with

missing values. We fill in missing gaps for individual forecasters using the method of Previous-

Obervation-Carried-Forwards (POCF) and re-perform the individual-level tests. Note that

when POCF is applied, we only fill in gaps that fall in the middle of forecasting periods. For

example, since forecaster ID 431 starts participating in the SPF survey from 1991q1 and ends

at 2013q3, only missing observations between this time interval is filled. The testing results in

Table A.9, A.10, and A.11 are similar to those in Table 8, 9, and 10, respectively.

Table A.9: Tests with (1,−1) restriction using individual-level forecasts over the same

forecasting horizon

Total individual forecasters: 21, with 4 forecasts each (1Q, 2Q, 3Q & 4Q ahead)

with (1,−1) restriction
No. of no cointegration Proportion of no

detected out of 84 cointegration detected

Panel A: cointegration between forecasts of consumption and output (same horizon)
PP Zt test (10% crit. value) 59 70.3%
DF-GLS (10% crit. value) 72 85.7%
KPSS (5% crit. value) 57 67.9%

Panel B: cointegration between forecasts of investment and output (same horizon)
PP Zt test (10% crit. value) 78 92.9%
DF-GLS (10% crit. value) 78 92.9%
KPSS (5% crit. value) 67 79.8%
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Table A.10: Tests using individual-level forecasts with (1,−1) restriction over different

forecasting horizons: 1Q ahead consumption (or investment) forecasts and 4Q ahead

output forecasts

with (1,−1) restriction
No. of no cointegration Proportion of no

detected out of 21 cointegration detected

Panel A: cointegration between 1Q ahead consumption and 4Q ahead output
PP Zt test (10% crit. value) 8 38.1%
DF-GLS (10% crit. value) 16 76.2%
KPSS (5% crit. value) 14 66.7%

Panel B: cointegration between 1Q ahead investment and 4Q ahead output
PP Zt test (10% crit. value) 20 95.2%
DF-GLS (10% crit. value) 20 95.2%
KPSS (5% crit. value) 17 81.0%

Table A.11: Tests using individual-level forecasts without (1,−1) restriction over same

forecasting horizons

Total individual forecasters: 21, with 4 forecasts each (1-, 2-, 3- & 4Q ahead)

Engle-Granger test (10% crit. value)

over same horizons forecasts of Y and C forecasts of Y and I

No. of no cointegration
65 82

detected out of 84
Proportion of no

77.4% 97.6%
cointegration detected

G Some testing results using individual-level forecasts

G.1 Integration properties

Table A.12 reports unit root testing results for forecasts of aggregate output, consumption

and investment made by individual professional forecasters. Both ADF test and KPSS test

uniformly indicate that the individual-level forecasts over all horizons are I(1) at 5% significance

level.
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Table A.12: Unit root test results for individual forecasts

Total individual forecasters: 21, with 4 forecasts each (1Q, 2Q, 3Q & 4Q ahead)

I(1) test Number of I(1) Proportion of I(1)

Panel A: Consumption forecasts

ADF test (5% crit. value) 84 100%
KPSS (5% crit. value) 84 100%

Panel B: Output forecasts

ADF test (5% crit. value) 84 100%
KPSS (5% crit. value) 84 100%

Panel C: Investment forecasts

ADF test (5% crit. value) 84 100%
KPSS (5% crit. value) 84 100%

Note: Lag selection is based on AIC criterion. Results are robust to different lag selections.

G.2 DF-GLS statistics

Figure A.4 plots the DF-GLS test statistics against the corresponding critical values associated

with Panel B of Table 8. The forecasts of output are cointegrated with investment forecasts

with vector (1,−1) for two forecasters (with ID 504 and 510) and over all forecasting horizons.

G.3 Testing overidentifying restrictions

We impose two cointegration relations implied by stochastic growth models when estimating

a Vector Error Correction Model (VECM); the two cointegration vectors are (1,−1, 0) and

(1, 0,−1) for the forecasts of output, consumption and investment. Table A.13 reports the

number and the proportion of cases where the over-identifying restrictions are not rejected by

the likelihood ratio test, using individual-level forecast data.
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Figure A.4: DF-GLS test statistics vs. critical values using individual-level output and

investment forecasts data

Table A.13: Likelihood ratio test of over-identifying restrictions (individual fore-
casts)

Number of Proportion of
Forecasting horizon cointegration cointegration

1Q 3 14.3%
2Q 4 19.0%
3Q 4 19.0%
4Q 6 23.8%

H Graphical illustration of PP and KPSS test statistics

Panel A: cointegration between forecasts of output and consumption (using indi-

vidual forecasts data)

Figure A.5 and Figure A.6 visualize PP and KPSS test statistics and critical values from Panel

A of Table 8 for forecasts of output-consumption ratio, respectively. The test statistics are

pinned down by the circle at the end of each red stem, while the corresponding critical value
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Figure A.5: Illustration of individual level Phillips-Perron test outcomes of forecasts of

output-consumption ratio

locates on the blue horizontal line.

