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1 Introduction

Expectations play a crucial role in financial markets and asset pricing. The demand of assets
today depends on investors’ expectations about future fundamentals and prices. The market
price of assets therefore reflects investors’ price and fundamental expectations. However, there
is a large debate on how to model investors’ expectations in stock markets (Adam and Nagel,
2022). Recent research employs survey expectations data to test and discipline the modeling of
expectation formation in asset pricing, such as the rejection of rational expectations (Greenwood
and Shleifer, 2014; Adam et al., 2017), the rejection of risk-neutral forecasts and ambiguity
aversion (Adam et al., 2021), the important role of cash flow growth expectations in explaining
stock price movements (De La O and Myers, 2021; Giglio et al., 2021).

Standard rational expectations (RE) models typically imply that stock prices are cointe-
grated with fundamentals (aggregate consumption, dividend, and output), e.g., Lucas (1978),
Campbell and Cochrane (1999), Jermann (1998), Boldrin et al. (2001), and Bansal and Yaron
(2004). As a consequence of RE, agents have this knowledge and incorporate it to forecast fu-
ture stock prices. Formally, we show that those models impose a large number of cointegration
restrictions between forecasts of stock prices and forecasts of fundamentals.

Do agents in reality make use of these restrictions to forecast future stock prices? Employing
several widely used survey expectation datasets, the paper offers some new evidence on stock
price expectations. Survey participants include market investors, professional economists, and
chief financial officers (CFOs). Robust empirical findings suggest that survey forecasts of stock
prices are not anchored by forecasts of macroeconomic fundamentals (consumption, dividend,
and output) in US stock markets from a long-run perspective.

First, we show that median (or mean) survey forecasts of the aggregate stock price index
are not cointegrated with median (or mean) forecasts of aggregate consumption or dividend.!

Put differently, the long-run or trend component of stock price forecasts is not anchored by

n the literature, the median (or mean) forecasts from expectations surveys is generally interpreted as a
proxy for the forecasts of the representative agent in models (Piazzesi et al., 2015; Coibion and Gorodnichenko,
2015; Kuang and Mitra, 2016; Adam et al., 2017).



forecasts of consumption or dividend. This evidence is robust to different sources of expectations
data (Livingston Survey, Shiller Survey, and CFO survey for stock price forecasts; Survey of
Professional Forecasters for consumption forecasts; 1/B/E/S dividend forecasts), forecasting
horizons (1-quarter-, 2-quarter-, 4-quarter- and 10-year-ahead), statistical tests (Phillips-Perron
test, Dickey-Fuller Generalized Least Squares (DF-GLS) test, KPSS test, and Johansen test),
the use of median or mean forecasts for testing, and mixing and matching forecasts of stock
price and fundamentals made on different dates and over different horizons for testing.
Second, individual forecasters can display significant heterogeneity, which is widely docu-
mented in the literature (Mankiw et al., 2003; Coibion and Gorodnichenko, 2012; Andre et al.,
2021). Using the Livingston Survey, this paper provides cointegration testing results between
individual-level stock price forecasts and output forecasts.? We find that almost all forecasters
do not appear to use the cointegration relationship between stock prices and output in forecast-
ing, as their forecasts of stock prices are not cointegrated with output forecasts. The results are
robust to different cointegration tests. Table 1 provides a roadmap of the empirical findings.
A number of econometric issues are examined. For instance, potential structural breaks may
lead to a non-rejection of the null hypothesis that stock price forecasts are not cointegrated
with forecasts of consumption or dividend. In addition, a small sample may produce a bias in
cointegration testing. Furthermore, when individual-level forecast data is used, testing many
hypotheses separately and simultaneously may lead to false rejections of the null hypothesis
(the multiple testing problem). Our empirical findings remain robust to these considerations.
The evidence has implications for modeling expectation formation in stock markets. Stan-
dard RE stock pricing models typically assume that agents possess knowledge of the equilibrium
pricing function (i.e., the equilibrium mapping from realization or forecasts of fundamentals to

stock prices), which dictates a cointegration relationship between stock prices and fundamen-

2Since consumption (dividend) forecasts are not available from the survey, we use forecasts of aggregate
output instead. In many general equilibrium asset pricing models with production, stock price forecasts are
cointegrated with output forecasts (Jermann, 1998; Boldrin et al., 2001).
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tals.® This knowledge leads to the cointegration relation between stock price forecasts and
fundamental forecasts in these models. To reconcile the survey evidence, it appears natural to
relax the agents’ knowledge of the equilibrium pricing function as is present in, e.g, adaptive
learning models; examples include Carceles-Poveda and Giannitsarou (2008), Lansing (2010,
2019), Kuang (2014), Branch and Evans (2010, 2011), Boswijk et al. (2007), and Adam et al.
(2017). Agents in these models have imperfect knowedge of stock prices and form subjective
stock price expectations which could be delinked from fundamental forecasts.

This paper relates to recent work which utilizes survey expectations data to analyze empiri-
cally agents’ expectation formation and its implications via economic models. A large literature
provides evidence which appears difficult to replicate under the assumption of full-information
RE, such as Greenwood and Shleifer (2014) and Adam et al. (2017) in the context of asset
pricing and Branch (2004) and Coibion and Gorodnichenko (2015) in the context of inflation
expectations. Beyond RE tests, Malmendier and Nagel (2011) show that investors’experience
of macroeconomic outcomes affects their financial risk-taking decisions. Adam et al. (2021)
empirically reject that survey return expectations are formed by risk-neutral investors or am-
biguity averse/robust investors. Based on survey data (Malmendier and Nagel, 2011, 2016),
Nagel and Xu (2022) build an asset pricing model with learning with fading memory about
dividend process to replicate several stock market facts such as counter-cyclical risk premium.
Bordalo el al. (2019) and Bordalo el al. (2020) find that forecasters typically over-react to their
individual news, while consensus forecasts under-react to average news in terms of the forecasts
of macroeconomic and financial variables. To reconcile the findings, they combine a diagnostic
expectation model of belief formation with a noisy information model of belief dispersion. We
contribute to the literature by focusing on a new dimension from a long-run perspective, i.e.,

the cointegration restrictions between economic forecasts. In a related paper, Kuang, Tang,

3Examples include full information rational expectations (RE) models (e.g., Campbell and Cochrane, 1999;
Bansal et al., 2012; Boldrin et al., 2001; Croce, 2014) and “Bayesian RE” models. The latter include consumption
learning models (Collin-Dufresne, Johannes and Lochstoer, 2016), consumption sentiment (Jin and Sui, 2018),
and “agree to disagree” heterogeneous beliefs models (Ehling et al., 2018). The Bayesian RE models make an
asymmetric assumption about fundamentals and prices: it is assumed that investors do not understand the
behavior of fundamentals (like aggregate dividend or consumption) but investors understand perfectly well the
equilibrium mapping from forecasts of fundamentals to current stock prices. Adam and Marcet (2011) show
that these models usually make strong informational assumptions on agents.
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Zhang and Zhang (2022) provide survey evidence that the majority of professional forecasters

do not use long-run cointegration relationships to forecast macroeconomic variables.

Table 1: Main evidence from survey forecasts: roadmap

Panel A: Median/mean forecasts

Integration properties of forecasts of P, C, and D

Cointegration between P and C with imposing vector (1, —1)
Cointegration between P and D with imposing vector (1, —1)
Cointegration between P and C without imposing any vector

Cointegration between P and D without imposing any vector

Evidence 1A, B, C

Evidence 2
Evidence 3
Evidence 4
Evidence 5

Panel B: Individual-level forecasts

Cointegration between P and Y over the same horizon with imposing (1, —1)
Cointegration between P and Y over different horizons with imposing (1, —1)
Cointegration between P and Y over the same horizon without imposing any vector

Cointegration between P and Y over different horizons without imposing any vector

Evidence 6A
Evidence 6B
Evidence TA
Evidence 7B

Panel C: Addressing several issues

Structural break

Testing structure break in median/mean P /C ratios

Cointegration between median/mean P and C assuming a structure break
Testing structure break in P /D ratios

Cointegration between P and D assuming a structure break

Testing structure break in individual-level P/Y ratios

Cointegration between individual-level P and Y assuming a structure break
Sample size

Recursive Johansen trace test for P and D (or P and C)

Cointegration between P and C made at different dates

Cointegration between P and C from a Monte Carlo study

Multiple testing problem

Cointegration between individual-level P and Y adjusted for multiple testing

Individual-level panel cointegration test

Evidence 8A
Evidence 8B
Evidence 9A
Evidence 9B
Evidence 10A
Evidence 10B

Evidence 11
Evidence 12
Evidence 13

Evidence 14
Evidence 15

Note: P, Y, C, and D stand for stock price, aggregate output, consumption and dividend, respectively.

