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ABSTRACT

We reveal a novel channel through which market participants’ sentiment influences how
they forecast stock returns: their optimism (pessimism) affects the weights they assign to
fundamentals. Our analysis yields four main findings. First, if good (bad) “news” about divi-
dends and interest rates coincides with participants’ optimism (pessimism), the news about
these fundamentals has a significant effect on participants’ forecasts of future returns and
has the expected signs (positive for dividends and negative for interest rates). Second, in
models without interactions, or when market sentiment is neutral or conflicts with news
about dividends and/or interest rates, this news often does not have a significant effect on
ex ante or ex post returns. Third, market sentiment is largely unrelated to the state of eco-
nomic activity, indicating that it is driven by non-fundamental considerations. Moreover,
market sentiment influences stock returns highly irregularly, in terms of both timing and
magnitude. This finding supports recent theoretical approaches recognizing that economists
and market participants alike face Knightian uncertainty about the correct model driving
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stock returns.

Introduction

Models relying on the Rational Expectations
Hypothesis (REH) assume that stock returns are
driven solely by fundamentals, such as dividends and
interest rates. These studies have frequently encoun-
tered difficulty in explaining lower-frequency returns.’
Motivated by the behavioral-finance approach, a num-
ber of recent studies have shown that, in addition to
fundamentals, ex post returns are driven by market
sentiment.> However, the literature has not examined
how market sentiment influences participants’ (ex
ante) forecasts of returns. This paper uncovers a novel
channel through which sentiment influences these
forecasts: switches between market participants’ opti-
mism and pessimism lead to revisions in how they
relate their forecasts of stock returns to fundamentals.

We follow Greenwood and Shleifer (2014) in using
survey data to proxy market participants’ forecasts of
stock returns. We use a proxy based on the Investor
Intelligence Newsletter (IIN), which is the longest
available sample of participants’ forecasts.’

Our sentiment proxy is extracted from the Wall
Street Journal’s “Abreast of the Market” reports on
daily stock-price behavior over the 30-year period
from 1984-2014.* Several previous studies have found

that sentiment measures based on financial reporting
contain predictive power for stock returns and funda-
mentals.” Narrative accounts such as these offer rich
and nuanced information capturing the effect that
observable and unobservable factors have on investor
forecasts. Akerlof and Snower (2016) and Shiller
(2017, 2019) have recently emphasized the importance
of studying the “dynamics of popular narratives, the
stories, particularly those of human interest and emo-
tion [sentiment], and how these change through time,
to understand economic fluctuations,” such as asset-
price movements (Shiller 2017, 967).

Testing whether sentiment affects how fundamen-
tals influence forecasts of returns poses two empirical
difficulties. The first concerns the measurement of
fundamentals themselves. Basic financial theory sug-
gests that it is the “news” which should drive returns,
since predictable trends should already be priced into
forward-looking asset markets. Indeed, a number of
studies have found that “news” about fundamentals
elicits a stock-price reaction; however, these studies
are typically conducted with high-frequency data and
use consensus forecasts to measure the news.® With
lower-frequency data, measuring news becomes more
problematic. While interest-rate changes seem to be a
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sufficient approximation of the relevant fundamental,
dividends undergo a longer-run trend.

We construct two alternative proxies for dividend
news. One measures this news with a deviation of
dividend growth from its sample mean. Of course,
one might expect some variation in the expected divi-
dend growth rate over time.” To allow for this
variation, we also estimate the news relative to its
time-varying trend by using a procedure called step
indicator saturation (Castle et al. 2015). We proxy the
positive (negative) dividend news with a positive
(negative) deviation of dividend growth relative to its
econometrically determined time-varying trend.

The second empirical difficulty in testing our
hypothesis that sentiment influences the weight of
fundamentals in the specification of stock returns is
that there is no a priori rationale for classifying senti-
ment above (below) some threshold level as relatively
optimistic (pessimistic). We therefore estimate the
models using various thresholds for optimism and
pessimism. The thresholds for optimism (pessimism)
were chosen as being in the top (bottom) 15™, 25,
or 40™ percentile of our proxy for market sentiment.®

Our analysis yields four main findings. First, if good
(bad) “news” about dividends and interest rates coin-
cides with participants’ optimism (pessimism), the news
about these fundamentals has a significant effect on par-
ticipants’ forecasts of future returns and has the
expected signs (positive for dividends and negative for
interest rates).” Second, in models without interactions,
or when market sentiment is neutral or conflicts with
news about dividends and/or interest rates, this news
often does not have a significant effect on ex ante or ex
post returns. Third, market sentiment is largely unre-
lated to the state of economic activity, indicating that it
captures non-fundamental considerations. Moreover,
market sentiment influences stock returns highly irregu-
larly, in terms of both timing and magnitude.

There is a potential concern that our results suffer
from endogeneity bias. For example, it is possible that
the Fed is reducing interest rates in response to stock
market crashes, or that sentiment is driven by recent
stock returns. We address this by estimating models
in which only lagged values of the regressors are
included as instruments. In these specifications, we do
find significant effects for the interest rate, even when
sentiment does not coincide. However, we still obtain
significant effects for the interaction between senti-
ment and both interest rates and dividends.

Addressing this potential endogeneity further, we
follow Baker and Wurgler (2006) and Hilliard,
Narayanasamy, and Zhang (2019). We “orthogonalize”

sentiment to overall economic activity, which we proxy
with the monthly growth rate of industrial production.
The orthogonalized sentiment measure is the residual
series from a regression of the WSJ sentiment proxy on
an AR(2) specification of industrial-production growth.
We show that our results are robust to using the ortho-
gonalized sentiment measure.

These results are consistent with the finding by
Hilliard, Jahera, and Zhang (2019) that the state of
the economy influences the effect of dividends on
stock returns. However, the robustness of our results
to using the orthogonalized sentiment measure indi-
cates that market sentiment captures the effect of
non-fundamental considerations. As Shiller (2019)
and Akerlof and Snower (2016) argued, textual ana-
lysis of market narratives is an important tool in
proxying such considerations.

Our findings that market sentiment influences how
participants forecast returns is inconsistent with mod-
els that rely on the rational expectations hypothesis
(REH) to represent these forecasts. A key feature of
any REH model of stock returns is that it relates par-
ticipants’ forecasts of returns solely to fundamentals.

Our findings are supportive of the core premise of
the behavioral-finance approach: non-fundamental
factors, such as market sentiment, exert a significant
influence on participants’ forecasts and thus on
returns. However, the behavioral finance approach
formalizes this premise with models that represent
with a stochastic process how market outcomes, such
as stock returns, unfold over time and how partici-
pants forecast these returns. An overwhelming major-
ity of these models constrain their parameters — the
set of variables that they include, their coefficients,
and the moments of the allowed-for stochastic inno-
vations — to be unchanging over time. Whenever these
models recognize that the process underpinning out-
comes undergoes change, they represent such change
with a probabilistic rule, such as Markov switching,
specifying ex ante how the model’s specifications
unfold over time."

