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Abstract

Intermediary asset-pricing theories predict that as households delegate investment deci-
sions, professional investors play an increasingly important role in determining market
valuations. Existing tests typically rely on indirect proxies for intermediary risk prefer-
ences or cross-asset comparisons that may confound intermediation with other forces.
We propose a belief-based test in the U.S. stock market, where delegation has changed
markedly over the past 60 years and investor beliefs are directly observed in surveys.
We estimate a latent-state model in which a time-varying, unobserved influence weight
maps retail and professional return expectations into market valuations, allowing us to
recover a decades-long latent series of each group’s influence. We find that households’
influence has declined with delegation, but that retail investors remain considerably
more influential than administrative measures of delegation would suggest. Variation
in influence reflects both transitory shocks linked to risk and persistent shifts associ-
ated with major regulatory, social, and market-structure changes, which we identify
using a large language model.
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1 Introduction

Recent work on market macrostructure examines how the organization of financial markets
shapes asset-price dynamics (e.g., Haddad and Muir, 2025). In this growing literature,
a key area investigates how rising intermediation and asset management influence price
behavior (e.g., Scharfstein, 2018; Haddad and Muir, 2021; Ma et al., 2022; Duffie, 2022).
Empirical studies in this area compare asset classes or countries with differing intermediation
levels (e.g., Haddad and Muir, 2021; Baron and Muir, 2022), showing that banks’ financial
health,! a proxy for intermediaries’ risk attitudes, predicts future returns more strongly in
more intermediated markets.”

In this paper, we take a different approach to assessing whether intermediation matters for
asset prices. First, we focus exclusively on a within-market analysis of the US stock market.
This design avoids the unobserved heterogeneity that can arise in cross-country or cross-asset
comparisons, while exploiting the substantial variation in US market intermediation from
1960 to the present (e.g., French, 2008; Stambaugh, 2014a). Second, we avoid preference-
based tests of intermediary asset pricing. Because risk preferences are largely unobserved,
such tests conflate the role of intermediaries with assumptions about risk, resulting in joint
hypothesis problems (Bordalo et al., 2024b). What is more, the challenge of not being able
to observe preferences directly is magnified in tests of intermediary-based theories, since
distinguishing these theories from frictionless benchmarks (e.g., Santos and Veronesi, 2022)
requires controlling for households’ preferences, and these too are unobservable.

Instead, we take a novel behavioral perspective, as we examine whether the rising presence
of intermediaries in the US stock market observed over the last 60 years amplifies the influence
of these market participants’ beliefs on asset prices, relative to the beliefs held by Households.
Using beliefs in intermediary-asset pricing tests has several advantages. First, over the last
decade, research in behavioral finance has documented how directly available survey-based
measures of expectations are a meaningful gauge of investor beliefs (e.g., Greenwood and
Shleifer, 2014; Giglio et al., 2021), and both theory and empirical work have developed to
show how useful survey expectations are in reconciling several facts about financial markets
(e.g., Barberis et al., 2015a; Jin and Sui, 2022; Nagel and Xu, 2022; Bordalo et al., 2024a).
Second, survey data on the return expectations of different types of market participants is
available, so that we can estimate the role of intermediaries’ beliefs for asset prices while

explicitly controlling for Households’ expectations. We take stock of the maturity this field

'Banks here are broadly defined to include broker—dealers, commercial banks, and bank holding compa-
nies.

2An adjacent literature treats intermediaries’ health as a cross-sectional pricing factor (e.g., He et al.,
2017; Adrian et al., 2014).



has reached, and perform novel belief-based tests on the role of intermediaries in the stock
market.

We begin our analysis by estimating a novel structural model of aggregate asset prices
that allows us to recover the time-varying influence of intermediaries and households in
the US stock market. Specifically, we set up a present-value model in which, in addition
to the traditional discount-rate drivers, the price-dividend ratio of the market also reflects
a weighted sum of the expectations held by professionals and retail investors. We treat
the weighting scheme combining retail and professional expectations as a latent time-series,
which we recover via Kalman-filtering techniques. This weight captures the relative influence
of each investor type’s beliefs on aggregate market valuation.

We find it useful to compare our latent-variable approach with past research relying
on Flow-of-Funds measures to gauge households’ and intermediaries’ influence in the stock
market. These measures based on administrative data use the size of households’ direct
versus indirect (i.e., intermediated) ownership of stocks to gauge qualitatively the relative
importance of households for asset prices. At the same time, there are both conceptual
and econometric hurdles to inferring households’ and intermediaries’ importance in this way.
From a conceptual standpoint, this approach does not test, but rather assumes that inter-
mediaries play an increasing role due to rising delegation. This is an important limitation:
even though households hold stocks indirectly (i.e., via intermediaries) more and more over
time, whether this leads to a specific role played by the intermediaries themselves depends
on the contracting and monitoring frictions underlying the delegation process (e.g., He and
Krishnamurthy, 2018), and these can change over time (e.g., Rogerson, 1985; Spear and
Srivastava, 1987). What is more, skeptics of the intermediary asset-pricing paradigm point
out that to the extent that households adjust their portfolios based on professionals’ actions,
households are still the only important market participant even in a deeply intermediated
market. Administrative data also faces a measurement challenge, in that accounts such as
the Federal Reserve Flow of Funds in the US, treat the Household sector as a residual cate-
gory, leading at best to a noisy measurement of households’ delegation of financial decisions
to professionals. All in all, instead of assuming that households’ influence on aggregate asset
prices is observable, we treat it as a latent process featuring both a stochastic-trend compo-
nent capturing permanent shocks, as well as a cyclical component isolating more transitory
variation in the relative influence of Households over professional investors.

Our estimation, based on data spanning over 60 years, delivers three key takeaways.
First, the influence of households’ beliefs on asset prices has declined considerably over
time. At the beginning of our sample, the weight on households’ expectations is statistically
indistinguishable from one for much of the 1960s; by 2023, it falls to about 50%. From



a statistical standpoint, we can reject the null of no-influence of intermediaries in favor of
the intermediary-asset pricing alternative of a positive influence for a fraction of 90% of
our sample. Second, though both our estimates and Flow-of-Funds data on Households’
direct versus indirect (intermediated) ownership deliver the same qualitative message about
households’ influence slowly subsiding over time, the two differ quantitatively. In particular,
our structural estimates of households’ and intermediaries’ influence are on average twice as
large as what would be implied by administrative data. This result suggests that, while the
delegation of financial decisions to professional investors has strengthened the influence of
these investors’ beliefs on asset prices, households as principals can still influence professional
decisions ex-ante via contracting and ex-post via rebalancing and asset reallocation. As
a result, contrary to the stark view about delegation that previous work has taken (e.g.,
Stambaugh, 2014Db), our results indicate that a more nuanced view about the impact of the
delegation process of financial markets may be warranted. Third, a belief-based sentiment
index that incorporates our time-varying weights strongly predicts future stock returns,
a result that addresses the puzzlingly weak link between survey expectations and returns
documented in prior work (e.g., Greenwood and Shleifer, 2014).

These insights are robust to several alternative specifications, in which: (i) we include in
our present-value model explicit controls for observable risk-aversion measures proposed in
past work (e.g., Campbell and Cochrane, 1999; He et al.; 2017); (ii) we explicitly account
for unobservable variation in risk premia, in the spirit of earlier work (e.g., Cochrane, 2011);
(iii) we adjust stock market valuation for structural breaks (Lettau and Van Nieuwerburgh,
2008); (iv) we include or not a deterministic trend component in our model of the latent
process governing investors’ influence.

In the second part of the paper, we seek to shed light on the origins of the fluctuations
in retail investors” and professional investors’ influence in the stock market. We hypothesize
that transitory shocks to investors’ influence on the market can be traced back to variation in
risk and risk preferences, variation in the financial constraints households face, and variation
in attention. We find evidence that retail investors’ influence rises when households become
more risk tolerant, while it declines in recessions or following a period of high stock-market
volatility. Our results also show that households’ influence rises with households’ debt-to-
income and when a larger share of the population is employed. This is consistent with a
view in which leverage as well as income loosen households’ financial constraints (Santos and
Veronesi, 2022). We instead do not find much evidence in favor of attention playing a role.

Next, we seek to reconcile the stochastic-trend component of our recovered time-series
of investor influence. This component reflects permanent shocks, which we conjecture stem

from major changes in the technology and the rules and regulations that retail investors and



professional intermediaries face when trading in the US stock market. To test our conjecture,
we identify with the support of a large-language model (LLM) roughly 80 major events in
recent US history that affect retail investors, professional investors, or both. We then classify
these events, both manually and using an LLM with reasoning capabilities, as either positive
shocks to households’ influence in the stock market (e.g., regulation reducing barriers to
entry or trading costs for retail investors, or the rise of social finance platforms), or positive
shocks to intermediaries (e.g., regulation allowing banks to derive a large fraction of their
revenue from securities trading, or regulation institutionalizing mutual fund advertising).
In predictive regressions, we are able to show that positive shocks to households’ influence
(professional investors’ influence) indeed lead to subsequent lower influence of professional
(lower influence for households). Taken together, this analysis allows us to reconcile the
novel variation in investors’ influence that we measure, with economic intuition and historical
events.

Having established that the relative influence of retail and professional investors varies
substantially over time, we next examine the implications of this finding for tests linking
survey expectations to future returns. Specifically, we rely on insights from intermediary
asset pricing to perform new tests of behavioral finance theories. This literature shows that
return expectations are theoretically important (e.g., Barberis et al., 2015a; Jin and Sui,
2022). Yet, the empirical evidence of a role of these expectations for asset prices is more
modest. In discussing seminal work on survey expectations of returns by Greenwood and
Shleifer (2014), Shleifer (2019) notes that survey-based measures of investor beliefs about

 Importantly, this

future returns have little predictive power for future market returns.
potentially negative assessment could result from empirical work that has so far neglected
the broad patterns of delegation and changes in investor influence which we have documented
earlier in the paper. Thus, we revisit the existing empirical tests linking return expectations
to predictability under an intermediary asset pricing view.

To that end, we first replicate over our 63-year long sample period the evidence in prior
work that individual return expectations from either retail investors or professionals do not
predict future stock returns strongly. We then form an index of beliefs from surveys, which
we refer to as belief-based sentiment (henceforth BBS). The index incorporates the notion
of time-varying influence of retail investors and professional investors that is inspired by

intermediary-asset pricing. We form alternative versions of BBS that are obtained using

3In a column prepared for the National Bureau of Economic Research, Andrei Shleifer summarizes results
from his recent work with Greenwood on survey expectations and states “Is such extrapolation an effective
return forecasting strategy? The answer is no. The correlation between the Gallup expected returns and
the S&P [...] is negative, although statistically insignificant”. See the entire article at the following link:
https://www.nber.org/reporter/2019numberl /return-survey-expectations.
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either the time-series of investor weights that we recover using our structural model, or the
administrative time-series of direct ownership of stocks by the Household sector released by
the Federal Reserve. We show that accounting for the time-varying influence of different
investor types allows us to detect much stronger predictability of stock returns by investor
return expectations. The predictability of future market returns further improves when we
replace our baseline index BBS with its irrational component, which is constructed based on
machine-learning predictions of future returns.

This paper contributes to the literature on intermediation and asset prices. A grow-
ing body of work argues that intermediaries can have first-order effects on prices because
the information frictions, regulation, and incentives that they face differ from those faced
by households (Basak and Pavlova, 2013, He and Krishnamurthy, 2013, He et al., 2017,
Adrian et al., 2014, Haddad and Muir, 2021). Skeptics instead emphasize a frictionless
view: contracts align households’ objectives with intermediaries ex ante, and households can
dynamically adjust their portfolios ex post, “undoing” any intermediary-driven wedge be-
tween equilibrium prices and those justified by households’ risk preferences (Cochrane, 2011).
Skeptics also point out that much empirical work proxies for intermediaries’ role using their
financial constraints, with recent theory arguing that these constraints may very well origi-
nate in the household sector (Santos and Veronesi, 2022). Ultimately, the empirical challenge
this literature faces is to link price variation to intermediaries while explicitly accounting for
households. We propose doing so via beliefs rather than preferences or constraints, since
beliefs are measurable for broad investor groups in surveys. We develop a structural model
and latent-variable valuation approach that estimates the time-varying influence of interme-
diaries’ beliefs in the US stock market, a setting prior work often avoids because households
are directly present. By controlling for household beliefs, we provide cleaner tests on the role
of intermediaries in the market. Our results support intermediary-based theories, while show-
ing households retain substantial average influence. We also document cyclical and secular
shifts in intermediaries’ influence, and connect them to transitory forces (e.g., business-cycle
conditions) and permanent changes (e.g., regulation) in market macrostructure.

Our second contribution is to the literature on biased beliefs in asset markets.” Directly
related, Greenwood and Shleifer (2014) use survey data on return expectations to show that
investors’ expectations systematically deviate from rational expectations. Their evidence
that biased return beliefs influence asset prices is mixed. We argue this is because exist-
ing tests overlook households’ delegation of portfolio decisions to professionals, which shifts

whose expectations are relevant in equilibrium. Incorporating this shift into a new metric

4See Muth (1961), La Porta (1996), Barberis et al. (2015b), Barberis et al. (2018), Bordalo et al. (2018),
Bordalo et al. (2019), Nagel and Xu (2022).



of biased return expectations, our BBS index, we find a strong negative relation between
marketwide bias and subsequent returns, consistent with behavioral theories. Our paper is
also related to work on belief heterogeneity, such as McCarthy and Hillenbrand (2025). They
study heterogeneity in biases, not the time-varying importance of investor types implied by
delegation. Cassella and Gulen (2018) and Da et al. (2021) emphasize extrapolative expec-
tations (and their time-series variation), whereas we use return expectations more broadly to
study how delegation affects whose beliefs matter over time. Finally, Bordalo et al. (2024a)
analyze how cash-flow beliefs shape aggregate and cross-sectional prices, while abstracting
from the expectations of returns and the dichotomy between retail and professional investors
which are at the center of our paper.

Third, we contribute to the literature on measuring equity market sentiment.” This
literature has largely relied on a top-down approach, inferring sentiment from market out-
comes.” While flexible, this approach raises interpretation challenges, since market outcomes
reflect not only beliefs, but also preferences. Moreover, traditional sentiment measures leave
unclear whose beliefs are being measured, and what component of these measures reflects
irrational beliefs. This limits the use of these measures to study delegation, or to shed light
on the role of biases in beliefs for asset prices. We propose a bottom-up alternative based
on direct measures of investor expectations. By combining the beliefs of households and
professional investors based on our newly measured time-series of investor influence, we con-
struct a sentiment index that is robust to shifts in the representative investor. Moreover,
our belief-based sentiment measure can be easily benchmarked against model-implied ra-
tional beliefs, allowing us to identify belief-based expectations and provide sharper tests of

behavioral asset-pricing theories.

2 A Structural Model of Market Valuation

2.1 Setup and Null Hypothesis of No Role for Intermediaries

A traditional view in finance is that market valuations vary with changes in investors’ risk
appetite, that is, discount-rate variation, and with changes in expected dividend growth
(Campbell and Shiller, 1988). Our empirical framework builds on recent theoretical and em-
pirical work in behavioral finance showing that fluctuations in prices can also be understood

through variation in investors’ subjective expectations of future returns (e.g., Barberis et al.,

5See for instance Lee et al. (1991), Neal and Wheatley (1998), Qiu and Welch (2006), Baker and Wurgler
(2006), M. Baker and Wurgler (2007), Da et al. (2015).

6Recent applications study anomalies (Stambaugh et al., 2012), international market comovement (M. P.
Baker et al., 2012), and the mean—variance relation (Yu and Yuan, 2011).



2015a, 2018).

We combine this insight with recent work in intermediary asset pricing. This literature
argues that the relative importance of different investor types for price determination depends
on the extent to which households delegate financial decisions to intermediaries. In a fully
non-intermediated market, or in a market in which agency conflicts between households as
principals and intermediaries as agents can be contracted away, only households matter for
prices. The same is true if households can promptly adjust their asset demand so as to undo
any undesired influence of professional trading on their portfolios. By contrast, in a deeply
intermediated market, where households’ direct ownership is constrained and rapid portfolio
adjustment is unlikely, or in a market with severe agency frictions, intermediary asset-pricing
theories imply that intermediaries and institutional investors contribute disproportionately
to price determination.

Our empirical framework is motivated by the idea that, although households delegate
financial decisions to professionals, it remains unclear to what extent such delegation in the
US stock market corresponds to the frictionless benchmark in which professionals do not
matter for prices. To shed light on this issue, we draw on the behavioral-finance insight
that asset valuations are linked to investors’ subjective beliefs. Specifically, we estimate the

following structural model of the market dividend—price ratio:

D/Pt = /BEXPt +F/Xt +€t
= B [wEXPH + (1 —w) EXPFRO] + "X, + &, (1)

As in earlier work in behavioral finance, aggregate market valuation, represented by the
log dividend—price ratio of the market, comoves with investors’ subjective return expecta-
tions. Unlike that literature, however, our econometric specification incorporates the central
insight of intermediary asset pricing by allowing the influence of professional investors’ ex-
pectations, EX PFRO and households’ expectations, EX P/, on aggregate price formation
to differ and to vary over time.

In the standard Campbell and Shiller (1988) log-linear representation, the dividend—
price ratio is driven by an infinite sum of expectations of future returns and future cash-flow
growth. In the main analysis, we abstract from cash-flow growth expectations because prior
work shows that they explain little of the variation in the aggregate dividend—price ratio
(e.g., Cochrane, 2011). Moreover, under the standard assumption that expected returns
are autoregressive, the infinite sum of future expected returns is proportional to current

one-period-ahead expected returns, which provides a rationale for expressing the dividend—



price ratio as a compact function of the next-period return expectations.” Equation (1) also
includes a vector of control variables, X, observed or unobserved, which we incorporate for
consistency with earlier work on the determinants of aggregate valuations.

While the model permits heterogeneity in beliefs across the two broad investor groups
described above, it abstracts from heterogeneity within each group. Different types of retail
investors may form expectations differently and may affect asset prices to different degrees.
Likewise, the category of professional intermediaries includes many different types of insti-
tutional investors such as pension funds, mutual funds, hedge funds, and banks operating
proprietary trading desks. Importantly, estimating Equation (1) does not require observ-
ing the expectations of each investor subtype separately. What is required instead is the
availability of two expectation time series that capture variation in beliefs that is common
among different types of investors within each broad investor category. We later show that
the main empirical proxies for investor expectations used in the paper are consistent with
this condition.

In principle, our approach to identifying the time-varying influence of retail and profes-
sional investors need not rely on subjective return expectations. An alternative would be
to base the analysis on subjective cash-flow expectations, which have in some work been
argued to be more tightly connected to valuations than return expectations (e.g., Nagel and
Xu, 2022). In practice, however, we are not aware of long-running cash-flow expectation
series for both retail investors and professionals, making that route difficult to pursue. A
second alternative would be to study the impact of these two broad groups of investors by
relating variation in their risk aversion to valuations. Here too, data limitations are sub-
stantial. First, available measures of retail risk aversion are mostly theory-based rather than
empirical, leading to the question of how closely they resemble actual risk appetite. Second,
empirical measures for professionals do exist, but they typically capture only a limited sub-
set of intermediaries, such as banks. By contrast, return expectation series are available for
both retail and sophisticated investors over long horizons, making them the most practical

basis for our empirical analysis.

"To see this, suppress cash-flow-growth terms and let 2; = E7[r;1] denote the de-meaned subjective
expectation of next period’s return. In the Campbell-Shiller log-linearization, the log dividend—price ratio
loads on the discounted sum 772, & IEY [ri4j41], where k € (0,1) is the log-linearization constant. If

expected returns follow an AR(1), so that Ej [ri4 ;1] = p/ay, then
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provided |kp| < 1. Hence, next-period return expectations are a sufficient statistic for the component of the
dividend—price ratio driven by expected returns.