The reminder of the paper is organized as follows. Section 2 develops new theoretical
results for expectation formation in full-information RE models. Section 3 presents evidence
from median and mean survey forecasts. Section 4 reports evidence from individual forecast

data. Section 5 addresses several econometric issues. Section 6 concludes.



2 Cointegration restrictions on forecasts in RE models

Macroeconomic and financial models typically impose a large number of cointegration relation-
ships between endogenous variables and exogenous variables (or among endogenous variables).
For instance, standard RE asset pricing models typically imply that there exists cointegration
between between stock prices and fundamentals (dividend or consumption), such as in Camp-
bell and Cochrane (1999) and Bansal, Kiku and Yaron (2012). As a consequence of agents’
knowledge under RE, the same cointegration relationship exists between forecasts of these vari-
ables. To formalize this observation, consider a variable {X;} from a RE model, such as (log)

stock price or aggregate consumption, which is generally represented by

X, = X+ XF, (1)

X = p+ XP 4006, (2)

(A= (LYXE = (L+w(L) ogam, (3)
(1=oL) (o2 -72) = (1+46(D)a. (4)
1=6L) (02, —72) = (1+90)) (5)

This variable contains a unit root. The superscripts P and C stand for the permanent and
cyclical component. €, 1, €, and 1; are i.i.d innovations and independent to each other. The
variance of ¢ and 7, are normalized to 1. o, and o0, ; are allowed to be time-varying and
their mean is constant and positive, i.e., 72 and 7,. ¢ (L) = ¢1L + ¢L* + ... + ¢, LP and

€

(L) =1 L+ o L? + ... + ¢, L% where L is the lag operator. o (L), ¥(L), g/b\(L) and 7:0\([/) are

similarly defined.” The roots of 1 — ¢ (z) =0, 1 — ¢ (2) =0, and 1 — ¢ (2) = 0 are within the

unit circle, so XC is a stationary process.

“Specifically, ¢ (L) = ¢1 L+@s L2+ ...+ G5 L7, Y(L) = Y1 L+ L2+ ... +05L7, 6 (L) = ¢1 L+ oL +...+9pL7
and (L) = ¢y L+ o L? + ... 4+ 1bgL7.



2.1 Integration property of conditional forecasts

Given the assumption of RE and full information, agents know the law of motion of X; (equation
(1)-(5)) and make use of this knowledge to make forecasts. The following lemma shows that if
the variable X, is integrated of order 1 (X; ~ I(1)), conditional forecasts of this variable over
arbitrary forecasting horizons i (i.e., E;X;y;) contain a unit root. For instance, if stock price is

an [(1) process, 1-year ahead forecasts of stock prices also contain a unit root.
Lemma 1 If X; follows (1)-(5) (i.e., Xy ~1(1)), ExXyyy ~ 1(1) for i > 0.

Proof. Given (1)-(5), we have E;X;; = EtXt]jﬂ- + Ethﬂ- =i+ XF + Ethri. E; X, ; is the

sum of a unit root process and a stationary process and hence a unit root process. ®

2.2 Cointegration among forecasts of different variables

This section establishes the cointegration relationship among forecasts of different variables
when their realizations are cointegrated.” Suppose y, = (Y1.t Yo ...yn,t)' is a n x 1 vector which
is cointegrated with cointegrating vector a = (a; as ... a,)’ and a'y, is a stationary process

(with possibly time-varying volatility). Mathematically,

(1 —=o(L)ad'y: = (1+¢(L))opum,

1=6W) (o2 =72 = (1+90))

o~

where the roots of 1 — ¢(z) = 0 and 1 — ¢(2) = 0 are within the unit circle. Under RE,
agents know this cointegration relationship. We firstly establish a preliminary result which
says the forecasts of an I(1) variable X made at date ¢ over an arbitrary horizon i (F,X;,;) are
cointegrated with X} with cointegrating vector (1, —1), where k can be identical to or different

from ¢.

Lemma 2 If X; follows (1)-(5) (i.e., X; ~ 1(1)), E:X¢yi — Xi ~ I(0) fori > 0.

5Researchers can apply these results to test the cointegration between forecasts of exogenous variables and
forecasts of endogenous variables in their models. Moreover, they can study the cointegration between forecasts
of different endogenous variables.



Proof. Let

EtXt—l—i - X = (EtXtI_DH + EtXEH) — X+ (Xt - Xk)
= (BEXL - X))+ (B X — X0) + (X — Xy)

= pi+ (BXS — XO) + (X — Xi) -

(EXyy; — Xi) is stationary as E, X, X and (X, — X},) are stationary. m

Denote by Ej y1,,+5 ji—period ahead expectation of variable y; made at date ;.

Theorem 3 If a'y, is a stationary process, a1 E; Y1 i+, + @2 EiY2i04jy + - + @B Yn iy, 08

stationary for arbitrary i1,1s, ...0n, J1, J2, -y Ju > 0.

Proof. Let

(a1 B Y1y 4+, + 02 EiyYointjy + oo+ B Y1, ]

[ n n

= E a (i Ynirtjr — Yrir) + E Yk, i,
= =1

[ 'n

= Z ak (EiYnjiy+ii — Yin) + Z AkYkyiy + Z ar (Yr,ix — Yhyir)

Lk=1 k=1 k=1

Note Lemma 2 implies (Ej, Yk i +j. — Yk,i,) 1S stationary for k& = 1,2,..n. In addition, the
cointegration of the vector y; yields i arYkq, s stationary and yy, ~ I(1) gives (Yk.i, — Yk.i,)
is stationary. Thus, we have G1E¢1y1,]::r1j1 + aoFiyY2intjo + oo+ An B Yn in 4, 1S stationary. m
The theorem contains a rich set of testable implications for expectation formation. For
illustration, consider the asset pricing models in which realized stock prices and consumption
are cointegrated with cointegrating vector (1,—1) (e.g., the long-run risk model and habit
model). First, a special case of the theorem is that forecasts of stock prices and consumption
made at the same date (i.e., iy = i = ... = 4,) and over the same forecasting horizons
(i.e.,, j1 = j2 = ... = jn) are cointegrated. And forecasts of stock price consumption ratio,

ie., (Elog Pryj — Eylog Cyy ;) is stationary. This means, for example, 1-year ahead forecasts of

stock prices and 1-year ahead forecasts of consumption (made at the same date) are cointegrated
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with cointegrating vector (1, —1).

Second, the cointegration relation holds for forecasts of different variables over different
forecasting horizons (i.e., j's need not to be identical) as (E; log Pt j, — E;log Cy ;,) is stationary
for j; # jo. This means, for instance, 10-year ahead forecast of stock prices and 1-year ahead
forecast of consumption made at the same date are cointegrated. This result is particularly
useful when the forecasting horizons of expectation data available to researchers are different
across different variables. For instance, researchers may have data on 10-year ahead forecasts
of stock prices and 1-year ahead (but not 10-year ahead) forecasts of consumption.

Third, the cointegration relation also holds for forecasts of different variables made at dif-
ferent dates (i.e., i's need not to be identical) as (E;, log P, +j1 — Ei, log Cy,4j,) is stationary
for iy # i5. This means, for instance, stock price forecasts made during 1960 — 1990 (over an
arbitrary forecasting horizon) are cointegrated with consumption forecasts made during 1970
— 2000 (over an arbitrary forecasting horizon). This result is useful when the sample period of
expectation data available to researchers is different (or do not exactly overlap) across different
variables.