By illustrating the relationship between PP test statistics and 10% critical values, Figure

A.5 shows that the majority of test statistics stay above the blue line of critical values over

forecasting horizon from 1- to 4-quarter ahead, suggesting that forecasts of output-consumption

ratio made by the majority of selected forecasters are non-stationary. For forecasters with ID

20, 99, 446 and 518, forecasts of output are cointegrated with forecasts of consumption with

the (1,−1) cointegrating vector, for all 4 forecasting horizons. Moreover, for forecasters with

ID 463, forecasts of output-consumption ratio over 3- and 4-quarter ahead are stationary.

In Figure A.6 of KPSS test, if the circle at the higher end of a stem (signifies the test

statistics) stays beyond the blue line of critical values, the corresponding test outcome indicates

a rejection of the null of cointegration. For 7 individuals, with ID 411, 420, 426, 428, 431, 446

and 518, out of 21 forecasters, forecasts of output-consumption ratio are stationary over at least

three forecasting horizons.
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Figure A.6: Illustration of individual level KPSS test outcomes of forecasts of output-

consumption ratio

Panel B: cointegration between forecasts of output and investment (using individual

forecasts data)

Figure A.7 and Figure A.8 illustrate PP and KPSS test statistics (with 10% critical values)

associated with Panel B of Table 8, respectively. It is clear that the forecaster with ID 446 is

the only forecaster whose test statistic circles fall below the blue line for all forecasting horizons,

suggesting the PP test rejects the null of stationary forecasts of output-investment ratios over all

forecasting horizons for this forecaster. Meanwhile, the forecaster with ID 40 forms stationary

forecast of the ratio over 3- to 4-quarter ahead. KPSS test outcomes of forecasts of output-

investment ratio illustrated in Figure A.8 show that for 5 forecasters, with ID 446, 456, 463,

472 and 484, out of 21 individuals, the test statistics over all four forecasting horizons fall short

of the line of 5% critical values.
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Figure A.7: Illustration of individual level Phillips-Perron test outcomes of forecasts of

output-investment ratio

Figure A.8: Illustration of individual level KPSS test outcomes of forecasts of output-

investment ratio
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I Engle-Granger test results

Figure A.9 displays the test statistics and critical values, when the Engle-Granger test is ap-

plied to test the cointegration between individual forecasts of output and investment. For the

majority of forecasters, forecasts of output and investment are not cointegrated. The test only

rejects its null of no cointegration twice (for the forecaster with ID 40 when forecasting horizons

are 3- and 4-quarter ahead), while the null is not rejected for remaining cases.

Figure A.9: Engle-Granger test statistics vs critical values for testing cointegration be-

tween output and investment forecasts and without imposing (1,−1) restriction
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J Multiple testing problem

Table A.14 reports corrected PP testing outcomes for both forecasts of output-consumption and

output-investment ratios over 21 forecasters and four forecasting horizons, using FDR sharpened

q-values (Anderson, 2008). It shows the existence of heterogeneity among forecasters in utilizing

the cointegration relation in forecasting, after considering the multiple testing problem.
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Table A.14: Cointegration testing results using individual-level forecasts over the same

forecasting horizon and with (1,−1) restriction

PP tests Using FDR sharpened q-values

No. of no cointegration Proportion of no
detected out of 84 cointegration

Forecasts of output and consumption 78 92.9%
Forecasts of output and investment 83 98.8%

Table A.15: Test results of Pesaran panel cross-sectional dependence test

H0: forecasts are cross-sectionally independent.
H1: forecasts are cross-sectionally dependent.

1Q ahead 2Q ahead 3Q ahead 4Q ahead

Panel A: cross-sectionally dependence of output-consumption forecasts
P-value 0.000 0.000 0.000 0.000
Average correlation coeff. 0.95 0.94 0.92 0.89

Panel B: cross-sectionally dependence of output-investment forecasts
P-value 0.000 0.000 0.000 0.000
Average correlation coeff. 0.98 0.97 0.96 0.95

J.1 Cross-sectional dependence

We examine the cross-sectional dependence of forecasts of output-consumption (or output-

investment) ratios across the forecasters, using the cross-sectional dependence test developed

by Pesaran (2006, 2015). Table A.15 reports the p-values and average correlation coefficients

of the tests over 1- to 4-quarter ahead forecasting horizons. For instance, the test shows that

the p-value for 2-quarter ahead output-consumption forecast ratio is 0.000 and the average

correlation coefficient is 0.94. The cross-sectional dependence tests uniformly reject the null

of cross-sectional independence for both forecasts of output-consumption ratio and output-

investment ratio over all horizons. And the average correlation coefficients are all close to 1,

indicating the presence of highly cross-sectional dependence in our panel forecast data.
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K Autocorrelations

Figure A.10 to Figure A.11 report the optimal lags using MAIC for individual forecasters’

forecasts of output-consumption ratio and output-investment respectively.