Our main object of interest is the time-varying weight w;. The traditional view that
intermediaries have no role on asset prices maintains that w, = 1 Vt, i.e., only households’
influence market valuation. The more nuanced view of intermediary asset pricing is that w; is
subject to fluctuations and changes over time. A higher value of w,; corresponds to a greater
loading of valuations on households’ expectations, whereas a lower value implies a greater
loading of the dividend-price ratio of the market on professional investors and financial
intermediaries. Allowing this weight to vary over time enables the model to capture changes
in the relative importance of households and professionals that may arise from secular shifts
in delegation, agency frictions, or regulation. in the remainder of the paper we will refer to w;
as “households’ influence” on asset prices. This labeling is purely for expositional purposes,
as we do not seek to identify a causal relation between beliefs and aggregate valuation. Yet,in
later tests we will connect w; both to business-cycle variation in households’ participation and
propensity to hold US equities, and to shocks to the functioning of financial markets (e.g.,
regulatory innovations), that are likely to alter Households’ influence for price formation.

Treating w; as a latent state in Equation (1), our empirical objectives are twofold: first,
to recover estimates of this latent process using a Kalman-filtering approach, and conduct
hypothesis testing concerning the null of no-intermediary influence; and second, to relate the
resulting time-series variation in the relative influence of households and intermediaries to

its underlying economic drivers.

2.2 Model Architecture

To bring the model above to the data, we adopt a Kalman-filtering approach (Ialman, 1960).
For consistency with prior work, all observable quantities are demeaned and expressed in logs.
The model features one measurement equation and two latent processes, w; and p;, which
capture the time-varying influence of retail investor beliefs on asset prices and variation in

an unobservable persistent discount-rate component, respectively:

dpy = Blw EXPI + (1 —w) EXPI™) 4 B +20 &% N(0,02) (2)
Wy = Wy + 7 + Uy (3)
TT=Ti1t Y+ G Cti’i\c’lN(Oaab
U = Quy_1 + 1 e N (0, a2)
pe = pie—1 + & §ti’i\51N(Oa 02) (4)
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In our structural model, the latent weight w;, which captures the relative influence of
households compared with professional investors, follows a standard trend-plus-cycle speci-
fication commonly used in macroeconomics (Clark, 1987; Harvey, 1990; Harvey and Jaeger,
1993; Kuttner, 1994). The cyclical component u, captures transitory fluctuations in house-
hold influence, for instance fluctuations associated with changes in broad economic condi-
tions over the business cycle. Such temporary movements may arise from variation in factors
that moderate the link between households’ expectations and stock demand, including time-
varying risk aversion (Campbell and Cochrane, 1999), financial frictions, and changes in
attention induced by market conditions (Da et al., 2011; Karlsson et al., 2009).

The component 7; instead captures long-lived and potentially permanent shifts in house-
hold influence in financial markets. Such shifts may arise, for instance, from regulatory or
legal reforms that durably increase the role of professional investing, or from developments
that permanently alter retail investors’ direct participation in the stock market.”

We allow 7; to include a deterministic trend component with slope . This parameter
provides a direct way to test the conjecture that household influence on asset prices has
declined over the last sixty years, possibly because of a gradual rise in delegation (French,
2008; Stambaugh, 2014b). Under that view, one would expect v < 0. By contrast, under
the frictionless benchmark discussed above, delegation does not alter whose beliefs matter
for prices, implying v = 0 (Cochrane, 2011; Santos and Veronesi, 2022). These competing
views therefore map directly into the estimate of ~.”

The intercept wq captures the influence of retail investors at the beginning of the sample
in 1963. Together, wy = 1 and v = 0 correspond to the frictionless benchmark in which
households fully determine prices and growing delegation does not diminish their influence
over time. More generally, the estimated path of w; allows us to quantify how closely the
data align with benchmark of institutions’ irrelevance at each point in recent US history.

In addition, following Cochrane (2011), we include a latent discount-rate component g in
Equation (2). We model this component as an AR(1) process to capture persistent variation
in valuations that is not absorbed by investor expectations alone. This helps account for
persistence in the dividend—price ratio that is difficult to reconcile using return-expectation
dynamics alone (e.g., Nagel and Xu, 2022). We abstract instead for simplicity from modeling

a separate latent process for expected dividend growth, in line with prior work showing that

8Later, in Section 5.2, we explicitly relate major events in the regulatory, competitive, and social evolution
of the US stock market to variation in ;.

9As we later show in simulations in Section 6, our econometric approach does not mechanically generate
a negative trend. If the null of no intermediary influence were true in the data, the model would recover
a stable path for w; fluctuating around one. The model can therefore provide a data-driven assessment of
whether household influence in the US stock market has in fact eroded over time.
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movements in the dividend—price ratio are not primarily driven by rational expectations of

dividend growth.

In the next section, we provide a detailed discussion of the state-space representation

and the assumptions underlying estimation.

2.3 Model Estimation

To estimate the model, we first rewrite the measurement equation in compact form as

d.pt = Htxt + €4,

where
dp, = dp, — BEX PO — Hyuwy,
= [, H 1],
Hy, = 3 (EXP — EXP/9)
and
T
T = |uy
et
The measurement disturbance is assumed to satisfy
e S N(0,R), R=o>

Following the structure of the model, we write the transition equation as

Ty = F.Tt_l +c+ GEt

Here,
100 [y
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The latent state vector x; contains the unobserved components that we seek to
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from the data. The first two elements, 7, and u,;, represent the permanent and transitory
components of retail investors’ influence, respectively. The third element, j,, captures the
persistent discount-rate component. The matrices () and R therefore govern the signal-to-
noise ratio of the state-space system.'’

in the estimation, for tractability we set 5, = 1 and calibrate the variance of the inno-
vations of y; to absorb any scaling difference between the underlying discount rate process
and the dividend-price ratio."!

The full vector of model parameters,

0= [ﬁ,wo,”y,@ 0, 03,02,0,27,02} = [0,,0v].

Here, Oy = [02,0%, 07, 0¢] denotes the variance parameters, and 6, = [3,wo,7, ¢, p| the
remaining structural parameters. We estimate the model by maximum likelihood using
the Kalman filter, which requires initial values for the latent states, an initial covariance
matrix, and starting values for the parameters. Table 4 reports all initialization choices,
their numerical values, and the rationale for them. In equations 3 and 4, ag and ag are
treated as fixed and known to the econometrician. We calibrate 02 using prior estimates
of the discount-rate process (Van Binsbergen and Koijen, 2010). We choose a? so that
the stochastic trend component of w; can span the economically meaningful interval [0, 1],
where 0 and 1 correspond to the polar cases in which valuations are driven entirely by
professional or retail expectations. At the same time, high values of Ug increase the likelihood
that the recovered w; is estimated outside that interval for extended periods. To preserve
the linear state-space structure required by the Kalman filter, we do not impose the unit-
interval restriction through a nonlinear transformation of wy, such as a logit, or through
explicit parameter constraints in estimation. Instead, we calibrate Jg to strike a balance
between allowing sufficient flexibility in the stochastic-trend component of w; and limiting
economically implausible excursions outside [0, 1].

To initialize the remaining variance parameters, o2 and 0727, for which we cannot readily
obtain meaningful data-driven guesses, we are mindful of a practical challenge in trend—cycle
state-space models, namely that different choices of the variance parameters imply different
signal-to-noise ratios and can therefore generate different decompositions of the observed

. . . 2
series into permanent and transitory components.'” Therefore, to reduce dependence on

10Tn the baseline specification, we do not allow for covariance across shocks in the state vector, and
innovations to the latent states are assumed to be orthogonal to the measurement disturbance in dp;.

HTo see that this normalization is without loss of generality, suppose the true discount-rate process is
Wi = oui_i+e€; with Var(e;) = 0% and a loading of 3, on the dp ratio. Defining the scaled process y; = B}
implies p; = ¢psi—1 + &, where & = B ef and thus Var(&) = 6202. Hence, if the log dividend—price ratio
loads on pf with coefficient 3, it loads on p; with coefficient 1.

12This concern is well grounded in the trend-cycle literature. See, for instance, Canova (1998), Harvey
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any single variance calibration, we entertain a set of plausible diagonal (@), R) specifications
and estimate the model separately under each of them. For each candidate specification,
indexed by m = 1,..., M, we take the variance vector Qg/m) as given and estimate the
remaining parameters by maximum likelihood. This yields a fitted solution consisting of the
conditional parameter estimate @(;m) and a recovered path @Em).

We then rank these fitted solutions using the negative log-likelihood and construct rank-
weighted estimates by averaging across solutions. Letting w,, denote the rank-based weight

assigned to specification m, with Z%Zl w,, = 1, our final reported parameter estimates are
M

0 = Wi O™,
m=1
where each #™ combines the fixed variance vector Hg/m) with the estimated parameter vector

gl()m). The final recovered weight series is

m=1

This procedure can be interpreted as a rank-weighted model-averaging approach over
alternative variance specifications. Its purpose is not to impose a single preferred signal-to-
noise ratio ex ante, but rather to let the final estimates reflect the relative fit of a range of
plausible variance configurations while remaining less sensitive to any one particular choice of
diagonal Q and R"*. Appendix A.2 provides a detailed description of the candidate variance
specifications, the ranking rule, and the weighting scheme.

Finally, to construct confidence intervals for both the estimated model parameters and the
recovered time series of weights, we implement a residual bootstrap procedure. Specifically,
we rely on the stationary block bootstrap of Politis and Romano (1994), adapted to a state-
space setting with latent components and potentially serially correlated shocks. Details of

the bootstrap procedure are provided in Appendix A.3.

3 Data

Several sources of data are needed to perform our analysis. First and foremost, we need long

running time-series data on the expectations of retail investors and professional investors,

and Jaeger (1993), Morley et al. (2003), Nelson (1988).

13 Appropriate selection of noise covariances Q and R is a widely recognized difficulty in the domain of
state-space filtering. To alleviate the concern that our results are driven by a fixed and manual calibration
of these parameters, we allow for variability by searching over a broad range of different pairs (a method
used in computer science and engineering applications, see e.g., Ahmadi et al., 2025; Coskun et al., 2017).
Conceptually, our method of performing a grid search and combining models based on the likelihood scores
is closest to what is commonly labeled as a Bayesian approach (in e.g., Matisko and Havlena, 2013)
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who we take to represent households and intermediaries in the stock market. Second, we
need valuation and return data for the market, as well as a broader dataset of stock-market
return predictors, which can be used to construct ex-ante measures of biases in beliefs. Third,
we need to tap into administrative data and several additional sources, to collect data on
households’ direct ownership of stocks, which we can then compare to our estimates of retail
investors’ influence in the market. Other data sources, such as data on investor flows and
portfolios, or market and country demographics, are also used in some of our tests. For
parsimony, here we concentrate on the main data sources, and postpone a discussion of

these additional data to the relevant section.

3.1 Investor Beliefs

Retail Investors

To measure retail investors’ return expectations, our primary data source is the Gallup survey
of investor optimism. The survey is well suited for our purposes because it is designed to
capture the beliefs of the US population of retail investors. Since 1996, Gallup has collected
expectations of returns from a monthly cross-section of approximately 1,000 individuals,
focusing on those individuals with at least $10,000 invested in financial assets. Relative
to other surveys of retail investor beliefs—such as the American Association of Individual
Investors (AAIT)—Gallup ensures coverage of actual stock market participants and is broadly
representative of the average US retail investor. Moreover, unlike AAII, Gallup provides

' This feature is essential for constructing a long

cross-sectional data on investor beliefs.
time series of retail-investor beliefs, as we explain below.

While Gallup provides direct measures of consensus expectations from 1996 to 2015, our
objective is to construct a longer time series of aggregate retail-investor beliefs in order to
study the impact of delegation on financial markets over the past sixty years. To do so, we:
(i) use the Gallup data to infer how different types of households form expectations; and
(i) combine these estimated belief-formation rules with historical price data and households’
stock market participation statistics to construct a long time-series of household-sector beliefs
that aggregates heterogeneous expectations of different types of retail investors based on
actual equity market participation.

The first step uses Gallup data to estimate belief formation across types of retail investors,

defined based on demographic characteristics. Following a large literature, we assume that

investor expectations are shaped by the extrapolation of past stock returns, with greater

14 Other studies that rely on the Gallup survey data are Vissing-Jorgensen (2003), Kahneman and Deaton
(2010), and Greenwood and Shleifer (2014).
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weight placed on recent returns (e.g., Vissing-Jorgensen, 2003; Greenwood and Shleifer,
2014). We allow the sensitivity to past returns to vary across investor types, reflecting doc-
umented heterogeneity in the use of past information. For example, Malmendier and Nagel
(2011) link differences in risk-taking behavior to investors’ lifetime experiences, implying
age-related heterogeneity in expectations. Such variation is also consistent with evidence
from psychology on memory, accessibility, and heuristics (Higgins, 1996; Kahneman, Fred-
erick, et al.; 2002; Kahneman, 2003). Accordingly, we estimate return-extrapolation models
separately for retail investors in different age brackets. To that end, we use quantitative
data on retail investors’ expectations collected by Gallup between January 2001 and April
2003, and estimate the following return extrapolation model for five age groups, each 10

years wide, between the ages of 25 and 75:"°

15
EXP;;I =g+ by Z Wy R—j11) + €gt
j=1
(Ag)GD) 9)
Woj = 15 >
> (Ag)
k=1

where EXPﬁI refers to an age group’s consensus expectations as of time t, and R,_; is the
stock market return realized in year ¢ — j. The results of this estimation, reported in Table
I highlight heterogeneity in belief formation across age groups. Expectations for all age
groups rise following good returns, and this is consistent with past work documenting return
extrapolation. At the same time, differences in the relative influence of recent versus distant
returns exist that are consistent with younger investors being more influenced by recent
returns than older investors are. In addition, younger investors also display more optimistic
expectations on average.

Taking stock of the heterogeneity documented above, the second step of our approach
consists of using the in-sample parameter estimates for each age group (ay, bAg, )\Ag) to con-

struct the time-series of retail investors’ expectations EX P!

15Quantitative data from Gallup is available as early as 1998, but prior to 2000, survey responses are
winsorized at 0 (e.g., Vissing-Jorgensen, 2003). We avoid the distorting effect of such winsorization by
concentrating on the 2000-2003 sample. Following Malmendier and Nagel (2011), we use survey weights and
exclude individuals younger than 25 or older than 75.
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In line with the survey evidence, the model of consensus belief by households that we
adopt posits that the extrapolation of past returns is an important driver of aggregate
retail-investor beliefs. The model allows for time-varying parameters in the aggregation,
which reflect time-series variation in the relative prevalence of each age group. We proxy for
such prevalence by means of the direct holdings (DH) of public US equities by households

whose head belongs to a given group g:

DHy = NHH 7P DHy, (11)

In words, direct holdings of stocks by Households for each age group are obtained by
multiplying N, gftI H 'i.e., the number of households in the US whose head belongs to age group
g, by the probability 7Tth of non-zero direct holdings of stocks, and the mean size DH,; of
direct equity holdings conditional on participation within age group ¢, respectively. Data on
Households’ demographics is from the US Census, and data on households’ stock holdings
is from the Federal Reserve Survey of Consumer Finances (SCF). We later show in Section

3.2 evidence that validates our approach.'®

Professional Investors

To study the role of financial intermediaries in equity markets over a long historical horizon,
we require a measure of professional investors’ expectations that (i) spans several decades,
(ii) is available at relatively high frequency, and (iii) reflects the beliefs of agents actively

operating as intermediaries in financial markets.

16To allow for delayed publication of the SCF and the Census results, we lag this data by one year, and
hence use DHg;_1) in Equation 10. This helps reduce look-ahead bias in the later return predictability
analysis. That said, lagging or not these quantities has not material effects on our results, because Census
data is updated only every 10 years, and data from the SCF is also updated only every three years. We fill
the gaps using the most recent information.
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A number of existing approaches fail to meet one or more of these requirements. Recent
studies infer expectations from capital market assumptions or accounting disclosures by
large asset managers and pension funds (e.g., Andonov and Rauh, 2022; Couts et al., 2023;
Dahlquist and Ibert, 2024). While informative, these data sources were relatively scarce prior
to 2010 and therefore unsuitable for our long-sample analysis. Other surveys focus on highly
skilled respondents such as CFOs or economists, including the Graham and Harvey CFO
survey, the Livingston survey, and the Survey of Professional Forecasters (SPF). While these
are surveys of experts, they do not directly involve individuals that operate as professional
financial investors, and the surveys are typically available only at low frequency.'” Surveys
targeting institutional investors more directly, such as Bob Shiller’s survey, provide relevant
information but are available at monthly frequency only after 2001.

Against these constraints, the Investor Intelligence (II) survey uniquely satisfies our data
requirements. The II survey has compiled weekly consensus views of professional investors
since 1963 by aggregating recommendations from more than 120 independent financial mar-
ket newsletters. Since its inception, only four individuals have been responsible for classifying
newsletter recommendations as bullish or bearish, ensuring a high degree of methodological
consistency over time. To our knowledge the II survey, that recently Greenwood and Shleifer
(2014) also interpret as a professional-investor survey, is the longest high-frequency survey
of professional stock market participants available for the US market.'®

While we use II as a measure of expectations in the professional sector of the market, we
do not claim this time series tracks directly any specific type of major professional investor.
Against the backdrop of a vast set of possible heterogeneous professional investors, what
matters for us is that the II survey tracks well the common component of beliefs held by
professionals and sophisticated market participants at large. In the next section we show
evidence that is consistent with this assertion.

To ease comparability with the retail-expectations index that tracks expectations in per-
centage points, we follow Greenwood and Shleifer (2014), we obtain the professional expec-

tations index by rescaling the II data to a quantitative measure.'’

1"These surveys too have a relatively short time span. The Livingston survey as well as the SPF only
began collecting return expectations in the early 1990s, and do so at low frequency (every six months and
annually, respectively). The CFO survey data on return expectations is only available since 2000.

18Prior research studying the II survey includes Clarke and Statman (1998) and Brown and CLff (2004).

19We follow the approach in Section 1.7 of their paper.

18



3.2 Expectations Data: Validation

Before conducting the main analysis, we want to investigate the appropriateness of our
measures of beliefs held by retail investors and professional investors.

We begin this part of the analysis by focusing on the time-series of retail-investor ex-
pectations. In Section 3.1 we took several steps to extend the time-series of retail investor
expectations to a long sample period. Our approach is rooted in the following assumptions:
(1) by and large, retail investors form extrapolative expectations by extrapolating past re-
turns; (2) taking stock of heterogeneity in belief formation across age groups, while neglecting
other characteristics is a simple, yet effective way to capture the consensus expectations of
future market returns held by retail investors; (3) within-age group belief-formation param-
eters are stable, so that a long time-series of retail investors expectations can be constructed
using in-sample parameter estimates.

If these assumptions are appropriate, we expect our measure of retail investors’ beliefs
based on extrapolation to be highly correlated with the raw time-series of beliefs from Gallup.
Figure 1, Panel A reports in orange the consensus quantitative expectations collected by
Gallup in the sample period 1998-2003. This data is directly used in the construction of
EXP? also reported in the Panel in green, as explained earlier. The close resemblance of
this time-series of raw expectations data with EXP' indicates that, despite its simplicity, our
procedure focusing on the extrapolative component of investor beliefs, and age-based belief
heterogeneity in expectations delivers an accurate in-sample representation of the overall
beliefs held by retail investors. The 90% correlation between the two series suggests that
only minor improvements could be obtained if one were to introduce additional complexity
in the measure.

