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JEL classification: We set up an endowment based asset pricing model in which agents have heterogeneous
Gl12 expectations about future price levels. Expectations are a function of fundamentals or trends, both
G14 interacted with sentiment. Agents are able to switch between expectation formation functions
G4l based on past performance combined with sentiment. Estimation results on the S&P500 index
Keywords: as well as its constituents reveal that there is heterogeneity between agents, with substantial

. . switching between groups. We find that sentiment has both a direct and an indirect effect on
Expectation formation : o . - S . .
Investor sentiment expe:ctatlons. Specifically, heterogenel?y b.etween groups is }ncreasmg in sen.tlment, and higher
Heterogeneity sentiment reduces the frequency of switching between functions. Our results imply that the true

expectation formation process is a dynamic process based on multiple information sources.

1. Introduction

Expectations about future risk and return take center stage in the asset pricing literature (Sharpe, 1964; Lintner, 1965; Cochrane,
2005). While the traditional approach is to assume that investors hold rational expectations (Muth, 1961), more recent empirical
work indicates that individual expectations are not rational (Cavaglia et al., 1994; MacDonald, 2000; Bloomfield and Hales, 2002;
Hommes et al., 2004; Greenwood and Shleifer, 2014). An open question is how individuals do form expectations if not rational. Several
alternatives have been proposed, typically separate from each other. For example, the investor sentiment literature (De Long et al.,
1990; Baker and Wurgler, 2006, 2007) suggests that investors have stochastic but, on average, positive biases in their expectations.
The heterogeneous agent literature, on the other hand, assumes that investors use different heuristics in forming expectations and
switch between those heuristics over time (Barberis et al., 1998; Barberis and Shleifer, 2003; Hommes and LeBaron, 2018; ter Ellen
et al., 2019). In this paper, we develop an asset pricing model combining heterogeneity with sentiment. The combination between
the two approaches yields insights into the interactions between them. Estimation results for the S&P500 and its constituents reveal
that both sentiment and heterogeneity play an important role in the price formation process, and we document strong interactions
between sentiment and heterogeneity. In addition, we find substantial variation in the expectation formation function across stocks.
Our results imply that the true model of expectation formation is highly conditional.
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Modeling non-rational expectation is essentially introduced in the literature through the notion of noise trader risk. Noise trader
risk, as introduced by Shleifer and Vishny (1997), is modeled by De Long et al. (1990) as a stochastic bias with positive mean added
to otherwise rational expectations. The most natural way to capture noise trader risk empirically, is through investor sentiment. The
investor sentiment literature shows that sentiment, broadly defined, is positively associated with contemporaneous stock returns and
negatively with lagged returns (Brown and Cliff, 2004; Baker and Wurgler, 2006, 2007; Chung et al., 2012). Investor sentiment has
also been shown to have real effect, such as investments (Baker, 2009) and employment (Montone and Zwinkels, 2020).

Agent based models, or more specifically heterogeneous agent models (HAMs), on the other hand, assume that financial markets
are populated by agents that use different heuristics to form expectations (Zeeman, 1974; Brock and Hommes, 1997; Barberis et al.,
1998). Typically, these models include two types of agents: fundamentalists and chartists. Fundamentalists expect prices to revert
to a (perceived) fundamental value. As such, they are closely related to the typical rational investor. Chartists, on the contrary,
do not consider economic fundamentals but base their expectations on recent price trends. This is motivated by the ample, mainly
experimental, evidence that people have a tendency to extrapolate trends when forming expectations (Bloomfield and Hales, 2002;
Greenwood and Shleifer, 2014; Landier et al., 2018). An additional feature of these models is that agents are able to switch between
heuristics. Typically, the switching between heuristics occurs based on past performance. A host of studies have found empirical
support for this approach to expectation formation in all sorts of asset classes; see Lux and Zwinkels (2018) for an overview.

In this paper, we develop a HAM in which investor sentiment directly and indirectly affects the expectation formation processes
of fundamentalists and chartists. We extend the model of Brock and Hommes (1998) by integrating sentiment in the expectation
formation process and allow for interactions between sentiment and heterogeneity. Baker and Wurgler (2006) focus on the cross-
sectional variation in sensitivity to sentiment-based demand shocks. We extend this line in our setting and introduce time-variation
in sensitivity to sentiment. This is motivated by the time-variation in noise trader activity, as well as time variation in arbitrage
opportunities; see Shleifer and Vishny (1997) and Brunnermeier and Pedersen (2009). De Long et al. (1990) introduce noise traders
next to sophisticated investors, where noise traders are sensitive to sentiment. In additional analyses, they allow for time-variation in
the proportion of noise traders, which introduces time-variation in market sensitivity to sentiment. Specifically to our model, we let
the expectations of all agents depend on sentiment directly, separate from the information they incorporate (fundamental vs trends).
As chartists are more akin to noise traders and fundamentalists more akin to rational arbitrageurs, we expect that chartists are more
sensitive to sentiment.

Then, we allow the fundamentalist mean reversion coefficient and chartist extrapolation coefficient to be time-varying and con-
ditional on investor sentiment. Investor sentiment might affect investor heterogeneity through overconfidence. With regard to the
belief formation, overconfidence could result in an exaggerated view that stock prices will evolve according to a specific belief that
investors may hold. For instance, in times of high sentiment a fundamentalist may become more confident about the mean-reversion
of the stock price towards a fundamental value (Huang and Goo, 2008). Likewise, a chartist may become more confident about
price-continuation and thus become more extreme in their belief, expecting a more extreme price continuation than they would in
case of low sentiment. Hence, we expect that high sentiment leads to more extreme beliefs of the different agents, thus resulting in
more heterogeneity in beliefs as in Scheinkman and Xiong (2003). By the same token, we expect sentiment to have an impact on the
switching behavior of agents between types. Because of the overconfidence induced by high sentiment, agents may become less sen-
sitive to past performance of a specific trading strategy. This is because overconfidence can lead to belief perseverance (Kahneman et
al., 1982), i.e., an overreliance on private beliefs and an underreliance on public signals. This results in agents holding on to the belief
that they have formed (either fundamentalist or chartist) and paying less attention to public signals (Barberis et al., 1998), in this
case the past performance of a specific trading strategy. Hence, our expectation is that overconfidence, induced by high sentiment,
leads to a reduction in the switching behavior of agents.!