Figure A.10: Optimal lag for forecasts of output-consumption ratios
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Figure A.11: Optimal lags for forecasts of output-investment ratios
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Figure A.12 plots the Newey-West optimal lags for individual-level forecasts of output-
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consumption ratio. The Newey-West Optimal lags for forecasts of output-investment ratio are

identical to Figure A.12.

Figure A.12: Autocorrelation (Newey-West lags) for forecasts of output-consumption ratio
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L Structural break

Table A.16 reports test outcomes of Recursive Cusum test when running the augmented Dickey-

Fuller regression. Panel A and B examine the stability of estimated coefficients using median

forecasts of output-consumption ratio and output-investment ratio, respectively. Two types of

Recursive Cusum tests are utilized: assuming recursive residuals (Brown, Durbin and Evans,

1975) or OLS residuals (Ploberger and Krämer, 1992), respectively. Both indicate that no

structural break is found in the augmented Dickey-Fuller regression across samples, as test

statistics are uniformly below the corresponding 5% critical value.Table A.17 reaches a similar

conclusion for mean forecasts.
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Table A.16: Cumulative sum test for parameter stability of the ADF regression with
median forecasts, recursive residuals and OLS residuals

Cumulative sum with test for parameter stability
Augmented Dickey-Fuller test

median 1Q 2Q 3Q 4Q

Panel A: Forecast of output-consumption ratio

Test statistics (recursive residuals) 0.348 0.452 0.446 0.467
5% critical value 0.948 0.948 0.948 0.948
Test statistics (OLS residuals) 0.774 0.831 0.860 0.850
5% critical value 1.358 1.358 1.358 1.358

Panel B: Forecast of output-investment ratio

Test statistics (recursive residuals) 0.823 0.837 0.710 0.747
5% critical value 0.948 0.948 0.948 0.948
Test statistics (OLS residuals) 0.838 0.834 0.848 0.852
5% critical value 1.358 1.358 1.358 1.358

Note: Lag selection is based on AIC criterion. Results are robust to different lag selections.

Table A.17: Cumulative sum test for the coefficient stability of the augmented
Dickey-Fuller regression with mean forecasts, recursive residuals and OLS residuals

Cumulative sum with test for parameter stability
Augmented Dickey-Fuller test

Mean 1Q 2Q 3Q 4Q

Panel A: Forecast of output-consumption ratio

Test statistics (recursive residuals) 0.379 0.373 0.376 0.390
5% critical value 0.948 0.948 0.948 0.948
Test statistics (OLS residuals) 0.783 0.765 0.794 0.795
5% critical value 1.358 1.358 1.358 1.358

Panel B: Forecast of output-investment ratio

Test statistics (recursive residuals) 0.796 0.847 0.952* 0.946
5% critical value 0.948 0.948 0.948 0.948
Test statistics (OLS residuals) 0.844 0.852 0.852 0.847
5% critical value 1.358 1.358 1.358 1.358

Note: Lag selection is based on AIC criterion. Results are robust to different lag selections.

Figures A.13 illustrates the individual-level Recursive Cusum test statistics and 5% critical

values assuming OLS residuals for forecasts of output-investment ratios. Test statistics (red

dots) are all below the corresponding 5% critical values (blue lines). This implies that Recursive
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Cusum tests uniformly indicate that no structural break is found in estimated coefficients, using

the individual-level forecasts. Similar results are obtained with recursive residuals.

Figure A.13: Cusum test statistics (OLS residuals) for parameter stability using
individual-level forecasts of output-investment ratios
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Table A.18 reports Gregory-Hansen test outcomes for median forecasts. Panel A and Panel

B analyze forecasts of output-consumption ratios and output-investment ratios, respectively.

As ADF and Zt test statistics are uniformly above the corresponding 10% (and thus 5%) critical

value, it implies that the forecast of output is not cointegrated with the forecast of consumption

and the forecasts of investment over different forecasting horizons, even if we take the potential

structure break into considerations. Similar conclusion can be derived from Table A.19 for

mean forecasts.
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Table A.18: Gregory-Hansen cointegration test (ADF stats) with median output-
consumption ratio forecasts

Panel A: cointegration between forecasts of consumption and output

Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead

ADF test stats. -3.99 -4.08 -4.13 -4.23
10% critical value -4.95 -4.95 -4.95 -4.95
Zt test stats. -3.82 -4.03 -4.06 -4.12
10% critical value -4.95 -4.95 -4.95 -4.95

Panel B: cointegration between forecasts of investment and output

Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead

ADF test stats. -3.98 -3.93 -3.99 -4.00
10% critical value -4.95 -4.95 -4.95 -4.95
Zt test stats. -3.27 -3.29 -3.36 -3.34
10% critical value -4.95 -4.95 -4.95 -4.95

Note: lag selection is based on AIC criterion. Results are robust to different lag selections.