Panel A of Figure 1 also offers insights regarding the out-of-sample performance of our
procedure, since it allows us to compare EXP™ with a longer time-series of qualitative
expectations (i.e., bullish minus bearish, dashed blue) that Gallup collects for a longer sample
period, and is available to us over the period June 1996 to January 2015.”° Despite the
fact that this data is not used at all in constructing our measure, the ability of our retail
expectations time-series to match retail investors’ expectations data out of sample is striking.
Both the full-sample and the out-of-sample correlation between EX P? and survey-based
qualitative expectations is around 70%. Complementing the evidence in Panel A, Panel B of
Figure 1 shows that the ability of our metric to capture retail investor beliefs extends beyond

the Gallup survey. In particular, we form a first principal component of three series, namely

20Greenwood and Shleifer (2014) find that quantitative and qualitative consensus expectations are highly
correlated. Qualitative expectations in Figure 1 are constructed using the rescaling procedure outlined in
their paper. This rescaling alters the mean and variance of the time-series, but not its time-series variation.
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(i) our retail-expectations index that approximates the Gallup survey as shown above, (ii)
data on investor expectations of future market conditions from the University of Michigan
survey of consumers”', and (iii) survey data from the American Association of Individual
Investors. This principal component is intended to capture the time-series variation in the
consensus beliefs of households polled through multiple survey instruments. We then overlay
the time-series of this principal component with our measure of retail investor beliefs. We find
that the correlation between our index and the principal component is over 80%, indicating
that our index of retail investor expectations is successful in capturing broadly held beliefs
among retail investors.

Panel C of Figure | repeats the comparison of Panel B, but focuses on professional
expectations. Specifically we form a principal component of three surveys of expert beliefs,
namely, the Investor Intelligence Survey, the Livingston Survey, and Robert Shiller’s survey
of investment managers. We then compare it with the II survey which we use as a measure
of professional investors’ beliefs in our main analysis. Here too, we find a strong comovement
between the two series, suggesting our attempt at summarizing beliefs held by professional
market participants is reasonable.

To build further confidence in our procedure and our empirical choices, we also follow
earlier work (e.g., Gennaioli and Shleifer, 2018) arguing that to the extent that surveys reflect
actual investor beliefs, they should align with portfolio choice. Therefore, we investigate
empirically the relation between beliefs and capital allocation to equities. To track retail
investors, we concentrate on flows into equity mutual funds, measured using data from the
Investment Company institute. For professional investors, we follow recent work arguing that
tracking investment vehicles such as separate accounts captures well institutional investors’
demand (e.g., Huang et al., 2025). Using data from Morningstar, we construct quarterly
percentage equity flows into both fund types, and relate them to contemporaneous changes
in investor beliefs.””

The results, in Table 2, provide support to our survey-based approach to measuring insti-
tutional and retail investor beliefs. In Panel A, we find evidence of statistically positive and

significant relation between equity mutual fund flows and retail investors’ beliefs, while the

2IThe question from the University of Michigan survey of consumers is “What do you think is the percent
chance that a one thousand dollar investment in a diversified stock mutual fund will increase in value in the
year ahead, so that it is worth more than one thousand dollars one year from mow?”. For consistency with
other data sources, we construct a balance statistic (i.e., % bullish minus % bearish).

22We focus on changes in beliefs because flows are inherently marginal, i.e., they capture changes in asset
demand that are more naturally linked to revisions in expectations than to expectation levels (e.g., Berk
and Green, 2004). This choice is also econometrically preferable, since as noted in prior work fund flows are
persistent and display a marked downward trend. Given these properties, regressions in levels can overstate
the relation between outcome and explanatory variables in finite sample. Using changes in the explanatory
variable reduced this concern (Granger and Newbold, 1974).
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regression does not detect any significant link between professional expectations and equity
fund flows. This result is obtained in univariate and bivariate regressions where we explicitly
control for the beliefs of professional investors. The result survives the inclusion of controls.
In Panel B, we find a symmetric result for professional flows, which hold a statistically signif-
icant relation with professional investor beliefs, but not with the expectations held by retail
investors. Overall, this result gives us confidence in our baseline approach.

Finally, we note that expectations from surveys likely reflect true expectations with noise.
Thus in Appendix ', we investigate how the estimation approach presented in the previous
section fairs in the presence of measurement error in the expectations data. We consider
measurement errors in both professional and retail expectations, calibrated to the data, as
well as correlated measurement errors, as discussed more in detail later in Section 6, as well
as in Appendix F. In short, the results which we describe more in detail in the aforementioned
sections, indicate that under the null of no-professional influence on asset prices, we would
not be able to reject the null of no-intermediary influence on asset prices, and we would
recover a process of latent influence w; that is considerably different from the one obtained

in our empirical analysis.

3.3 Households’ Stock Ownership: Administrative Data

While the Kalman filter is our primary method for measuring the influence of households
and professionals in the equity market, we also benchmark our results against administrative
data. Following Stambaugh (2014b), we use the Financial Accounts of the United States
(formerly the Flow of Funds, FoF), published by the Federal Reserve Board, to track retail
investors’ stock market ownership. A key limitation of the FoF is that the Household sector
is a residual category that includes entities such as non-profit organizations. To address
this issue, we rely on French (2008), who provides accurate estimates of households’ direct
stock ownership for 1980-2007. For 1963-1979 and 2008-2023, we combine supplemental
FoF tables with data on individuals’ mutual fund ownership from the Investment Company
Institute, data on the non-profit sector size from the National Association of Non-Profit
Organizations and their Executives (NANOE), retail ownership of closed-end funds (Wang
and Nanda, 2011), and retail ownership of ETFs from Deutsche Bank reports. Appendix
Section B details the construction of the resulting time series. We later compare this series

to the one recovered using the Kalman filter.
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3.4 Prices and Returns

We obtain the price-dividend ratio from Amit Goyal’s website. We use this time-series as
part of the measurement equation in the Kalman filter estimation. To test for time-series
aggregate return predictability, we form a monthly time series of cumulative yearly excess
return on a value weighted portfolio of US stocks. We source returns data from Ken French’s

website, and the 1-year risk-free rate from the Federal Reserve website.

4 Retail Investor Influence

4.1 Kalman Filter Estimates: Four New Facts

Our empirical approach combines survey-based expectations of retail and institutional in-
vestors with a structural model of latent market impact to estimate the time-varying influence
of households on asset prices. Figure 2 plots these estimates in gray; confidence intervals are
bootstrapped. Table 5 reports the Kalman filter parameter estimates and their bootstrapped
distributions. Finally, Figure 3 presents hypothesis tests that compare the estimates from
the data with their bootstrapped counterparts under the joint null of wy =1, v =10, ¢ =0,
i.e., retail investor influence fluctuates around 1. While this null is in line with the notion
of “no intermediary influence”, i.e., w; = 1, our empirical estimates could still recover some
fluctuation due to the non-zero variance of trend and cycle shocks, & and 7, (see Section
2.2). At the same time, these shocks are assumed to be mean-zero, so that the recovered
dynamics of w; will on average align to the null of no intermediary influence.””

Figure 2 reveals four main facts about household influence on stock prices over time. First,
at the beginning of the sample, households exert most of the influence on market valuation.
This implies little role for intermediaries or professional investors in the early 1960s. This
interpretation is generally consistent with both administrative data on household portfolios
and prior work showing that the stock market was then largely non-intermediated, with
households holding stocks mostly directly. Consistent with this evidence, Panel A of Figure
3 shows that we cannot reject the null of full household influence at the start of the sample
(i.e., wo = 1).

Second, the estimated time series of investor influence in Figure 2 slopes sharply down-

ward. A simple way to quantify this decline, and test its significance, is through the trend

23For bootstrapped confidence intervals and parameter distributions, we sample disturbances with re-
placement from a model parameterized by the estimates obtained from the data. For hypothesis testing,
bootstrapping instead generates time series for the relevant processes under the aforementioned null hypoth-
esis.
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parameter . Table 5 shows that « is negative in 90% of the bootstrapped samples. Panel B
of Figure 3 further shows that if v were zero in the data, that is, if households’ influence did
not decline over time, the probability of estimating a value as negative as the one recovered
by the Kalman filter from the data would be only 0.8%. The decline is therefore not only
statistically significant but also economically large: over the sample, household influence
falls by close to 1% per year. Overall, as Figure 2 shows, retail investors’ influence declines
from about 1 to about 0.5 over the last 60 years, a roughly 50% drop.”*

Third, Figure 2 shows that the estimated series for retail investor influence differs sub-
stantially from the value of w; implied by the null of no intermediary influence, represented
by the dashed horizontal line at 1. In the early part of the sample, the confidence intervals
for estimated w; still include this null value, but for a large share of the sample they do not.
Using the 95% confidence intervals in Figure 2, this occurs for about 80% of the sample, or
roughly 50 years. Panel D of Figure 3 formalizes this result by comparing the average retail
influence recovered from the data, 0.731, with the average influence recovered under the
null hypothesis of no intermediary influence (i.e., bootstrapping under wy = 1, ¢ = 0, and
v = 0). The figure shows that under the null of no-intermediary influence, the probability
of recovering an average retail influence as low as the one observed in the data throughout
the sample is essentially zero.

Fourth, Figure 2 compares our estimated series for household influence with the series for
households’ direct stock ownership, shown in blue. This ownership series can be interpreted
as the influence households would have if they affected prices only through direct equity
holdings. Previous work arguing that households’ role in asset pricing has declined has often
relied on this direct-ownership series as a way to quantify such a decline (e.g., Stambaugh,
2014b). However, direct ownership is not the only channel through which households can
matter for prices. First, even when owning shares indirectly, household demand shifts can
affect prices through fund flows. Second, as households increasingly invest through passive
vehicles such as ETFs and passive mutual funds, or when managers face strong incentives to
track benchmarks (e.g., Basak and Pavlova, 2013), intermediary beliefs may matter less for
prices than measures of households’ delegation of financial decisions to professionals would
suggest. Third, delegation contracts and their enforcement may make intermediaries act as
a veil through which household expectations and risk appetite continue to shape prices.

For these reasons, households’ direct ownership need not measure their true influence on
asset prices. Until now, the extent to which households matter beyond their direct holdings

has remained unknown. Figure 2 provides new evidence on this margin. Although both

24 A back-of-the-envelope calculation implies an approximate decline of 4 x T'= —0.0007 x 732 months =
—0.5124.
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direct participation and estimated influence decline over the sample, household influence
remains consistently above the level implied by direct ownership alone. In other words, as
households shift from direct to indirect ownership over time, intermediation does not fully
eliminate their influence on prices, possibly because contractual and fiduciary obligations tie
professional investors’ behavior to household preferences and beliefs.

Taken together, these results uncover new time-series properties of households’ influence
on asset prices. The null of no intermediary influence overstates household influence, and
increasingly so over time. At the same time, the results suggest that the extent of household
intermediation is a poor proxy for the influence of intermediaries in the market. We next

turn to the determinants of this newly uncovered time-series variation in household influence.

5 The Determinants of Retail Investors’ Influence

In this section, we offer an in-depth analysis into the determinants of retail investors’ in-
fluence. The analysis mimics the structure of our econometric framework, in that we an-
alyze separately the drivers of the cyclical (i.e., transitory) and the stochastic-trend (i.e.,
permanent) components of households’ influence. Figure 4 presents these two components
graphically. Panel A displays the transitory component #;. Panel B plots the stochastic
trend, i.e., the time-series of 7, after removing its deterministic component, 7 = 7, — A4t. In
what follows, we will formally analyze the driving forces between both sources of variation

through standard regression-based techniques.

5.1 Cyclical Variation in Retail Investors’ Influence

We begin by examining the transitory component of retail investor influence. We group the
explanatory variables into three broad categories, each chosen for its potential to account for
temporary movements in household influence. The first includes measures of aggregate risk
and household risk tolerance, which may affect households’ willingness to bear risk and, in
turn, their cyclical influence on prices. The second captures household financial and labor-
market conditions, which may shape households’ ability to participate in equity markets and
absorb risky assets over the cycle. The third proxies for investor attention, motivated by the
idea that salient market conditions may temporarily increase households’ engagement with
financial markets. This classification helps distinguish between channels operating through
households’ willingness to take risk, their capacity to do so, and their attention to the market.

Table 6 reports the regression results, while Figure 5 plots smoothed time series for a

subset of the explanatory variables alongside ;.
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Our first conjecture is that temporary fluctuations in household influence reflect tran-
sitory changes in households’ willingness to bear risk. If so, measures of household risk
tolerance and aggregate risk conditions should help explain movements in ;. The evidence
in Panel A of Table 6 is broadly consistent with this view. The clearest result concerns
the Surplus Consumption Ratio (SCR) of Campbell and Cochrane (1999), which measures
current consumption relative to households’ habit level. Because higher SCR is associated
with lower risk aversion, the positive coefficient on SCR suggests that households exert
greater temporary influence on prices when their risk tolerance is higher. Quantitatively,
a one-standard-deviation increase in SCR raises the cyclical component of household in-
fluence by about 0.247 standard deviations (¢ = 3.52). This result is consistent with the
idea that greater household risk tolerance increases stock-market participation and, with it,
households’ effect on prices (Santos and Veronesi, 2022).

The same logic implies that household influence should weaken when aggregate risk rises.
Consistent with this prediction, the recession indicator REC enters negatively, implying that
retail investor influence is on average 0.55 standard deviations lower in NBER recession
months than in expansions. We find a similar, though somewhat weaker, pattern for 12-
month trailing stock-return volatility (VOL): higher volatility is associated with lower retail
influence (—0.134, t = —1.70). Taken together, these results suggest that short-run fluc-
tuations in retail influence are closely related to variation in household risk tolerance and
broader market risk conditions.

Panel A also considers whether cyclical variation in household influence is related to the
balance-sheet capacity of key financial intermediaries. To assess this channel, we include two
proxies for the financial constraints of banks and broker-dealers, the Intermediary Capital
Ratio (ICR, He et al.. 2017) and broker-dealer leverage (LEV, Adrian et al.. 2014). We
do not find evidence that either variable significantly explains cyclical movements in retail
investor influence.””

We next consider the hypothesis that cyclical variation in household influence reflects fluc-
tuations in households’ capacity to participate in equity markets. Panel B examines this pos-
sibility using household-finance and labor-market variables. The strongest evidence within
this group concerns labor-market conditions, proxied by the employment-to-population ra-
tio (EPR). If employment helps households overcome participation costs such as brokerage
fees and transaction costs (e.g., Favilukis, 2013), stronger labor-market conditions should be

associated with greater household influence. The data support this prediction: EPR is pos-

25This null result does not imply that intermediary capital ratios are unimportant for asset prices more
generally. Existing evidence often comes from markets in which broker-dealers and banks play a particularly
central intermediation role (e.g., CDS markets), whereas equity-market intermediation involves many non-
bank institutions.
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itively associated with 4, and the coefficient is significant at the 5% level (0.093, t = 2.58).
Thus, stronger labor-market conditions appear to coincide with greater household influence
on prices.

A related possibility is that household leverage moves with households’ willingness or
ability to take financial risk. In this spirit, we consider the aggregate household debt-to-
income ratio (DTI). The positive coefficient on DTI is qualitatively consistent with the
mechanism in Santos and Veronesi (2022), in which higher household risk tolerance is asso-
ciated with higher debt-to-income ratios and greater risky-asset holdings. In the data, we
likewise find a positive relation between DTI and household influence, although the estimate
is only marginally significant at the 10% level.

The remaining household-finance variables in Panel B provide little additional evidence
for this channel. In particular, the fraction of households reporting worse financial conditions
than a year earlier (PFDET), personal dividend income (PDI), and the equity-to-financial-
assets ratio (ETA) do not significantly explain cyclical variation in retail influence.

Finally, we consider the hypothesis that temporary fluctuations in household influence
reflect changes in investor attention. Panel C evaluates this idea using indicator variables
designed to capture salient market conditions, such as extreme market returns, as well as an
indicator for positive market returns. The former are motivated by the idea that extreme
return realizations are especially attention-grabbing and may induce greater household par-
ticipation (e.g., Barber and Odean, 2007), while the latter is motivated by evidence that
investors monitor markets more closely in periods of positive returns than in periods of neg-
ative returns (e.g., Karlsson et al., 2009). We find little evidence that these attention proxies
explain cyclical movements in household influence.

Panels D to F of Table 6 repeat the analysis at the 12-month horizon, using the annual
rolling average of u,; as the dependent variable and annual differences for non-stationary ex-
planatory variables. The results are broadly similar to those at the monthly horizon. Overall,
the evidence points to channels operating through households” willingness and capacity to

participate in equity markets.

5.2 Permanent Variation in Retail Investors’ Influence

In this subsection we complement the analysis of the cyclical component of retail investors’
influence with an investigation of what determines the long-lasting (i.e., permanent) changes
in such an influence. Our goal is to link long-lasting changes in retail investors’ influence,
that are captured in our model by the stochastic trend process 7, with historical events that

have the potential for long-lived effects on retail investors’ influence in the market.
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To identify candidate events, we adopt a procedure that is aided by the use of large-
language model. Specifically, we proceed in three steps: (i) we identify a list of candidate
events; (ii) we classify the likely economic impact of each candidate event on retail investors’
influence in the stock market; (iii) we investigate whether events that are likely to lead to in-
creased or reduced retail investors’ influence, are indeed linked to a corresponding predictable

variation in the permanent component of our extracted retail investors” weights.

5.2.1 Identifying Candidate Events

We begin by constructing a list of candidate events via a web search. We search primarily
for three types of significant events that can alter the influence of either retail investors or
institutional investors in the market: (i) regulatory and legal events; (ii) market events and
financial innovation; (iii) social finance. This manual search contains 39 events. We then
rely on an LLM to source additional events, leading to a total of 83 candidate events.”® More
than half of these events are regulatory in nature, with the remainder roughly equally split
between the other two aforementioned categories. The complete list of candidate events is

reported in the Appendix Table C.1.

5.2.2 Classifying Events

Having formed a dataset of candidate events, each featuring a brief description, we then
classify these events into two groups, namely those that are predicted to facilitate retail
investors’ influence, and those that are predicted to curtail it. The classification is done
in two ways. The first approach is manual, as we analyze the nature of each event via
web searches and we classify it accordingly on the basis of our subjective judgment. The
second approach to the classification involves a large-language model. Specifically, for each
candidate event we prepare a self-contained textual description about the event. To ensure
that the each description is sufficient to understand the nature of the event, yet it avoids
any of the researcher’s own judgment to anchor the subsequent LLM interpretation, we rely
on suggestions from OpenAl ChatGPT 5.2 thinking model.

We then use the OpenAl API to access the processing capabilities of OpenAl o4-mini
reasoning model. We ask the model to analyze and classify, one by one and independently
of each other each event based on the provided description. The prompts used to complete

this step are in Appendix Section C'.1. The result of this classification is in Table C.1.

26In this step, we use OpenAl ChatGPT, model 5.2.
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5.2.3 Results

We use the classifications outlined above to perform predictive regressions. The idea of
these regressions is simple, as we conjecture that positive shocks should lead to a long-lived
increase in retail investors’ influence, while negative shocks should be associated with a long-
lived decline in retail investors’ influence. Since long-lived shocks are well captured in our
econometric model by the stochastic trend component in the model 7, our goal is to assess
whether positive and negative shocks are indeed linked to an increase in 7 in the future.

In this analysis we need to resolve a tension. on the one hand running short-horizon
predictive regressions has the advantage of more convincingly linking events to the future
behavior of retail investors” influence. On the other hand, when a historical event such as a
regulatory reform takes place, the effect of this reform on retail investors’ influence can take
some time to materialize. To address this trade-off, we estimate Jorda (2005) with horizons
ranging from 0 months (i.e., contemporaneous effects) to 60 months. We show the estimates
from this analysis in Figure 6, where Panel A concerns the manual classification of events,
while Panel B refers to the LLM-based one.

The results show that, consistent with our intuition, events flagged as positive shocks to
households’ influence, lead to a long-lived increase of retail investors’ influence. Conversely,
events flagged as negative shocks to households’ influence, lead to a long-lived decline in re-
tail investors’ influence, although the latter effects is a bit smaller and it appears to be more
delayed. In Table 7 we complement this graphical evidence with a formal test of whether
the documented impact of positive and negative shocks on future retail investors’ influence
is statistically significant. Regression analysis also allows to formally test whether the dif-
ference in the impact of positive and negative shocks for future retail investors’ influence is
statistically significant. We find this to be the case. For both the manual (Panel A) and
the LLM-based classification (Panel B), we show that the differences A in the documented
effects are positive and statistically significant at the 1% level.