In the empirical part of the paper, we estimate our model on the S&P500 index and its constituents with daily observations over
the period 2003 to 2023. We measure sentiment using the Buckman et al. (2020) news sentiment index. We find strong support for
the joint importance of both heterogeneity and sentiment as well as their interaction. Specifically, the empirical results are consistent
with our model with time-varying heterogeneity, in which fundamentalists and chartists co-exist in dynamic proportions. We find that
especially chartists are sensitive to sentiment; because of the time-varying proportions of fundamentalists and chartists, the sensitivity
to sentiment of the market in general is also time-varying. Furthermore, investor sentiment interacts with the expectation formation
process as modeled, generating more heterogeneity in times of high sentiment; high sentiment results in stronger mean-reversion for
the fundamentalist, and stronger price extrapolation for the chartist. In addition, agents switch less between the various trading rules
in times of high sentiment, in line with the notion that investors become overconfident in times of high sentiment and thus rely more
on their private beliefs rather than performance signals they get from the market. For the individual constituents of the S&P500 we
find, on average, similar results as for the index. There is, however, ample variation in the coefficients across stocks. The results are
robust to the exact specification of the model, the definition of the fundamental value, and the exact definition of sentiment.

Our findings illustrate that two approaches to expectation formation, sentiment and heterogeneity, have important interactions
and should therefore not be considered in isolation. Our results also illustrate that the discussion about a proper alternative to
rational expectations has not settled. Whereas prospect theory by Kahneman and Tversky (1979) is a more realistic approach relative
to expected utility theory on the preferences side, the alternative to rational expectations on the beliefs side is not clear yet. The

1 A related study to ours is Kukacka and Barunik (2013). They evaluate the impact of behavioral breaks in heterogeneous agent models. Specifically, they address
the question of whether HAMs can capture behavioral biases, such as herding, overconfidence, and market sentiment. Through a numerical analysis, they demonstrate
that HAMs can indeed capture dynamics generated as a consequence of behavioral biases. Their work forms an important motivation for our empirical study.
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consensus does appear to be that the alternative approach should have an element of trend extrapolation (Barberis et al., 2015). We
confirm the importance of trend extrapolation, but our results show, however, that this leaves out important other dynamics over
time as well as across assets.

The remainder of the paper is organized as follows. In Section 2 we present the heterogeneous agent model with sentiment and
Section 3 contains the description of the data and empirical methods. Section 4 presents the results, Section 5 shows results of various
robustness tests, and Section 6 concludes.

2. Model

We use a modified version of the Brock and Hommes (1998) model as the basis of our model. Assume an economy with a risk-free
asset and a single risky asset with price p, that pays a stochastic dividend y,. Wealth then evolves according to:

Wip1 = RW, + (py1 + Vg1 — RP)zss @

where R is the risk free rate and z, the demand for the risky asset.
Investors are mean-variance optimizers such that their demand for the risky asset solves:

Max, {Eht(u/t+1)_(a/2)°'ﬁ,(”/r+1)}, (2
in which E, (W,,,) is the expectation that investors of type A = {1, ..., H} at time 7 has about next period wealth W,_ |, a is the risk
aversion parameter and ai (W) the variance of wealth. We assume that the variance of wealth is time invariant and homogeneous
across investor types, i.e. o-it(VV, +1) = 62. Solving yields the optimal demand for the risky asset, z,, i.e.:

Zpe = Ep(Pry1 + Vi1 — Rpt)/aaz. 3
Given that there are H groups of investors, we define n;, as the fraction of type 4 investors in period ¢ with Y n,, = 1Vt and

ny; > 0. Total demand for the risky asset is then given by:

H

Z"ht {Ehr(l’t+1 + V41 —Rpr)/acz}. (€]
h=1

Without loss of generality, we can set the outside supply of the risky asset to zero, such that the market clearing equation is given
by:

H
Z”hr {Eht(pt+] + Vet —Rp,)/ao‘z} =0, (5)
h=1
and:
H
Rp, = Z A Epi(Dryt + Yig1)- (6)
h=1

Now assume that a fundamental price is given by py. It is then convenient to write the model in terms of deviations from the
fundamental, x, = p, — p;. We make the assumption that all beliefs of the groups in H are of the form:

Ep i1 + V4= E,(p:‘ﬂ + Vi) + S gy X, @

such that expectations are given by the fundamental expectation plus a function f() of past price deviations from the fundamental.
Equation (6) can be written as:

Rx, = Z"hrfh,t(xt—l""’xf—L)' .

Consistent with the literature on heterogeneous agents, we assume two types of traders with different beliefs, fundamentalists and
chartists; H = F,C. Up to this point, our model is consistent with the original Brock and Hommes (1998) model. We now deviate
from this model by allowing both fundamentalist and chartist beliefs to be conditional on sentiment, both directly and indirectly.
The fundamentalists expect the price level to converge to the fundamental value, and thus x, to converge to zero. We let the speed
of convergence, however, to be conditional on market sentiment. Hence:

fre= [(d’} + ¢2FSt)xr—1 + ¢37St] , )

where S, is market sentiment. Note that agents take the observable information from the previous period, x,_;. Agents are affected
by their own contemporaneous sentiment when forming expectations. Therefore, we take sentiment in period ¢, so S,. In accordance
with a fundamentalist belief, we expect 0 < qbiF < 1, i.e., a deviation from the fundamental price will mean-revert towards zero in
the subsequent period. Whereas in some models it is assumed that fundamentalists expect complete mean reversion in one period,
ie., d)lF =0, such as in Hommes and Lustenhouwer (2019), we let the data decide how fast mean reversion takes place. In addition,
we expect q’ai <0, i.e., the higher the market sentiment, the stronger the belief of the fundamentalist in mean-reversion (Huang and

3
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Goo, 2008). This negative expectation for ¢2F is in line with (over)optimism resulting in a stronger fundamentalist belief. Finally, we
expect qbfv > 0, as expectations respond positively to sentiment (Baker and Wurgler, 2006).
Chartists, on the other hand, are destabilizing and expect the deviation between price and fundamental to increase. Hence:

fei= @6 +d2S)x, ) +dLS,]. (10)

with ¢ lc > 1, i.e., according to the chartist belief, a price discrepancy observed in the past is expected to increase in subsequent periods.

In line with the expectation that this belief will get stronger in periods of high sentiment (due to (over)optimism), we expect ¢2c > 0.