Table A.19: Gregory-Hansen cointegration test with structural break (ADF stats)
with mean output-consumption ratio forecasts

Gregory-Hansen cointegration test with structural break

Panel A: cointegration between forecasts of consumption and output

Mean 1Q ahead 2Q ahead 3Q ahead 4Q ahead

ADF test stats. -4.06 -4.11 -3.25 -3.14
10% critical value -4.95 -4.95 -4.95 -4.95
Zt test stats. -3.88 -3.85 -3.97 -3.99
10% critical value -4.95 -4.95 -4.95 -4.95

Panel B: cointegration between forecasts of investment and output

Mean 1Q ahead 2Q ahead 3Q ahead 4Q ahead

ADF test stats. -3.62 -3.68 -4.04 -3.65
10% critical value -4.95 -4.95 -4.95 -4.95
Zt test stats. -3.28 -3.34 -3.41 -3.47
10% critical value -4.95 -4.95 -4.95 -4.95

Note: Lag selection is based on AIC criterion. Results are robust to different lag selections.

Figure A.14 plots the Gregory-Hansen test statistics and critical values for individual fore-

casts of output and investment. Red dots stand for the test statistics for each individual, while

the blue horizontal line corresponds to the 10% critical value. Despite of the majority of in-
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dividual forecasters produce forecasts of output that are not cointegrated with their forecasts

of consumption and forecasts of investment, respectively, the forecasts produced by some pro-

fessional forecasters are cointegrated. There still exists heterogeneity in utilizing the long-run

equilibrium relationships.

Figure A.14: Illustration of individual level Gregory-Hansen cointegration test with
output-investment ratio forecasts
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M Recursive trace tests

Figure A.15 plots the test statistics (red lines) and corresponding 5% critical values (blue lines)

of recursive Johansen trace test with rank = 0 for median forecasts of output, consumption

and investment. All test statistics are below the corresponding critical values, indicating that

recursive trace tests fails to reject the null of no cointegrating vector against the alternative

of existence of at least one cointegraing vector. Figure A.16 plots test statistics using mean

forecasts.
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Figure A.15: Recursive Johansen trace test (rank = 0) for common trend, median forecasts of
output, consumption and investment
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Figure A.16: Recursive Johansen trace test (rank = 0) for common trend, mean forecasts of
output, consumption and investment
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Figure A.17 illustrates the recursive trace test statistics for several forecaster IDs against

the corresponding 5% critical values. For ID 20 and 510, as the sample becomes longer, the

null hypothesis is rejected. For ID 421 and 429, the null hypothesis cannot be rejected for the

whole rolling sample.
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Figure A.17: Recursive Johansen trace test (rank = 0) for common trend, 1-quarter ahead
forecasts of output, consumption and investment
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N Sample size and heterogeneity by groups

The forecasters are split into three groups of different sample sizes. Table A.20 reports the

proportion of non-rejection of the null hypothesis of no co-integration in different groups by the

DF-GLS test and Gregory-Hansen test. Table A.21 reports the proportion of no cointegration

in two groups of forecasters, i.e., those belong to financial service providers vs nonf-financial

service providers.
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Table A.20: Proportions of no cointegration: by sample size

DF-GLS test Gregory-Hansen test

Longest 33.3%
Output-consumption forecasts 85.7% 89.3%
Output-investment forecasts 75.0% 85.7%
Middle 33.3%
Output-consumption forecasts 67.9% 75.0%
Output-investment forecasts 75.0% 78.6%
Shortest 33.3%
Output-consumption forecasts 82.1% 75.0%
Output-investment forecasts 100% 100%

Table A.21: Proportions of no cointegration in different groups

DF-GLS test Gregory-Hansen test

Financial Service Providers
Output-consumption forecasts 65.0% 85.0%
Output-investment forecasts 80.0% 79.7%
Non-financial Service Providers
Output-consumption forecasts 82.8% 90.0%
Output-investment forecasts 93.8% 87.5%

O Cointegration between other macroeconomic variables

O.1 Forecasts of inflation and unemployment

Table A.22 reports the integration property of mean and median forecasts of inflation and

unemployment, using SPF data during 1981:Q3 to 2018:Q4. Panel A presents the Dickey-

Fuller test statistics and 5% critical values for median forecasts of inflation and unemployment.