Finally, in Figure 7 we perform a placebo analysis, in which we generate 1000 sets of
fictitious events. Each set has the same number of positive and negative shocks as in our
combined classification, but the event dates and the directional impact are randomized in
each of the aforementioned sets. Using these fictitious dates, we repeat the analysis of Figure
6. The figure reveals that, when events are generated and classified at random, they have
no predictive power for future retail investors” influence. This result contrasts sharply with
the one obtained when we use the collection of events and the classification outlined above,

building confidence that the results presented in this section offers a meaningful insight.
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6 Robustness

We assess the robustness of our results along three dimensions. First, we ask whether the
estimated time series of household influence is sensitive to alternative model specifications.
Second, we study whether the Kalman filter has a mechanical tendency to generate a declin-
ing role for retail investors even when the true data-generating process features no role for
institutions. Third, we examine whether measurement error in the expectations series could
spuriously push the model estimation toward rejecting the null hypothesis of no-intermediary
influence. Across all three exercises, the central message of the paper remains intact.

Our first set of checks varies both the measurement equation and the estimation proce-
dure. In the baseline specification, market valuations are linked to retail and professional
expectations through the unadjusted monthly log dividend-price ratio. We then consider
several alternative specifications. One replaces the raw dividend-price ratio with a version
corrected for structural breaks in valuation, following Lettau and Van Nieuwerburgh (2008).
A second removes from the dividend-price ratio the variation associated with household risk
aversion, intermediary risk-bearing capacity, and macroeconomic uncertainty, by orthogo-
nalizing it with respect to the Surplus Consumption Ratio, the Intermediary Capital Ratio,
and the financial uncertainty measure of Jurado et al. (2015). A third changes the law of
motion for the latent weights by shutting down the deterministic drift term, i.e., setting
v = 0 rather than estimating it. Finally, we assess numerical sensitivity by repeating the
baseline estimation with a substantially finer optimization grid.

These alternative specifications deliver weight estimates that are highly similar to the
baseline series. Figure 8 shows that all estimated series exhibit the same broad evolution
over time: household influence is high early in the sample and declines materially thereafter.
Table D.1 further shows that the associated parameter estimates are stable across specifica-
tions. As an additional benchmark, we form a simple ensemble estimate by averaging the
filtered weights across models within each month. The ensemble closely tracks the baseline
series, suggesting that the main result is not driven by any single modeling choice. Figure
D.1 reaches the same conclusion from a different angle. The correlations across the alter-
native weight series are high in levels and remain sizable after detrending, indicating that
the common variation is not merely due to a shared secular trend. Taken together, these
exercises show that our estimates of household influence are robust to plausible changes in
the measurement equation, the state dynamics, and the optimization routine.

The second exercise asks whether the filtering procedure itself is predisposed to recover
a declining role for households, even if institutions are in fact irrelevant for prices. To

address this concern, we simulate data under the null of institutional irrelevance, setting
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wy = 1 throughout the sample and assuming that the dividend-price ratio loads only on
retail expectations plus measurement noise. We then re-estimate the full model repeatedly
on these simulated data. The results, reported in Figure 9 and Table E.1, show that the filter
is able to recover a constant weight process centered around the true value of one. Moreover,
the associated parameter estimates move in the correct direction: both the intercept and
the time-series filtered weights are close to 1, and the filter assigns little role to cyclical
components or trend dynamics when these are absent by construction. This exercise is
important because it shows that the downward-sloping pattern recovered in the data is not
an artifact of the estimation procedure itself. If the true process features no intermediary
influence, the filter does not mechanically generate a negative trend.

Our final exercise examines the role of noisy expectation measures. In the main analy-
sis, both retail and professional beliefs are observed through survey-based proxies, and it is
natural to worry that error in these inputs may distort the recovered weights. We therefore
simulate a setting in which the true dividend-price ratio depends on latent investor expec-
tations, while the econometrician only observes noisy counterparts. The noise process is
calibrated from the data using the discrepancy between survey expectations and the corre-
sponding principal-component series, including the covariance between retail and professional
measurement errors. We then re-estimate the model under the scenario of correlated noise
in expectations.

The results — presented in Figure 10, and Table .1 — are informative. When expec-
tations are mismeasured, the filter has difficulty recovering the correct level of the latent
weights: the estimated intercept is biased downward and the recovered series is less tightly
centered around the true value. Importantly, however, the simulation does not produce the
main empirical pattern from the data, namely a pronounced negative trend in household in-
fluence. In other words, although measurement error in expectations can affect the average
level around which the filtered weights fluctuate, it does not generate the secular decline
that is central to our findings. This suggests that belief mismeasurement is unlikely to be
the source of the baseline results.

Overall, the robustness exercises support two conclusions. First, the estimated decline
in household influence is stable across a range of alternative specifications and estimation
choices. Second, the Kalman filter does not mechanically recover a downward trend, nor does
plausible mismeasurement in expectations data generate one when the true latent process
is flat. The evidence therefore supports the interpretation that the time-series variation
uncovered in the main analysis reflects a genuine feature of the data rather than a modeling

artifact.
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7 Conclusion

This paper studies whether the rise of financial intermediation has changed whose beliefs
matter for aggregate stock-market valuation. Rather than testing intermediary asset-pricing
theories through indirectly measured risk preferences or cross-market comparisons, we take
a within-market, belief-based approach in the US stock market, leveraging the availability
of survey expectations for retail investors and professionals, and the substantial variation in
delegation over the last six decades.

Our central contribution is a structural present-value framework in which the market
price-dividend ratio reflects a weighted combination of retail and professional return expec-
tations, alongside traditional discount-rate drivers. We treat the relative influence weight
as a latent time series with both a trend and a cyclical component, and we recover it us-
ing Kalman-filtering techniques. This approach allows the data to discipline how influence
evolves over time, rather than equating influence mechanically with administrative measures
of direct versus indirect ownership.

The estimates deliver three main takeaways. First, the influence of household beliefs on
market valuation declines meaningfully over time. In the early part of the sample, the weight
on retail expectations is close to one, consistent with a market in which households are the
dominant force in price formation. By the end of the sample, retail influence falls to roughly
one-half, implying a substantial, yet incomplete, shift toward professional investors’ beliefs
playing a larger role in equilibrium prices. Importantly, we can reject the frictionless null
of no intermediary influence for most of the sample, indicating that intermediation is not
merely a passive “veil” over household-driven pricing.

Second, rising delegation does not imply that households become irrelevant. While our
recovered influence series comoves with standard administrative indicators of intermediation,
it differs sharply in magnitude: households retain considerably more influence than implied
by direct-ownership statistics. A natural interpretation is that even when households hold
equities indirectly, they remain principals who shape intermediaries’ decisions through con-
tracting, monitoring, and the ability to reallocate capital across vehicles and managers. In
this sense, the delegation process appears to tilt price determination toward professionals
without fully displacing the household sector, pointing to a more nuanced equilibrium than
the stark “intermediaries dominate” view.

Beyond documenting secular changes, the paper also sheds light on why influence shifts.
The cyclical component of retail influence is related to states of risk and macroeconomic
conditions in intuitive ways: retail influence tends to rise when households appear more risk

tolerant and to fall in recessions or following elevated market volatility. The permanent
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component exhibits longer-lived movements that we connect to major regulatory, social, and
market-structure changes. By assembling and classifying a large set of historically salient
events—supported by a large-language-model workflow—we show that shocks predicted to
favor households (professionals) are followed by persistent increases (declines) in the long-run
component of retail influence, helping reconcile the latent influence series with the evolving
institutional environment of US equity markets.

These results have several implications. For asset-pricing tests, they highlight the value
of belief-based identification: when beliefs are observable, one can test intermediary theories
while explicitly controlling for households, mitigating joint-hypothesis concerns tied to unob-
served preferences. For the macrostructure literature, they suggest that market organization
affects equilibrium pricing not only through constraints and balance-sheet capacity, but also
through whose expectations receive greater weight in valuation. For behavioral finance, they
indicate that the mapping from beliefs to prices is not stable over time: the predictive con-
tent of expectations depends on which investor group is marginal, and delegation can shift
that margin in economically meaningful ways.

Overall, the evidence supports a view in which intermediation matters for stock-market
valuation, but not in a way that eliminates the household sector. Delegation raises the
role of professional beliefs in equilibrium pricing, while households retain substantial influ-
ence through the economic frictions and institutional arrangements that govern delegated
investment. By measuring this influence directly from beliefs—and showing that it is both
economically meaningful and asset-pricing relevant—the paper provides a unified framework
linking intermediary asset pricing, behavioral expectations, and the evolution of market

macrostructure.
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Figure 1: Investor Expectations - Validation

In Panel A, we overlay the time-series of our proposed retail-investor expectations index EX P! against
quantitative and qualitative data on beliefs from Gallup, with the former available over the sample period
1998-2003, and the latter available to us with gaps over the sample period 1996-2015. In Panel B, we report
the first principal component of EX P! consensus probability of 1-year ahead increase in stock prices from
the University of Michigan Survey, and stock market consensus expectations from the American Association
of Individual Investors (AAII). In Panel C, we compare the Investor Intelligence (IT) survey, which we use as
our main index of professional expectations EX PPEO  with the first principal component of three time-series
of professionals’ expectations, namely II expectations, the Livingston survey expectations, and the Shiller
institutional-investor stock market confidence index. Each panel reports the relevant correlations. In Panel
A, expectations are rescaled as in Greenwood and Shleifer (2014) to a decimal format. In Panels B and C,
all series are standardized. The time-span in each panel differs based on data availability.

Corr(Retail Exp, Gallup Quantitative) = 0.941
Corr(Retail Exp, Gallup Qualitative) = 0.698
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Figure 2: Retail Investors’ Stock Market Influence - Kalman Filter Results

This figure plots the 3-month moving average of the retail investor’s influence on the valuation of the stock
market estimated via the Kalman filter, w; (gray), as per Section 2.3. The gray shaded area represents the
95% confidence interval around the filtered states, where the standard errors around the weights follow from
our bootstrapping procedure as described in Appendix A.3. The figure also reports the time-series of direct
ownership of the stock market by the Household Sector from administrative data, wf°F" (blue dotted).

1.001 - -

0.75

Retail Investor Influence

0.50
AN
Wi
FoF
0.25 — W
0.00
IO I SR P S DO D P
S R R N I RN

40



Figure 3: Retail Investors’ Stock Market Influence - Hypothesis Testing

This figure reports bootstrap distributions for key parameters and quantities of interest under the null of
no intermediary influence on asset prices. Specifically. we generate 500 block-bootstrapped time series of
the dividend-price ratio by resampling blocks of measurement-equation residuals with replacement. Panels
A to C show the distributions of the parameter estimates when the dividend-price ratio is simulated under
the joint null wg = 1, v = 0, and ¢ = 0. Panel D shows the distribution of the sample-average estimated
weight across bootstrap samples and compares it with the average weight estimated from the actual data.
Each panel also marks the corresponding Kalman filter estimate from the data with a vertical dashed line.
Two-sided p-values, reported in parentheses, are computed empirically from the bootstrap distribution as
described in Appendix A.3.
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Figure 4: Decomposing Retail Investor Influence

This figure visualizes the transitory and permanent shocks to the retail investor influence. Panel A plots the transitory cyclical component
Uy of the estimated weights from our Kalman filter. Panel B plots the stochastic trend component; 7. The lighter colored series are taken
directly from the raw data, whereas the solid lines represent their 12-month rolling averages. The light grey shaded areas correspond to
NBER recession periods.
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Figure 5: Explaining The Cycle in Retail Investor Influence

This figure contrasts the estimated cycle component #; obtained from the Kalman filter in Section 2.3 against several important explanatory
variables from the test conducted in Table 6. When one such variable displays non-stationarity as per a Dickey—Fuller test, we consider
12-month differences. Continuous variables are standardized to have zero mean and unit standard deviation, and reported as one-year moving
averages. Where applicable, we also report the pairwise correlation between u; and the explanatory variable under consideration. For the
dichotomous variables we shade the months for which we observe a value of one.
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Figure 6: Predicting Long-Run Trends in Retail Investor Influence: Event
Analysis

This figure shows regression output from a local-projections estimation exercise as described in Jorda (2005).
The graphs present slope estimates from regressions of the future value of the stochastic trend component of
retail investors’ influence, 7, on event dummies signaling the occurrence of events pre-classified as positive
(blue) or a negative (red) shocks to retail investor influence. In Panel A, events and their expected directional
impact on household influence classified encoded manually. In Panel B the classification is performed by an
LLM, specifically OpenAl GPT o4-mini. The negative prediction horizon of -3 entry represents the starting
point of the graph (no estimation).
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Figure 7: Predicting Long-Run Trends in Retail Investor Influence - Placebo
Analysis

This figure plots results from a placebo test. In the test, we create 1000 sets of event dates. In each of these
sets, the number of positive and negative shocks is the same as in our manual classification (Panel A) or the
OpenAl o4-mini classification (Panel B), but the date of each event is randomized throughout the sample.
We then repeat the analysis of Figure 6 involving local projections estimation (Jorda, 2005), but use the
randomized event sets instead of actual event dates. The graphs report the average slope estimates across
all the placebo sets of event dates.
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Figure 8: Retail Investors’ Stock Market Influence - Kalman Filter Results
with Alternative Estimation Choices

This figure shows 3-month rolling averages of the Kalman filtered estimates for the latent influence of retail
investors on market valuations, under different estimation strategies. w; (black) is the filtered weight from
our main analysis. As described in Appendix D, @} (blue) and ;- (red) are, compared to the baseline model,
estimated with an adjusted measurement equation, whereas w; (green) excludes the deterministic part for
the trend state-space model but leaves the measurement unaltered. W} repeats the baseline estimation with
a larger optimization grid (purple). The aforementioned series are presented in Panel A, whereas Panel B
compares our baseline weight to the simple monthly average across the same set of weights, w; (orange).
Correlations and parameter estimates can be found in Figure D.1 and Table D.1, respectively. For additional
details we refer to Appendix D.
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Figure 9: Estimating Retail Investor Influence
Under Institutional Irrelevances: Simulation Results

We conduct simulations to assess how our Kalman-filtering approach performs under the null of institutional
irrelevance, i.e., when only retail investors’ expectations matter for asset prices. Specifically, for each simu-
lation s we generate a time-series of the dividend—price ratio of the market where the retail investor weight
is wy = 1Vt. The dashed horizontal line captures this assumed weight. The figure shows results obtained
from 250 simulations, where we use our Kalman-filtering approach based on the simulated dividend—price

. . S . . . . . .
to recover a time-series wg ) of retail investor influence in each simulation s. In the figure, the average

wt(s) obtained across simulations is reported in bold gray line, and the gray shaded area portrays the 95%

confidence intervals obtained from the empirical distribution of wt(s) across-simulations at each point in time.
Weights are smoothed to a 12-month average. Details on the simulations, as well as parameter estimates
obtained from the simulations are presented in the Appendix, Section E.
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Figure 10: Estimating Retail Investors’ Influence with Noisy Expectations:
Simulation Results

We conduct simulations in which the dividend—price ratio of the market is driven by latent expectations
processes, and the expectations we use in the Kalman filter to recover the time-series of investor influence w;
are noisy measures of such latent processes. Noise in expectations and its covariance across expectations time-
series is calibrated from the data. Similarly, the dividend—price ratio generated as part of each simulation
is calibrated to retain its properties in the data, and based on the assumption that only retail investor
expectations have impact on asset prices, i.e., we set wy = 1V¢t. This figure shows results obtained from
the simulations, where we use our Kalman-filtering appr(()a)tch based on the simulated dividend—price and the
S

simulated noisy expectations to recover a time-series w; ’ of retail investor influence in each simulation s.

In the figure, the average w,gs) obtained across simulations is reported in bold gray line, and the gray shaded
area portrays the 95% confidence intervals obtained from the empirical distribution of wgs) across-simulations
at each point in time. Weights are smoothed to a 12-month average. Details on the simulations, as well as

parameter estimates obtained from the simulations are presented in the Appendix, Section F.
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Table 1: Retail Investors: Belief Formation by Age Group

g (1) (2) (3) (4) ()
Age range 25to 34 35to44 45to b4 55to 64 65 to 75
ag 0.118 0.099 0.092 0.087 0.049
[28.94] [33.05] [45.75] [32.18] [2.97]
by 0.227 0.264 0.255 0.259 0.289
[12.10]  [23.27] [27.42]  [19.69]  [3.23]
Ag 0.292 0.458 0.453 0.496 0.768
[4.03]  [12.67] [18.82] [16.01]  [8.20]
R? 62.07 85.11 83.74 73.89 53.60

Using Gallup data on retail investors’ quantitative expectations of future 1-year stock market returns, we
estimate the following cross-sectional regression:

15 Ai—1
EXPRl — ¢ +b Wy i Re_; Wy | = —————
gt — Yg g g,j W —j+1, 9.J — 15 /\k_p

Jj=1 k=179

where EX Pftl is the group-specific average expectation of future 1-year stock returns on the aggregate stock
market at time t, and Ry; is the stock market return, from CRSP, realized j years before. The table reports
the estimated coefficients a4, by, Ay for each age group g. Newey-West T-statistics are reported in brackets.
Sample period is 2000:01 to 2003:04, in which the survey collected quantitative expectations data from its
participants.
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Table 2: Expectations and Flows

Panel A: Panel B:
Flows into Equity Mutual Funds Flows into Separate Accounts
(1) (2) (3) (4) (5) (1) (2) (3) (4) (5)
EXPFRO 0.117 0.040  0.011  0.076 0.606 0.512  0.489  0.431
[1.39] [0.48] [0.16] [0.79] [2.01] [1.98] [1.91] [1.73]
(0.168) (0.634) (0.877) (0.431) (0.047) (0.051) (0.056) (0.083)
(0.084) (0.317) (0.438) (0.216) (0.024) (0.026) (0.028) (0.041)
EXPA! 0.365  0.341  0.347  0.292 0466  0.198  0.176  0.141
[2.28] [2.08] [2.04] [1.99] [1.43] [0.61] [0.56] [0.45]
(0.024) (0.040) (0.043) (0.048) (0.155) (0.311) (0.316) (0.332)
(0.012) (0.020) (0.022) (0.024) (0.077) (0.156) (0.158) (0.166)
Adj. R? 0.00 0.03 0.02 0.49 0.60 0.04 0.06 0.02 0.45 0.55
Observations 136 136 136 136 136 120 120 120 120 120
Controls
Trend N N N Y Y N N N Y Y
Lagged Flows N N N N Y N N N N Y
Returns N N N N Y N N N N Y

In Panel A we regress quarterly percentage flows into equity mutual fund on changes in investor expectations. Columns (1) and (2) present the
result of the univariate analysis; column (3) allows to gauge the explanatory power of retail investor expectations for flows after controlling for
professional investor expectations. Columns (4) to (6) augment the bivariate regressions with controls including a deterministic trend, lag flows, and
lag market returns, as indicated. Panel B repeats the analysis, but focuses on flows into separate accounts. Newey-West t-statistics based on Newey
and West (1994) lag selection, are reported in brackets. Both two-sided and one-sided p-values of the alternative hypothesis of a positive relation
between expectations and flows, are reported. The sample period is 1990:Q4 to 2023:Q4 for equity mutual funds, and 1994:Q4 for separate account data.
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Table 3: Summary Statistics

Variable Mean  Std Min Max  Periodicity Obs Sample Source Description

Panel A: Main Variables

D/P 0.028 0.012 0.011 0.064 Monthly  732.00 1963 - 2023 Goyal and Welch (2008)  Dividend-price ratio

EXPH! 0.111 0.021 0.036 0.181 Monthly  732.00 1963 - 2023 Self-Constructed Aggregate expectations held by retail
investors

EXPPRO  0.102 0.030 0.010 0.182 Monthly  732.00 1963 - 2023 Self-Constructed Aggregate expectations held by pro-
fessional investors

wkor 0.388 0.145 0.213 0.691 Quarterly 244 1963 - 2023 Self-Constructed Weight based on Flow-of-Funds data

Panel B: Other Variables

DTI 0.161 0.011 0.124 0.182  Quarterly 175 1980 - 2023 FRED Household financial obligations as a
fraction of disposable personal income

PFDET  0.319 0.161 0.106 1.034  Monthly 552 1978 - 2023 UMICH Constructed from Table 6 of the Sur-
vey of Consumers, PFDET repre-
sents the fraction of respondents rat-
ing their financial situation as worse
compared to one year ago

PDI 0.433 0.512 0.016 2.198 Monthly 732 1963 - 2023 FRED Personal dividend income (trillions of
USD)

SCR 0.016 0.014 -0.155 0.054  Monthly 732 1963 - 2023 Cochrane (2017) Surplus Consumption Ratio

ICR 0.063 0.022 0.022 0.134  Monthly 648 1970 - 2023 He et al. (2017) Intermediary Capital Ratio

LEV 0.048 0.026 0.006 0.107 Quarterly 199 1968 - 2017 Adrian et al. (2014) Broker-Dealer Leverage

EPR 0.600 0.025 0.512 0.647  Monthly 732 1963 - 2023 FRED Employment-population ratio

ETA 0.243 0.087 0.095 0.424 Quarterly 244 1963 - 2023 FRED Household corporate equity holdings
as a fraction of total financial assets

RET 0.009 0.043 -0.216 0.168  Monthly 732 1963 - 2023 CRSP Item “VWRETD”: the monthly

value-weighted return on the value-
weighted market portfolio of US
equities, including all distributions

This table shows summary statistics for the variables used in our empirical design.

the original papers presented in the “Source” column.