Finally, we expect ¢3C >0 and ¢3C > qﬁ, meaning that we expect chartists to be more sensitive to sentiment than fundamentalists.
Given these functional forms, we can rewrite Equation (8) as:

Rx, =np, (¢} + d%S)x,_ | + 3.5 +ne, (@ + d2S)x, 1 + ¢S] - an

Agents are able to switch between groups conditional on the relative performance of the groups. In other words, n,, is endogenously
determined by means of:

ny, , =exp <,B L) /Z 12)
i "Tp+ ey |
Tht
Z,= ) exp <ﬂ 7> R
' Zh: I”F,t + ey

which simplifies to:
-1
TFe = TCy
np,= 1+exp<ﬂ;>> R 13)
Fr < I”F,t + 7y

-1
ey —TFy
ne,=1—-np,=(1+ex _ s
o F ( p<ﬂt”F,t+”C,r>>

in which 7, and 7, is the performance of fundamentalists and chartists, respectively.
The intensity of choice parameter, f,, varies over time conditional on sentiment. Specifically:

ﬂt=ﬁ_+WSt’ 14

where f captures the degree of switching when sentiment is equal to zero, and y captures the impact of sentiment on switching
behavior.

A positive value of g, implies that agents switch towards the investment belief that has yielded the highest performance in the
recent past (i.e., they follow a positive feedback trading strategy), while a negative value of g, implies that agents switch towards
the investment belief that has yielded the lowest performance in the recent past (i.e., they follow a negative feedback or contrarian
trading strategy). When y takes on the same sign as f, sentiment intensifies the switching behavior, while when y takes on the
opposite sign of f, sentiment mitigates the switching behavior. In line with the notion that high sentiment results in (over)optimism
and overconfidence, y can be interpreted as the degree of belief perseverance (Kahneman et al., 1982) and thus to take on the
opposite sign of § as agents would rely more on their private beliefs than public signals (which in this case is the past performance
of the different trading strategies).

To complete the model, we need to define the performance measure 7z, ,. We assume that agents base their choice on the relative
ability of the groups to forecast x, over the previous I periods. Specifically:

1
= 2 Ximi = Pl s
i=1
in which [ is set to five in the benchmark case; sensitivity to this choice is checked later in the paper.
3. Data and methods

To estimate our heterogeneous agent model, we obtain daily data on dividend yield, price-earnings ratio, and the total return
index on S&P500 from Thomson Reuters Datastream. Our final sample contains 6,064 daily observations over the period 03 January
2000 to 30 March 2023. Using these data, we first need to obtain a proxy the fundamental value p*. Similar to Boswijk et al. (2007)
we compute the fundamental value based on the Gordon growth model:

«_l+g
P, =
r—g
in which g is the growth rate of dividends y, and r the required return.

Assuming that the long-run growth in prices is equal to the long-run growth in dividends (Fama and French, 2002), we get that
r— g =y/p. Hence:

Vi (16)
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Fig. 1. Price, fundamental price, and deviation.
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Notes: This figure presents the sentiment measure .S, which is the Buckman et al. (2020)
daily news sentiment index.

Fig. 2. Investor sentiment.

pot8
" E(/p)
where E(y/p) is the expected dividend yield. In the benchmark setting, we assume that agents take a 100-day historical rolling
average to calculate g and E(y/p).> Note that we take logs of all values. Fig. 1 presents the evolution of p,, p;, and x, for the S&P500,
and Table 1 the descriptive statistics.

Both Fig. 1 and Table 1 show that our measure of a fundamental value behaves as one would expect from a fundamental value
estimate. On average, the fundamental value is roughly equal to the market value. Furthermore, the market value is more volatile
than the fundamental value, consistent with the findings of Shiller (1981).

To measure sentiment, we employ daily news sentiment measure of Buckman et al. (2020). This index is a high frequency measure
of economic sentiment based on lexical analysis of economics-related news articles. The advantage of this measure is that it is available
at the daily frequency over a long period, and measures sentiment at large, not only for investors.

Apart from the S&P500 index itself, we also estimate the model on its constituents. Because the fundamental value calculation
requires companies to pay dividends, we only include companies that pay dividends throughout the period. Furthermore, as the
nonlinear model requires a high number of observations, we only include firms with daily observations throughout the full sample
period. This leaves us with 184 unique companies. This is clearly not a representative sample of all listed U.S. companies, but contains
a bias towards older, larger, and more successful companies. However, it does provide a first insight into the cross-sectional variation
in heterogeneity, sensitivity to sentiment, and switching behavior. It is a large enough sample for cross-sectional analyses, although
we need to be careful generalizing the results to the full population of companies.

Daily stock prices (closing prices, adjusted for splits and spinoffs) and dividend yields are obtained through Factset (FG_Price and
FG_DIV_YLD). These are used to calculate x and average return Ret (daily log returns). To calculate average company characteristics,

Yo a7

2 In the empirical section we study the robustness of the results to this choice.
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Table 1
Descriptive statistics S&P500.

Xy 14 p; S,
Mean 0.009 7.433 7.426 0.004
Median 0.020 7.270 7.273 0.010
Maximum 0.139 8.476 8.430 0.430
Minimum -0.390 6.517 6.715 -0.670
Std. Dev. 0.056 0.462 0.457 0.199
Observations 6,064 6,064 5,993 6,064

Notes: This table presents the descriptive statistics of the market and sentiment data. p, represents the
log-S&P500 index; p; the fundamental value based on Equation (17); x, = p, — p;. Sentiment is the
daily news sentiment index from Buckman et al. (2020).

Table 2
Descriptive statistics stocks.

x_avg ret_avg dy_avg Size BtM
Mean 0.016 0.000 2.406 40,494 0.427
Median 0.015 0.000 2.194 18,183 0.391
Maximum 0.037 0.001 6.160 343,960 1.213
Minimum -0.005 0.000 0.094 3,912 -0.022
Std. Dev. 0.009 0.000 1.240 55,707 0.239
Observations 184 184 184 184 184

Notes: This table presents the descriptive statistics of the included individual stocks. x, = p, — p;, and x avg is the
average x, over the included companies; ret_avg is the average return; dy_avg the average dividend yield; Size is the
market capitalization (in millions); and BtM is the average book-to-market value.

we obtain annual data from the CRSP-compustat merged database through WRDS. Specifically, we calculate Size by multiplying
closing price (PRCC_C) with the number of common stocks outstanding (CSHO, in millions). We calculate book-to-market by dividing
book value per share (BKVLPS) by closing price (PRCC_C). Table 2 presents the descriptive statistics of the stock-level data. The
numbers represent average statistics over the 184 individual stocks.®

We estimate the model given by the empirical version of Equation (11), including an intercept and residual term, by means of
maximum likelihood. We build up the analysis by first estimating a restricted model with no switching (8 = 0) and no sentiment
interaction (qf)i = 0). We then build towards the full model by first introducing switching, and then sentiment. At each step, we use
the estimated coefficients of the previous step as starting values. Otherwise, we did not apply parameter restrictions.