Results from our analysis of structural change sug-
gest that the relationship among stock returns, funda-
mentals, and sentiment is highly erratic. Modeling
how such frequent shifts unfold over time presents
numerous challenges for any researcher, particularly
those who rely on stochastic representations of
change. Indeed, we find that the high degree of
irregular structural change reflected in interactions
between sentiment and fundamentals is undetectable
with standard tests for parameter instability, such as
the Chow breakpoint test. These results suggest that



models recognizing that the process driving outcomes
undergoes change that cannot be represented with a
stochastic process might offer a way to understand
how both fundamental and non-fundamental factors
influence returns. In the Concluding Remarks, we
highlight earlier studies documenting difficulties
inherent in specifying change in asset returns and
macroeconomic outcomes with a probabilistic rule,
such as Markov switching, ex ante.

The structure of the paper is as follows: the second
section describes the data and the proxies for market
sentiment, participants’ forecasts of stock returns, and
the dividend and interest-rate news used in our ana-
lysis. The third section discusses the empirical specifi-
cation and presents our main hypotheses in terms of
the restrictions on this specification. The fourth sec-
tion presents the empirical findings regarding these
hypotheses. The fifth section provides econometric
evidence that the influence of market sentiment on
how participants forecast returns is highly irregular,
thereby causing frequent structural breaks in the rela-
tionship between forecasted (as well as realized) stock
returns and news on dividends and interest rates. The
sixth section places the findings of this paper in the
context of earlier empirical studies documenting struc-
tural change in the process driving outcomes. We also
point out that recognizing the relevance of change that
cannot be represented ex ante with probabilistic rules in
a theoretical model uncovers a novel channel through
which market sentiment influences stock returns.

Data and variables

Here, we define the data and variables used in our
empirical analysis. First, we describe the survey meas-
ure for participants’ forecasts of returns. Second, we
discuss how we measure the news on dividends and
interest rates. Finally, we introduce our proxy for sen-
timent extracted from the WSJ reports and define
interactive dummies that represent how market senti-
ment influences the weights that participants attach to
news about fundamentals.

Participants’ forecasts of returns

We use a proxy for market participants’ forecasts of
returns that summarizes the survey by the Investors
Intelligence Newsletter (IIN), which is the longest sur-
vey among those studied by Greenwood and Shleifer
(2014). The IIN survey records the percentage of its
participants’ bullish, neutral, and bearish forecasts on
a weekly basis. Given that most of the other variables
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are measured at monthly intervals, we use a monthly
average. Moreover, we denote by ]Aitﬂz‘, the partici-
pants’ time-t forecast of stock returns over the succeed-
ing 12-month period, t+ 12. Following Greenwood
and Shleifer, we proxy f%t+12|t with the difference
between the proportion of market participants who are
bullish and bearish at ¢ concerning stock prices at
t+ 12

Ryy1o = [% bullish, — % bearish,] (1)

Measures computed according to (1) do not yield
numerical observations of price changes expected by
survey participants. However, Greenwood and Shleifer
show that such proxies are highly correlated with the
shorter sample available from Gallup surveys, which
provide numerical forecasts of stock returns from
September 1998 through May 2003.

Ex post stock returns, dividends, and interest rates

Data on ex post returns and index of dividends are
from Robert Shiller’s homepage, while interest-rate
data are collected from the Board of Governors’ H.15
release.!’ Aggregate log-dividends correspond to the
S&P 500, and interest rates are the one-year Treasury
bill constant maturity rate. In order to address the
problems posed by non-stationarity in dividends and
interest rates, both series are first-differenced.'?

Alternative measures of dividend news

We construct two proxies for dividend news. First,
because dividends have undergone a long-term
trend of typically positive growth, we de-mean the
first-differenced dividend series to capture “news”
about whether dividend growth is above or below
average. Second, we proxy dividend news relative to a
time-varying mean growth rate. The varying mean
growth rate is estimated using the step indicator sat-
uration (SIS) procedure developed by Hendry,
Johansen, and Santos (2008). This procedure includes
a step indicator for each observation that is equal to
one from the first observation up until time f, and
equal to zero thereafter. The indicators for each obser-
vation allow the mean to vary at any point in time.
The significant changes in mean are then selected
through the Autometrics tree search algorithm
(Doornik 2009).

In this application, we select the significant breaks
at a very stringent level of 0.01%, meaning that only
one in 10,000 would be erroneously included. This
errs on the side of missing smaller variations in the



354 @ R. FRYDMAN ET AL.

[— DinD —Fitted]

0.015|-

A
bl

0.010}

L

1]

g

0.005

—ﬂrI.I nil .I-IIU\J
Iy IL,J

0.000

0.005

0.010F

0.015

-0.020

|
TR
ltﬂh!%ﬂu”uj J” !

1085 1000 005"

3000

3005 3015

Figure 1. The estimated mean growth in log-dividends based on step indicator saturation.

expected growth rate, in order to avoid overfitting (in
the extreme case, very little would be classified as
news) and to allow for some change in the rate of
dividend growth, as opposed to assuming a constant
rate at the sample average. Figure 1 documents the
fluctuations in the mean rate of dividend growth as
deduced by SIS.

Figure 1 shows that the mean growth rate is con-
stant from the beginning of the sample until 2000, or
at least the fluctuations are not significant at 0.01%. It
then declines, rises gradually in the mid-2000s, and
then plummets with the financial crisis, rising again
thereafter. We estimate all of the models measuring
dividend news relative to this varying mean. In other
words, when log-dividend growth (in red in Figure 1)
is above the expected growth rate based on SIS (in
blue), the dividend news would be classified as posi-
tive. Conversely, when dividend growth is below the
expected growth rate based on SIS, the dividend news
would be deemed negative.

Market sentiment

We draw on a growing body of research that focuses
on a connection between stock-market outcomes and
investor sentiment as measured by narrative informa-
tion contained in financial-market reporting. Like
Tetlock (2007) and others, we measure sentiment by
the tone of optimism/pessimism from daily Wall
Street Journal “Abreast of the Market” summaries.
Moreover, in measuring the tone of such reports, we
follow Garcia (2013) and others by using Loughran

and McDonald (2011)’s finance-specific classification
dictionary. The LM dictionary has been shown to pro-
vide a better representation of contextualized informa-
tion from summary market reports specific to the
finance industry (Mangee 2018). We express our sen-
timent measure as:

Senty = (P—N)/(P+ N +1) (2)
where N and P are the total number of negative and

positive words each month, respectively, based on the
LM classification dictionary."?