For details on the series that are not self-constructed, we refer to


https://fred.stlouisfed.org/series/FODSP
https://data.sca.isr.umich.edu/data-archive/mine.php
https://fred.stlouisfed.org/series/PDI
https://fred.stlouisfed.org/series/EMRATIO##
https://fred.stlouisfed.org/series/BOGZ1FL153064486Q

¢S

Table 4: Kalman Filter - Initialization

Par. Description Initial Value/Guess Motivation

I} Scaling factor linking return expectations and dp -0.536 From a regression of dp on a weighted sum of survey
-based investor expectations, where weights are from
administrative data on stock ownership by the House-
hold Sector from the Federal Reserve.

wo Influence or retail investors at sample start 1.000 Set to 1; consistent with no role for professionals.

To Trend component of retail investors’ influence at sam- 0.000 Set to 0, so wy easily maps on w; at the beginning of

ple start the sample.

Uug Demeaned cyclical component of the retail investor 0.000 uy is assumed to be at the long-run mean at the begin-

weight ning of the sample.

Lo Demeaned discount-rate process at the beginning of 0.000 ¢ is assumed to be at the long-run mean at the begin-

time ning of time.

~y Deterministic drift in 7 0.000 We take no stance on the sign of the drift.

10) Persistence of cyclical component wy 0.900 To capture high persistence in households’ participa-
tion in stocks, while allowing for a stationary process.

P Persistence of 0.932 Based on estimates in Van Binsbergen and Koijen
(2010).

o? Variance of innovations in the measurement equation {0.010, ..., R™*} A range of possible values is considered as part of the
Kalman filter optimization procedure. Grid contains 10
evenly spaced points. More details are in the Appendix
A.2.1.

of] Variance of transitory shocks in wy {0.25,0.5,1,2,...,v} x 02 Set to a multiple of o2 for the Kalman filter optimiza-
tion routine, with v = Lﬁj = 5. Grid contains 7
points, so total search is over 70 (02, 07) combinations.

ag Variance of innovations in 7 5x 1074 Calibrated and fixed to reduce the likelihood that w;
falls outside of the interval [0,1]. More details are in
the Appendix A.2.

O'g Variance of innovations in z 0.023 Calibrated and fixed to match the variance of discount-
rate shocks from Van Binsbergen and Koijen (2010),
while allowing for a unit loading of u; on the dividend-
price ratio. More details are in the Appendix A.2.

Po(llo’l) Initial uncertainty for 7 0 No uncertainty on 7y, such that wq pins down the initial
level of wy.

P0(|20’2) Initial uncertainty for wug 0.250 Based on feasible range of the weights as de-
scribed in  Schneider  and  Georgakis — (2013):
((0.500 % (maz(wy) — min(w)))* = 0.250.

2
Pélso,s) Initial uncertainty for ug 0.175 Set to long-run variance of the process, ﬁ based

on estimates in Van Binsbergen and Koijen (2010).

This table shows the initialization strategy for the variables that enter into the Kalman filter estimation procedure.



Table 5: Kalman Filter - Estimation Results

Par. Kalman Filter Bootstrapped Distribution

Estimates Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)
I5; -0.5840 -0.8889 -0.7731 -0.6724 -0.5540 -0.4599
wo 0.9928 0.9195 09585 0.9962  1.0379  1.0685
v -0.0007 -0.0012  -0.0009 -0.0007 -0.0005 -0.0003
¢ 0.2781 0.2752  0.2789  0.2823  0.2854  0.2893
P 0.9530 0.7859  0.8291  0.8634  0.8898  0.9054
o? 0.0652 0.06561  0.0652  0.0653  0.0655  0.0658
O'% 0.1312 0.1244  0.1271  0.1298  0.1330  0.1353

This table shows the Kalman filter parameter estimates obtained for the model in Section 2.3 using the
estimation procedure outlined therein and further explained in Section A.2. The table also shows the boot-
strapped distribution of the parameter estimates obtained across 500 bootstrap samples. The bootstrapping
procedure is performed using the estimates from the second column to simulate measurements as per Ap-
pendix A.3, Eq. (A.17). The table omits reporting model parameters that are fixed, as detailed in Section

9 A))
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Table 6: Explaining Cyclical Variation in Retail Investor Influence

(h=1) Panel A: Risk and Risk Preferences Panel B: Household Finances Panel C: Attention
SCR 0.247 DTI 0.076 TRETQQO -0.193
[3.52] [1.65] [-1.23]
REC -0.546 EPR 0.093 TRETI% -0.032
[-2.23] [2.58] [-0.14]
VOL -0.134 PFDET -0.016 TRETs, 0.189
[-1.70] [-0.40] [1.05]
ICR 0.027 PDI -0.008 TRETY, 0.329
[0.52] [-0.29] [1.31]
LEV 0.017 ETA 0.014 POSRETY 0.164
[0.44] [0.23] [0.93]
Adj.R? 5.95 2.93 1.65 -0.08  -0.14 0.46 0.72 -0.16 -0.13  -0.12 0.46 -0.13 0.46 0.96 0.31
Observations 732 732 721 647 594 522 731 551 731 729 732 732 732 732 732
(h=12) Panel D: Risk and Risk Preferences Panel E: Household Finances Panel F: Attention
SCR 0.291 DTI 0.079 TRETQQO -0.347
[2.74] [1.18] [-2.09]
REC -0.682 EPR 0.236 TRETi% 0.058
[-2.14] [2.59] [0.29]
VOL -0.144 PFDET 0.124 TRET3, 0.058
[-1.96] [1.52] [0.25]
ICR 0.080 PDI -0.042 TRETY, 0.294
[0.89] [-0.55] [0.95]
LEV -0.054 ETA 0.054 POSRETY -0.021
[-0.63] [0.59] [-0.09]
Adj.R? 8.47 4.71 1.93 0.44 0.10 0.70 5.42 1.28 0.04 0.15 1.82 -0.11  -0.08 0.75 -0.13
Observations 721 721 721 636 585 489 720 540 720 720 721 721 721 721 721

Panels A to C of this table show regressions of the estimated cyclical component of retail investors’ influence, ¢, on different sets of explanatory variables. We consider three
sets of of such variables: (i) Risk and Risk Preferences, measured via Campbell and Cochrane surplus consumption ratio (SCR), a dummy variable for recessions (REC),
intermediary capital ratio (ICR), and Intermediary leverage (LEV), and 12-month trailing volatility (VOL); (ii) Household-finance variables, measured via Households’ debt
to income ratio (DTI), Households’ equity share of financial assets (ETA), Households’ beliefs about their financial condition deteriorating (PFDET'), and personal dividend
income (PDI); (iii) Market-based drivers of attention; these are TRETQ% (TRET%), a dummy variable that is equal to one when recent quarterly (yearly) returns are in the
top quintile of the distribution, TRETlQ0 (TRET%)7 a dummy that is equal to one when recent quarterly (yearly) returns are in the top decile of the distribution, POSRETY ,
a dummy variable that is equal to 1 when market returns are positive in the current month, and POSY , a dummy that is equal to one when yearly returns are positive. Panels
D to F repeat the analysis, but use a smooth 12-month moving average of @;. All continuous explanatory variables that display non-stationary behavior via a Dickey—Fuller
test, and converted to one-month (twelve-month) differences in the top (bottom) panels. Newey-West t-statistics based on Newey and West (1994) lag selection, are reported

in brackets. The estimates for the intercept are omitted for brevity.



Table 7: Long-Run Patterns in Retail Investor Influence: Event Analysis

Panel A: Manual Classification

Panel B: Reasoning LLM Classification

1) (2) (3) (4) 1) (2) (3) (4)
Positive Shock 0.006 0.005 0.005 Positive Shock 0.006 0.006 0.006
[1.26] [1.16]  [1.08] [1.88] [1.81]  [1.97]
(0.209) (0.246)  (0.283) (0.060) (0.071)  (0.049)
(0.105) (0.123)  (0.141) (0.030) (0.036)  (0.024)
Negative Shock -0.010 -0.010 -0.010 Negative Shock -0.005 -0.005 -0.005
[2.37]  [2.32] [-2.18 [1.27]  [1.19]  [-1.21)
(0.018)  (0.021)  (0.030) (0.204)  (0.233)  (0.228)
(0.009)  (0.010)  (0.015) (0.102)  (0.117)  (0.114)
A 0.015 0.015 A 0.011 0.011
(0.021)  (0.026) (0.041)  (0.028)
R2 0.002 0.006 0.008 0.010 R2 0.003 0.002 0.004 0.011
Observations 672 672 672 672 Observations 672 672 672 672

We predict the 5-year ahead stochastic component of the trend in retail investor influence, 7 using historical events. We partition
these events, which are listed in Table C.1 of the Appendix, into two main categories of interest: (i) events that constitute a
positive shock to investor influence; (ii) events that constitute a negative shock to investor influence. The classification of these
events is performed in two ways: manually (Panel A), and using an LLM with reasoning capabilities (GPT 4o-mini, Panel B). In
each panel. we use the event classification to create a “Positive Shock” dummy and a “Negative Shock” dummy. We use these
dummies as predictors of the future long-run behavior of retail investors’ influence. If multiple events occur at the same point in
time, we take the majority vote across events in terms of the assumed shock direction. Columns (1) and (2) present the results
of univariate regressions. Column (3) presents the results of bivariate regressions, and column (4) repeats the regression while
controlling for the occurrence of events that are flagged as ambiguous by the corresponding classification method. Below each
coefficient estimate we also report: (i) Newey-West t-statistics based on Newey and West (1994) lag selection; (ii) a two-sided
p-value; (iii) a one-sided p-value. This one-sided p-value tests whether positive shocks lead to a higher future value of retail
investors’ influence, and whether negative shocks lead to a lower value of retail investors’ influence. In the last two columns of
each panel, we also present the difference between the two coefficient estimates, alongside its two-sided p-value testing whether
positive and negative shocks have the same impact for future long-run retail investor influence. The model intercept is omitted
from the table for brevity.
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A Kalman-Filter Estimation: Additional Information

A.1 Equations and Objective Function

Consider the Kalman filter framework as described in Section 2.2:

d'pt = HtZL’t + &¢

.Z‘t:FZL't,1+C—|—GEt

, with
T 100 ~y
Ty = Ut y F: 0 QS 0 3 c= O 5
et 00 p 0
100 G
G: 0 ]_ O 5 Zt— nt I
00 1 3
and
0 o2 0 0
SN[ o] ;5 Q=10 o2 0
0 0 0 of

To estimate the states and parameters that give the optimal predictions for the mea-
surement, the Kalman procedure is as follows. First, we get a prediction step for the states
coming from the physical model:

Ty = Fyqpa+¢ (A1)

as well as a prediction for the state covariance P:

Py =FB_ 1y FT+Q. (A.2)

, which is initialized as a diagonal matrix at the beginning of time (Fp|o, details in Table
). Using the predicted state, the Kalman filter proceeds into an update step where it

computes the innovation with respect to the true measurement:
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[T dpt - Ht'%ﬂt—l (A3)

and the covariance matrix of the innovations;

St = Htpﬂtle);r —l— 062' (A4)

Then, the Kalman Gain is calculated to find the extent to which the KF relies on the
measurement versus the prior estimate:

Kt == Pt|t_1HJS;1. (A5)

Finally, having obtained K, the filter makes the revised prediction for the latent states:

Ty = Ty + Kpey (A.6)

, and it updates the estimate for the state covariance:

Py = (I — K;H,) Py (A7)
Finally, the log-likelihood is evaluated recursively using the Kalman filter;

2

5 (A.8)

L) = —% Z [bg 27) + log(S,) +

, where 6 = [6,,0v], and the objective is to maximize with respect to the parameter

vector of interest: 0, = [3,wo,7, @, p]" for some selection of Oy = [02, 02,07, 0¢].

!Note that the scaling factor 3 enters into H,, as explained in Section 2.3.
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A.2 [Initialization and Optimization

A.2.1 Initialization: Additional Details

To implement the Kalman-filtering procedure described in Section 2.2, we have to select
starting values for all variables that enter the model, and make initial guesses for the param-
eters of interest. While the list of all choices and the corresponding rationale is presented in

Table 4, of the paper, here we provide some additional details on a selected set of such choices.

Scaling parameter (: This parameter is the loading of aggregate (i.e., weighted) return
expectations on the log dividend-price ratio. To obtain a guess for this parameter, we
regress the dividend-price ratio on a weighted sum of expectations. While intuitive, this
step requires to form a meaningful weighted sum, and this is challenging since we treat
expectations weights as unobserved. To make progress, we rely on administrative Flow-of-
Funds data from the Financial Accounts of the United States, that has been used in prior
work to describe patterns of delegation in the US stock market. Using this data, as well as
estimates from earlier work (French, 2008), we construct a time-series of households’ direct
ownership share of stocks that spans the sample period of interest (1963-01, 2023-12). We
then use this time-series to obtain an initial guess for 3.

Variance of permanent shocks, ag: In our estimation, there is nothing explicitly preventing
the filtered time-series w; to fall outside of the range [0, 1]. At the same time, to the extent
that this time-series is in this interval, it is easier to interpret the weighted sum of subjective
expectations that we form as the belief of a representative investor in the marketplace. Such

4

an investor holds the entire market in equilibrium, so that their “weight” in the market is
1, as opposed to the weight of a very small investor whose beliefs are irrelevant for price
formation.

When thinking about how to select ag, we realize that selecting a high a value of this
parameter would result in a large probability that the recovered time-series of w; reaches
outside of the aforementioned interval, and by the unit-root property of 7, it stays outside of
the interval for a long time. So, we select a value of this variance that instead helps estimate
a time-series of w, that is easier to interpret. To that end, this variance is computed as

02 = = with 7' = 732 months (our sample length), wy = 1 as per our choice of an

[<I>—1(O.905)}2><
initial guess for wy, and ® is the standard normal CDF.

2Importantly, this approach to initialization does not constrain parameter estimation, and the time-series
of the administrative data does not enter the estimation procedure at all beyond the step described here.
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A.2.2 Estimation Strategy

Having discussed the initial values for the parameters, we now turn to explaining how we
estimate the model. To search for a global solution and allow for uncertainty, we estimate
the Kalman filter with an iterative optimization procedure. Before going into the details,
we stress that the goal of our estimation strategy is to let the data speak about what the
estimate for the influence of retail investors on market valuations should be at any given
point in time. So we keep the number and intensity of constraints imposed on the filtering
procedure at a minimum. For this reason, the only direct optimization constraint we consider
is that we require the estimates of the autoregressive parameters ¢ and p to be between 0 and
1, to reflect some degree of persistence in the autoregressive latent processes in our model,
and thus avoid non-stationary solutions.

With the initial values and parameter constraints in place, we are able to optimize the
model via a grid search over different model architectures, as discussed briefly in Section 2.3.
In short, our method entails searching over a set of candidate models, in terms of signal-
to-noise ratios, to reach the best global solution. To implement the procedure we start by
specifying a grid for the variance of the disturbances in the measurement equation, o2, as
can be seen in Table 4. This grid considers ten different values, starting at a small variance
of 0.01, up to R™** =~ 0.17 - which matches the unconditional variance of the dp in the data.

We follow a similar logic for the process noise of the cyclical component of the retail
investor weight, a%. Given that we do not have data to inform us about the size of this error,
we set its candidate values relative to the ones from the o2 grid. This idea closely aligns
with one of the fundamental steps in the Kalman filter — computing the Kalman Gain —
which balances out the reliance on the measurement versus the state-space prediction based
on the ratio of variances (Eq. (A.5)). We consider 7 ratios, UZ €{0.25,0.5,1,2,...,v} X 02,
#J = 5, to explore an extensive set of possible solutions for the filter. Hence,
interacting the grids, we obtain a total number of 7 x 10 = 70 different (02, 0?)-pairs. For

where v = [

the process noise of discount rates we use a fixed value of 02 = 0.023, which we directly take
from the estimates of Van Binsbergen and Koijen (2010) - leaving the grid size unaltered.”

In summary, the optimization procedure performs an outer loop over filtering architec-
tures dictated by the signal-to-noise ratio in the system, which is determined by the noise
vector Oy = [02,02,02,0¢] = [R,diag(Q)]. Given that we can fix o} (see Section A.2.1)
and ag based on empirical estimates, the candidate (@), R) pairs we estimate the filter for

correspond to the possible (03, 02)-pairs we described earlier.

3Given that the discount rate process enters our measurement equation with unit slope, we rescale its

0.0162

variance using the slope estimates from Van Binsbergen and Koijen (2010) Table IA.L; 0’? = [T0.032%096)7 =

0.023.
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A.2.3 Optimizing the Kalman Filter

After setting up the signal-to-noise (STN) grid, we can start estimating the Kalman filter for
each of the m = 1,..., M = 70 schemes - which can be interpreted as an outer loop over the
filter architectures. We also consider an inner loop for each filter m, to iteratively optimize
the scaling factor § from the measurement equation. Precisely, within each m we perform
at most J = 50 optimization rounds over the scaling factor. The procedure is as follows.
First, for some STN scheme Qg/m), we run the Kalman filter as described in Section 2.3.
This will give us an initial solution & at inner loop iteration j = 1, that contains estimates

for the latent processes and the parameters of interest:

SO = Qa0 G0, i G = [ 50u0, b g

where the estimate for the scaling factor is found from a regression of the dp-ratio on the

estimated share of retail investors:

dp, = a+ B |[W™VEX PR + (1 — o™ NEXPFRO| + ¢, (A.9)
, where
UA)LSm,l) _ UA)((]m,l) + 7A_t(m,1) + ﬂEmJ)
, and
~(m,1 ~(m,1 ~
t( ):Tt(fl '+ 5
~(m,1) gZAS(m’l)ﬂ)Em,l)

After this first iteration, we use the estimate for the scaling factor B(m’l) to update the
initial guess that we made to initialize the model (which was based on the Flow-of-Funds
data). In other words, we update the guesses for d}at and H;, since the scaling factor is
included into both of these terms in the measurement equation (Eq. (5)). We then re-run the
filter — still within filter specification m — with the updated scaling factor. We repeat this
for a maximum of J = 50 iterations, and we terminate the inner loop when the change in the
scaling estimate satisfies a prespecified stopping criterion: |39 — mi=D| < 1073, When
convergence is reached, we take the stabilized solution S"*), and extract the parameter
estimates to construct the set of weights for STN scheme m.