4. Results

In this section, we present the estimation results for the model developed in Section 2. We first present the results for the S&P500
index, and subsequently the results per individual stock. Then, we look into the cross-section of estimation results across stocks.
Finally, we show various parameterizations of the model and document the results for several robustness tests.

4.1. Index results

In Table 3 we present the estimation results for the S&P500. We start with the estimation of a homogeneous agent model, where
we do not allow for heterogeneous beliefs and do not consider the impact of sentiment. We then build up the full model by introducing
additional elements step by step.

The estimation results for the homogeneous agent model (1) in Table 3 indicate that x, is mean-reverting, with a highly significant
AR(1) coefficient of 0.947.* Model (2) only includes sentiment, and we confirm earlier literature that shows a positive contempora-
neous relation between sentiment and returns (Baker and Wurgler, 2006, 2007). Model (3) includes sentiment in the homogeneous
agent model and reveals that sentiment does not have an indirect (¢2F) nor a direct (¢3F) effect on x when not considering hetero-
geneity. The LLR-1 statistic, which is the likelihood ratio test comparing the fit of model 3 to model 1, also indicates that the model
fit does not increase significantly after introducing sentiment to the homogeneous agent model. Model (4) introduces heterogeneity
to Model (1), but still excludes sentiment. Results show that there is significant heterogeneity in S&P500 return expectations: fun-
damentalists expect mean reversion (d)lv < 1) whereas chartists expect the mispricing to increase (¢>'C > 1). The switching parameter
f is negative, meaning that agents switch away from the strategy that performed well in the previous five periods, i.e. they follow
a negative feedback trading strategy. The LLR-1 statistic indicates that allowing for heterogeneity significantly increases the fit of

3 E.g., Ret is calculated by first taking the time-series average per stock over the full sample period, and subsequently calculating the mean, median, etc. over the
184 stocks.
4 Indeed, the Augmented Dickey-Fuller unit root test rejects the null of a unit root in x, with p = 0.000; results not shown.
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Table 3
Estimation results: index.
[€D) 2 3 4 5 (6)
@ 0.977*** 0.980*** 0.774*** 0.961*** 0.883**
(676.286) (288.377) (37.327) (59.456) (34.357)
I 0.013 -0.396*** -0.550***
(1.419) (-7.577) (-7.867)
& 0.080%** -0.000 0.015%* 0.015%**
(23.644) (-0.525) (3.478) (3.607)
PL 1.195%* 1.006*** 1.086**
(56.449) (64.351) (42.014)
P 0.411%* 0.570%*
(8.011) (8.072)
Py -0.017*** -0.017**
(-4.148) (-4.806)
B -0.657** -1.506%** -0.812%**
(-8.907) (-9.682) (-3.673)
v 2.455%+
(4.372)
c 0.000 0.009*** 0.000 0.000 0.000 0.000
(1.098) (9.669) (0.702) (1.272) (0.651) (0.826)
#obs 5,965 5,965 5,965 5,965 5,965 5,965
LL 17,885.7 8,880.5 17,886.3 17,901.6 17,914.8 17,919.1
LLR-1 1.180 31.700
LLR-3 56.940
LLR-4 26.420
LLR-5 8.700

Notes: This table presents the estimation results of the model given by Equation (11). LL is the likelihood; LLR-1, LLR-3,
and LLR-5 represent outcomes of the likelihood ratio test with model 1, 3, and 5 as the restricted models, respectively.

Robust t-values in parentheses; *, **, *** represents significance at the 10, 5, and 1% level, respectively.

the homogeneous agent model (1). These findings corroborate earlier estimation efforts on the S&P500 from Boswijk et al. (2007),
Chiarella et al. (2014), and ter Ellen et al. (2021).

Model (5) introduces sentiment in the fundamentalist and chartist expectation formation functions. Sentiment has a direct effect on
both the chartist and the fundamentalist expectation formation. First, we observe that both chartists’ and fundamentalists’ expectations
are directly sensitive to sentiment; both ¢3C and ¢3F are significantly different from zero, and their absolute values are directly
comparable. Whereas fundamentalists are positively sensitive to sentiment, chartists expectation react negatively to sentiment shocks.
Their opposing signs explain why the direct effect of sentiment in Model (3) is insignificant. Regarding the interaction effects of
sentiment, we find for chartists ¢2C > 0, implying that chartists extrapolate (even) stronger in times of high sentiment. In other words,
they become ‘more chartist’ in reaction to sentiment shocks. Fundamentalists, on the other hand, expect greater mean reversion in
times of high sentiment (qbfv < 0). These findings imply that agents becoming more optimistic about their specific trading strategy in
times of high sentiment, and imply that sentiment is positively related to heterogeneity. The switching coefficient, /§, remains negative
and significant. The LLR-3 statistic for model (5) shows that adding sentiment to the expectation formation functions significantly
contributes to the explanatory power of the model.

Finally, model (6) is the full model with heterogeneity, switching, and sentiment in both the switching and the expectation for-
mation functions. Overall, the findings of Model (5) remain. Furthermore, sentiment has a negative effect on the switching tendency;
w > 0 whereas E < 0. This implies that investors tend to stick to their investment strategy more (less) in terms of high (low) sentiment.
The estimated coefficients imply that there is no switching when sentiment is 1.602/25.952 =0.062 and turns positive for higher lev-
els of sentiment, which is true in 6% of the days in the sample. Compared to Model (5), we observe that introducing sentiment in
the switching function adds to the explanatory power of the model; the LLR-5 statistic for Model (6) is significant. This suggests that
sentiment has a significant moderating role on switching behavior, which is in line with belief perseverance where agents rely more
on their private beliefs rather than public signals (Baumeister, 2007).