Optimistic, pessimistic, and neutral mar-

ket sentiment

Because our sentiment measure takes on strictly nega-
tive values (the negative word count always exceeds
the positive word count), we create dummy variables,
based on whether the sentiment measure exceeds vari-
ous thresholds, to define relative optimism and pes-
simism. In our analysis, we check the robustness of
our findings by using values for the n* percentile of
15, 25, and 40.

The first dummy variable, St*, represents relative
optimism: S =1, if sentiment exceeds the top n'
percentile threshold (e.g., if Sent; in (2) exceeds the
85" percentile), otherwise S = 0. Analogously, S;
represents relative pessimism: S; = 1, if sentiment is
in the bottom n' percentile threshold (e.g., if Sent; in
(2) is below the 15" percentile), otherwise S, = 0.
We refer to market sentiment as neutral if S/ =0
and §; =0.
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Figure 2. Dividends interacted with a 40™ percentile threshold for optimism and pessimism.

Interaction terms

In order to allow for a differential effect of fundamen-
tals when they coincide with sentiment, we also need
to specify dummy variables for whether the news is
positive or negative. To this end, we denote the divi-
dend news by Ad’™ and represent good (bad) news
with Adé™ >0 (Ad'™ < 0) (ie., dividend growth is
above (below) its constant or time-varying mean).
Analogously, we refer to news about interest rates as
good (bad) if interest rates fall (rise), that is, Ai; <
0 (Ai; >0). We then define the following dummy
variables, representing interactions between the effects
of dividends and market sentiment:

DS =1, if Ad"™ >0 and S =1 (3)
DS; =1, if Ad"™ <0 and S; =1 (4)
IS =1, if Aii<0and S =1 (5)
IS, =1, if Aii>0and §; =1 (6)

Figures 2 and 3 illustrate how these dummies inter-
act with news about fundamentals. Figure 2 portrays
Ad¥" . DSt and Ad¥"-DS; for the 40™ percentile
threshold. The variable Adf”‘ ~DSt+, in red, takes on
the strictly positive values of Ad%", but only during
the periods when sentiment is also optimistic.
Otherwise, it is equal to zero. During some of the
periods in which market sentiment is not relatively
optimistic, Ad" - DS, in blue, takes on the strictly
negative values of Ad*", but only when sentiment is
also pessimistic. During the periods within which
market sentiment is neutral (neither optimistic nor

pessimistic) or conflicts with the news about funda-
mentals, both Ad™ - DS} and Ad?" - DS; = 0.

Analogously, Figure 3 shows both Ai; - IS/, in red,
and Aj, -IS;, in blue, which represent the decreases
(increases) in the interest rate when sentiment is also
in the upper (lower) 40™ percentile.

Model specifications

We specify an empirical model for both the market’s
forecast and ex post stock returns, which we denote by
f2t+12|t in Equation 1 and Ry,_;, respectively. We find
that the forecasted return series (R;yip), ex post
returns series (Ry._;), and the sentiment proxy in
Equation 2 do not contain a unit root. However, log-
dividends (d) and interest rates (i) are found to be dif-
ference-stationary.'* Consequently, we first-difference
dividends and interest rates, which permits the use of
Ordinary Least Squares (OLS) for estimation of the two
sets of regression models. We consider the following
framework for forecasted and realized returns:

Q= fi + B Q1 + B3 Qia + ByAdI™ + fsAi;
+BsAdi™ - DS+ (7)
B,Ad¥™ - DS; + BAi, - IS] + BoAiy - IS, + &

where €, is either IAQHIZ‘, or Ry;_;. As mentioned pre-
viously, Ai; is the differenced one-month interest rate.
The variable Ad%" denotes dividend news which is
measured as the growth rate after de-meaning in
order to capture whether dividend growth is above or
below average (expected). And, (DS, DS;, IS}, IS;)
is a vector of (interactive) dummy variables as defined
in Equations 3-6.
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Figure 3. Interest rates interacted with a 40t percentile threshold for optimism and pessimism.

Table 1. Forecasts of returns with mean dividend growth.

Percentile 15t 25th 40t
Cons. 3.041 3.659 3.458 3.759
[4.26] [4.70] [4.49] [4.85]
AR(1) 0.891 0.880 0.881 0.870
[19.02] [17.69] [17.84] [17.42]
AR(2) —0.085 —0.098 —0.095 —0.102
[—1.84] [—2.10] [—2.00] [—2.26]
Ad‘rjm —11.393 —37.662 —29.655 —44.028
[—0.20] [—0.66] [—0.46] [—0.79]
Aiy —1.597 —1.020 —0.056 2.963
[—0.70] [—0.387] [—0.02] [1.04]
Addm . s+ 406.241 479.560 42333
[1.79] [2.42] [2.54]
Addm . s 990.433 78369 204111
[2.18] [0.49] [1.34]
Ay - S:r —4.395 —1.594 —11.243
[—0.67] [—0.27] [—2.32]
Ay - St —18.124 —16.242 —20.964
[—3.09] [—3.07] [—3.75]
Adj. R? 0.671 0.679 0.676 0.687

Notes: Newey-West heteroskedasticity and auto-correlation (HAC) robust t-
values are displayed in brackets underneath the coefficient estimates
(Newey and West 1987).

Hypotheses

In the model for both forecasted and realized returns,
the coefficients 8, and fi; represent the effects of news
when sentiment is either neutral or conflicting. The
coefficients for the interaction terms (f, through f5)
capture the differential effects when sentiment and the
news coincide (e.g. good news and optimism). We
consider the following hypotheses:

Hypothesis 1A: f¢ > 0, i.e., optimistic sentiment
leads market participants to attach a higher positive
weight to positive dividend news than they would
attach to such news when the sentiment is pessimistic
or neutral. Analogously,

Hypothesis 1B: 5, > 0.
Hypothesis 2A: fz < 0.
Hypothesis 2B: ; < 0.

Results

We first estimate the survey data model without inter-
actions. The results are presented in the first column
of output in Table 1, which shows that interest rates
and dividends are highly insignificant. Columns 2-4
present the models with interaction terms between
sentiment and fundamental news for alternative
thresholds of sentiment (15™, 25", and 40™ percen-
tiles, respectively). For the general dividend and inter-
est-rate effects (i.e., when sentiment is conflicting or
neutral) the coefficient is statistically insignificant.
Even in the models with interactions, we find that
fundamentals have no significant effect when the news
does not align with sentiment.

By contrast, we find many significant effects for
both dividend and interest-rate news, reported in col-
umns 2-4, when these are interacted with sentiment.
Moreover, across the three models with alternative
threshold levels for relative optimism (pessimism), we
find evidence in support of each of the individual
hypotheses, 1 A: i >0, 1B: f; >0, 2A: i3 <0, and
2B: By < 0. When there is negative news about inter-
est rates and market sentiment is pessimistic, partici-
pants forecast lower stock returns. This effect is
significant at the 1% level in all three models.
Similarly, hypothesis 1A finds support across the
three models. Dividends have a positive effect on



Table 2. Forecasts of returns with breaks in mean divi-
dend growth.