After completing the full estimation procedure, we will have obtained a total of M = 70

optimized solution sets;
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S* = {8t  sMHY

The last step is to rank these models according to their likelihood values (Eq. (A.8)), so
that the ones with a smaller negative log-likelihood (NLL) receive greater weight in the final
solution. Specifically, we define the globally optimal result as a rank-weighted combination
of all the M candidates;

M
S= wnSm, (A.10)
m=1
which includes the final reported parameter estimates;
~ M —~
0=> wydm
m=1

— where each 87™*) combines the fixed variance vector Hg,m’*) with the estimated parameter
Hlmx)

vector 0, " — and the final recovered weight series:
M
- A(m7*)
Wy = Wi Wy
m=1

The rank-weights w™ are determined by the inverse ranks of the solutions, akin to the
method described in Aiolfi and Timmermann (2006). Precisely, let r,, denote the rank of
solution m, with r,,, = 1 corresponding to the lowest NLL (best) and 7, = M to the highest
(worst). Then, the weights are defined as:

M—-r,+1

Y (A.11)

Wm =

, where M = M(A;Hl).

In Figure A.1 we visualize the optimization grid (Panel A) and the rank-weighting (Panel
B) from Eq. (A.11) for our case of M = 70, to show that the weights — which sum to 1 — are
effectively linear in ranks. The idea behind combining multiple solutions is to acknowledge
model uncertainty and to benefit from any potential “diversification gains” across models
(Timmermann, 2006). Before computing the ranks and weights, we discard solutions for
which the scaling factor did not converge or where the parameter estimates did move rela-

tive to their starting values.
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Figure A.1: Kalman Filter Optimization, M = 70

This figure provides an illustration for two key elements in our Kalman filter optimization routine. Panel A
presents the signal-to-noise search space that we consider when optimizing the baseline version of the model,
which contains M = 70 possible ratios in total. Panel B is a graphical representation of the rank-weighting
formula from Eq. (A.11), where the sum of the weights is equal to 1.
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A.3 Confidence Intervals and Hypothesis Testing: Bootstrapping
Approach

To assess the finite-sample uncertainty of the estimated parameters obtained from the rank-
weighted Kalman filter solution as described in Appendix A.2.3, we use a residual bootstrap-
ping technique. This approach follows the stationary block bootstrap of Politis and Romano
(1994), adapted to a state-space setting with latent components and potentially (serially)
correlated shocks. Using our bootstrapping strategy, we carry out two types of tests: one
where we simulate measurements under the alternative (H,), and one in which we simulate
under the null (Hy). The former allows us to quantify the uncertainty around the Kalman
filter estimates, and the latter tells us whether the estimates are significantly different from
their assumed null-values. Our first step in implementing the residual bootstrap is to take

the estimates coming from the final rank-weighted Kalman-filtering solution (Eq. A.10);
S = {wtaép}v with ép = [B,wof% éaﬁ] )
wt:wo‘i‘f}—'—ﬁt,

and use these to construct the empirical distribution for the residuals:

& = e, (A.12)
Co=17—Tier — A, (A.13)
iy = Uy — dlyy_1, (A.14)
& = fu — P, (A.15)

where 7;, 1y, are the state-estimates from the trend and cycle components of w,, respec-
tively, pi; is the recovered process for discount rates, and e; is the innovation defined in Eq.
(A3).

We then perform the bootstrap by sampling, with replacement, 10 blocks® of the time-
series from this empirical distribution of the residuals. We repeat this for B = 500 rounds,

and in each of the rounds we simulate different measurements from our system:

4A common rule of thumb for the block size in a time-series bootstrap is to use T3. For our T = 732
months, this comes reasonably close to a value of 10 blocks. For an in depth discussion of optimal block
sizes see e.g., Hall et al. (1995).
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where — as before — we initialize 79 = ug = o = 0.
For each bootstrap sample, the entire KF procedure is re-estimated over the simulated
measurement dpib) using the optimization routine described in Section A.2; producing a new

set of rank-weighted estimates:

i, 07}

By bootstrapping over the complete optimization process, we quantify the dispersion
of the entire estimation routine, including the final step of rank-weighting the parameter
estimates. Additionally, given that each b reaches a rank-weighted solution for the (o2, 02)
signal-to-noise pairs, we can capture their variability by computing standard errors across
bootstrap samples. Similarly, using Eq. (A.16), this allows us to compute confidence intervals
around the estimated weights themselves.

The bootstrapping procedure under H is virtually identical to the one for H,. The
only difference is that in the former case we set 6, = 6) = [4°,1,0,0,0]” to simulate the
measurements dp,gb), instead of using the rank-weighted estimates coming from the optimized
Kalman filter. Under the null hypothesis, the bootstrap procedure generates the sampling
distribution of our estimators implied by the model restrictions. This allows us to compute
empirical p-values as the proportion of bootstrap draws whose deviation from the null value

is at least as extreme as that observed in the actual estimate.

5To test the null, we cannot set 5 = 0 as for the other parameters in the model, since it would lead to
identification problems in our measurement equation. Setting S = 0 would imply that no variation in the
dp-ratio comes from w;, which renders its parameters unidentifyable. Therefore, when bootstrapping under
Hy, we fix it at the initialization value coming from the Flow-of-Funds data as described in Section A.2.1.
The assumption that wy = 1 under the null hypothesis is reflecting the idea that at the beginning of the
sample only household expectations matter for asset prices, in the same spirit as the horizontal dashed line
from Figure 2.
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B Households’ Stock Market Direct Ownership: Esti-

mates from Administrative Data

To calculate retail investors’ direct share of equity market value, we combine data from
several sources, as outlined below. First, we use data from Table 1 French (2008), that
offers a detailed accounting of stocks’ ownership for the sample period 1980 to 2007. For all
remaining periods, the main data source is the Federal Reserve Flow of Funds (FoF), as well
as a host of supplementary material, as explained below. The description that follows is based
on Tables available from the FoF as of the time of first data collection in 2018. For the period
after 2007, we use data from the Flow of Funds (FoF) tables B.10le, B.101H, and L.223,
as well as data from the Investment Company Institute (ICI) Factbook. FoF Table B.101H
provides the total dollar value of equity holdings (direct and indirect) by Households in the
US since 1987. We calculate the total share of Households’ equity holdings by dividing such
dollar amount by the total value of corporate equities from table [.223. Finally, to obtain
Households’ direct equity share, we subtract Households’ indirect share of equities, which
we calculate as mutual funds’ share of the equity market from table 1..223, times the ICI
individuals’ share of equity mutual funds.

For the period prior to 1980, data on Households’ holdings of equity is not available
directly, since the FoF only provides overall holdings of equity by the “Households and
Non-Profit Organizations.” We therefore have to first remove the impact of non-profit orga-
nizations. To do so, we complement the aforementioned data with estimates on the size of
non-profit sector, as represented by the number of entities registered as non-profit organiza-
tions in the US according to the IRS. Such estimates are reported by the National Association
of Non-Profit Organizations and Executives (NANOE) here and Arnsberger et al. (2008).
We interpolate linearly such estimates to obtain a quarterly time-series of the number of
non-profit organizations between 1960 and 1980. We then calculate non-profit organizations
share of equity in a generic quarter ¢ prior to 1980, as French (2008) 1980 non-profit share
times the ratio of quarter-q size of the non-profit sector to its size in 1980. Then we remove
the “Households and Non-Profit” (HNP) share (direct and indirect) of equities, which is
calculated as the ratio of the dollar value of holdings by HNP in table B.101e, to the total
value of equities in table L.223. Finally we calculate households’ direct share of equity by
removing the individuals’ share of equity mutual funds holdings. This last step is the same
as that outlined above for the post 2007 period.

It is worth mentioning two potential pitfalls with the procedure outlined above. First,

when calculating retail investors’ share of the equity market, we do not consider the dis-
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tinction between domestic and foreign equities. This is essentially due to data limitations,
since most of the Flow of Funds data on households and non-profit organizations does not
make this distinction. On the other hand, for the majority of our sample period, ownership of
domestic-only and total (i.e.,domestic plus foreign) equity are essentially the same. It is only
after 2000 that the difference between the two has increased. Given our use of French (2008)
data between 2000 and 2007, any mistake from this approximation is likely to be confined to
the decade 2007 - 2017. The second limitation of the procedure outlined above stems from
the fact that the Flow of Funds data on “Households and Non-Profit Organizations” (HNP)
is obtained as a residual from the FoF allocation of assets to modeled economic entities. As
such, any such entity whose account is not kept separately by FoF (e.g., hedge funds) falls
into the HNP sector. On the other hand, when comparing French (2008) implied total share
of equity market by the retail investors in 1980 (56%) with the estimate obtained using our
procedure and the Flow of Funds account data (60%), we find the discrepancy fairly small.
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C The Determinants of Long-Run Variation in Retail
Investor Influence: Event Classification assisted by
an LLM

Section 5.2 presents an analysis on the long-run drivers of Households’ influence on stocks.
This analysis is based on a classification of events that is aided by a Large-Language Model.

The purpose of this Appendix Section is to provide further information on this procedure.

C.1 Prompts

The classification we conduct entails prompting the OpenAl 40-mini reasoning model using
the OpenAl API. The model is provided with information about an event, and asked to
classify whether the event is expected to increase of decrease the influence of Households
on asset prices in the long-run. The model is also asked to provide the economic rationale
a financial economist would provide for the classification, and a degree of confidence in the
classification. The full prompt is reported below, and it is organized in a System component,
and a User component. Roughly speaking, the System Prompt describes the task, particu-
larly with respect of the meaning of Households’ influence, while the User Prompt informs

on the desired output information and formatting.

System Prompt

SYSTEM_PROMPT = """
You are an expert financial economist. Classify ONE US financial-market event

in isolation.

Do not compare the event to other events, do not rank events, and do not use

relative language (e.g., more than, less than, compared to).

Definition (apply literally):

Retail investor influence is how much US stock prices and trading reflect

households beliefs and preferences rather than professionals beliefs/
preferences and constraints.

Households may trade directly or participate via delegation.

Retail influence DECREASES if in the long-run the event is expected to:

- increase delegation of households investment decisions to intermediaries, OR
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- increase professionals/institutions freedom to invest independently of

households (lower household/regulatory accountability) .

Retail influence INCREASES if in the long-run the event is expected to:

- increase scrutiny/accountability of professionals/institutions by households
or regulators, OR

- lower barriers/costs/info frictions for households to participate directly in

US stocks, PROVIDED participation is not primarily via increased delegation

Choose AMBIGUOUS if multiple mechanisms point in opposite directions and

neither clearly dominates in the long-run.

More participation in the US stock market $\neq$ automatically more influence:
decide whether households beliefs/preferences become more price-relevant vs

the preferences/beliefs of intermediaries.

Decision rule for long-run classification:
Ask: In the steady-state after the event and implementation/adoption,
do households beliefs and preferences affect prices more directly,

or are prices more determined by professionals views and their constraints?

Output MUST be a single JSON object only. No extra text. If evidence is mixed,
choose "Ambiguous" and reduce confidence.

Keep rationales 50 words each; revise until within limit.

nnn
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User Prompt

USER_PROMPT = """
USER INSTRUCTIONS:

Event:
Name: {name}
Date: {date}

Description: {description}

Classify the following single event in isolation.

Tasks:
1) event_subject: Identify which group is the direct subject in the event, with
respect to the ability to trade/participate in the US stock market and
contribute to price determination:
- "Retail Investors/Households", "Professional Investors/Institutional
Investors", or "Ambiguous".

2) effect_on_retail_influence_long_run: Classify the long-run (5 to 10 years
after the event), persistent directional effect of the event

on retail investor influence after adoption/implementation, ignoring short-term

reactions.

3) rationale_effect_on_retail_influence_long_run:Provide an economic rationale
that explicitly references the key mechanism(s) from the definition (No
boilerplate explanation):

- increases/decreases delegation, increases/decreases institutional freedom,
increases/decreases institutions’ accountability, increases/decreases
Households’ direct access to US stocks.

4) confidence_effect_on_retail_influence_long_run: Provide confidence scores
for your judgment on the effect of the overall effect of the event on retail

investors’ influence: Very High/High/Medium/Low/Very Low

5) rationale_event_subject: Provide an economic rationale for why the selected
market participant is the one directly subject to the event (No boilerplate
explanation)

Note: event_subject does not determine effect_on_retail_influence_long_run ;
effect_on_retail_influence can take any value irrespective of what event

subject you identify.
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Return valid JSON with exactly these fields:
- Name: {name}
- Date: {date}

- Description: {description}

- event_subject: "Retail Investors/Households" | "Professional Investors/
Institutional Investors" | "Ambiguous"
- effect_on_retail_influence_long_run: "Increase" | "Decrease" | "Ambiguous"

- rationale_effect_on_retail_influence_long_run: 50 words maximum
- confidence_effect_on_retail_influence_long_run: Very High/High/Medium/Low/
Very Low

- rationale_event_subject: 50 words maximum

A1l rationale fields must be plain text strings with no line breaks.

nnn

C.2 LLM Events

In Table C.1 we present the list of events used in the analysis of Section 5.2, as well as the

LLM classification and the rationale for the classification functionality.
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Table C.1. Summary of LLM Events

Label Date Description Cat. HH Influence  Rationale Conf.
SEC Acts Aug 1964 Extended SEC disclosure & reporting to many IREG Increase Mandatory disclosure and reporting for OTC firms and High
Amendments OTC firms- tightened broker-dealer regulation tightened broker-dealer regulation increases institutional
accountability to regulators, reduces professionals’ trad-
ing autonomy, and lowers information frictions for direct
household participation, thereby increasing the weight of
household preferences in price setting.
SIPA Dec 1970  Securities Investor Protection Act creates SIPC to IREG Increase By insuring customer assets, SIPA lowers households’ High
insure brokerage customer assets and bolster in- counterparty risk and costs, improving direct market par-
vestor confidence after broker failures ticipation and reducing institutions’ relative price influ-
ence via lower frictions.
MM Funds Jan 1971 Low-risk mutual fund-like cash product. Introduc- TCMM  Decrease MM funds increased delegation of households’ cash hold- High
tion of money market mutual funds as open-end ings to fund managers, giving professionals discretion over
mutual funds investing in short-term debt instru- asset selection in short-term debt and reducing house-
ments, designed for cash management and liquid- holds’ direct engagement with markets. This enduring
ity (e.g., early US funds beginning in 1971) delegation lowers the direct price impact of households’
preferences on US stock valuations.
NASDAQ Feb 1971 First electronic stock market. Launch of NASDAQ  TCMM Increase The electronic quotation system reduced information fric-  High
as an electronic quotation system and stock mar- tions and trading costs, enhancing households’ direct ac-
ket operated by the National Association of Secu- cess to stock prices and trading, increasing weight of their
rities Dealers (NASD), commencing operations on preferences in price determination.
February 8, 1971
Cboe Apr 1973 Cboe begins standardized listed equity options TCMM  Decrease Standardized options expanded institutions’ hedging and  High
trading, expanding hedging/leverage instruments leverage capacity, increasing professionals’ freedom to
linked to stocks tailor risk and decouple portfolios from household con-
straints, reducing the direct price impact of retail beliefs.
DTC May 1973  Depository Trust Company begins centralized TCMM  Decrease Centralized book-entry settlement reduces back-office fric-  High
book-entry settlement, reducing back-office fric- tions for intermediaries, boosting professional trading ca-
tions and settlement risk pacity and autonomy, thereby increasing institutional free-
dom and reducing retail investors’ direct price impact.
Phone Trading Jan 1974 Toll-free trading service. Introduction of broker- TCMM Increase Phone trading increased households’ direct access to US  High

age services that enabled customers to place se-
curities orders by telephone (including toll-free
access), complementing in-person and mail-based

brokerage channels

stocks by lowering transaction costs and info frictions, re-
ducing reliance on intermediaries and increasing house-

holds’ price-relevant participation.
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ERISA / IRA

Index Funds

May Day

SEC NMS

NSCC

401(k)

MF Ads

Sep 1974

May 1975

May 1975

May 1975

Mar 1976

Nov 1978

Aug 1979

Pension and IRA accounts with tax deferral. En-
actment of ERISA (effective September 2, 1974),
establishing federal standards for private-sector re-
tirement plans and fiduciary responsibilities; ac-
companied by creation and expansion of tax-
advantaged individual retirement.
Launch of index fund model. Introduction of
index-tracking mutual funds for individual in-
vestors, including Vanguard’s First Index Invest-
ment Trust (later the Vanguard 500 Index Fund)
launched in 1976

SEC elimination of fixed-rate brokerage commis-
sions on US exchanges effective May 1, 1975, re-
quiring commissions to be negotiated between bro-
kers and customers (the end of fixed commission
schedules). This allows for competition among
brokers in rates offered to customers.

Securities Acts Amendments mandate National
Market System and national clearance & settle-
ment (enacted June 4, 1975)

National Securities Clearing Corporation is formed
to provide centralized clearing and netting for US

securities trades

Employer-based tax-deferred retirement plan.
Creation of Internal Revenue Code Section
401(k) in the Revenue Act of 1978, enabling
salary-deferral contributions to qualified employer-
sponsored retirement plans; early adoption and
implementation followed

Simplified mutual fund advertising. SEC adop-
tion of Securities Act Rule 482 (1979), permitting
mutual funds to advertise selected information de-
rived from the statutory prospectus, subject to

specified disclosure and liability provisions

IREG

TCMM

TCMM

IREG

TCMM

IREG

IREG

Decrease

Decrease

Increase

Increase

Decrease

Decrease

Decrease

The expansion of tax-advantaged IRAs funneled house-
hold savings into managed retirement vehicles, increasing
delegation to intermediaries and reducing households’ di-

rect impact on price formation.

Index funds channel household capital through profes-
sional managers, increasing delegation and replacing direct
retail stock selection with passive benchmark tracking, re-
ducing the weight of individual investors’ beliefs in price
formation.

Elimination of fixed commissions lowered transaction
costs, increasing households’ direct access to US stocks
and reducing delegation, so retail beliefs carry more weight

in prices.

SEC NMS unified national quotation and settlement sys-
tems reduced execution costs and information frictions,
lowering barriers for households to place orders and see
prices directly, boosting retail direct access and thus in-
creasing household beliefs’ price relevance.

Centralized netting reduces settlement costs and risks for
intermediaries, expanding institutions’ trading capacity
and autonomy. This increased freedom for professionals
to execute large volumes lowers households’ relative price
impact, diminishing retail investors’ direct influence on
stock prices.

401(k) structures channel household savings into pro-
fessionally managed funds, increasing delegation of in-
vestment decisions to intermediaries and reducing direct

household price impact.

Rule 482 enabled funds to market products directly to
households, boosting household flows into pooled vehicles
and raising professional managers’ discretion, thereby in-
creasing delegation of investment decisions and reducing

direct household influence on stock prices.

High

High

High

High

High

High

High
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MF SEC 12b-1

401(k) Clarified

S&P500 Futures

MMDAs

NYSE
DOT

Super-

SIA v Fed

Schwab Software

Banks 5% Rev-

enue

Oct 1980

Nov 1981

Apr 1982

Dec 1982

Jan 1984

Apr 1984

Jun 1984

Dec 1986

SEC adopts Rule 12b-1 allowing mutual funds to
use assets to pay for distribution/marketing, alter-

ing fund industry incentives and scale

Contribution rules clarified. IRS issuance of pro-
posed regulations in November 1981 clarifying
the operation of 401(k) salary-deferral plans (in-
cluding permissible deferrals and related require-
ments), facilitating broader employer adoption
CME launches S&P 500 index futures (April 21,
1982). Introduction of S&P 500 stock index
futures trading by the Chicago Mercantile Ex-
change in 1982, providing standardized equity in-
dex derivatives for hedging and speculation
Money Market Deposit Accounts. Authorization
of money market deposit accounts (MMDAs) un-
der the Garn—St Germain Depository Institutions
Act of 1982, creating an interest-bearing bank de-
posit account product for households.