To demonstrate the impact of sentiment on switching behavior over time, Fig. 3 presents the evolution of f, over time, as well
as the time-varying AR(1) coefficient from Equation (11), given by np, * ((j)lv + lf)%: *.8,) + ney * (¢1C + ti)i, *.S5;). The time-varying
intensity of choice p, is negative, on average, indicating that investors tend to switch away from the better performing strategy. This
could be driven by expectations of mean reversion in strategy performance. On a number of occasions, especially between 2004 and
2007, the intensity of choice turns positive. When looking at this period in Fig. 1, it seems to coincide with a relatively tranquil
episode with small deviation of price from fundamental, presumably because there are not large price swings towards and from the
fundamental, causing agents to switch between groups. Otherwise, the movements of g, follow those of sentiment as seen in Fig. 2.
The average AR(1) coefficient ng, * ¢ + nc, * ¢ is below unity, on average, implying a globally stable system. Hence, the market
price reverts to its fundamental value in the long-run; i.e., x, goes to zero. There are, however, periods in which chartists dominate,
pushing the weighted average AR(1) coefficient above unity, causing a locally unstable market environment. We especially observe
unstable behavior surrounding market turmoil, such as the Global Financial Crisis in 2008/2009, the sovereign debt crisis in 2010
and the COVID crisis in 2020.
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Fig. 3. Time-varying intensity of choice.

Table 4
Estimation results: stocks.

1) (2) (3 (4) (5) (6)
@ 0.973* 0.978" 0.648"* 0.669"" 0.643"*
(515.787) (2911.911) (25.041) (16.013) (14.537)
% 0.017** -1.049** -1.257**
(13.235) (-8.521) (-8.741)
@3, 0.106*** 0.000"* -0.014 -0.023**
(23.819) (2.309) (-1.573) (-2.027)
@ 1.310"* 1.293** 1.318"
(50.360) (30.912) (29.802)
L 1.076*** 1.274%
(8.736) (8.842)
&3 0.015 0.023**
(1.646) (2.033)
B 0.284" -0.359* -0.181*
(1.792) (-4.413) (-2.328)
v 1.163*
(10.096)

Notes: This table presents the average estimation results of the model given by Equation (11) on each of the constituents
of the S&P500. T-values are calculated across the cross-section of stocks and given in parentheses; *, **, *** represents
significance at the 10, 5, and 1% level, respectively.

4.2. Individual stocks results

4.2.1. Model estimates

In the previous subsection, we presented the estimation results of our heterogeneous agent model on the S&P500 index. In this
subsection, we proceed by estimating the model individually for each of the 184 constituents of the S&P500 index for which sufficient
data is available. The average estimation results and the cross-sectional standard errors across the stocks are presented in Table 4.

Table 4 is built up equivalently to Table 3; first, we estimate the most restricted model excluding both heterogeneity and sentiment,
and increase the flexibility of the model step by step from Model (1) through Model (6). Overall, the estimation results per stock are
highly comparable to those for the full index in the sense that the average stock displays heterogeneity, switching, and sensitivity
to sentiment in both the expectation formation rules as well as the switching function. In Model (1), we observe that the average
AR(1) coefficient is high but below unity. In Model (2), we see that the average stock’s price deviation x, has a positive unconditional
exposure to sentiment. In the estimation results for Model (3) we observe some difference with the estimation results for the index:
whereas ¢2F and qb*;_. were insignificant for the index, they are significant on average over the individual stocks. Specifically, qbi. >0,
implying that mean-reversion slows down in times of high sentiment. dﬁr > 0 as well, confirming the positive unconditional effect
of sentiment on equity markets. The fundamentalist and chartist coefficients in Model (4) are comparable to those in Table 3, with
d)lF <l< d)lc. The switching parameter B, however, is positive for the average stock whereas it was negative for the index. In Model
(5), after introducing sentiment in the expectation formation rules, we again observe heterogeneity and switching. Different from
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Notes: This figure presents the distributions of the coefficient estimates of the model given by Equation (11), estimated on 184 stocks from the S&P500 index.

Fig. 4. Estimated coefficients per stock.

Table 3, the direct effects of sentiment on fundamentalists and chartists captured by ¢fv and ¢3C are now (marginally) insignificant.

Different from Model (4), the intensity of choice § is now negative again. Finally, the estimation results of the full model in Model
(6) show that, different from before, fundamentalists have a negative direct sensitivity to sentiment (qbi, < 0), whereas chartists have
a positive direct sensitivity to sentiment (¢3C > 0).

Whereas Table 4 presents the average estimation results over the 184 stocks, in Fig. 4 we present the distributions of the estimated
coefficients.

The first row of Fig. 4 displays the distributions of the estimated fundamentalist expectation formation rules. The distribution of
d)lF in the top left figure shows that for the majority of stocks the coefficient is just below unity. There is a left tail in the distribution,
indicating that for a number of stocks the fundamentalists expect slower mean reversion. For a small proportion of stocks, the
coefficient is below zero. This implies that for average sentiment (i.e., S = 0), fundamentalists expect prices to mean-revert oscillating.
The distribution of (;b% in the top middle figure shows that for the majority of stocks the indirect effect of sentiment on the mean
reversion parameter is negative, as we found for the index in Table 3. For ¢, the direct effect of sentiment on fundamentalist
expectations, the estimates are clustered around zero with a number of outliers in the left tail. This explains the sign flip from Models
(2) and (3) to (5) and (6) in Table 4.

The middle row of Fig. 4 displays the distribution of the estimated chartists expectation formation rules. The chartist extrapolation
coefficient gblc is between 1.0 and 1.5 for the far majority of stocks. There is a right tail with very high coefficients, but these cannot
be interpreted without the interaction with sentiment. The middle figure in the middle row shows the distribution of ¢2C. Clearly,
almost all numbers are above zero, indicating that for most stocks the chartist extrapolation becomes stronger with sentiment. The
figure on the right hand side of the middle row, depicting ¢3C, shows a more dispersed image. Hence, as we observed for qS;, the sign
of the direct effect of sentiment on the chartist expectation formation rule is not so uniform.

The bottom row of Fig. 4, finally, shows the distribution of the coefficients governing the switching function, ﬁ and . As for the
index, for the majority of stocks we observe a small negative intensity of choice B, implying that agents switch towards the expectation
formation rule that performed worse in the previous five periods. The sensitivity of the intensity of choice parameter to sentiment,
captured by v, is positive for the majority of stocks. Hence, as for the index, for most stocks the switching between groups decreases
in sentiment, consistent with beliefs perseverance.