Percentile 15th 25th 40th
Cons. 3.003 3.836 3.709 3.868
[4.23] [4.87] [4.79] [4.94]
AR(1) 0.890 0.878 0.880 0.866
[19.18] [17.97] [17.83] [17.18]
AR(2) —0.084 —0.103 —0.097 —0.091
[—1.85] [—2.23] [—2.12] [—2.02]
Addm —158.281 —305.492 —317.114 —176.114
[-1.07] [-1.97] [—1.96] [-1.15]
Ay —1.379 —0.733 —0.632 4,054
[—0.61] [—0.28] [—0.234] [1.43]
AdIm . s+ —121.468 859.456 —154.966
[-0.22] [2.06] [-0.362]
Adm . s- 1367.61 816.262 395.752
[2.43] [2.17] [1.28]
A - S —5.265 1.176 —12.601
[—0.79] [0.19] [-2.55]
A - S7 —15.434 —13.788 —23.179
[—2.51] [—2.50] [—4.03]
Adj. R? 0.672 0.683 0.679 0.687

Notes: Newey-West heteroskedasticity and auto-correlation (HAC) robust t-
values are displayed in brackets underneath the coefficient estimates.

stock-return forecasts when there is good news (ie.,
dividend growth is above the mean) and sentiment is
optimistic. This is significant at 10% in the 15" per-
centile model, and at 5% in the other two models.

In some models, we also find significant effects for
the interactions when adverse dividend news aligns
with pessimism, or interest-rate reductions coincide
with optimism. In the model with the 15" percentile
threshold, the negative dividend news (i.e., below-
mean growth), when accompanied by pessimistic sen-
timent leads participants to lower their forecasts of
stock returns. In the model with the 40™ percentile
threshold, we find a significant effect when good news
regarding interest-rates coincides with partici-
pants’ optimism.

The magnitudes of the interactions in any given
specification do appear to depend on the selected
threshold. This suggests that different thresholds are
relevant for different types of news, and that combin-
ing models with different threshold levels for different
types of news may be fruitful. However, although pre-
cise estimates differ across thresholds and time, our
results provide support for the hypothesis that market
sentiment affects participants’ forecasts through its
interaction with the news about fundamentals.

We also find evidence of strong persistence to fore-
casts of returns, as is evident in the significance of the
first lag in row 2 of Table 1. This forecast “inertia”
was previously found in Frydman and Stillwagon
(2018). It is also consistent with the “sticky
information” of Mankiw and Reis (2002) and Coibion
and Gorodnichenko (2012). While the first lag is posi-
tive and significant, the second lag is marginally sig-
nificant and negative. This dynamic could be viewed
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as consistent with longer-run “over-reaction” which
then tends to mean-revert.'”

We test the sensitivity of our results using our
alternative measure of dividend “news” from the SIS
procedure. Table 2 reports regression estimates based
on a model allowing for breaks in the mean of the
dividend growth series (measured as the log
first-difference).

The results are broadly similar to those reported in
Table 1. There are no significant effects with the
expected sign for any of the fundamentals without
interactions in any of the models of forecasted
returns, irrespective of the inclusion of other inter-
action terms, or the threshold defining optimism or
pessimism. By contrast, when interactions are incor-
porated, we find significant effects for any chosen
threshold with the hypothesized signs for both divi-
dends and interest-rate news. We also find evidence
of expectations inertia again (the highly significant
lag) and longer-run mean reversion as captured by
the marginally significant second lag with a negative
coefficient.

We again find support for a significant effect of
negative interest-rate news when negative sentiment
coincides. The positive interest-rate news interaction
is significant only in the 40™ percentile model. Both
of these results are consistent with Table 1. In Table 2
however, we find a significant effect of negative divi-
dend news in two of the models, and in only one for
positive dividend news. This result, with dividend
news now measured relative to the time-varying trend,
is consistent with some evidence (e.g., Chan 2003)
that negative news on fundamental factors exerts a
greater influence on returns.

Market sentiment as an additional
explanatory variable

Previous studies of the role of sentiment in ex post
returns have often included it as an additional
explanatory variable separate from fundamentals
(Baker and Wurgler 2006; Tetlock 2007; Garcia 2013).
However, market participants’ forecasts of returns
reflect their sentiment regarding future outcomes;
thus, both forecasted returns and sentiment are likely
to be driven by similar sets of variables. Indeed, as
Figure 4 shows, our proxy for participants’ forecasts
(red line) co-moves very closely with our measure of
sentiment (blue line).

Because sentiment is essentially an expectational
variable, including it in models of forecasted returns
additively would capture all other effects. This is what
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Figure 4. Survey forecasted returns and sentiment.

we report in Appendix Table Al: once we add senti-
ment to our specifications in (1), all other variables
become insignificant. Thus, allowing for additive sen-
timent obscures the way in which sentiment affects
the weights participants attach to fundamentals in
forecasting returns reported in Tables 1 and 2.'°

Robustness to instruments, outliers, and
omitted variables

There are two potential concerns related to the results
reported above. One is endogeneity. Another is that
the results could be driven by a few outliers.

Although we would typically hypothesize that opti-
mistic sentiment about the economy causes high
expected returns on stocks, it is possible that the con-
verse is also the case. Shiller (2005), for example, has
argued that high stock returns in the 1990s contrib-
uted to beliefs in a “new era IT revolution.” Similarly,
expected returns may influence the variables on the
right-hand side of our specification. For example, an
expected stock-market crash (or continuation thereof)
may induce the Federal Reserve to cut interest rates.
In this case, the endogeneity bias works against our
typical presumption of an inverse relationship
whereby interest-rate should boost stocks.
However, it is also possible that high expected returns
could encourage firms to increase dividend payouts.
This positive endogeneity bias diminishes confidence
in our conclusions about dividends.

cuts

In order to
address this, we re-estimate Table 1 using only lagged

Table 3. Forecasted returns with mean dividend growth,
instrumental lags, and automated adjustment for outliers
and breaks.

Percentile 15th 25th 40th
Cons. 3.041 5910 3.458 3.940
[4.26] [6.44] [4.49] [4.94]
AR(1) 0.860 0.789 0.782 0.839
[18.13] [15.58] [15.50] [16.96]
AR(2) -0.110 —0.081 —0.069 —0.090
[-231] [-1.62] [-1.39] [-1.84]
Addm, 42,099 —29.296 —89.794 —61.879
[0.63] [-0.39] [-1.12] [-0.71]
A ~7.062 —6.990 ~5.655 —5.228
[—4.04] [-3.66] [-2.87] [-2.43]
Addm - st 426.004 645.392 555.184
[1.35] [2.48] [2.53]
Adm S 715.191 455.990 227.784
[2.64] [2.38] [1.32]
Aigq - S¢ —12.097 —9.279 —5.281
[—0.88] [—1.10] [-0.88]
Ay - S —22.264 —19.603 —13.888
[-232] [-2.83] [~2.39]
Adj. R? 0.671 0.711 0.715 0.719

Notes: Newey-West heteroskedasticity and auto-correlation (HAC) robust t-
values are displayed in brackets underneath the coefficient estimates.

values of the regressors as instrumental variables. The
results are reported in Table 3.