The workhorse asset pricing models (e.g., Campbell and Cochrane (1999), Bansal, Kiku and
Yaron (2012)) typically imply the existence of stationary price consumption ratios and/or price
dividend ratios and assume that agents possess knowledge of the equilibrium pricing function,
i.e., the equilibrium mapping from fundamentals to stock prices. Appendix B presents a long-
run risk model, which clearly shows the stationarity of price-consumption (dividend) ratio from
the analytical expressions. Appendix C reports that realized stock prices are cointegrated with
realized fundamentals (aggregate consumption, dividend and output) using US data.

The knowledge of the equilibrium pricing function leads to the cointegration relation be-
tween stock price forecasts and fundamental forecasts. It is worthwhile to note that when
investors have imperfect information about the behavior of fundamentals (like consumption)
but understand stock prices are cointegrated with fundamentals, their forecast of stock prices
and fundamentals are still cointegrated. In the following sections, we will show whether this

cointegration relationship holds in survey forecasts.



3 Evidence from median and mean forecast data

This section describes the survey forecast data and presents the integration and cointegration

properties of median (and mean) forecasts.

3.1 Data

Three sources of survey forecasts of US stock prices are used. The first source is the Livingston
Survey managed by the Federal Reserve Bank of Philadelphia. The survey contains forecasts
of S&P 500 index made by professional economists from industry, government, banking sector,
and academia. The stock price forecast data is semi-annual and covers from 1952 to the second
half of 2017. Two forecasting horizons are available: 2- and 4-quarter ahead. The second
source is Robert Shiller’s survey of individual investors. Stock price forecasts are measured
by forecasts of the Dow Jones index and available at a quarterly frequency. The data covers
from the first quarter of 1999 to the second quarter of 2015. Four forecasting horizons are
available: 1-quarter, 2-quarter, 4-quarter and 10-year ahead. The last source is the Duke CFO
Global Business Outlook, a quarterly survey conducted by Duke University’s Fuqua School of
Business and CFO magazine from the last quarter of 2001 to the first quarter of 2016. The
survey collects business leaders’ S&P 500 stock index forecasts over 4-quarter ahead. All survey
forecasts of stock prices are deflated by forecasts of inflation rate obtained from the Survey of
Professional Forecasters (SPF) conducted by the Philadelphia Fed. The forecasting horizons of
inflation forecast data are 1- to 4-quarter ahead as well as 10-year ahead.

The source of US aggregate consumption forecasts is the SPF forecasts of the chain-weighted
real personal consumption expenditures. It is available at a quarterly frequency and from 1981
Q3 onwards. Four forecasting horizons are available: 1-, 2-, 3-, and 4-quarter ahead. SPF con-
sumption forecasts data is provided with varying base years. Appendix A explains the rebasing
of consumption forecast data. The 4-quarter-ahead forecasts of aggregate dividend is the con-
structed S&P 500 dividends from the Thomson Reuters Institutional Brokers Estimate System

(I/B/E/S) by aggregating analyst forecasts for individual firms in the S&P 500 constructed by
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De La O and Myers (2021). Most results reported in the main text use median survey forecasts.
Appendix B shows our results are robust to using the mean forecasts.

Before proceeding to the test results, we discuss two issues. First, survey data on expected
stock returns are often criticized as being noisy and thus meaningless, or that people do not
mean what they say, or that survey responses are strongly dependent on framing and language.
Greenwood and Shleifer (2014) discusses and addresses these criticisms; see their Section 1.8.
They show stock return forecasts from different surveys are highly correlated and provide evi-
dence that investors act in line with their reported expectations.® Moreover, in our context, as
long as the noises or measurement errors in survey forecast data are i.i.d or stationary (which
is commonly assumed in the literature), they do not affect the integration and cointegration
properties of the forecast data as well as our empirical findings.

Second, following the literature, median (or mean) survey forecasts are interpreted as a
proxy for the forecasts of the representative agent in models; see e.g., Eusepi and Preston
(2011), Coibion and Gorodnichenko (2015), Piazzesi, Salomao and Schneider (2015), Kuang
and Mitra (2016), and Adam, Marcet and Beutel (2017).” In line with a common practice
in the literature, we use the median (or mean) stock price forecasts from one survey and the
median (or mean) forecasts of fundamentals (aggregate consumption, output and dividend)
from another survey to test the cointegration between the forecasts of the two variables implied
in asset pricing models.® Later in Section 4, we present survey evidence using individual-level

forecasts data (where forecasts of stock prices and fundamentals are from the same survey).

6Giglio, Maggiori, Stroebel and Utkus (2021) also provide evidence addressing these criticisms and strongly
supports the use of survey expectations data in macro-finance models.

"With this view, the median (or mean) stock price forecasts from e.g., the Shiller Survey is a proxy for stock
price expectations of the representative agent.

8For instance, De La O and Myers (2021) mix the dividend forecasts from I/B/E/S and stock price forecasts
from CFO and Livingston Survey to explore the variation in price-dividend ratios. Another example is Adam,
Marcet and Beutel (2017). They use the median (or mean) nominal stock price forecasts from the Shiller Survey
and inflation forecasts from SPF and Michigan Survey of Consumers to compute the median (or mean) forecasts
of real stock capital gains, which are then used as a proxy for forecasts of real stock capital gains made by the
representative agent in their model.

11



3.2 Integration properties of the forecasts

Table 2: Integration properties of median stock price forecasts

P values
Median 1Q ahead 2Q ahead 4Q ahead
Panel A: I(1) test

Livingston stock price forecasts (19810Q4-2017Q4)
Dickey—Fuller n.a 0.530 0.554

Shiller stock price forecasts (1999Q1-2015Q)2)
Dickey—Fuller 0.692 0.752 0.712

CFO stock price forecasts (2001Q4-2016Q1)
Dickey-Fuller n.a n.a 0.328

Panel B: I(2) test
Livingston stock price forecasts (1981Q4-2017Q4)

Dickey—Fuller n.a 0.00 0.00
Shiller stock price forecasts (1999Q1-2015Q)2)
Dickey-Fuller 0.00 0.00 0.00
CFO stock price forecasts (2001Q4-2016Q)1)
Dickey—Fuller n.a n.a 0.00

Evidence 1A: Median stock price forecasts are I(1) but
not 1(2).

This section studies the integration properties of forecasts of the aggregate stock price index and
aggregate fundamentals (aggregate consumption and dividend). Table 2 reports the p-values of
Augmented Dickey-Fuller (ADF) test for median forecasts of stock prices. Panel A shows that
for all surveys and all forecast horizons, DF-GLS test cannot reject the null hypothesis that
median stock price forecasts are I(1) at the 10% significance level.” In addition, stock price
forecasts are not 1(2) processes as shown in Panel B. Similarly, for all forecasting horizons,
Table 3 and 4 suggest that median consumption forecasts and dividend forecasts are I(1) but

not I(2) processes, respectively.'’ Lemma 1 suggests that forecasts of stock prices, aggregate

9This result implies that this test cannot reject that stock price forecasts are I(1) at the 5% or 1% significance
level either.
0Table A.3 and A.4 suggest similar results for mean forecasts of stock prices and consumption.
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consumption and dividend from typical full-information RE stock pricing models (e.g., the

long-run risks model) are I(1) but not I(2) processes, consistent with the evidence here.