Dickey-Fuller test indicates that both median forecasts of inflation and unemployment are I(0),

i.e. stationary. This point is confirmed by Johansen trace and maximum-eigenvalue tests.

Table A.23 reports the test outcomes. Both tests indicate that multiple cointegrating vectors

are detected, suggesting the two forecasts are stationary. Similar results can be reached for

mean forecasts of inflation and unemployment; the associated test outcomes are reported in

Panel B of Table A.22.
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Table A.22: Integration properties of median and mean SPF forecasts, inflation and

unemployment

Stationarity test

1Q ahead 2Q ahead 3Q ahead 4Q ahead

Panel A: Median forecasts

Median inflation forecasts
Dickey-Fuller stat. -4.280 -3.176 -3.606 -3.373
5% critical value -1.655 -1.655 -1.655 -1.655

Median unemployment forecasts
Dickey-Fuller stat. -3.075 -2.973 -2.897 -2.594
5% critical value -1.655 -1.655 -1.655 -1.655
Panel B: Mean forecasts

Mean inflation forecasts
Dickey-Fuller stat. -4.225 -3.012 -3.706 -3.074
5% critical value -1.655 -1.655 -1.655 -1.655

Mean unemployment forecasts
Dickey-Fuller stat. -3.099 -2.975 -2.870 -2.602
5% critical value -1.655 -1.655 -1.655 -1.655

Note: Lag selection is based on AIC criterion. Results are robust to different lag selections.

Table A.23: Johansen trace and maximum-eigenvalue tests for the number of common

trend among median and mean forecasts of inflation and unemployment

Johansen test

Trace test: J trace(r), r = rank

Median r=0 5% critical r=1 5% critical

1Q ahead 25.5 15.4 7.9 3.8
2Q ahead 21.5 15.4 8.7 3.8
3Q ahead 27.8 15.4 8.5 3.8
4Q ahead 26.9 15.4 8.9 3.8

Maximum-eigenvalue test: max(r), r = rank

Median r=0 5% critical r=1 5% critical

1Q ahead 17.6 14.1 7.9 3.8
2Q ahead 22.7 14.1 8.7 3.8
3Q ahead 19.3 14.1 8.5 3.8
4Q ahead 18.0 14.1 8.9 3.8

Note: Lag selection is based on AIC criterion. Results are robust to

different lag selections.
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We proceed to test the integration property for individual-level forecasts of inflation and

unemployment. Panel A and B of Table A.24 report the numbers and the proportions of

individual inflation and unemployment forecasts that are I(1), respectively. No individual

inflation forecast is I(1) and only a small proportion of unemployment forecasts are I(1).

Table A.24: Integration test results for forecasts made by individual forecasters

Total individual forecasters: 21, with 4 forecasts each (1Q, 2Q, 3Q & 4Q ahead)

I(1) test Number of I(1) Proportion of I(1)

Panel A: I(1) test for individual-level inflation forecasts

ADF test (5% crit. value) 0 0%

Panel B: I(1) test for individual-level unemployment forecasts

ADF test (5% crit. value) 16 19%

Note: Lag selection is based on AIC criterion. Results are robust to different lag selections.

O.2 Forecasts of nominal interest and inflation

If real interest rate is stationary, nominal interest rate and inflation rate are cointegrated ac-

cording to the Fisher equation. Particularly, they are cointegrated with vector (1,−1). Table

A.25 reports the integration property of median and mean forecasts of nominal interest rate.

The Dickey-Fuller test indicates that median or mean nominal interest rate forecasts are I(1).

Inflation forecasts are I(0), as is reported in Table A.22. Theoretically, there exists no coin-

tegration vector between the two forecasts. This is confirmed by applying recursive Johansen

trace test for rank = 0, as is shown in Figure A.18 and A.19.
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Table A.25: Integration properties of median and mean SPF forecasts of nominal interest

rate and inflation

Stationarity (I(1)) test

1Q ahead 2Q ahead 3Q ahead 4Q ahead

Median nominal interest forecasts
Dickey-Fuller stat. -1.862 -1.622 -1.646 -1.649
5% critical value -2.887 -2.887 -2.887 -2.887
Mean nominal interest forecasts
Dickey-Fuller stat. -1.967 -1.883 -1.848 -1.919
5% critical value -2.887 -2.887 -2.887 -2.887

Note: Lag selection is based on AIC criterion. Results are robust to different lag selections.