Interestingly, once we use lags as instruments,
the effect of interest rates during times of neutral or
conflicting sentiment attain statistical significance
with the hypothesized sign. This is consistent with
our foregoing conjecture that contemporaneous
interest rates would have a positive endogeneity bias
(because the Fed would cut rates during a stock-
market crash). Moreover, we still find significant
interactions for both interest rates and dividends



0.010f

W, ’[L L

JOURNAL OF BEHAVIORAL FINANCE . 359

1 |

ik

0.00sk "
ol u

-0.005-

-0.010F

-0.015F

0.020F T DiDPos40 — mDEDNegd0
Recession

-0.025F

L

\
.
|

1 1 1
1985 19%0 1995

1 L 1 L
2000 2005 2010 2015

Figure 5. Recession dates and dividends interacted with a 40" percentile threshold for optimism and pessimism.

using lags as instruments, regardless of which of
the three thresholds we use to define optimism
and pessimism.

As with any statistical analysis, the results could be
driven by a few outliers. To control for this, all of the
models in Table 3 use impulse indicator saturation
(Hendry, Johansen, and Santos 2008). This approach
is analogous to the Huberskip estimator and least
trimmed squares.'” The significant outliers and mean
shifts are described in the Appendix. Given the inclu-
sion of these model adjustments, the adjusted R*s no
longer maintain their usual interpretation (because
some of the variation is explained in an ad hoc fash-
ion to control for these outliers).

With regard to outliers, the financial crisis
seems like an obvious candidate. Although the
indicator-saturation approach should detect this,
we further reinforce the robustness of our findings
by ending the estimation in 2007(11), before the
NBER official beginning of the Great Recession,
and in 2008(8), just before the collapse of Lehman
Brothers. The results are robust in both cases, and
the former estimates are displayed in Table A5 of
the Appendix.

Sentiment as a proxy for non-fundamental
considerations

Hilliard, Jahera, and Zhang (2019) document that the
effect of changes to dividend policy depends on the
state of the economy. Figures 5 and 6 replicate

Figures 2 and 3, but now with the NBER recession
dates shaded in yellow.

There is some correspondence between our inter-
action terms and the state of the economy. For divi-
dends, positive news and positive sentiment is
primarily observed in expansions, and the negative
news and pessimism is proximate to recessions.
Interest-rate interactions display less regularity.
However, the pattern seems to be that these interac-
tions are generally set to zero during recessions,
because the falling rates tend to conflict with the pes-
simistic market sentiment. Moreover, Figures 5 and 6
illustrate that this connection between our interaction
variables and the state of the economy varies erratic-
ally, in terms of both timing and magnitude.

We further guard against endogeneity by extracting
the systematic correlation between sentiment and the
business cycle. This orthogonalization of sentiment is
analogous to the approaches in Baker and Wurgler
(2006) and Hilliard, Narayanasamy, and Zhang
(2019). More specifically, we regress our WSJ senti-
ment measure on an AR(2) specification for the
monthly annualized rate of growth in industrial pro-
duction. Further lags were found to be insignificant
and the monthly change provided a better model fit
than the year-on-year growth rate.'®

Table 4 shows that fluctuations in industrial pro-
duction are a significant predictor of sentiment.
However, the goodness of fit is only about 5%, indi-
cating that much of the variation in sentiment is
unexplained. We then save the residuals from this
regression as our measure of the orthogonalized
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Figure 6. Recession dates and interest rates interacted with a 4ot percentile threshold for optimism and pessimism.

Table 4. Regressions of sentiment on industrial production.

y—o0-y m—o—m
Cons. —0.279 —0.286
[—27.28] [—30.92]
1P 0.018 0.002
[2.83] [3.36]
1P —0.006 0.001
[—0.79] [1.82]
P, —0.011 0.001
[—1.57] [2.12]
Adj. R? 0.029 0.052

Notes: The y-o-y column uses the year-over-year growth in Industrial
Production. The m-o-m column uses the monthly annualized growth
rate. The last column regresses monthly IP growth on sentiment.
Newey-West heteroskedasticity and auto-correlation (HAC) robust t-val-
ues are displayed in brackets underneath the coefficient estimates.

sentiment (unexplained by fluctuations in industrial
production). In Table 5, we show that the main conclu-
sions are robust to using this orthogonalized measure.
Only in the model with a 40™ percentile threshold do
the dividend interactions become less significant. This
suggests that it is the more extreme sentiment which
may be providing additional information.

The significance of our orthogonalized measure
suggests that sentiment is adding information beyond
contemporaneous fluctuations in the economy. This
corroborates the arguments of Shiller (2019) and
Akerlof and Snower (2016) that textual analysis of
market narratives can capture valuable information
about non-fundamental considerations.

Structural change

Our finding of a significant interaction between senti-
ment and fundamentals suggests that fundamental

Table 5. Forecasts of returns with mean dividend growth and
orthogonal sentiments.

Percentile 15th 25th 40th
Cons. 3.041 3.532 3.385 3.546
[4.26] [4.67] [4.47] [5.01]
AR(1) 0.891 0.894 0.876 0.879
[19.02] [18.11] [17.43] [17.77]
AR(2) —0.085 —0.114 —0.101 —0.093
[—1.84] [—2.40] [—2.10] [—1.93]
Adf’" —11.393 —78.683 —99.827 —79.142
[—0.20] [—1.44] [—1.88] [—1.26]
Ai —1.597 —0.622 0.298 1.401
[-0.70] [—1.14] [0.111] [0.48]
Addm . s+, 788.190 712.782 264.123
[3.48] [3.52] [1.48]
Addm .S, 758.474 489.726 273.854
[2.70] [1.84] [1.51]
Aiy - SL —1.150 —11.444 —8.956
[-0.10] [—1.75] [—1.31]
Aip - ST —22.541 —20.253 —16.616
[—4.04] [—4.13] [—2.81]
Adj. R? 0.671 0.686 0.689 0.681

Notes: Newey-West heteroskedasticity and auto-correlation (HAC) robust t-
values are displayed in brackets underneath the coefficient estimates.

models, absent this interaction, would undergo struc-
tural change. For example, the effect of dividend
growth should be higher during periods when senti-
ment is optimistic. However, in a mis-specified model
where sentiment is omitted, this could manifest as a
rising parameter on dividend growth during optimis-
tic periods. Indeed, numerous studies have found that
models of stock returns undergo significant parameter
instability."?