Table 3: Integration properties of median SPF consumption forecasts over different pe-
riods

P values

Median 1Q ahead 2Q ahead  4Q ahead
Panel A: SPF consumption forecasts - I(1) test
Period: 1981Q4-2017Q/

Dickey—Fuller 0.860 0.859 0.875
Period: 1999Q1-2015Q)2
Dickey-Fuller 0.112 0.125 0.116
Period: 2001Q4-2016Q1
Dickey—Fuller 0.513 0.526 0.563

Panel B: SPF consumption forecasts - I(2) test
Period: 19810Q4-20170Q)

Dickey-Fuller 0.00 0.00 0.00
Period: 1999Q1-2015Q)2
Dickey—Fuller 0.00 0.00 0.00
Period: 20010Q4-2016Q1
Dickey-Fuller 0.00 0.00 0.00

Evidence 1B: Median aggregate consumption
forecasts are I(1) but not 1(2).
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Table 4: Integration properties of median (and mean) forecasts of dividend

P values

1-year ahead Median forecasts Mean forecasts
Panel A: I(1) test

IBES dividend forecasts (2003Q1-2015Q3)
Dickey—Fuller 0.950 0.949

Panel B: 1(2) test

IBES dividend forecasts (2003Q1-2015Q3)
Dickey-Fuller 0.00 0.00

Evidence 1C: Median (and mean) aggregate dividend
forecasts are I(1) but not 1(2).

3.3 No cointegration with imposing theoretical restrictions

Recall Theorem 3 implies that in typical full-information RE asset pricing models, stock price
forecasts and consumption (or dividend) forecasts made at the same dates or over possibly
different horizons are cointegrated with cointegrating vector (1, -1). These models imply, for
instance, 1-quarter ahead forecasts of stock prices are cointegrated with 1-quarter ahead fore-
casts of aggregate consumption (or dividend), and 4-quarter ahead forecasts of stock prices are
cointegrated with 1-quarter ahead forecasts of consumption (or dividend).

Table 5 reports the test results of whether median forecasts of aggregate consumption are
cointegrated with median forecasts of stock prices made at the same date and over the same or
different forecasting horizons (with cointegrating vector (1, -1)). The last column of Panel A and
B, labeled as “4Q P & 1Q C”, test cointegration between 4-quarter ahead stock price forecasts
and 1-quarter ahead consumption forecasts. In Panel C, the forecast horizon of CFO stock price
is 1-quarter ahead, and the forecast horizons of SPF consumption are 1-, 2-, 3-, and 4-quarter
ahead. Both PP and DF-GLS tests show that we cannot reject the null hypothesis that stock
price forecasts are not cointegrated with consumption forecasts with cointegrating vector (1,
-1) at the 10% significance level, robust to different data sources and forecasting horizons, while

KPSS test shows that the null hypothesis of cointegration between stock price forecasts and
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consumption forecasts is rejected at the 5% significance level.'! The same conclusion is reached
with mean forecasts, see Table A.5 in Appendix D.

Table 6 reports the test results of whether median (and mean) forecasts of aggregate dividend
are cointegrated with the forecasts of stock prices. All tests, including PP test, DF-GLS test,
and KPSS tests, indicate that stock price forecasts are not cointegrated with dividend forecasts

with cointegrating vector (1, -1).

Table 5: Cointegration tests between median stock price forecasts and consumption fore-
casts with the cointegrating vector (1,—1)

Panel A: Livingston stock price forecasts and SPF consumption forecasts

Median 1Q ahead 2Q ahead 4Q ahead 4Q P & 1Q C
PP (Z, test) n.a 2210  -2.166 -2.155
10% critical value n.a -2.591 -2.591 -2.591
DF-GLS n.a -0.170 -0.363 -0.369
10% critical value n.a -1.842 -1.825 -1.825
KPSS n.a 0.500 0.240 0.240
5% critical value n.a 0.146 0.146 0.146
Panel B: Shiller stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 4Q ahead 4Q P & 1Q C
PP (Z, test) 2070  -1.970  -2.108 -2.104
10% critical value -2.594 -2.594 -2.594 -2.594
DF-GLS -1.810 -1.701 -1.728 -1.743
10% critical value  -1.895 -1.895 -1.895 -1.895
KPSS 0.422 0.420 0.433 0.432
5% critical value 0.146 0.146 0.146 0.146
Panel C: CFO stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead
PP (Z, test) -2.441 -2.450 -2.451 -2.459
10% critical value  -2.597 -2.597 -2.597 -2.597
DF-GLS -0.919 -0.915 -0.917 -0.919
10% critical value -1.929 -1.929 -1.929 -1.929
KPSS 0.439 0.438 0.437 0.436
5% critical value 0.146 0.146 0.146 0.146

Evidence 2: Median stock price forecasts and consumption
forecasts are not cointegrated with the vector (1,—1).

HFor the DF-GLS test, since we report the test statistics and critical values with the number of lags that
minimize the modified AIC criterion, the critical value for different tests differ.
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Table 6: No cointegration between stock price forecasts and dividend forecasts with the
cointegrating vector (1,—1)

CFO stock price forecasts and I/B/E/S dividend forecasts

Median Mean
PP (Z, test) 11,901 11.918
10% critical value -2.600 -2.600
DF-GLS -2.827 -2.877
5% critical value  -3.189 -3.189
KPSS 0.272 0.271
5% critical value 0.146 0.146

Evidence 3: Median (and mean) dividend forecasts and
stock price forecasts are not cointegrated.

3.4 No cointegration without imposing theoretical restrictions

This section tests cointegration between forecasts of stock prices and aggregate consumption
(or dividend) without imposing the theory-implied cointegrating vector (1, -1). Using the
Engle-Granger (EG) test, Table 7 reports the results of testing the cointegration between stock
price forecasts and consumption forecasts over the same or different horizons.'> Again, the
last column of Panel A and B are the testing results of using 4-quarter-ahead stock price
forecasts and 1-quarter-ahead consumption forecasts. Table 8 reports the results for testing the
cointegration between stock price forecasts and dividend forecasts.

The test results uniformly suggest that we cannot reject the null hypothesis that stock price
forecasts are not cointegrated with consumption (or dividend) forecasts at the 10% significance
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

Table A.6 in Appendix D.

12We 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 7: No cointegration test between median stock price forecasts and consumption
forecasts (without imposing any vector)

Engle—Granger test

Panel A: Livingston stock price forecasts and SPF consumption forecasts

Median 1Q ahead 2Q) ahead 4Q ahead 4Q P &1Q C
Test stats. n.a -1.566 -1.539 -1.563
10% critical value n.a -4.022 -4.022 -4.022
Panel B: Shiller stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 4Q ahead 4Q P &1Q C
Test stats. -3.317 -3.337 -3.144 -3.233
10% critical value -4.038 -4.038 -4.038 -4.038
Panel C: CFO stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead
Test stats. -2.559 -2.682 -2.828 -2.939
10% critical value -4.062 -4.062 -4.062 -4.062

Evidence 4: Median stock price forecasts are not cointegrated with
consumption forecasts without imposing any cointegrating vector.

Table 8: No cointegration between stock price forecasts and dividend forecasts (without
imposing any vector)

Engle—Granger test

Median forecasts Mean forecasts

Engle-Granger test -1.038 -1.051
10% critical value -3.130 -3.130

Evidence 5: Median (and mean) stock price forecasts
and dividend forecasts are not cointegrated without
imposing any cointegrating vector.

4 Evidence from individual forecasts

This section presents new survey evidence using individual-level forecasts data.
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4.1 Data

The Livingston survey provides stock price forecasts and output forecasts of individual fore-
casters. Two forecasting horizons are available: 2-quarter and 4-quarter ahead. This allows us
to test the cointegration between stock price forecasts and output forecasts at the individual
level.'® Stock prices and output typically share a common trend which are driven by a unit-
root productivity process and cointegrate with each other as in production-based asset-pricing
models (Jermann, 1998; Boldrin, Christiano and Fisher, 2001). To test whether stock price
forecasts are cointegrated with output forecasts at the individual level, we select individuals
whose observations are larger than 50. Figure 1 plots individual forecasters’ ID and the num-
ber of observations for each ID. Real stock price forecasts are constructed by deflating survey
stock price forecasts using the same individual’s inflation forecasts. Survey output forecasts are

rebased in the same way as consumption forecasts; the latter is explained in Appendix A.