NYSE introduces SuperDOT electronic order rout-
ing, enabling faster automated order submission

and facilitating program trading

Supreme Court case Securities Industry Associ-
Board of Governors (decided June 28,
1984) addressing the scope of activities permitted

ation wv.

for bank affiliates under federal banking and se-
curities laws. Court allows banks to sell mutual
funds.

Trading software for clients. Introduction of
personal-computer-based brokerage tools and soft-
ware that enabled investors to access quotes and
place or manage trades electronically through a
retail brokerage platform

Regulatory change/interpretation expanding the
allowable share of a bank’s revenue from certain
securities-related activities for banking organiza-

tions, subject to supervisory constraints.

IREG Decrease
IREG Increase
TCMM  Decrease
IREG Ambiguous
TCMM  Decrease
IREG Decrease
TCMM  Increase
IREG Decrease

Rule 12b-1 funded marketing via mutual fund assets ex-
pands intermediated distribution, boosting household del-
egation to funds and reducing households’ direct price in-
fluence through increased reliance on professionals.
Clarification lowered frictions for employees to invest re-
tirement savings in equity, boosting direct household ac-
cess to US stocks without primarily increasing delegation,
raising the relevance of household preferences in price for-
mation.

Futures enable professionals to hedge equity exposure and
implement macro views without moving stocks, increasing
institutional independence and reducing households’ price

impact.

MMDASs provide households an interest-bearing deposit
alternative without altering direct access or delegation to
stock markets, leaving both retail direct access and pro-

fessional influence largely unchanged.

SuperDOT enabled institutions to execute program trades
faster and in greater volume, increasing professionals’ un-
constrained trading capacity, thereby raising their share of
order flow and price impact and reducing relative influence
of households’ direct orders.

Bank affiliates can sell mutual funds, boosting household
investing through intermediaries increases delegation of
decisions to professionals, reducing direct household price

impact.

The software lowered barriers and information frictions
for households to trade directly in US stocks, enhancing
their ability to place orders without intermediaries and
thereby increasing retail investors’ direct influence on price
formation.

Regulatory expansion grants banks greater securities-
trading authority, boosting institutional freedom to trade
independently of households and reducing households’ di-

rect price impact.

High

High

High

High

High

High

Very High

High
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Black Monday

Performance
Ads

Basel 1

MWCB

Banks 10% Rev-

enue

CNBC

SEC 144a

SPDR ETF

EDGAR E-
filings

Oct 1987

Feb 1988

Jul 1988

Oct 1988

Jan 1989

Apr 1989

Apr 1990

Jan 1993

Apr 1993

Stock market crash

Standardized fund performance ads. Development
and enforcement of standardized requirements for
presenting investment performance in advertising
and marketing materials, including disclosures and
calculation conventions for returns

Capital requirements for banks. Publication of the
1988 Basel Capital Accord establishing minimum
risk-based capital standards for internationally ac-
tive banks, later implemented by national regula-
tors

Market-wide circuit breakers (post-1987 crash) are
adopted to pause trading after large index moves,

constraining program trading feedback loops

Revenue cap increased for bank securities. Reg-
ulatory change/interpretation expanding permit-
ted securities-related activities for banking orga-
nizations subject to revenue limits and supervi-
sory conditions (including higher allowable rev-
enue shares)

CNBC launches as a dedicated business news
channel, expanding real-time market information

and investor attention among households

SEC adopts Rule 144A to facilitate resale of re-
stricted securities to Qualified Institutional Buy-
ers, deepening institutional private markets

First major US ETF (SPDR S&P 500) launches,
enabling low-cost intraday diversified exposure

and new arbitrage/creation-redemption trading

SEC begins mandating electronic filings via
EDGAR, sharply reducing disclosure access costs

and speeding information diffusion

TCMM

IREG

IREG

IREG

IREG

SFIN

IREG

TCMM

IREG

Decrease

Decrease

Increase

Increase

Decrease

Increase

Decrease

Increase

Increase

Retail confidence collapsed, boosting delegation of house-
hold assets to intermediaries; long-run portfolio alloca-
tions shifted towards managed accounts, increasing profes-
sionals’ decision-making relative to direct household trad-
ing.

Standardized performance ads channel households into
mutual funds, boosting delegation of investment decisions
to fund managers. Increased fund flows amplify profes-
sionals’ trading power and diminish households’ direct
price impact in US stocks.

Basel I imposes risk-based capital constraints on banks,
increasing regulatory scrutiny and reducing institutions’
freedom to invest independently, thereby elevating the rel-
ative direct influence of households’ preferences on price
formation.

Circuit breakers constrain institutional program trading
by pausing market moves, reducing professionals’ freedom
to trade independently of households and thereby raising
the relative price impact of direct retail trades.
Expanding banks’ securities revenue cap boosts institu-
tional trading freedom, raising professional activity and
autonomy. This shifts price determination toward insti-
tutions and away from households, reducing the long-run

weight of retail beliefs in US stock prices.

The addition of real-time market news lowers households’
information frictions and barriers, increasing direct access
to stock data and choices, thus boosting households’ ca-
pacity to trade and affect prices without reliance on inter-
mediaries.

Rule 144A increases professionals’ freedom to invest in-
dependently by expanding institutional private markets,
reducing relative price impact of household trading.

By reducing trading costs and frictions and enabling in-
traday diversified exposure without intermediated delega-
tion, ETFs enhance households’ direct access to US stocks,
boosting weight of household beliefs in price formation.
EDGAR sharply reduces information costs for households,
enabling direct interpretation and trading on firm disclo-
sures rather than via intermediaries, expanding direct re-

tail access and price impact.

Medium

High

High

High

High

High

High

High

High
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Motley Fool

Mellon Letter

NBank v VALIC

Online Trading

NSMIA

Banks 25% Rev-

enue

SEC OHR

Yahoo Finance

Jul 1993

May 1994

Jan 1995

Jan 1996

Oct 1996

Dec 1996

Jan 1997

Jan 1997

The Motley Fool launches investing media/advice
for retail audiences, lowering information/search

costs and amplifying retail sentiment

OCC letter clarifying incidental power. Regula-
tory or interpretive guidance letter affecting per-
missible activities or product offerings by a finan-
cial institution (issued in the context of bank-
affiliate securities or investment activities). The
OCC recognized that national banks have inci-
dental powers necessary to carry on the busi-
ness of banking, including activities that protect
a lender’s interest in its loans, such as insurance
products or managing risks.

Supreme Court case validates bank mutual fund
sales. Judicial decision addressing the permissibil-
ity of banks selling annuity or insurance-related in-
vestment products under federal banking law and
the scope of related restrictions

Adoption of

internet-based brokerage platforms enabling cus-

Internet-based trading launched.

tomers to view account information and submit
securities orders electronically via online interfaces
National Securities Markets Improvement Act
preempts many state securities regulations and
streamlines rules for mutual funds/advisers, en-
abling scale

Revenue cap increased to 25%. Regulatory
change/interpretation further expanding the al-
lowable share of revenue from certain securities-
related activities for banking organizations, sub-
ject to supervisory constraints

SEC Order Handling Rules require display of cus-
tomer limit orders and integrate ECN quotes, im-

proving price competition and transparency

Yahoo Finance launches, giving households free

real-time quotes, news, and portfolio tools at scale

SFIN

IREG

IREG

TCMM

IREG

IREG

IREG

SFIN

Increase

Decrease

Decrease

Increase

Decrease

Decrease

Increase

Increase

The Motley Fool’s advice platform reduces households’ in-
formation and search costs, boosting direct retail trading
and sentiment transmission into equilibrium prices with-
out altering delegation to professionals.

The OCC letter broadened national banks’ incidental se-
curities powers, increasing intermediaries’ freedom to cre-
ate and trade financial products independently of house-
holds, raising professionals’ portfolio autonomy and thus
reducing the relative price impact of direct retail beliefs

or preferences.

The ruling expands banks’ ability to distribute mutual
funds, increasing household delegation to bank interme-
diaries and boosting professionals’ freedom to invest in-
dependently of direct retail trading, reducing households’
direct price impact.

Internet-based platforms lowered transaction costs and in-
formation frictions, enabling households to trade directly
rather than delegate, thus increasing their price impact
over time.

NSMIA streamlined advisor and fund registration, en-
abling mutual fund complexes to scale nationally. It in-
creases households’ delegation and professional freedom
by reducing state oversight, shifting price setting toward
institutions.

Expansion increases institutional freedom to trade inde-
pendently, reducing households’ direct price impact by
shifting trading volume toward professional intermedi-

aries.

Mandatory display of customer limit orders and ECN
quotes reduced households’ information frictions, lower-
ing barriers to direct trading and making retail preferences
more price-relevant.

Yahoo Finance reduced information frictions by offering
free real-time quotes and portfolio tools, lowering house-
holds’ costs and barriers to direct stock analysis and trad-
ing, thus increasing the relevance of household preferences

in price formation.

High

High

High

High

High

High

High

High
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Tick Size 1/16

E-Mini S&P500

SEC Reg ATS

GLB Act

FHC

SEC Reg FD

SEC 605,606

Jun 1997

Sep 1997

Dec 1998

Nov 1999

Mar 2000

Oct 2000

Nov 2000

Reduction of minimum price increment. Reduc-
tion of minimum tick size on US equity markets to
one-sixteenth of a dollar for many stocks, chang-
ing quoting and execution increments prior to full
decimal pricing

CME introduces E-mini S&P 500 futures prod-
ucts, lowering contract size and margin needs
and widening access to index trading for smaller

traders

SEC adopts Regulation ATS creating a regulatory
framework for alternative trading systems (ECN-
s/dark pools), reshaping fragmentation and insti-
tutional execution

Banks allowed to acquire non-banks. Enactment
of the Gramm-Leach-Bliley Act (signed Novem-
ber 12, 1999), removing key Glass—Steagall bar-
riers and permitting affiliations among banking,
securities, and insurance firms

Banks convert to financial holding companies.
Introduction of the financial holding company
(FHC) framework under Gramm-Leach—Bliley, al-
lowing eligible bank holding companies to engage
in a broader set of financial activities subject to
regulatory conditions. Several banks convert to
FHC immediately after.

Regulation Fair Disclosure restricts selective dis-
closure to analysts, reducing information advan-
tages of institutions and broadening public info
access

SEC adopts execution quality (Rule 605) and
order-routing (Rule 606) disclosures, increas-
ing transparency about broker execution and

payment-for-order-flow incentives

TCMM

TCMM

IREG

IREG

IREG

IREG

IREG

Increase

Increase

Decrease

Decrease

Decrease

Increase

Increase

The 1/16 tick size reduces transaction costs, lowering bar-
riers for households to trade stocks directly, increasing di-

rect access and price relevance of retail orders.

E-mini S&P futures lowers contract size and margin, re-
ducing barriers and information frictions for households
to trade index futures directly, enhancing their ability to
express beliefs. This expanded direct market access in-
creases the price relevance of retail preferences in the long
run.

Reg ATS expanded venues (ECNs/dark pools) for institu-
tional execution, increasing professional freedom to trade
away from public markets and reducing direct price impact
of household orders.

The Act expanded banks’ securities operations, fostering
consolidation that encourages retail clients to delegate ac-
count management. It increased professional investors’
freedom to trade across sectors, reducing the long-run
price impact of households’ direct stock preferences.

The FHC framework expands banks’ freedom to invest
across securities, insurance, and merchant banking, in-
creasing professional institutions’ independent trading and
boosting households’ delegation to intermediaries, thereby

reducing direct household price influence.

Reg FD reduces institutions’ private information advan-
tages by mandating broad public disclosures, lowering
households’ information frictions and increasing their di-
rect price impact. No change in delegation; professionals’
informational freedom declines.

Disclosure of execution quality and payment-for-order-
flow increases regulatory and retail scrutiny of broker
routing decisions, raising accountability of intermediaries
and aligning order executions with household preferences,
thereby amplifying the direct influence of retail investors

on price determination.

High

High

High

High

High

High

High
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CFMA

Decimalization
SOX

MF Timing
Scandal

MF Compliance

Seeking Alpha

SEC Reg SHO

Dec 2000

Apr 2001

Jul 2002

Sep 2003

Feb 2004

Jun 2004

Jan 2005

Commodity Futures Modernization Act of
2000,The act explicitly exempted most over-the-
counter derivatives—specifically swaps—from
oversight by the Commodity Futures Trading
Commission (CFTC) and the Securities and
Exchange Commission (SEC). This created a
”hands-off” approach to derivatives trading, par-
ticularly among ”eligible contract participants”
(e.g., banks, hedge funds).

Prices quoted in cents. Conversion of US equity
markets from fractional to decimal price quota-
tions, with exchanges completing the transition to
penny pricing by April 9, 2001.This results in a
reduction in tick size

Corporate accountability regulations. Sar-
banes—Oxley Act of 2002, strengthening public-
company reporting, internal control, and audit re-
quirements following major corporate accounting
scandals

Mutual fund late-trading/market-timing scandal
exposed- subsequent rules and settlements curb

abusive timing

SEC adopts fund/adviser compliance program
rules (incl. CCO requirement) after late-
1990s/early-2000s scandals, raising governance

and reducing agency problems

Investment info and analysis platform. Launch
and growth of Seeking Alpha (founded mid-2000s)
as an online platform publishing crowd-sourced fi-
nancial commentary, stock analysis, and market
news accessible to investors

Regulation SHO imposes locate/close-out require-
ments and short-sale marking, curbing fails-to-

deliver and altering short-selling economics

IREG

TCMM

IREG

IREG

IREG

SFIN

IREG

Decrease

Decrease

Increase

Increase

Increase

Increase

Increase

The CFMA increases institutional freedom by removing
CFTC/SEC oversight of OTC derivatives, expanding pro-
fessional trading with lower regulatory accountability and
leaving households confined to regulated instruments, thus
diminishing the direct price relevance of retail investors’
beliefs.

benefiting high-

frequency and institutional liquidity provision, increasing

Decimalization reduced tick sizes,

their trading freedom and sophistication. Retail access
costs changed minimally, shifting price formation weight
toward professional strategies and away from household
order flow, thereby lowering retail investor influence.

Enhanced corporate disclosures under SOX reduce infor-
mation frictions and lower access costs for households to
evaluate stocks directly, boosting the price relevance of

retail beliefs without increasing delegation.

Post-scandal reforms imposed tighter rules and enforce-
ment on mutual fund trading, increasing institutional
scrutiny and accountability to shareholders, which boosts
the weight of household oversight and raises retail in-
vestors’ price relevance through enhanced monitoring of
professional asset managers.

Mandating compliance programs and Chief Compliance
Officers increases institutional accountability and over-
sight, aligning fund management more closely with house-
hold interests and enhancing direct retail investor influ-
ence on prices through regulators’ enforcement of end-
investors’ preferences.

The platform reduces information frictions and lowers bar-
riers for households to access analysis, boosting their di-
rect engagement and the weight of their beliefs in price

formation.

Reg SHO imposes locate, mark and close-out mandates
on short-sellers, increasing institutions’ accountability via
heightened regulatory oversight and constraining profes-
sional trading, thereby boosting households’ relative price

influence.

High

Medium

High

High

High

High

High



SEC Reg NMS Jun 2005
NYSE/Arca Mar 2006
Merger
PPA Aug 2006
Repeal of Uptick  Jul 2007
Rule

\]

Ne)
Basel 11 Apr 2008
StockTwits Jun 2008

Regulation NMS (Order Protection, Access, and
related rules) reorganizes intermarket routing and
quoting, accelerating fragmentation and high-
speed competition

NYSE merges with Archipelago (Arca), demutu-
alizing and moving toward an electronic, for-profit
exchange model with intensified competition for

order flow

Automatic enrollment into pensions. Pension Pro-
tection Act of 2006, revising funding and disclo-
sure rules for defined-benefit plans and chang-
ing provisions affecting employer-sponsored retire-
ment plan design and administration. Pension
plan providers receive fiduciary relief (lower ac-
countability), and employees are pushed toward
default enrollment into 401(k), and incentives to
increase contributions to the 401(k) also increase
SEC repeal of the long-standing uptick rule (Rule
10a-1), which had restricted short sales to prices
above the last different trade. The repeal removed
this price test for most US equities, changing the
regulatory constraints on short selling.
Risk-based capital framework. Publication of the
Basel II framework (2004) revising bank capital
requirements using a three-pillar structure (mini-
mum capital, supervisory review, and market dis-
cipline. More restrictive in scope but less restric-
tive in its aggregate capital requirements (more
flexible) than Basel I, as it was designed to be more
risk-sensitive. While Basel 1II introduced stricter
oversight, it allowed banks with advanced, inter-
nal risk models to potentially hold less capital for
certain types of low-risk loans.

Social finance platform. Launch of StockTwits
(founded 2008) as a social media platform for in-
vestors, popularizing cashtags (e.g., SAAPL) to or-

ganize real-time discussion around securities

IREG

Decrease

TCMM  Decrease

IREG

Decrease

TCMM  Decrease

IREG

SFIN

Decrease

Increase

Reg NMS increased professionals’ freedom to trade across
fragmented venues, not lowering info frictions for house-
holds or boosting direct access, diminishing household
price impact.

Competition for order flow spurred payment for order
flow and internalization, increasing delegation of house-
hold trades to brokers and wholesalers, lowering direct
household price impact despite electronic trading improve-
ments.

Automatic enrollment shifts assets into default funds man-
aged by fiduciaries, boosting delegation of household de-
cisions while fiduciary relief reduces institutional account-
ability, so professional managers’ views drive prices more

than individual savers’ preferences.

The repeal lifted price-test constraints on short selling by
professional traders, expanding institutional freedom to
trade based on proprietary strategies, thereby reducing
the relative price impact of households’ views in the steady
state.

Basel II'’s risk-based capital rules allow banks using inter-
nal models to reduce capital holdings, expanding institu-
tional lending and trading autonomy. This increases pro-
fessionals’ freedom to determine asset portfolios indepen-
dently of household oversight, reducing households’ price
impact.

StockTwits lowers information frictions by enabling house-
holds to share and access real-time security discussions
directly, increasing retail investors’ direct input into price

formation.

High

Medium

High

High

High

High
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GS/MS to BHC

SEC 201

SSCB

Dodd-Frank

SEC Rule 15¢3-5

Reddit WSB

SEC 613 CAT

Twitter  Cash-

tags

Sep 2008

May 2010

Jun 2010

Jul 2010

Nov 2010

Jan 2012

Jul 2012

Jul 2012

Conversion to bank holding companies. Conver-
sion of Goldman Sachs and Morgan Stanley to
bank holding companies in 2008 during the finan-
cial crisis, bringing them under Federal Reserve

supervision as BHCs

SEC Rule 201 becomes effective (May 10, 2010):
circuit-breaker short-sale price test: imposes strict
limitations on short selling when a security’s price
drops by 10% or more from its previous day’s clos-
ing price.

SEC approves single-stock circuit breakers (trad-
ing pauses) in response to the May 2010 Flash
Crash, limiting extreme short-horizon price dislo-
cations

Financial reform act. Dodd-Frank Wall Street Re-
form and Consumer Protection Act of 2010, intro-
ducing major financial regulatory reforms includ-
ing enhanced prudential standards and derivatives
regulation

SEC adoption of Rule 15¢3-5 (the Market Access
Rule), requiring broker-dealers providing market
access to implement risk management controls and
supervisory procedures to limit financial, regula-
tory, and operational risks associated with elec-
tronic trading access.