Hence, for most coefficients the findings for the individual stocks are in line with those for the index. The exceptions are the direct
effects of sentiment on the fundamentalists and chartists rules, ¢i and ¢?,, which are more spread out above and below zero.

Whereas the previous analyses focused on the average stock and the distribution of stocks, we now proceed to study the cross-
section of stocks. Specifically, we test whether the estimated coefficient of our heterogeneous agent model correlates with specific
company characteristics. Baker and Wurgler (2006) and Baker and Wurgler (2007) study how the sensitivity to investor sentiment
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Table 5
Cross-sectional results.
Dependent: Ml - ¢ M2 - ¢? M3 - ¢? M4 - p M5 - ¢ M5 - @2 M6 -y
ret_avg -3.103* -3.245"* -7.158 1010.2* 702.05 -710.3 -218.36
(-1.709) (12.201) (-0.966) (2.294) (0.937) (-0.951) (-0.328)
ret_stdev 0.419*** -1.245%* -0.018 -17.285 -28.116 28.006 -11.001
(6.542) (12.739) (-0.066) (-1.054) (-0.871) (0.867) (-0.470)
x_avg 0.001 10.609 -0.216 16.803* 9.290 -9.549 -5.689
(0.022) (0.270) (-1.362) (1.697) (0.594) (-0.613) (-0.380)
x_stdev 0.114*** 6.217 -0.108** -7.175%* -5.884 5.713 0.811
(12.850) (-1.587) (-2.266) (-2.553) (-1.101) (1.068) (0.206)
x_abs 0.171*** 10.277 -0.189*** -10.189** -8.322 8.032 2.903
(13.442) (0.000) (-2.759) (-2.505) (-1.077) (1.039) (0.507)
dy_avg -0.001** 0.001 0.005*** -0.018 -0.039 0.048 -0.079
(-2.283) (0.000) (5.485) (-0.227) (-0.393) (0.479) (-0.975)
dy_stdev 0.001*** 0.032 0.004** -0.014 -0.093 0.099 0.024
(3.566) (0.000) (2.345) (-0.137) (-0.660) (0.697) (0.193)
Size 0.000 -0.007 0.000 -0.046 0.301** -0.301** 0.128
(-1.026) (0.000) (-0.064) (-0.507) (2.316) (-2.322) (1.129)
BtM 0.003*** 0.143 0.024** -0.453 -0.409 0.451 -0.153
(3.025) (0.000) (5.195) (-1.163) (-0.604) (0.664) (-0.288)

Notes: This table presents the estimation results of univariate cross-sectional regressions of company characteristics on
the estimated coefficients of the heterogeneous agent model. T-statistics in parentheses; *, * “* represents significance
at the 10, 5, and 1% level, respectively.

varies over the cross-section of stock returns, and argue that especially stocks that are either sensitive to sentiment-based demand
shocks and/or experience large limits to arbitrage are sensitive to sentiment. Here, we study to what extent such stocks also show
higher sensitivity to sentiment in our model. To do so, we regress a set of company characteristics on the estimated coefficients from
Equation (11). The estimation results are given in Table 5.°

4.2.2. Cross-sectional patterns

The results in Fig. 4 show that there is ample variation in heterogeneity between stocks. Therefore, here we study whether there are
any patterns in the cross-section of parameter estimates. We regress a number of company characteristics on the parameter estimates
from models (1) to (6) in Table 4. Specifically, for each of the six empirical models from Table 4, we choose the defining parameter,
so the parameter that is added to the model relative to the model before. These are indicated on top of Table 5. Hence, the equation
is given by:

y; = a+ Biret_avg; + pyret_stdev; + f3x_avg; + f,x_stdev; + Psx_abs; 18
+pedy_avg; + p;dy_stdev; + fgSize; + fo BtM; + €;, (e
in which ret_avg is average return; ret_stdev the standard deviation of return; x_avg the average x; x_stdev the standard deviation of
X, x_abs the average absolute value of x; dy_avg the average dividend yield; dy_stdev the standard deviation of dividend yield; Size
the log-market capitalization; and BtM the average book-to-market value. For y; we take a number of coefficients, one-by-one, taken
from models (1) to (6) in Table 4. Table 5 presents the estimation results.

The results in the first column (M1) reveal how the auto-regressive coefficient ¢ is related to company characteristics. Companies
with a higher return volatility have a higher ¢, implying faster reversion to the fundamental. Correspondingly, companies with
a higher volatility in x have a higher ¢. Companies that experience larger absolute deviation from the fundamental, a high |x|,
also revert faster to the fundamental. The same holds for companies with a more volatile dividend yield. Finally, companies with
a higher book-to-market have a higher ¢. Then, in the second column (M2), we study the (univariate) sensitivity to sentiment, .
Companies with higher return and higher volatility have a lower ¢, indicating lower direct sensitivity to sentiment. The results in
the third column (M3) indicate to what extent the autocorrelation parameter is sensitive to sentiment. Here we observe that it is
especially the firms with a high and variable x, so deviation of price from fundamental, have a autocorrelation parameter that is less
sensitive to sentiment. In the next column, M4, we test how the intensity of choice parameter f§ varies over firms. Recall that the
average f is negative. Especially firms with a high variation in x have a more negative f, suggesting more sensitivity to performance
differences and thus more switching between groups. Columns 5 and 6, both indicated by M5, show how the fundamentalist and
chartist parameter differ in their sensitivity to sentiment. Interestingly, for fundamentalists we find a positive relation with size and

5 Note that we estimate cross-sectional regressions on the 184 individual stocks in our sample. This is explicitly not a representative sample of the entire stock
market because of the rather restrictive filters we had to apply to be able to estimate our model on the individual stock data.
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for chartists a negative relation with size. The sensitivity of the intensity of choice to sentiment, y in M6, does not appear to be
related to any of the company characteristics.

5. Robustness

In the empirical analyses we have made a number of choices. In this section, we will assess the robustness of the results to these
choices. For the sake of brevity and lack of observations, we will focus on the index results alone. To be more specific, we test the
robustness of the sentiment measure, the memory in the switching function I, and the fundamental value parametrization.

5.1. Sentiment measure

We next assess the robustness of our results by using alternative sentiment measures. Specifically, we replace the Buckman et al.
(2020) with either of two complementary alternatives: Thomson Reuters News Analytics (TRNA) and the music sentiment measure
from Edmans et al. (2022).