Figure 1: Number of Livingston survey forecasts reported by each selected forecaster for

2- and 4-quarter ahead forecasting horizons

Number of forecasts reported by each selected forecaster for all forecasting horizons

T T T T T T T T T T
I 2Q ahead
[ 4Q ahead

70 — -

75

Number of observations

14 28 75 104 118 126 134 136 171 288 378

Forecaster ID

13The Livingston survey asks respondents their forecasts of aggregate output and does not ask forecasts of
consumption or dividend.
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4.2 No cointegration between stock price forecasts and aggregate

output forecasts made over the same horizon

We firstly test cointegration relationship between individual output forecasts and stock price
forecasts over the same horizon with imposing the theory-implied (1, —1) cointegrating vector.'*
Figure 2 and 3 visualize test statistics against the corresponding critical values from PP, DF-
GLS, and KPSS tests, using forecasts of 11 forecasters over 2-quarter ahead and 4-quarter
ahead, respectively. The test statistics are pinned down by the circle at the end of each red
stem, while the corresponding critical value locates on the blue lines. Forecaster’s IDs are
shown on the x-axis. For all forecasters, the test statistics of PP and DF-GLS tests stay above
the critical values in all cases. For KPSS tests, the test statistics for all forecasters are above
the corresponding critical values (except for the forecaster with the ID number 171). Those
results generally suggest no cointegration between stock price forecasts and output forecasts at
the individual level.

Figure 2: Cointegration tests between 2Q-ahead individual-level forecasts of output and stock
prices

Phillips-Perron test, 2Q ahead Augmented DF-GLS test, 2Q ahead KPSS test, 2Q ahead
1

o

[ ]
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RS IEN R

3
i ——@ Phillips-Perron —@ DF-GLS PY —@® KPSS
7

N

Test stat
Test stat
Test stat

-2 1

25 o 0.5 T
3 25 0
14 28 75 104 118 126 134 136 171 288 378 14 28 75 104 118 126 134 136 171 288 378 14 28 75 104 118 126 134 136 171 288 378
Forecaster ID Forecaster ID Forecaster ID

M\We find that individual forecasts of stock prices and output are I(1) processes but not I(2) process and do
not report them here due to space limitation.
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Figure 3: Cointegration tests between 4Q-ahead individual-level forecasts of stock prices and
output

Phillips-Perron test, 4Q ahead Augmented DF-GLS test, 4Q ahead KPSS test, 4Q ahead
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Evidence 6A: Individual stock price forecasts and output forecasts over the same horizon are not
cointegrated with the vector (1, -1).

4.3 No cointegration between stock price forecasts and aggregate

output forecasts made over different horizons

This section tests cointegration between individual-level forecasts of output and stock prices
over different forecasting horizons and with imposing the theory-implied (1, —1) cointegrating
vector. Figure 4 (or 5) reports the test results produced by the PP, DF-GLS and KPSS tests,
using 2-quarter (or 4-quarter) ahead stock price forecasts and 4-quarter (or 2-quarter) ahead
output forecasts for 11 forecasters. Similar to the results in Section 4.2, the test statistics of
PP and DF-GLS tests for all forecasters stay above the critical values in all cases. For KPSS
tests, the test statistics for all forecasters are above the corresponding critical values (except
for the forecasters with the ID number 171 and 378). These results suggest that for almost all
forecasters, there is no cointegration between stock price forecasts and output forecasts made

over different horizons.
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Figure 4: Cointegration tests between individual-level 2Q-ahead stock price forecasts and 4Q-
ahead output forecasts
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Figure 5: Cointegration tests between individual-level 4Q-ahead stock price forecasts and 2Q-
ahead output forecasts
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Evidence 6B: Individual stock price forecasts and output forecasts over different horizons are not
cointegrated with the vector (1, -1).

4.4 Individual-level cointegration tests without imposing theoretical

restrictions

This section tests cointegration between individual-level stock price forecasts and output fore-
casts without imposing any cointegrating vector. Figure 6 reports the testing results produced
by EG test, using 2-quarter (or 4-quarter) ahead stock price forecasts and output forecasts for
11 forecasters made over the same forecasting horizon. Figure 7 reports the same results using
forecasts made over different forecasting horizons. The test statistics of EG tests stay above

the critical values in all cases. This suggests no cointegration between stock price forecasts and
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output forecasts for any cointegrating vector.

The forecasters in Livingston survey are experts from various sectors. According to their
IDs in Figure 1, these sectors include academic institutions, commercial banking, investment
banking and nonfinancing business. Overall, our results imply that almost all professional
forecasters, regardless of their sectors, do not utilize the cointegration relation between stock

prices and output implied in standard asset pricing models to forecast.

Figure 6: Cointegration tests between individual-level forecasts of output and stock prices,
made over the same horizon

Engle-Granger test, 2Q ahead Engle-Granger test, 4Q ahead
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Evidence 7A: Individual stock price forecasts and output forecasts over the same horizon are not
cointegrated without imposing any cointegrating vector.

Figure 7: Cointegration tests between individual-level forecasts of stock prices and output,
made over different horizons
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Evidence 7B: Individual stock price forecasts and output forecasts over different horizons are not
cointegrated without imposing any cointegrating vector.
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5 Econometric issues and discussions

This section considers and addresses several issues of econometric testing.

5.1 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 (Krdamer 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. Table 9 displays the Recursive Cusum
test statistics and the corresponding 5% critical value, assuming OLS residuals for forecasts
of stock price-consumption ratios. The test statistics are all below the corresponding critical
values. This implies that the Recursive 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 and are not reported here for brevity.

For robustness, we also employ Gregory-Hansen test for testing potential structural breaks.
The null hypothesis of this test assumes the existence of a structural break and no cointegration
at the break point. Rejecting the null hypothesis implies the existence of a cointegration
relation with a structural break. Table 10 reports the Gregory—Hansen test statistics and the
corresponding critical values. The null hypothesis is not rejected for all combinations of stock
price forecasts and consumption forecasts. This implies that there is no cointegration between
the two forecasts, taking into account a structural break.

Table 11 reports the results of structural break tests for median and mean forecasts of stock
price-dividend ratios. The Recursive Cusum test in Panel A shows that there exists no struc-
tural break in the estimated coefficients. In addition, the test results of the Gregory-Hansen

test imply no cointegration between stock price forecasts and dividend forecasts assuming the
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existence of a structural break.

Similarly, as shown in Figure 8 and 9, the results are robust once we consider structural
breaks on the individual forecasts. The Recursive Cumsum tests suggest that all individual
forecasts data reject the existence of a structural break. Moreover, the Gregory-Hansen test
suggests that there is no cointegration between stock price forecasts and output forecasts for

almost all individuals, taking into account a structural break.

Table 9: Test for structural break in median forecasts of stock price-consumption ratios

Cusum test (OLS residual)

Panel A: Livingston stock price forecasts and SPF consumption forecasts

Median 1Q ahead 2Q ahead 4Q ahead 4Q Y &1Q C
Test stats. n.a 0.721 0.790 0.786

5% critical value n.a 1.358 1.358 1.358
Panel B: Shiller stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 4Q ahead 4Q Y &1Q C
Test stats. 1.037 1.044 0.978 0.988

5% critical value 1.358 1.358 1.358 1.358
Panel C: CFO stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead
Test stats. 1.278 1.274 1.270 1.268

5% critical value 1.358 1.358 1.358 1.358

Evidence 8A: No structural break is detected in median forecasts of
stock price-consumption ratio.
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Table 10: Gregory-Hansen cointegration tests between median stock price forecasts and
consumption forecasts

Gregory-Hansen cointegration test (assuming structural break)

Panel A: Livingston stock price forecasts and SPF consumption forecasts

Median 1Q ahead 2(Q ahead 4Q) ahead 4Q P & 1Q C
Test stats. n.a -4.94 -5.05 -5.09

5% critical value n.a -5.50 -5.50 -5.50
Panel B: Shiller stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 4Q ahead 4Q P & 1Q C
Test stats. -3.92 -3.94 -3.64 -3.52

5% critical value -5.50 -5.50 -5.50 -5.50
Panel C: CFO stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead
Test stats. -5.02 -5.02 -4.99 -5.14

5% critical value -5.50 -5.50 -5.50 -5.50

Evidence 8B: Median stock price forecasts are not cointegrated

with consumption forecasts assuming the existence of a structural
break.