However, we find that when breaks in the parame-
ters arise from the influence of sentiment on the news
about fundamentals, it cannot be detected through
traditional tests for structural change. For example, as
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Figure 8. Estimated coefficient on dividend news over time.

illustrated in Figure 7, the Chow (1960) breakpoint
test and one-step forecast tests fail to detect structural
change in the linear model, despite the fact that we
previously observed a significant, time-varying effect
for dividends and interest rates when sentiment was
reinforcing.

Figure 7 shows that, although the structural change
in how dividend and interest-rate news affects returns
is evident in Tables 1-3, standard tests have difficulty
detecting this change. This suggests that, as Fama

(1998) argued, market sentiment has a highly irregu-
lar, time-varying influence on how participants fore-
cast returns in terms of fundamentals. However, in
contrast to a more persistent form of structural
change, this structural change is not detected because
the sentiment interactions fluctuate too erratically
between non-zero and zero values.

Figure 8 illustrates the estimated effect when divi-
dend news fluctuates rapidly in our empirical model
featuring the sentiment interactions. These results
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Figure 9. Chow breakpoint and chow forecast tests for the ex post returns model.

correspond to the model in column 4 of Table 1,
though they are representative of the other models
with interactions. There are sudden and transitory
spikes where dividends have a positive coefficient (in
red) when positive dividend news coincides with opti-
mism. There is also a positive coefficient of a different
magnitude (in blue) when negative dividend news
coincides with pessimism, again occurring at irregular
and short-lived intervals. When sentiment is neutral
or conflicting, the effect of dividend news appears
negligible (statistically insignificant).

As we report in the Appendix, although, absent the
interactions, we cannot detect the changing effect of
fundamentals for the models using ex ante returns, we
do find significant time-variation in the models of ex
post returns as illustrated in Figure 9. This may sug-
gest that much of the structural change observed in
prior studies stems from a time-varying, though per-
sistent, divergence between expected and ex post
returns. This is consistent with the many studies
which reject REH on the basis of survey data.*® This
highlights the importance of testing models with sur-
vey data (i.e., without the assumption of white noise
forecast errors).”!

Concluding remarks

Our finding that market sentiment influences how
participants interpret fundamentals is inconsistent
with REH’s prediction that forecasts are driven solely
by fundamentals. The empirical relevance of market

sentiment is consistent with behavioral finance

researchers’ findings that non-fundamental factors
influence forecasts of stock returns. However, our find-
ing that market sentiment’s influence is highly irregu-
lar, in terms of both timing and magnitude, appears to
be inconsistent with behavioral models’ formalization
of this influence with a stochastic process.

To formalize our finding with a stochastic process,
as the typical behavioral finance model would do,
requires that market sentiment’s influence on partici-
pants’ forecasts of stock returns changes at times and
in ways that can be specified with a probabilistic rule,
such as Markov switching. Though conceivable, the
erratic timing and magnitude of structural change aris-
ing from market sentiment, which we reported in the
preceding section, seem difficult to approximate with
such rules on the basis of historical data, let alone rep-
resent ex ante over an indefinite future.*

It seems plausible that sentiment proxies for a broad
array of factors that characterize how participants inter-
pret the state of the economy at any point in time and
how this state might change over time. Some of these
factors are, at least in part, non-repetitive, and thus
there are no past data that could have characterized
their effects on the change in economic outcomes, and
thus stock returns, with a probabilistic rule ex ante.*
This interpretation of structural change in how market
sentiment influences stock returns is consistent with a
number of earlier studies that related change in the
process driving these returns to historical events that
are at least in part unique.24

Recognizing that market participants face so-called
Knightian uncertainty, which, by definition, cannot be



represented with a stochastic process, is increasingly
viewed as crucial to remedying the difficulties inher-
ent in specifying how market outcomes unfold over
time with a probabilistic rule. For example, in his
Nobel lecture, Hansen (2014, 399) argues that REH
models “miss something essential: [Knightian} uncer-
tainty [arising from] ambiguity about which is the cor-
rect model” of the process driving aggregate outcomes.

Frydman et al. (2019) argue that, faced with ambi-

guity, participants rely on non-fundamental factors,
such as market sentiment, to select the weights that
they attach to news about fundamentals in forecasting
stock returns. Our empirical findings are supportive
of these implications of Knightian uncertainty and the
model ambiguity that it engenders. However, much
work remains to be done to establish the theoretical
foundations for the empirical specifications that we
relied on here, as well as to corroborate our findings
in other markets and/or other sample periods.

Notes

1.

For seminal studies documenting REH models’
difficulties in accounting for the role of fundamentals
in explaining lower-frequency returns, see Shiller
(1981) and Mehra and Prescott (1985). For more
recent studies on these models’ empirical difficulties
see, for example, Welch and Goyal (2008) and Ang
and Bekaert (2007).

For examples of such studies of the U.S. stock market,
see Baker and Wurgler (2006), Tetlock (2007), Garcia
(2013), Mangee (2017), and references therein.
Greenwood and Shleifer use seven  proxies
summarizing different surveys of investors’ forecasts.
An important contribution of their paper is to show
that these proxies are highly correlated with market
participants’ decisions to invest their capital in mutual
funds. Furthermore, Greenwood and Shleifer show
that the seven proxies co-move strongly and positively,
even though the surveys that underpin them rely on
very different methodologies. This consistency
buttresses their argument that survey evidence is not
just “meaningless noise” (p. 715).

Daily Wall Street Journal “Abreast of the Market”
reports were collected through the Proquest textual
data retrieval system. Our measure for market
sentiment relies on the dictionary of words indicating
positive and negative sentiment developed by
Loughran and McDonald (2011).

Tetlock, Saar-Tsechansky, and Macskassy (2008) find
that this is particularly true if the news articles
reference fundamentals. Garcia (2013) meanwhile finds
that most of sentiment’s predictive power is
concentrated during recessions. These are suggestive of
the interactions and asymmetries we examine more
explicitly in this paper.

For examples of such studies, see Andersen et al.
(2007) and Pearce and Roley (1985).

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.
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Barsky and De Long (1993) were among the first
studies to suggest that in explaining stock-price
fluctuations, the dividend growth rate is better
approximated as non-stationary rather than assuming
that it is mean-constant.

These three threshold levels and two measures of
dividend news yield six alternative specifications of
stock returns.

Mian and Sankaraguruswamy (2012) finds that
sentiment impacts the announcement effect of firm-
specific earnings.

For an influential contribution to the development of
models that represent change with probabilistic rules,
and an authoritative recent review, see Hamilton
(1988, 2008). For a seminal behavioral-finance model
that formalizes with a stochastic process the role of
market sentiment in how participants forecast returns,
see Barberis, Shleifer and Vishny (1998).