Table A.26: Cointegration test for median SPF forecasts with cointegrating vector (1,−1)

Panel A: no cointegration between median forecasts of nominal interest and inflation

Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead 4Q Rnominal & 1Q π

PP (Zt test) -1.374 -1.402 -1.473 -1.689 -1.743
10% critical value -2.577 -2.577 -2.577 -2.577 -2.577
DF-GLS -1.535 -1.911 -1.816 -2.297 -2.104
10% critical value -2.681 -2.636 -2.681 -2.649 -2.649
Panel B: no cointegration between mean forecasts of nominal interest and inflation

Mean 1Q ahead 2Q ahead 3Q ahead 4Q ahead 4Q Rnominal & 1Q π

PP (Zt test) -1.377 -1.358 -1.438 -1.577 -1.743
10% critical value -2.577 -2.577 -2.577 -2.577 -2.577
DF-GLS -1.517 -1.477 -1.677 -1.750 -1.809
10% critical value -2.681 -2.681 -2.681 -2.671 -2.664

Note: Lag selection is based on AIC criterion. Results are robust to different lag selections. Lag selection

for Phillips-Perron test is Min MAIC criterion. Results are robust to different lag selections.
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Figure A.18: Recursive Johansen trace test (rank = 0) for common trend, median forecasts of
nominal interest and inflation
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Figure A.19: Recursive Johansen trace test (rank = 0) for common trend, mean forecast of
nominal interest and inflation
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Next, we test the integration property of individual-level forecasts. Table A.27 reports

the numbers and proportion of individual-level forecasts that are I(1). We find that the all

individual forecasts of nominal interest rate are I(1). Again, this implies that for each forecaster,

there exists no cointegrating vector between forecasts of nominal interest rate and inflation,

including the theoretical vector (1,−1). Using the DF-GLS test, Figure A.20 confirms that

for each invidual, the forecasts of nominal interest rate and inflation are not cointegrated with

vector (1,−1).

Table A.27: Integration test results for forecasts made by individual forecasters

Total individual forecasters: 21, with 4 forecasts each (1Q, 2Q, 3Q & 4Q ahead)

I(1) test Number of I(1) Proportion of I(1)

I(1) test for individual-level nominal interest rate forecasts

ADF test (5% crit. value) 84 100%

Note: Lag selection is based on AIC criterion. Results are robust to different lag selections.

75



Figure A.20: DF-GLS test outcomes for individual-level forecasts of nominal interest rate and
inflation
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P Forecasting accuracy of SPF and fitted models

P.1 Forecasting accuracy of SPF: utilizing vs. without utilizing

long-run relationships

This Appendix firstly evaluates the accuracy of SPF forecasts (of output, consumption and

investment) made by forecasters who utilize (or do not utilize) the long-run relationships.

Forecasters are divided into two groups: those who utilize a cointegration relationship and

those who do not.33 Table A.28 reports the accuracy of forecasts which is measured by root-

mean-square errors (RMSEs) over 1-, 2-, 3-, and 4-quarter horizons.

In Panel A, the block “YC cointegrated” (or “YC not cointegrated”) reports the average

33This division is based on the DF-GLS test results.
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root-mean-square errors among forecasters who utilize (or do not utilize) the cointegration re-

lation between consumption (C) and output (Y) in forecasting. Moreover, The row “Number of

forecasters” reports the number of forecasters in each group. For example, the statistic 0.00511

is the average RMSE for 1Q-ahead forecasts of consumption growth rates among the group

of forecasters who does not utilize the cointegration relation between output and consumption

in forecasting. And the number 18 is the number of forecasters in this group. The results

suggest forecasters who do not utilize this cointegration relation in forecasting make slightly

more accurate forecasts of output and consumption. Similarly, in Panel B, forecasters who do

not use the cointegration relation between output and investment (I) in forecasting generally

make slightly more accurate forecasts than those who use them with three exceptions (1-, 3-,

4-quarter ahead forecasts of output growth rates).

Table A.28: Average root-mean-square errors for each group

Average root-mean-square errors, 1981:Q3 - 2018:Q4

1Q 2Q 3Q 4Q

Panel A: Output and consumption forecasts

YC cointegrated

C growth forecasts 0.0060 0.0096 0.01349 0.01921
Y growth forecasts 0.0093 0.0216 0.02051 0.02654
Number of forecasters 3 4 5 4
YC not cointegrated

C growth forecasts 0.00511* 0.00861* 0.01212* 0.01596*
Y growth forecasts 0.00783* 0.01796* 0.01804* 0.02335*
Number of forecasters 18 17 16 17

Panel B: Output and investment forecasts

YI cointegrated

I growth forecasts 0.03378 0.05678 0.07550 0.04189
Y growth forecasts 0.00798* 0.02163 0.01829* 0.02278*
Number of forecasters 2 2 2 2
YI not cointegrated

I growth forecasts 0.03063* 0.05068* 0.06921* 0.03558*
Y growth forecasts 0.00804 0.01796* 0.01869 0.02394
Number of forecasters 19 19 19 19

∗: asterisk indicates the corresponding RMSE statistic is smaller, comparing to the other group.