Table 11: Test for structural break in forecasts of stock price-dividend ratio

Addressing issues related to structural break

Panel A: Cusum test (OLS residual) for structural break

Median forecasts Mean forecasts
Test stats. 0.557 0.539
5% critical value 1.224 1.224
Panel B: Gregory-Hansen cointegration test
1Q ahead 2Q ahead
Test stats. -5.21 -5.24
5% critical value -5.50 -5.50

Evidence 9A: No structural break is detected in median (or mean)

forecasts of stock price-dividend ratio.

Evidence 9B: Median (or mean) forecasts of stock price are not cointegrated
with forecasts of dividend assuming the existence of a structural break.
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Figure 8: Illustration of individual level recursive Cusum test for structural break
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Evidence 10A: No structure break is detected in individual-level forecasts of stock price-output

ratios.

Figure 9: Illustration of individual-level Gregory-Hansen cointegration test
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5.2 Sample size

The paper uses some of the most powerful tests like the DF-GLS tests.'> We also apply the
KPSS test which tests the null hypothesis of a stationary process against the alternative of
a unit root. This section addresses the small sample issue in three additional ways. The
first is examining the effects of sample size through recursive Johansen (1991) trace tests.
Figure 10 plots the test statistics (red lines) and corresponding 5% critical values (blue lines) of
recursive Johansen trace test with rank = 0 for the CFO forecasts of stock price and I/B/E/S
dividend forecasts. Figures A.1 - A.6 plot the test statistics (red lines) and corresponding
5% critical values (blue lines) of recursive Johansen trace test with rank = 0 for median and
mean Livingston, Shiller, and CFO forecasts of stock price and SPF consumption forecasts,
respectively. All test statistics are below the corresponding critical values, and the test statistics

do not increase monotonically with sample size.'®

Figure 10: Recursive Johansen trace test (rank = 0) for median and mean forecasts of stock
prices (CFO) and dividend (IBES)
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Evidence 11: Forecasts of CFO stock prices are not cointegrated with IBES forecasts of dividends.
Appendix E shows evidence from recusive Johansen trace tests for median (and mean) stock price
forecasts and consumption forecasts.

15The power of the standard Dickey-Fuller class of unit root tests was frequently criticized in the 1980s and
1990s, e.g., Cochrane (1991, 1994). Subsequent work has made great advances in improving the power of the
tests. Ng and Perron (2001) and Haldrup and Jansson (2006) argue some subsequently developed tests have
much improved or excellent power.

16 Appendix E shows that for individual forecasts data, the test statistics of recursive Johansen trace tests
do not vary monotonically with the sample size.
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Second, theorem 3 implies that stock price forecasts F;, log F;, 4, and consumption forecasts
E;, log C;,;, are cointegrated in the RE models when the two forecasts are made on different
dates (i; # i2). This allows us to enlarge the sample size for testing using the Livingston
survey. In Panel A of Table 12, we test cointegration between Livingston median stock price
forecasts with ¢; = 57HI1, 57H2, ..., 17TH2 and SPF median consumption forecasts with i, =
84Q1, 84Q2, 84Q3, ..., 14Q2.'" Similarly, we test cointegration when i; = 57H1, 57H2, ...,
17H2 and i, = 87Q4, 88Q1, ..., 18Q1 in Panel B and when 4, =59H1, 59H2, ..., 17H2 and
1o = 88Q4, 89Q)1, ..., 18Q1 in Panel C. In each panel, four combinations of forecasting horizons
are considered. PP, DF-GLS, and KPSS tests suggest no cointegration between stock price
forecasts and consumption forecasts made on different dates. Hence, a larger sample does not
lead to the rejection of no-cointegration.

Third, although we use the KPSS test to avoid potential power problem, the asymptotic
distribution of the KPSS test may be biased in a small sample. We conduct a Monte Carlo
study to address this issue. In the long-run risk model presented in Appendix B, forecasts
of log(P/C') are stationary, consistent with the null hypothesis of KPSS test. Assuming the
long-run risk model is the true data-generating-process, we adopt Monte Carlo simulation to
generate critical values of KPSS tests in a small sample. First, we obtain analytical expressions
for 2-quarter- and 4-quarter-ahead forecasts of log P and logC'. Second, we simulate the long-run
risk model with N = 10, 000 repetitions and each sample matches the sample size and frequency
of the Livingston survey data. We then obtain the KPSS statistics from each repetition and
hence the distribution of statistics. The third row of Panel A (or B) in Table 13 reports the
corrected 5% critical values obtained from the Monte Carlo study. The simulated critical values
do not change much. Using 2-quarter- (and 4-quarter-ahead) Livingston stock price forecasts
and SPF consumption forecasts, the results still reject the null hypothesis of stationarity at the

5% significance level, robust to using median or mean forecasts data.

17«57H1” stands for the forecast made in the first half of the year 1957 and “84Q1” the forecast made at the
first quarter of the year 1984.
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Table 12: No cointegration between E;, log Py, +j, & E;,log Ci,yj, @ i1 # 42

Panel A: 4, = 57HL, 57H2, ..., 1TH2; iy = 84Q1, 84Q2, ..., 14Q2
I(1) test Nn=72=2 p=53=4 n=2,)2=4 j=4 jo=2
PP (Z, statistics) —1.064 —0.948 —1.069 —0.943
10% critical value —2.579 —2.579 —2.579 —2.579
DF-GLS —0.844 —0.727 —0.843 —0.728
10% critical value —1.786 —1.786 —1.786 —1.786
KPSS test 1.90 1.97 1.89 1.98
1% critical value 0.739 0.739 0.739 0.739
Panel B: 4, = 57H1, 57TH2, ..., 1TH2; iy = 87Q4, 88Q1, ..., 18Q1
I(1) test Nn=72=2 p=jp=4 h=2,)2=4 j=4 j2=2
PP (Z; statistics) —1.008 —0.901 —1.007 —0.901
10% critical value —2.579 —2.579 —2.579 —2.579
DF-GLS —0.876 —0.770 —0.880 —0.766
10% critical value —1.786 —1.786 —1.786 —1.786
KPSS test 1.84 1.90 1.83 1.91
1% critical value 0.739 0.739 0.739 0.739
Panel C: i = 59H1, 59H2, ..., 17H2; iy = 88Q4, 89Q1, ..., 18Q1

h1=732=2 jp=Jg2=4 n=2,jo0=4 j=4 jo=2
PP (Z; stat.) —0.963 —0.861 —0.964 —0.860
10% critical value —2.579 —2.579 —2.579 —2.579
DF-GLS —0.980 —0.892 —-0.979 —0.893
10% critical value —1.792 —1.792 —1.792 —1.792
KPSS test 1.85 1.92 1.85 1.92
1% critical value 0.739 0.739 0.739 0.739

Note: cointegration tests utilize 122 pairs of observations in panel A and B and 118 pairs of

observations in panel C.

Evidence 12: Median stock price forecasts and consumption
forecasts made at different dates are not cointegrated with the vector (1,-1).
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Table 13: No cointegration between median and mean forecasts of P and C'

KPSS test 2Q ahead 4Q ahead
Panel A: median Livingston forecasts

Test statistic 0.500 0.240

5% critical value 0.146 0.146

5% critical value (corrected) 0.185 0.185
Panel B: mean Livingston forecasts

Test statistic 0.512 0.242

5% critical value 0.146 0.146

5% critical value (corrected) 0.185 0.185

Evidence 13: Median/mean forecasts of stock price
are not cointegrated with forecasts of consumption
from the Monte Carlo study.