The historical dataset can be found at http://www.
econ.yale.edu/~shiller/data.htm.

For a detailed examination of the problems posed by the
non-stationarity of fundamental variables in specifying
stock returns, see Frydman and Stillwagon (2018).

We use the TextMining (TM) package available in R,
which is based on the vector space method. The
general results are robust to other normalizations, for
example dividing by total word count or using only
the unique positive and negative words each month.
Conventional ADF unit-root tests with auto-selected lag-
length for R, Ry, Ad:, Ai; and Sent, generate t-
statistics(p-values) ~ of ~ —6.04(.000), = —14.703(.000),
—2.893(.047), —8.283(.000), and —6.654(.000), respectively.
See, for example, De Bondt and Thaler (1985), Cutler,
Poterba, and Summers (1991), Chopra, Lakonishok,
and Ritter (1992), Fama and French (1992),
Lakonishok, Shleifer, and Vishny (1994), and La
Porta (1996).

In models of ex post returns, even when including
sentiment additively, we find effects of dividends. This
is consistent with other studies on sentiment and ex
post returns. See Table A4 in the Appendix.

The indicators or dummy variables are selected in
blocks using the Autometrics tree search algorithm
(Doornik 2009). The block search produces a higher
“breakdown point” and much greater robustness to
outliers compared to OLS or alternatives like the least
absolute deviation estimator.

We also regressed sentiment on our measures of
dividend and interest-rate news. Dividends were highly
insignificant  (|t{<0.5), and interest rates were
significant with the “wrong” sign. The positive
correlation between sentiment and interest rates could
be interpreted as reverse causation: optimism has
caused rising interest rates, rather than rising interest
rates leading to an improved outlook for stocks. For
this reason, we rely on the orthogonalization with
industrial production.

Structural change in how fundamentals drive ex post
returns has been documented in many studies,
including Pastor and Stambaugh (2001), Pettenuzzo
and Timmermann (2011), Rapach and Wohar (2006),
Paye and Timmermann (2006), Ang and
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Timmermann (2012), and Mangee (2016). Frydman
and Stillwagon (2018) find structural breaks in the
relationship between survey measures of ex ante
returns and fundamentals.

20. There is a long literature in the foreign exchange
market rejecting REH in survey data. See Stillwagon
(2014) and references therein. Coibion and
Gorodnichenko (2012) similarly reject full information
REH for household and professional inflation
expectations.

21. The ex post model is not rejected however according
to the one-step-ahead Chow forecast test, where the
model is allowed to update recursively. By contrast,
the breakpoint Chow test examines parameter
instability for each recursive sub-sample relative to the
full sample.

22. Stillwagon and Sullivan (2019) find that while a
Markov switching model approximates the exchange-
rate process within sample, it is difficult to ascertain
the number of states required for such an
approximation, particularly out of sample. Moreover,
Stillwagon and Sullivan demonstrate that the Markov
switching model involving the best-performing
number of regimes ex post, which gives the model a
very favorable bias, could not outperform a random
walk out of sample.

23. Hendry has pioneered econometric studies focusing on
the inherent difficulties in modeling structural change
with probabilistic rules. In a series of papers and
books, he has demonstrated not only that
macroeconomic models experience structural breaks,
but also that these breaks are often triggered by
historical events. See Hendry and Doornik (2014),
Hendry (2018), and references therein.

24. For econometric evidence, see Ang and Timmermann
(2012) and references therein. Frydman, Goldberg, and
Mangee (2015) provide descriptive evidence that 20%
of events that triggered movements in US stock prices
between 1993 and 2009 were, at least in part,
non-repetitive.
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Appendix
Details on outlier/break detection for Table 3

Table 3 includes step indicator saturation (SIS) to ensure
that the observed correlations are not solely artifacts of an
unmodeled shift in the dependent variable. These shifts
could be driven by announcements from policymakers or
geopolitical events which are difficult to incorporate into a
quantitative model. Similarly, they could be driven by
expected changes in fundamentals which have yet to materi-
alize. Our sentiment measure should capture much of these
effects, but SIS can also control for significant shifts in
omitted variables more generally. The indicator saturation
also ensures a well-specified statistical model valid for con-
ducting inference. The algorithm ensures that model reduc-
tion does not produce residual misspecification significant
at the 1% level. Hendry and Krolzig (2005) suggest using
the 1% level, as using a 5% level would result in rejecting a
good model based on one of the five tests (serial correl-
ation, heteroskedasticity, ARCH normality, or RESET)
about 25% of the time, which is deemed too high of a type
I error.

We again select SIS, and now also impulse indicator sat-
uration (IIS), at the 0.1% significance level, so only one in a
thousand would be retained by chance. The price of this
robust estimation is a loss in efficiency, although we still
attain many significant effects in Table 3. The estimates
below show the timing of the breaks for the respective sam-
ples, and the associated coefficient and t-value in brackets.
The coefficient estimates are displayed after the model
selection bias-correction of Hendry and Krolzig (2005).

Indicators for the 15™-percentile model

Step indicators

1989(12): 8.214[3.05];
1991(04): 13.956 [2.72];
1995(11): —5.222 [—3.69]

1991(01): —19.792 [—3.55];

Indicators for the 25™-percentile model

Step indicators

1989(12): 7.922 [2.96]; 1991(01): —20.046 [—3.62];
1991(04): 13.670 [2.66];

1994(12): —4.217 [—2.81]

Indicators for the 40™-percentile model

Impulse indicators

1984(08): 24.210 [2.81]; 1988(11): —23.507 [—2.73]
Step indicators

1989(12): 7.1879 [2.69];1991(01):—32.455
1991(02): 22.394 [2.81]

[—3.67];

The consistent theme is that there are breaks in
1989(12), 1991(01), and 1991(04). In terms of the estimates,
after 1989(12) the expected return falls, exogenous to our
model. The expected return, all else equal in the model, is
then higher after 1991(1) for three months, and then reverts
back to approximately its pre-1989 level. In the 15" and
25" percentile models, the expected return rises slightly
after the mid 1990s as well. The 40™ percentile model also
possesses two outliers in 1984(08) and 1988(11).

Additive sentiment in models of forecasted returns

Table Al demonstrates that the inclusion of the sentiment
measure in the model of forecasted returns renders the
entire effect of fundamentals insignificant.

Models of ex post returns

We have also investigated the effects of fundamentals and
interaction terms in driving ex post returns. Tables A2 and
A3 replicate the results of Tables 1 and 2 for ex post
returns. Again, we observe no significant effects for funda-
mentals without interactions, but significant effects for both
dividends and interest-rate news for each threshold exam-
ined. The models for ex post returns have much lower
model fit, as one might expect given the added noise of

Table A1. Forecasts of returns with mean dividend growth
and additive sentiment.