77



P.2 Fitting recursive forecasting models and out-of-sample evalua-

tions

This Appendix approximates the modeling of expectation formation process of the forecasters

who use or do not use the long-run relationships in forecasting. One way to approximate is

fitting parsimonious recursive forecasting models (constant gain learning algorithms) to the

data, as in e.g., Branch and Evans (2006). The recursive forecasting models we estimate might

contribute to the setup of structural business cycle models with heterogeneous expectations for

future studies. Moreover, the section examines the out-of-sample forecasting properties of the

fitted forecasting models.

Denote by ∆Yt, ∆Ct, and ∆It the growth rate of output, consumption and investment from

time t − 1 to t. We firstly introduce the forecasting models to approximate the expectation

formation processes and then the methodology of the empirical exercise. There are, of course,

many alternative forecasting models which can be fitted to the data. For illustration, the section

considers some simple parsimonious forecasting models.

P.2.1 A parsimonious forecasting model with utilizing cointegration relationships

(Model A)

We consider a parsimonious forecasting model which features cointegration among output,

consumption and investment, labeled as “Model A”. The model approximates the expectation

formation process of the forecasters who utilize the long-run relationships. Mathematically,

Model A is


∆Yt

∆Ct

∆It

 =


θ∆Y,t φ∆Y 1,t φ∆Y 2,t φ∆Y 3,t

θ∆C,t φ∆C1,t φ∆C2,t φ∆C3,t

θ∆I,t φ∆I1,t φ∆I2,t φ∆I3,t





1

∆Yt−1

∆Ct−1

∆It−1


+


α∆Y,t β∆Y,t

α∆C,t β∆C,t

α∆I,t β∆I,t


 Yt−1 − Ct−1

Yt−1 − It−1

+


z1,t

z2,t

z3,t

 .

(A.2)

The parameter vector AZ,t =

(
θZ,t φZ1,t φZ2,t φZ3,t αZ,t βZ,t

)′
is recursively updated

by the learning algorithm
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AZ,t =AZ,t−1 + γZR
−1
t Xt(Zt − A′Z,t−1Xt−1), (A.3)

Rt =Rt−1 + γZ(Xt−1X
′
t−1 −Rt−1), (A.4)

where Xt =

(
1 ∆Yt−1 ∆Ct−1 ∆It−1 Yt−1 − Ct−1 Yt−1 − It−1

)′
and Z = ∆Y , ∆C, or

∆I. The gain parameters γZ are assumed to be constant because constant gain learning rules

are typically associated with good forecasting properties, see e.g., Branch and Evans (2006).

But for generality, they are allowed to be different across equations.

P.2.2 A parsimonious forecasting model without utilizing cointegration relation-

ships (Model B)

Here forecasters are assumed to use a simple AR(1) model for the growth rate of output,

consumption and investment, labeled as “Model B”. This model approximates the expectation

formation process of the forecasters who do not utilize the long-run relationships among output,

consumption and investment, in line with a potential cause for the survey evidence identified

in Section 4.5. Mathematically, Model B is


∆Yt

∆Ct

∆It

 =


α∆Y,t β∆Y,t 0 0

α∆C,t 0 β∆C,t 0

α∆I,t 0 0 β∆I,t





1

∆Yt−1

∆Ct−1

∆It−1


+


ε1,t

ε2,t

ε3,t

 . (A.5)

The parameter vector bZ,t =

 αZ,t

βZ,t

 is updated by the rule

bZ,t =bZ,t−1 + γ̃ZR
−1
t Xt−1(Zt − b′Z,t−1Xt−1), (A.6)

Rt =Rt−1 + γ̃Z(Xt−1X
′
t−1 −Rt−1), (A.7)

where Xt =

 1

Zt

 and Z = ∆Y , ∆C, or ∆I. Again, the gain parameters γ̃Z are assumed to
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be constant but can be different across equations.

P.3 Forecasting accuracy of fitted models

We follow the approach of Branch and Evans (2006) by dividing the sample of realized data into

three periods. The initial (pre-forecasting) period, corresponding to 1947:Q2-1969:Q4, is the

sample period during which agents’ prior beliefs used for the forecasting models. The second

period, corresponding to 1970:Q1-1981:Q2, is the in-sample period during which the optimal

gain parameter γ is determined (as explained below). The last period is the out-of-sample

forecasting period 1981:Q3-2018:Q4 corresponding to the sample period of the SPF data. 34

Given a gain parameter γj ∈ (0, 1), we calculate the mean square forecast error for the

in-sample period

MSE(Zj) =
1

T

∑T
t=t0

(Zt − Ẑj,t)2,

where Zt is the actual growth rate of a variable (output, consumption or investment) and Ẑj,t is

the 1-quarter ahead forecast of Zt generated from the Model A or B given γj. t0 and T denote

the start and the end of the in-sample period, with t0 = 1970:Q1 and T = 1981:Q2. We select

the optimal in-sample parameter γ∗ which minimizes the root-mean-square forecast errors.