5.3 Multiple testing problem

Section 4 analyzed the cointegration relation between individual-level forecasts of stock price
and output 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
is addressed in two ways. First, we use Anderson’s sharpened False Discovery Rate (FDR)
g-values (Anderson (2008)), which is a corrected version of p-values and has greater power
than many other methods. Second, we perform a panel cointegration test that considers cross-
sectional dependence, which utilizes a larger sample size and has higher power. Table 14 reports
corrected PP testing outcomes for both forecasts of stock price-output ratios for 11 forecasters,
using FDR sharpened g-values. It shows no existence of cointegration between forecasts of

stock price and output, even after considering the multiple testing problem.
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Table 14: Individual-level cointegration testing adjusted for multiple testing problem

PP tests Using FDR sharpened g-values

. . . P ti f
Forecasts of stock prices and output No. of no cointegration roportion o no

cointegration
2Q ahead 11 100%
4Q ahead 11 100%
2Q ahead & 4Q ahead 11 100%
4Q ahead & 2Q ahead 11 100%

Evidence 14: Individual-level forecasts of stock price are not cointegrated with
output forecasts, after adjusted for the multiple testing problem.

Since these professional forecasters are exposed to common aggregate shocks, their forecasts
may be highly correlated. We test the cross-sectional dependence of forecasts of stock price-
output ratios across the forecasters, using the cross-sectional dependence test developed by
Pesaran (2006, 2015). Table 15 reports the p-values and average correlation coefficients of the
tests over several combinations of forecasting horizons. For instance, the test shows that the p-
value for 2-quarter ahead stock price-output forecast ratio is 0.000 and the average correlation
coefficient is 0.84. The cross-sectional dependence tests uniformly reject the null of cross-
sectional independence for forecasts of stock price-output ratio over all combinations of horizons.
And the average correlation coefficients are fairly close to 1, indicating the presence of high

cross-sectional dependence in our panel forecast data.

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

Number of panels: 11 in each test

Hy: forecasts are cross-sectionally independent.
H,: forecasts are cross-sectionally dependent.

2Q ahead 4Q ahead 2Q & 4Q ahead 4Q & 2Q ahead

Forecasts of stock price-output ratio
P-values 0.000 0.000 0.000 0.000
Average correlation coeff. 0.84 0.91 0.83 0.86

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 adopt
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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 Augmented Dickey—Fuller (ADF) regression with cross-sectional average
lagged levels and the first differences of the individual data series.'® Table 16 reports the p-
values of the CADF panel unit root tests on forecasts of stock price-output ratios over different
combinations of forecasting horizons. The tests uniformly fail to reject the null that all panels

are non-stationary at any conventional significance level.

Table 16: P-values of Pesaran panel cointegration test with the cointegrating vector (1, —1)

CADF panel unit root test Number of panels: 11 in each test

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

1Q ahead 2Q ahead 3Q ahead 4Q ahead
P-values 0.510 0.288 0.412 0.367

Evidence 15: The CADF panel cointegration tests suggest that individual
forecasters’ forecasts of stock prices are not cointegrated with forecasts of
output.

6 Conclusion

This paper demonstrates that macroeconomic and financial models typically impose a large
number of cointegration relationships between forecasts of endogenous variables and exogenous
variables (or among forecasts of endogenous variables). For instance, standard asset-pricing
models typically impose a large number of cointegration restrictions between forecasts of stocks
prices and forecasts of fundamentals. Employing several widely used datasets on survey expec-
tations, the paper shows that survey stock price forecasts are not cointegrated with forecasts

of fundamentals (aggregate consumption, dividend, and output) at both median (or mean) and

18 A1l 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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individual level. The results are robust to a large number of considerations, such as using dif-
ferent tests, forecasts over different horizons, and forecasts made at the same or different dates,
with or without imposing the theory-implied cointegrating vector, and considering the multiple
testing problem, small sample problem and structural breaks.

The new survey findings have potential implications for modeling expectation formation in
stock markets. Standard asset pricing models typically imply that agents possess knowledge of
the equilibrium pricing function, i.e., the equilibrium mapping from realization (or forecasts)
of fundamentals to stock prices.'” This knowledge leads to the cointegration relation between
stock price forecasts and fundamental forecasts in these models. To reconcile the survey ev-
idence, it appears natural to relax agents’ knowledge of the equilibrium pricing function, as
is present in, e.g, adaptive learning models.?’ In this type of learning models, investors have
imperfect knowledge of stock markets and form subjective stock price expectations which could
be delinked from fundamental forecasts. We leave for future work to reconcile the survey find-
ings with a structural model. As the quality of survey expectation data continue improving,
applying unit root econometrics to expectation data — as is done in the paper — may be a

promising avenue to provide useful guidance on the modeling of expectation formation.
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Appendix (Not for publication)

A Rebasing consumption 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 (SPF variable name: RCONSUM) use the base year that was in effect when
the forecasters received the survey questionnaire. This Appendix explains how consumption
forecasts data are rebased.

Table A.1 provides the base year in effect for NIPA variables (including consumption expen-
ditures), reproduced from Table 4 of the documentation of the Survey of Professional Forecasters
(p. 23). For rebasing, we use real consumption expenditures data of different vintages from the
Real-Time Data Set for Macroeconomists managed by the Federal Reserve Bank of Philadel-
phia. The year 1996 is used as the common base year for all consumption forecast data. The
data in each window needs to be rebased by multiplying a base ratio. For instance the 1959:Q4
real consumption in the window from 1996:Q1 to 1999:Q3 is 1409.5 while it is 1469.5 in 1999:Q4
to 2003:Q4 window and hence the ratio is 1469.5/1409.5.

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:QQ1 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:QQ2 2005 0.84
2013:Q3 to present 2009 0.79
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B Long-run Risks Model

Consider the long-run risks model studied in Bansal, Kiku and Yaron (2012). The representative

agent with recursive preferences maximizes his life-time utility given by
= -y 31
Vi=[1=0)C " +o(E[V, ]

The variable 6 is defined as 6 = % where the parameters v and v represent relative risk
aversion and the elasticity of intertemporal substitution. Log consumption ¢; and dividend d,

have the following joint dynamics

Aciyr = e+ T+ Oy,

Tipr = PTp+ Pe0iliii,
2 —2 2 2
oy = 0 +v(op —0°) + 0wy,

Adir = g+ ¢z + TOm1 + QoG 11

le + x4 is the conditional expectation of the growth rate of aggregate consumption. x; is
a persistent component, which captures long run risks in consumption and drives both the
consumption and dividend process. ¢ captures a levered exposure of dividend to x;. In addition,
the i.i.d consumption shock 7;,; is allowed to influence the dividend process. It serves as an
additional source of risk premia and 7 governs the magnitude of this influence.

Their paper provides the analytical solution for (log) price-consumption ratio

P,
log(é) = Ay + Az + Agaf,

P,
log(ﬁ) = Apag+ A gz + A2,d0,:2a

where Ay, A1, As, Ao.a, A1.a, Aaq are all constants and functions of model parameters, see their

p. 189. Stock prices and aggregate consumption (dividend) are cointegrated, as x; and o7 are

38



stationary.

C Cointegration between Realized Stock Prices and Fun-
damentals

This section tests for cointegration between realized stock prices and fundamentals with the
cointegrating vector (1, —1). Data on stock prices (S&P 500 index), aggregate consumption,
dividend, and output for the US are downloaded from the website of Robert Shiller and the
Federal Reserve Bank of St. Louis. The samples cover the same period as those of the survey
forecast data. Table A.2 reports test results by applying the DF-GLS test to log stock prices to
consumption (dividend or output) ratios. Panel A shows that the DF-GLS test rejects the null
of unit root at the 10% level, in favor of cointegration between stock prices and consumption.
Panel B (C) reports similar results for cointegration testing using stock prices and aggregate

dividend (output), respectively.

Table A.2: Tests of the cointegration with the vector (1, —1) using realized data
Test stat. 10% critical

Panel A: Realized (log) stock prices-consumption ratio

DF-GLS -1.705* -1.619
Panel B: Realized (log) stock prices-dividend ratio
DF-GLS -3.155%* -2.732

Panel C: Realized (log) stock prices-output ratio
DF-GLS -1.832* -1.619

Note: *: the test statistics with one asterisk indicate that the corresponding
test rejects the null of a unit root at the 10% significance level.