TRNA collects and analyzes firm-level news articles from major news outlets such as Down Jones Newswires, the Wall St Journal,
Reuters, as well as local newspapers.® To measure the information content of each news article, it employs a proprietary algorithm
of textual analysis and produces three quantitative scores that represent the probabilities that the news item has positive, negative,
and neutral sentiment. TRNA also provides us with a score of how relevant the news item is for a given firm. As in Hendershott et
al. (2015), we match news articles to a firm using NYSE trading days and hours. News stories appearing after 4 pm Eastern time will
be assigned to the following trading day. To allow for the fact that a news item can be more relevant to one firm than another, we
follow Hendershott et al. (2015) and scale the tone score by its relevance to the firm as follows:

tone; = relevance; X (pos; — neg;) 19)

where relevance ;€ [0, 1] is the relevance score of the news item j to firm i; pos I and neg ; are the probabilities that the news article
J has positive and negative tone, respectively. For each firm, we compute the average tone of its news stories on a given day. Our
measure of market-wide news sentiment on day ¢ is then the simple average of firm-specific news tone across all firms in the market.

Second, we use the music sentiment measure from Edmans et al. (2022). Spotify, the leading online music platform, provides
ample listening data. Spotify has an algorithm that classifies a song’s valence, or positivity, trained on ratings of positivity by musical
experts. We use the valence of the daily top-200 songs streamed on Spotify in the US as our second alternative measure sentiment.

Whereas the TRNA measure focuses specifically on news sentiment, the music measure picks up a more general sentiment level
in society. Hence, we consider the two measures complementary. One drawback of both measures, is that their availability is lower
compared to the Buckman et al. (2020) measure. The music sentiment measure is available to us from January 2017 to March 2023
(1,044 days) whereas the TRNA measure is available to us from 2003 to 2016 (3,357 days). The estimation results of the full model
using the two alternative sentiment measures are given in Table 6.

The results in Table 6 reveal that the estimation results are slightly weaker for the alternative sentiment measures. The signs of
all estimated coefficients are the same for both alternative sentiment measures as in the benchmark case using the Buckman et al.
(2020) measure in Table 3. The significance of the estimated coefficients, however, is somewhat lower than in the benchmark case,
especially for the music sentiment measure, which is explained by the lower number of available observations.

5.2. Memory

In the benchmark setting of the model, we set the memory parameter I equal to five. To study the sensitivity of the results to this
choice, Fig. 5 presents the sensitivity of the results to the lookback period in the switching function Equation (13), I. Specifically,
the figure presents the estimated coefficients of the full model with I varying from 1 to 250.

Results are largely robust to the choice of lookback period in the switching function in the sense that the signs and order of mag-
nitude of the coefficients does not change, especially after somewhat more volatility for very low values of I. For the fundamentalist
coefficients ¢, ¢2,, and ¢3F in the first row of Fig. 5 we observe that the first hovers between 0.6 and 0.9, the second moves between
-2 and -3, and the third between -0.02 and -0.06. For the chartist coefficients qﬁlc, q§2c, and ¢2C in the second row of Fig. 5 we observe
a similar stable pattern. The first varies between 1.0 and 1.4, the second between 1.8 and 3.2, and the third between 0.02 and 0.06.
In other words, the expectation formation rules themselves are largely unaffected by the lookback period of the switching function.

The third row displays the evolution of B, v, and the likelihood for values of I. The intensity of choice parameter B becomes more
negative as [ increases. This implies that the model is looking for increased sensitivity to profit differences as the profitability becomes
more stable with increasing /. The y parameter becomes more positive with increasing I meaning that the impact of sentiment on
switching increases with /. The likelihood, finally, generally increases with I. In other words, the optimal lookback period of the
agents in the market is longer than the benchmark of five.

6 TRNA has increasingly become popular in academic research, as well as in the industry. For example, Hendershott et al. (2015) employ TRNA to examine whether
financial institutions can predict the tone of firm-specific news. Heston and Sinha (2014) study the return predictability of TRNA’s news sentiment in the U.S. market,
while Smales (2016) examines the relation between TRNA’s news sentiment and bank credit risk. Li et al. (2015) show that the coverage of TRNA is comprehensive
and covers over 92% of Compustat’s earnings announcements (the most common source of this information for the U.S. market). Mitra and Mitra (2011), Hendershott
et al. (2015), Heston and Sinha (2014), and Li et al. (2015) provide detailed description of TRNA.
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Table 6
Sentiment Measures.

TRNA Spotify
P 0.508*** 0.612
(14.118) (1.125)
#2 -6.145** -0.682
(-12.741) (-0.627)
@3 -0.049* -0.079***
(-2.556) (-5.083)
PL 1.381%** 1.525**
(42.858) (2.326)
L 5.894** 0.265
(13.455) (0.201)
*2. 0.103*** 0.142*
(7.266) (6.195)
B -1.602** -3.083***
(-10.795) (-2.311)
" 25.952+* 4.677*
(4.607) (1.675)
c 0.001*** -0.020%*
(3.053) (-5.163)
#obs 3,357 1,044

Notes: This table presents the estimation results of the model
given by Equation (11) for two alternative empirical proxies
of the sentiment measure S. Robust t-values in parentheses;

, **, *** represents significance at the 10, 5, and 1% level,

respectively.
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Notes: This figure presents the sensitivity of the estimation results to the lookback period in the switching function I in Equation (15). The x-axis represents I, ranging
from 1 to 250 days. In the benchmark case, we set I =5.

Fig. 5. Sensitivity to Lookback Period in Switching Function.
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Notes: This figure presents the sensitivity of the estimation results to the length of the moving average in Equation (17). The x-axis represents moving average period,
ranging from 25 to 200 days. In the benchmark case, we take 100 days.

Fig. 6. Sensitivity to Fundamental Value Specification.

5.3. Fundamental value

Another choice in the benchmark model, was the calculation of the fundamental value in Equation (17). Fig. 6 presents the
sensitivity of the results to the exact configuration of the fundamental value proxy. Specifically, we show the estimated coefficients
of the full model when increasing the length of the moving average window from 25 to 200 days.

As for the lookback period I, results are also largely robust to the choice of fundamental value as all coefficients remain of the same
sign and significant across the range. The fundamentalist coefficients gblF and q.')fr decrease as the window increases, with a pronounced
drop around 110, and (;SfE in the first row of Fig. 6 increases. The increase in qb}r is explained by the fact that the persistence in x
increases as the moving average window increases. With a longer window, the effect of sentiment decreases, explaining the decreasing
impact of sentiment. We observe the opposite patterns for the chartist coefficients in row two. qblc and ¢2C increase, whereas ¢3C
decreases as the window increases.