The calibrated optimal gain parameters are reported in the following table. For model

A, the optimal gain parameters for forecasting the growth rate of output, consumption and

investment are 0.042, 0.031, and 0.032, respectively. For model B, the optimal gain parameters

for forecasting the growth rate of output, consumption and investment are 0.010, 0.035, and

0.001, respectively. They are in the range of the values of the gain parameter found in the

literature, see e.g., Branch and Evans (2006), Eusepi and Preston (2011) and Kuang and Mitra

(2016). We can find that in Model A the gain parameters for different variables are closer

relative to those in Model B because of the cointegration relation.

34The relative accuracy outcomes of the two fitted models are robust to different lengths of the pre-forecasting,
the in-sample and the out-of-sample periods. Here, we demonstrate results following the same selections of the
pre-forecasting and the out-of-sample periods in Branch and Evans (2006).
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Estimated gain parameters Model A Model B

GDP growth 0.042 0.010

Consumption growth 0.031 0.035

Investment growth 0.032 0.001

.

We now compare the out-of-sample forecasting performance of Model A and B during

1981:Q3-2018:Q4. Table A.29 reports root-mean-square forecast errors for both models, with

the optimal gain parameters chosen using in-sample data. The results show that Model B

(without utilizing the cointegration relations) generally outperforms Model A (utilizing the

cointegration relations) by generating smaller forecasting errors for output growth, consump-

tion growth and investment growth over 1-, 2-, 3-, and 4-quarter ahead with only two exceptions

(1-quarter ahead output growth forecasts and 1-quarter ahead investment growth forecasts).

Table A.29: Comparisons of fit between models

Out-of-sample period: 1981:Q3–2018:Q4

Root-mean-square forecast error

Forecasting horizon Model A Model B

Output growth 1Q 0.00662∗ 0.00691
2Q 0.00786 0.00741∗

3Q 0.00817 0.00777∗

4Q 0.00819 0.00780∗

Consumption growth 1Q 0.00485 0.00481∗

2Q 0.00503 0.00497∗

3Q 0.00532 0.00516∗

4Q 0.00560 0.00529∗

Investment growth 1Q 0.02582∗ 0.03122
2Q 0.03260 0.03165∗

3Q 0.03357 0.03200∗

4Q 0.03370 0.03211∗

The table reports the root-mean-square forecast error in out-of-sample forecasting of actual GDP,

consumption and investment growth. ∗: asterisk indicates the corresponding model has smaller RMSE

than the other model and generates more accurate forecasts with respect to the actual growth data.

81


	Introduction
	Survey evidence: roadmap
	Evidence from median and mean forecast data
	Data
	Integration properties of the forecasts
	No cointegration with imposing theoretical restrictions
	No cointegration without imposing theoretical restrictions
	Multivariate analysis: testing for common trends among forecasts of output, consumption, and investment

	Evidence from individual forecasts
	Data
	Heterogeneity in utilizing cointegration relationships in forecasting: testing using forecasts made over the same horizon
	Test results by groups with different sample size and characteristics

	Heterogeneity in utilizing cointegration relationships in forecasting: testing using forecasts made over different horizons
	Individual level cointegration tests without imposing theoretical restrictions
	Discussion on potential mechanisms

	Econometric issues and discussions
	Addressing the multiple testing problem
	Structural breaks
	Testing for forecasters' beliefs about mean reversion 
	Cointegration among other macroeconomic variables
	Fitting forecasting models
	Forecast accuracy

	Conclusion
	Stochastic growth models
	Rebasing forecasts data
	Testing using the Greenbook forecasts
	Integration properties of mean forecasts
	Testing using mean SPF forecasts
	Testing with imposing the theoretical restriction 
	Testing without imposing cointegration restrictions - mean forecasts
	Multivariate testing using mean forecasts 

	Dealing with missing values 
	Some testing results using individual-level forecasts
	Integration properties
	DF-GLS statistics
	Testing overidentifying restrictions

	Graphical illustration of PP and KPSS test statistics
	Engle-Granger test results
	Multiple testing problem
	Cross-sectional dependence 

	Autocorrelations
	Structural break
	Recursive trace tests
	Sample size and heterogeneity by groups
	Cointegration between other macroeconomic variables
	Forecasts of inflation and unemployment
	Forecasts of nominal interest and inflation

	Forecasting accuracy of SPF and fitted models
	Forecasting accuracy of SPF: utilizing vs. without utilizing long-run relationships
	Fitting recursive forecasting models and out-of-sample evaluations
	A parsimonious forecasting model with utilizing cointegration relationships (Model A)
	A parsimonious forecasting model without utilizing cointegration relationships (Model B)

	Forecasting accuracy of fitted models