Sample period in Panel A and C is 1957Q1-2017Q2;

sample period in Panel B is 2003Q1 to 2015Q3.
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D Evidence from mean forecasts

D.1 Integration properties of the forecasts

Table A.3: Integration properties of mean stock price forecasts

P values

Median 1Q ahead 2Q ahead 4Q) ahead
Panel A: I(1) test

Livingston stock price forecasts (19810Q4-2017Q4)

Dickey—Fuller n.a 0.526 0.559
Shiller stock price forecasts (1999Q1-2015Q)2)
Dickey—Fuller 0.704 0.685 0.656

Panel B: I(2) test
Livingston stock price forecasts (1981Q4-2017Q4)

Dickey—Fuller n.a 0.00 0.00
Shiller stock price forecasts (1999Q1-2015Q)2)
Dickey—Fuller 0.00 0.00 0.00

Evidence A.1: Mean stock price forecasts are I(1) but
not 1(2).
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Table A.4: Integration properties of mean SPF consumption forecasts over different pe-
riods

P values

Median 1Q ahead 2Q ahead  4Q ahead
Panel A: SPF consumption forecasts - I(1) test
Period: 19810Q4-2017Q4

Dickey-Fuller 0.852 0.850 0.875
Period: 1999Q1-2015Q2
Dickey-Fuller 0.113 0.127 0.117
Period: 20010Q4-2016Q1
Dickey—Fuller 0.516 0.509 0.509

Panel B: SPF consumption forecasts - I(2) test
Period: 19810Q4-2017Q4

Dickey—Fuller 0.00 0.00 0.00
Period: 1999Q1-2015Q)2
Dickey-Fuller 0.00 0.00 0.00
Period: 2001Q4-2016Q1
Dickey—Fuller 0.00 0.00 0.00

Evidence A.2: Mean consumption and dividend
forecasts are I(1) but not 1(2).
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D.2 No cointegration with imposing theoretical restrictions

Table A.5: Cointegration tests between mean stock price forecasts and SPF consumption

forecasts with the cointegrating vector (1,—1)

Panel A: Livingston stock price forecasts and SPF consumption forecasts

Median 1Q ahead 2Q) ahead 4Q ahead 4QP & 1Q C
PP (Z, test) n.a 2313 -2.142 2.118
10% critical value n.a -2.591 -2.591 -2.591
DF-GLS n.a -0.241 -0.272 -0.293
10% critical value n.a -1.842 -1.825 -1.825
KPSS n.a 0.512 0.242 0.242
5% critical value n.a 0.146 0.146 0.146
Panel B: Shiller stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 4Q ahead 4QP & 1Q C
PP (Z, test) -2.050 -2.121 -2.157 -2.153
10% critical value -2.594 -2.594 -2.594 -2.594
DF-GLS -1.785 -1.794 -1.803 -1.815
10% critical value  -1.895 -1.895 -1.895 -1.895
KPSS 0.421 0.425 0.428 0.429
5% critical value 0.146 0.146 0.146 0.146
Panel C: CFO stock priceforecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead
PP (Z, test) 2438 2452 -2.460 -2.465
10% critical value -2.597 -2.597 -2.597 -2.597
DF-GLS -0.924 -0.916 -0.915 -0.917
10% critical value  -1.929 -1.929 -1.929 -1.929
KPSS 0.439 0.438 0.437 0.436
5% critical value 0.146 0.146 0.146 0.146

Evidence A.3: Mean stock price forecasts and consumption
forecasts are not cointegrated with the vector (1,—1).

42



D.3 No cointegration without imposing theoretical restrictions

Table A.6: Cointegration test for mean SPF forecasts without imposing the cointegrating
vector (1,—1)
Engle-Granger test

Panel A: Livingston stock price forecasts and SPF consumption forecasts

Median 1Q ahead 2Q ahead 4Q ahead 4Q P &1Q C
Test stats. n.a -1.534 -1.523 -1.550
10% critical value n.a -4.022 -4.022 -4.022
Panel B: Shiller stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 4Q) ahead 4Q P &1Q C
Test stats. -3.334 -3.283 -3.102 -3.140
10% critical value  -4.038 -4.038 -4.038 -4.038
Panel C: CFO stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead
Test stats. -2.590 -2.794 -2.913 -3.024
10% critical value -4.062 -4.062 -4.062 -4.062

Evidence A.4: Mean stock price forecasts are not cointegrated
with consumption forecasts without imposing any cointegrating
vector.
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D.4 Structural breaks

Table A.7: Test for structural break in mean forecasts of stock price-consumption ratios

Test for structure break - Cusum test (OLS residual)

Panel A: Livingston stock price forecasts and SPF consumption forecasts

Median 1Q ahead 2(Q ahead 4Q) ahead 4Q P &1Q C
Test stats. n.a 0.615 0.761 0.760

5% critical value n.a 1.358 1.358 1.358
Panel B: Shiller stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 4Q ahead 4Q P &1Q C
Test stats. 1.059 1.019 0.991 1.001

5% critical value 1.358 1.358 1.358 1.358
Panel C: CFO stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead
Test stats. 1.278 1.276 1.274 1.271

5% critical value 1.358 1.358 1.358 1.358

Evidence A.5: No structural break is detected in mean forecasts of
stock price-consumption ratios.
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Table A.8: Gregory-Hansen cointegration tests between mean stock price forecasts and
SPF consumption forecasts

Gregory-Hansen cointegration test (assuming structural break)

Panel A: Livingston stock price forecasts and SPF consumption forecasts

Median 1Q ahead 2(Q ahead 4Q) ahead 4QY & 1Q C
Test stats. n.a -4.96 -5.09 -5.11

5% critical value n.a -5.50 -5.50 -5.50
Panel B: Shiller stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 4Q ahead 4Q0Y & 1Q 1
Test stats. -3.51 -3.50 -3.56 -3.53

5% critical value -5.50 -5.50 -5.50 -5.50
Panel C: CFO stock price forecasts and SPF consumption forecasts
Median 1Q ahead 2Q ahead 3Q ahead 4Q ahead
Test stats. -5.16 -5.14 -5.09 -5.05

5% critical value -5.50 -5.50 -5.50 -5.50

Evidence A.6: Mean stock price forecasts are not cointegrated

with consumption forecasts assuming the existence of a structural
break.
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E Recursive Johansen Trace testing results forecasts of

stock prices and consumption

E.1 Recursive Johansen Trace testing for median forecasts

Figure A.1: Recursive Johansen trace test (rank = 0) for median forecasts of stock prices
(Livingston) and consumption (SPF)
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Evidence A.7: Median forecasts of Livingston stock prices are not cointegrated with median SPF
consumption forecasts.
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Figure A.2: Recursive Johansen trace test (rank = 0) for median forecasts of stock price (Shiller)

and consumption (SPF)
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Evidence A.8: Median forecasts of Shiller stock prices are not cointegrated with median SPF con-

sumption forecasts.
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Figure A.3: Recursive Johansen trace test (rank = 0) for median forecasts of stock prices (CFO)
and consumption (SPF)
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E.2 Recursive Johansen Trace testing for mean forecasts

Figure A.4: Recursive Johansen trace test (rank = 0) for mean Livingston stock price forecasts
and SPF consumption forecasts
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Evidence A.10: Mean forecasts of Livingston stock prices are not cointegrated with mean SPF
consumption forecasts.
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Figure A.5: Recursive Johansen trace test (rank = 0) for mean Shiller stock price forecasts and

SPF
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Evidence A.11: Mean Shiller forecasts of stock prices are not cointegrated with mean SPF consump-
tion forecasts.

50



Figure A.6: Recursive Johansen trace test (rank = 0) for mean CFO stock price forecasts and

SPF consumption forecasts
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Evidence A.12: Mean CFO forecasts of stock prices are not cointegrated with mean SPF consumption

forecasts.
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E.3 Recursive Johansen Trace testing for individual forecasts

Figure A.7: Recursive Johansen Trace test for individual-level forecasts (ID:126)
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Figure A.8: Recursive Johansen Trace test for individual-level forecasts (ID:136)
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Figure A.9: Recursive Johansen Trace test for individual-level forecasts (ID:288)
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Figure A.10: Recursive Johansen Trace test for individual-level forecasts (ID:378)
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