Percentile 15t 25t 40t
cons. 3.041 11.398 10.978 12.483
[4.26] [6.12] [5.62] [7.28]
AR(1) 0.891 0.878 0.873 0.880
[19.02] [18.31] [18.34] [18.44]
AR(2) —0.085 —0.107 —0.107 —0.107
[—1.84] [—2.34] [—2.36] [—2.35]
Ad?m —11.393 13.564 10.866 88.183
[—0.20] [0.22] [0.17] [0.99]
Aiy —1.597 —4.112 —3.858 —3.936
[—0.70] [—1.91] [—1.61] [—1.49]
Adem . 5 ~27.501 228.804 —248.825
[—0.11] [0.91] [—1.27]
Adem . 5 52780 —97.218 —146.163
[0.20] [—0.62] [—0.96]
AV 5? 12411 7.255 6.037
[1.02] [0.82] [0.89]
Aiy - S¢ —16.116 —11.233 —8.523
[—2.96] [—2.33] [—1.60]
Sent; 27.955 26.719 31.067
[5.06] [4.56] [6.32]
Adj. R? 0.671 0.705 0.706 0.706

Notes: Newey-West heteroskedasticity and auto-correlation (HAC) robust t-
values are displayed in brackets underneath the coefficient estimates.

Table A2. Ex post returns with mean dividend growth.

Percentile 15" 25t 40"
cons. 0.008 0.008 0.007 0.008
[4.76] [4.76] [4.40] [433]
AR(1) 0277 0217 0.269 0.252
[4.16] [3.22] [3.86] [3.69]
AR(2) —0.068 —0.159 —0.153 —0.131
[—1.36] [—2.92] [—2.71] [—2.26]
Addm 0.003 —0.614 —0.905 —0.902
[0.01] [—2.57] [—4.03] [—3.78]
Ay 0.004 0.004 0.011 0.017
[0.48] [0.43] [1.13] [1.51]
Adim . SF 2345 2,657 1.351
[2.50] [4.13] [2.45]
Addm . s- 7.493 4180 3.197
[4.51] [3.42] [3.03]
Al - S —0.104 —0.082 —0.064
[—1.85] [—2.56] [—3.42]
Ai - S¢ —0.081 —0.064 —0.064
[—6.16] [—3.90] [—3.90]
Adj. R? 0.065 0.207 0.184 0.166

Notes: Newey-West heteroskedasticity and auto-correlation (HAC) robust t-
values are displayed in brackets underneath the coefficient estimates.



forecast errors, but the improvement from the inclusion of
the interaction terms is greater in absolute and percentage
terms than in the models of forecasted returns.

Models with ex post returns and
additive sentiment

These models reported in Table A4 have much lower model
fit than those for forecasted returns in Table 1. This is con-
sistent with the difficulties documented in the literature in
accounting for ex post returns, which in turn underscores the
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Forecasted returns with mean dividend growth

until the great recession

Table A5. Forecasts of returns with mean dividend growth
until the great recession.

importance of using survey data in studies of asset markets.

Table A3. Ex post
dend growth.

returns with breaks

in mean divi-

Percentile 15t 25" 40"
cons. 0.006 0.007 0.007 0.006
[3.06] 13.88] [3.41] 3.09]
AR(1) 0277 0.234 0.246 0218
[4.13] 13.72] [3.70] 3.69]
AR(2) —0.067 -0.127 —0.098 —0.087
[-1.33] [-2.63] [-1.87] [-1.64]
Addm —0.131 -1.017 —0.878 —1.128
[-0.168] [-1.29] [-1.04] [-1.94]
Ay 0.004 0.007 0.009 0.024
[0.51] [0.64] [0.78] [2.02]
Addm - S 1523 3.739 1574
[0.75] [2.86] [1.01]
Addm - S; 7.905 4.267 4.819
13.21] [231] [2.50]
Aie - S —0.039 —0.029 —0.058
[-1.64] [-1.20] [-3.09]
Ai - S¢ -0.019 —0.032 —0.070
[-0.90] [-1.67] [-3.60]
Adj. R? 0.065 0.117 0.092 0.133

Notes: Newey-West heteroskedasticity and auto-correlation (HAC) robust t-
values are displayed in brackets underneath the coefficient estimates.

Table A4. Ex post returns with mean dividend growth and

additive sentiment.

Percentile 15t 25t 40"
cons. 0.006 0.049 0.049 0.053
[2.92] [9.04] [8.09] [9.09]
AR(1) 0.277 0.187 0.223 0.220
[4.16] [2.72] [3.18] [3.25]
AR(2) —0.068 -0.179 —0.168 —0.146
[-1.36] [-3.27] [-3.10] [—2.68]
Addm 0.003 -0.172 —0.180 0.083
[0.01] [-0.62] [-0.633] [0.22]
Ay 0.004 —-0.011 —0.008 —0.007
[0.48] [-1.57] [-0.96] [-0.83]
AdIm . s+ —1.308 —0.836 —1.774
[-1.41] [-1.03] [—2.46]
AdIm . S- 5.149 2.271 1272
[3.38] [2.24] [1.65]
Aii - S 0.031 —0.002 —0.005
[0.712] [-0.11] [-0.31]
Aii - S¢ —-0.016 —0.007 —0.009
[-0.88] [—0.46] [-0.60]
Sent, 0.144 0.146 0.159
[7.28] [6.78] [7.52]
Adj. R? 0.065 0317 0.282 0.281

Notes: Newey-West heteroskedasticity and auto-correlation (HAC) robust t-
values are displayed in brackets underneath the coefficient estimates.

Percentile 15t 25t 40"
cons. 3.023 3.131 3.030 3.207
[3.94] [3.99] [3.72] [3.95]
AR(1) 0.887 0.897 0.888 0.886
[16.04] [15.47] [15.29] [17.42]
AR(2) —0.098 -0.119 -0.126 —0.121
[—1.87] [-2.18] [—2.36] [-2.29]
Adom —12.891 —178.430 —246.346 —252.115
[-0.13] [-1.63] [-1.83] [-0.79]
Ay -3372 —2.595 -2.128 -1.750
[—1.56] [-1.14] [-0.88] [-0.588]
Adm . s+ 712.591 1019.27 656.022
[2.43] [3.83] [2.41]
Addm . 5¢ 699.769 207.156 280.766
[2.75] [0.79] [0.85]
Ai - St —13.195 -6316 —3.818
[-0.89] [-0.92] [-0.56]
Al - S7 —27.331 —-17.347 —13.131
[—4.23] [-3.70] [-2.30]
Adj. R? 0.660 0.673 0.675 0.670

Notes: Newey-West heteroskedasticity and auto-correlation (HAC) robust t-
values are displayed in brackets underneath the coefficient estimates.
The estimation window is ended in 2007(11), before the NBER official
beginning of the Great Recession.
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