The switching parameters § and y both decrease in absolute value as the moving average windows increases. Hence, switching
becomes less intense and less sensitive to sentiment with a smoother fundamental value estimate. The likelihood, finally, decreases
with increasing moving average window.

5.4. Functional form of switching

In the baseline switching function given by Equation (13), sentiment is included linearly. This choice, however, is not micro-
founded making the model flexible enough to incorporate other functional forms. The optimal choice is then an empirical question.
Therefore, in this subsection we run experiments with alternative ways to incorporate sentiment in the switching function.

In the baseline model, we let the intensity of choice f depend linearly on sentiment:

b= B+ ZAYS (20)

Here, we consider three alternatives. First, we allow for agents to respond differently to positive than to negative sentiment
through a piecewise linear function:

B=B+wS, ++y IS, (21)
in which I; is an indicator function equal to one when §; < 0. In a second alternative, we allow the intensity of choice to depend on

the absolute value of sentiment:
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Table 7
Estimation results: sentiment form.

m @ &) @
b} 0.883 0.838"" 0.851"" 0.845*
(34.357) (27.560) (26.971) (25.367)
@2 -0.550" -0.632+ -0.615" -0.615"
(-7.867) (-7.887) (-7.389) (-7.559)
#3 0.015"** 0.016"** 0.017*** 0.016"**
(3.607) (3.926) (3.949) (4.087)
B 1.086** 1131 1.119* 1.125*
(42.014) (36.111) (34.696) (32.702)
@2 0.570"* 0.658" 0.649" 0.644"
(8.072) (7.954) (7.631) (7.589)
3 -0.017*** -0.018** -0.018*** -0.018***
(-4.806) (-5.055) (-4.881) (-5.333)
B -0.812+ -0.203 0.072 -0.393*
(-3.673) (-0.599) (0.237) (-1.862)
v 2.455* -1.042 1.143
(4.372) (-0.482) (1.237)
v 5.183
(1.850)
wabx _4.179%+*
(-4.803)
w2 -5.614**
(-2.500)
¢ 0.000 0.000 0.000 0.000"*
(0.826) (1.850) (0.708) (-2.500)
#obs 5,965 5,965 5,965 5,965
LL 17919.1 17920.23 17918.57 17920.5
LLR 2.240 -1.080 2.780

Notes: This table presents the average estimation results of the model given by Equation (11) on the S&P500
index, with varying configurations for the law of motion of the intensity of choice f given by Equations

(21), (22), or (23). Robust T-statistics in parentheses; *, **, *** represents significance at the 10, 5, and
1% level, respectively.

ﬁtzﬁ_'*'ll/lSrL (22)

In this setup, the assumption is that switching is conditional on the magnitude of sentiment, regardless the sign. Hence, that agents
might switch more if sentiment is extreme. The third and final alternative we consider, is a quadratic model:

ﬂt=ﬁ+WSt+WS2’ (23)

which allows for a nonlinear exponential relationship between sentiment and switching. The estimation results with these three
alternative laws of motion for the intensity of choice # are given in Table 7.

Column (1) of Table 7 contains the benchmark estimation results, equivalent to column (6) in Table 3. Column (2), then, displays
the estimation results with the law of motion of the intensity of choice g, given by Equation (21). We observe that the absolute value
and significance of § and y drop substantially, whereas y~ becomes marginally significant and positive. The drop in significance
is an indication that the model might be overfitted. The likelihood increases somewhat relative to the benchmark model, but not
significantly so. In column (3) we use the law of motion of f, give by Equation (22). In this case the model fit decreases compared to
the benchmark model, indicating that the absolute sentiment is too restrictive to capture the market dynamics. In column (4), finally,
we use the quadratic form given by Equation (23). Again, we observe a drop in significance. The coefficient on the quadratic turn is
negative and significant at the 5% level. This suggests a concave relationship between sentiment and the intensity of choice. To be
better able to interpret the differences in estimation results in Table 7, in Fig. 7 we visualize the relationship between sentiment and
intensity of choice f over the range of empirically observed sentiment values (i.e., -0.67 to 0.43).

The four lines are fairly consistent with each other, in the sense that the dynamics are somewhat skewed towards negative values of
sentiment. It is unclear, however, whether this is due to behavior or the fact that the sentiment data itself has somewhat more negative
than positive observations over our sample period. Economically, therefore, there seems to be slight evidence that the switching is
especially driven by episodes of negative sentiment but given the statistical limits we are reluctant to draw strong conclusions.

6. Conclusion

This paper integrates the literature on investor sentiment with that on heterogeneous expectations. We adapt a heterogeneous
agent model by making both the expectation formation rules and the switching rule conditional on market sentiment. Estimation
results on the S&P500 and its constituents reveal that sentiment has an important confounding effect on the expectation forma-
tion process of fundamentalists and chartists in an agent-based setting. Specifically, only chartists are unconditionally sensitive to
sentiment; fundamentalists are not. As a result, the market’s overall sensitivity to sentiment is also time-varying. Furthermore, funda-

14



B. Frijns, T. Huynh and R.C.J. Zwinkels Journal of Economic Dynamics and Control 177 (2025) 105133

1
— BENCHMARK

0 . PIECEWISE
— ABSOLUTE
— QUADRATIC

-1

2

-3

-4

-7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5

SENTIMENT

Notes: This figure presents the relationship between sentiment .S and intensity of choice
for different version of the functional form. Sentiment ranges from -0.7 to +0.5, reflecting
the empirically observed values. The models represent the linear benchmark model; the
piecewise linear model, with a break at .S = 0; the absolute model based on |.S|, and the
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Fig. 7. Sensitivity to functional form.

mentalists’ expectation of the speed of mean reversion is increasing in sentiment. Chartists’ degree of trend extrapolation is increasing
in sentiment. Hence, heterogeneity is increasing in sentiment. Furthermore, switching is decreasing in sentiment; agents become less
sensitive to profit differences as sentiment increases. This set of results points towards the general conclusion that agents become
more certain about their expectations as sentiment is higher. More generally, it shows that both sentiment, heterogeneity, as well as
their interaction are crucial components of an alternative model for expectation formation.
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