Reddit investment forum. Creation and growth of
the r/wallstreetbets subreddit (founded January
31, 2012) as an online community focused on high-
risk trading discussion among retail participants
SEC adopts Rule 613 to create the Consolidated
Audit Trail, expanding surveillance and reduc-
ing opacity in order/participant behavior across
venues

Tagged stock mentions on Twitter/X. Adoption
and use of cashtags (ticker symbols prefixed with
$) on Twitter to index and aggregate discussions
about publicly traded companies and financial in-

struments

IREG

IREG

IREG

IREG

IREG

SFIN

IREG

SFIN

Decrease

Increase

Increase

Increase

Decrease

Increase

Increase

Increase

Conversion granted Goldman Sachs and Morgan Stanley
access to Fed funding and stable deposits, reducing re-
liance on market discipline and retail-driven funding. This
increases professional investors’ freedom to invest indepen-
dently of households, diminishing households’ direct price
influence.

Rule 201 restricts professionals’ short-selling freedom in
steep price drops, lowering institutional trading freedom

and tilting price impact towards households’ direct trades.

Circuit breakers limit extreme professional trading strate-
gies, reducing institutional freedom to move prices uni-
laterally, increasing the relative weight of retail orders in
price formation.

Dodd-Frank imposes enhanced prudential standards and
regulatory oversight on institutions, increasing institu-
tional accountability to regulators, aligning professional
behavior closer to households’ interests, thus raising the
relative influence of retail preferences in price formation.
Rule increases brokers’ compliance burdens and pre-trade
controls, raising barriers for households’ direct electronic
access and reinforcing delegation to intermediaries, reduc-

ing households’ direct price impact.

The subreddit lowers information frictions and access costs
for households, enabling direct trading decisions without
delegation, thus amplifying the price impact of retail be-
liefs in the steady state.

Rule 613 expands surveillance of professional trading, in-
creasing institutions’ accountability to regulators, which
constrains independent professional discretion and ele-
vates household beliefs’ price impact.

Cashtags reduce information frictions by indexing peer-
generated stock discussions, increasing households’ direct
access and price relevance without adding intermediaries,

raising retail beliefs’ weight in price formation.

High

High

High

Medium

High

High

High

High
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Basel 111

LULD

SEC CPR

Amendments

Robin Hood

Volcker Rule

SEC Reg SCI

DOL Fiduciary

Rule

SEC IEX Ap-

proval

SEC
Rules

Liquidity

Jan 2013

Apr 2013

Jul 2013

Apr 2014

Apr 2014

Nov 2014

Jun 2016

Jun 2016

Oct 2016

Strengthened capital and liquidity requirements.
Basel III reforms developed after the 2008 crisis,
strengthening bank capital, leverage, and liquidity
standards through internationally agreed regula-
tory enhancements

LULD plan becomes operational, preventing
trades outside dynamic price bands and changing
short-horizon liquidity provision and volatility dy-
namics

SEC strengthens broker-dealer customer protec-
tion/segregation rules, reducing risk of customer

asset rehypothecation and broker default spillovers

Zero-commission trading app. Launch and expan-
sion of Robinhood as a commission-free trading
app (introduced in the 2010s), providing mobile
access to trading in stocks and related products
for retail customers

Limits proprietary trading by banks. Implemen-
tation of the Volcker Rule under Dodd-Frank, re-
stricting proprietary trading and certain relation-
ships with hedge funds and private equity funds
for banking entities

SEC Regulation SCI
changes/large ATS to harden systems and report

adopts requiring ex-

outages, raising fixed costs of sophisticated

trading infrastructure

DOL fiduciary rule effective (June 7, 2016): tight-

ens standards for retirement investment advice

SEC approves IEX as a national securities ex-
change and clarifies treatment of slight quote de-
lays (speed bump), challenging latency-arbitrage
business models

SEC liquidity risk management. SEC adoption of
liquidity risk management requirements for open-
end mutual funds and ETFs, requiring funds to
assess and manage liquidity and report related in-

formation to regulators

IREG

IREG

IREG

TCMM

IREG

IREG

IREG

IREG

IREG

Increase

Increase

Increase

Increase

Increase

Increase

Increase

Ambiguous

Increase

Basel III raises banks’ capital and liquidity constraints,
reducing professional investors’ freedom to deploy capital
independently. Lower institutional trading power in equi-
ties increases relative influence of households’ direct beliefs
on price formation.

LULD constraints reduce professionals’ freedom to trade
outside dynamic price bands, limiting institutional strat-

egy scope and raising relative price impact of retail orders.

Strengthened segregation rules raise broker accountability
to customer interests, making professionals more respon-
sive to retail preferences. This increased institutional ac-
countability amplifies households’ price impact, elevating
retail influence in the long-run.

Robinhood lowers trading costs and information frictions,
increasing households’ direct access to US stocks and en-
abling retail beliefs and preferences to shape prices more

directly.

By restricting banks’ proprietary trading, the rule reduces
institutions’ freedom to trade independently, lowering pro-
fessional volume and making prices relatively more sensi-

tive to households’ orders.

Reg SCI imposes higher compliance costs and technical
standards on trading venues, reducing professionals’ abil-
ity to deploy high-frequency and complex strategies, thus
limiting institutional trading freedom and enhancing the
relative influence of households’ orders on prices.

The rule increases regulatory accountability of professional
advisors to act in households’ best interests, raising house-
holds’ preferences’ weight in investment advice and thus
in price determination.

The speed bump reduces professionals’ arbitrage freedom
without lowering household trading frictions or boosting
accountability, creating uncertain effects on households’
direct influence.

These requirements increase scrutiny and accountability
of institutional investors by regulators, enhancing retail

investors’ relative price influence in the long run.

High

High

High

High

High

High

High

Medium

High
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Tick Size Pilot

T+2 Settlement

Micro E-minis

SEC Reg BI

$0 Commissions

Mainstream

Stimulus  Trad-

ing

GameStop

Oct 2016

Sep 2017

May 2019

Jun 2019

Oct 2019

Mar 2020

Jan 2021

SEC/FINRA tick-size pilot begins for selected
small-cap stocks to test whether wider ticks in-
crease liquidity provision and broker intermedia-

tion

US markets move from T+3 to T+2 settlement, re-
ducing counterparty exposure and collateral needs

and changing clearing capital economics

CME launches Micro E-mini index futures, further
lowering contract size and widening access to index

trading for small accounts

SEC adopts Regulation Best Interest to govern
broker recommendations to retail customers, al-
tering conflicts of interest and advice supply. It
forces a shift from a transaction-focused model to
a client-focused model, requiring brokers to prior-
itize the customer’s interests over their own finan-
cial interests.

Major brokerages (e.g., Schwab, Fidelity) cut on-
line US stock/ETF commissions to $0, compress-
ing explicit trading costs for households

CARES Act voted into law and pandemic-era

transfers and stimulus checks to households

Retail-coordinated trading (WSB) triggers ex-
treme short/gamma squeezes (e.g., GameStop),
forcing institutions to manage retail flow risk and

prompting market-structure scrutiny

IREG

TCMM

TCMM

IREG

TCMM

TCMM  Ambiguous

SFIN

Decrease

Decrease

Increase

Increase

Increase

Increase

Wider ticks boost broker-dealer profits and encourage pro-
fessional liquidity provision, raising households’ reliance
on intermediaries (delegation) rather than direct trading.
This persistent rise in delegation reduces the direct impact
of retail investors’ preferences on prices.

In the long-run, speeding settlement reduces institutions’
collateral requirements and counterparty risk, increasing
their trading freedom relative to households, thus institu-
tional views more price-determinant.

The launch lowers contract size, reducing barriers for
households to trade index futures directly, increasing di-
rect access to US equity exposure and making retail beliefs
more price-relevant.

Reg BI increases broker accountability to retail investors
by legally obligating advice to prioritize household inter-
ests, enhancing households’ price impact via improved di-
rect feedback channels, thus increasing scrutiny of profes-

sional conduct.

Zero commissions lower explicit trading costs and reduce
barriers for households to trade directly, enhancing their
ability to express preferences in price formation.
Stimulus checks gave households additional capital to
trade directly, increasing direct access temporarily, but
did not change institutional delegation or accountability
frameworks, leaving long-term retail influence uncertain.
Prompted regulatory scrutiny of market structure to ad-
dress retail-driven volatility, increasing institutional ac-
countability to households and reducing barriers for di-
rect retail participation, thus elevating households’ price
relevance over professionals in steady state.

High

High

High

High

High

Medium

Medium

This table shows 83 economic events identified via our API prompt to the OpenAI GPT 4o-mini Large Language Model (LLM), for the period Jan 1963 - Dec
2023. The first column “Label” contains a short name for the event, and the “Date” column represents the timing of the event. In the “Description” column
we provide a brief summary for each of the events. The “Cat.” column groups events into three categories: Intermediary Regulation (IREG), Trading Cost
and Market Microstructure (TCMM), and Social Finance (SFIN). The “HH Influence” column shows the LLMs’ prediction as to whether households gain
or lose influence on prices as a consequence of being (in)directly impacted by the event under consideration. The “Rationale” column provides a summary
as to what motivated the LLM to make the prediction for the influence of households. Finally, the “Conf.” column contains the confidence level of the LLM
attached to this directional prediction.



D Estimating Retail Investor Influence with Alternative

Model Specifications

In the baseline specification of our model, we use the unadjusted monthly log dp-ratio to serve as

the LHS signal in the measurement equation that links market valuations to investor expectations:
dp; = B [wEX P/ + (1 — w)) EXPIRO] + 1y + <.

In a second, alternative version of our model, we rely on earlier work by Lettau and Van Nieuwer-
burgh (2008) to construct a dp-ratio that is corrected for structural breaks in the valuation of the
market:

dp* = dp; — di1 11 — dals — d313, (D.1)

where dy, ds, d3 are the averages of the dp-ratio computed from Jan 1927 - Dec 1954, Jan 1955
- Dec 1994, and Jan 1995 - Dec 2023, respectively. The [Is are indicators equal to one for the
corresponding period and are zero otherwise.

The third variation of our observation model acknowledges the role of risk-aversion and financial
uncertainty in driving market valuations, beyond investor beliefs. We account for the risk appetite
of consumers and institutions by incorporating the Surplus-Consumption ratio (Cochrane, 2017)
and the Intermediary Capital ratio (He et al., 2017), respectively, into our model. As a proxy of
macroeconomic risk we use Financial Uncertainty measure developed by Jurado et al. (2015). We
control for risk-aversion and financial uncertainty in our measurement equation by orthogonalizing
the dp-ratio with respect to the three aforementioned variables. Given that the time-series for the
Intermediary Capital ratio starts in January 1970, the third version of our KF will use a slightly
shorter time-series than the other two that start in 1963.° In addition to alternative versions of the
measurement equation we consider a modified model for the law-of-motion that describes the trend
component of the weights; 7, in Eq. (3). In this robustness test, we fix in the estimation of the
baseline model (using the unadjusted dp-ratio as measurement) the deterministic drift parameter
v to zero instead of estimating it within the KF procedure. We denote the weights coming out
of this procedure as w;. Finally, to test sensitivity of the baseline result w.r.t. the grid search
optimization, we consider a version of the estimation procedure where we explore 200 possible
solutions instead of the 70 from Section A.2.3, by increasing the granularity of the variance ratios
grid. In total, we obtain five sets of filtered weights, obtained under different estimation regimes.
As a simple benchmark, we create an ensemble of these series by averaging estimates within a

month and across models. Figure D.1 shows the raw as well as the detrended correlations between

5Prior research shows that not only risk aversion but also subjective cash flow growth expectations drive a
substantial part of the variation in the dividend—price ratio. In an alternative specification we account for this
by orthogonalizing the dp-ratio w.r.t. the experienced dividend growth variable from Nagel and Xu (2022). The
weights we obtain under this approach correlate by 99% to the baseline series (and by 77% once detrended).
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our estimated weights and to the ones based on the Flow-of-Funds data (w!°f). Figure 8 plots

the time-series path of the estimated series. Finally, Table .1 shows the parameter estimates

associated with the different versions of the weights.
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Figure D.1: Estimating Retail Investor Influence wit Alternative Specifications:
Correlation Analysis

This figure shows the correlations across our set of estimated weights over the period Jan 1963 to Dec 2023.
is the filtered weight from our main analysis. As described in Appendix D, @} and i are, compared to the
baseline model, estimated with an adjusted measurement equation, whereas w; excludes the deterministic part for
the trend state-space model but leaves the measurement unaltered. u?{“ repeats the baseline estimation with a larger
optimization grid. w; represents the simple monthly average across the four aforementioned series. Finally, wf°%" is
the weight based on Flow-of-Funds data, which corresponds to the blue line displayed in Figure 2. Panel A shows
raw correlations, whereas Panel B considers correlations across the detrended series (residuals of a regression on
time). Two-sided p-values are shown in parentheses.
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Table D.1: Estimating Retail Investor Influence with Alternative Specifications:
Main Parameter Estimates

Version Wy v 10) w

0.9928 -0.0007 0.2781 0.7309
@, (0.902) (0.008) (0.000) (0.000)
(0.482) (0.004) (0.000) (0.000)

0.9516 -0.0006 0.4034 0.7334
@;  (0.646) (0.212) (0.000) (0.034)
(0.324) (0.100) (0.000) (0.014)

1.0827 -0.0012 0.3429 0.7081
@t (0.528) (0.018) (0.004) (0.000)
(0.718)  (0.010) (0.004) (0.000)

0.9020 0.2780 0.7816
@, (0.116) (0.018)  (0.188)
(0.094) (0.018)  (0.188)

0.9909 -0.0007 0.2801 0.7317
@l (0.886) (0.012) (0.000) (0.000)
(0.476)  (0.008)  (0.000) (0.000)

This table shows the Kalman filter estimates for the main parameters of interest, obtained under different modeling
choices. 10 is the filtered weight from our main analysis. As described in Appendix D, @} and ;- are, compared to
the baseline model, estimated with an adjusted measurement equation, whereas w; excludes the deterministic part
for the trend state-space model but leaves the measurement unaltered. W} repeats the baseline estimation with a
larger annealing grid. Point estimates are presented alongside their two and one-sided p-values in parentheses, which
are computed empirically by bootstrapping under the null for each of the parameters as described in Appendix A.3.
The two-sided p-values test individually the null hypotheses whether wg = 1, v = 0, ¢ = 0, @ = 0. The one-sided
p-values test the same, but against the alternative hypotheses that wo < 1, v < 0, ¢ > 0, 1 < 1.
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E Estimating Investor Influence when Institutions are Ir-

relevant: Simulation Analysis

We conduct a simple simulation exercise to showcase that our Kalman-filtering procedure is able to
recover a variety of latent processes with different properties. Precisely, we demonstrate that our
procedure could recover estimates consistent with the null hypothesis of “institutional irrelevance”

for market valuations. Recall the measurement equation:
dp = B [wEX P/ + (1 — w,) EXPPRO] + juy + .

To reflect the null, we set in the simulation wy; = 1 V¢. Additionally, for simplicity, we assume
that there is no latent process for discount rates (p; = 0 Vt), and that the household expectations
explain fluctuations in the dp-ratio with a negative unit loading (8 = —1). Hence, our simulated

measurement becomes:
dpl = —EXPF 1 &f (E.1)

, where we draw 5{ NN (0,0%). Here, the value we choose for the variance of 5,{ is arbitrary,
and larger values make the measurements mechanically less informative of the true latent weights
process. For this reason, we consider the most stringent case and set asf = 0.17 - which corresponds
to the unconditional variance of dp; in the data, and is used as an upper bound for R in the
optimization grid from the main analysis.

We then repeat our entire Kalman-filtering strategy using alp{r as the measurement. In total,
we draw 250 vectors for the measurement error and repeat the estimation procedure for the same
number of iterations. The results are presented in Figure 9, where the solid line represents the
median state estimate across simulations. The figure confirms the capacity of our filter to recog-
nize that the true data generating process is constant over time, which is displayed as a dashed
horizontal line. The filtered series in gray reflects that updates coming from the dp-ratio pull the
estimates toward the true state — but the measurement error causes imperfect adjustments and
fluctuations. Over the entire sample period the true weight is contained within the 95% shaded
confidence bands, which are derived from the monthly standard deviation of the state estimates
across simulations. In Table E.1 we show the accompanying parameter estimates, which echo the
message from Figure 9: our Kalman filter recovers an intercept and average weight close to 1,
and it recognizes that cyclical components and trend dynamics do not play a role in determining
the measurements under the current set-up. All in all, the simulation results reassure us that our

baseline model does not have a natural tendency to recover, e.g., processes with negative slopes.
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Table E.1: Main Parameter Estimates Under Institutional Irrelevance

Wo Y ¢ w
1.0201 -0.0001 0.1146 0.9357
(0.826) (0.725) (0.640) (0.504)
(0.500) (0.500) (0.500) (0.504)

This table shows the main parameter estimates for the filtered weights shown in Figure 9. Point estimates are pre-
sented alongside their two and one-sided p-values in parentheses, which are computed empirically by bootstrapping
under the null for each of the parameters as described in Appendix A.3. The two-sided p-values test individually
the null hypotheses whether wy = 1, 7 = 0, ¢ = 0, @ = 1. The one-sided p-values test the same, but against the
alternative hypotheses that wy < 1, 7 <0, ¢ > 0, ¥ < 1.
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F Estimating Investor Influence with Noisy Expectations:

Simulation Analysis

In our main estimation of the influence of households and professionals on asset prices, we treat
expectations as quantities that are observed via survey instruments. However, survey data likely
captures true investor expectations with noise.

Formally, let the observed retail and professional expectations series be noisy measures of latent

expectations:
« RI
EXPH = EXP, +ul! (F.1)
« PRO
EXPPRO - EXP, 4+ uPRC (F.2)
x« RI « PRO

where EXP, and EXP,  denote the true expectation processes, and EX P! and EX PPRO
denote the measured expectations. The distinction between actual and measured expectations can
affect our results, since asset prices are driven by true latent expectations. In other words, the

true law of motion of the dp ratio is as follows:"

x RI «+ PRO
dpt x " |w;EXP, +(1—w;)EXP, + &5 (F.3)

whereas in our Kalman filter the measurement equation relies on the observed data.

dpy < B [wEX P/ 4+ (1 — w,) EX PR + . (F.4)

As a result, noise in the measurement of expectations can create key discrepancies between the
time-series of true investor influence w; and the estimated one wy.

The purpose of the simulation analysis in this section is to study the properties of recovered
versus true influence weights under several scenarios of measurement error in survey expectations.

To implement the simulation, we must specify the latent expectation processes, the true path
of the weights, the discount-rate component, and the amount of noise in both expectations and
the measurement equation. We begin with the latent expectations processes, which we model
as standard AR(1) processes. To calibrate these processes we need an educated guess about the
properties of these autoregressive processes. One straightforward way to develop insights is to start
from the assumption that the principal component of the retail and professional surveys shown in

Panels B and C of Figure 1 is a good approximation to the true expectations process underlying

"For expositional simplicity, in this derivation we abstract from control variables , and we focus on the variation
in the dividend—price ratio that is orthogonal to such variables.
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each investor group. Using the time series of the survey principal-component measures shown in

Figure 1, we fit AR(1) models separately to the retail and professional series. We then simulate
« RI « PRO

EXP, and EXP, sothat they match the persistence, mean, and standard deviation observed
in the data.
We next calibrate the noise in observed expectations. Following up on the intuition above, we

PFPEO on their principal-component

use the residual variation from regressions of EX P and EX
counterparts.® These regressions are used to calibrate the variance of the residuals in Equations I. ]
and .2, as well as the covariance between innovations in those two equations. Taken together, The
steps above allow to construct simulated time-series of noisy expectations and true expectations
that are consistent with data. We repeat the approach above to generate s = 1,...,250 simulated
set of true and noisy beliefs.

The final step is to build, within each simulation, the dividend-price ratio as per Equation ..
To that end, we need to select a time-series of the weights. Given that our goal is to compare
estimated weights with the weights that would be observed under the null of no institutional
influence, we concentrate on simulating Equation F.3 in the scenario in which only households
matter for asset prices (i.e., wy = 1,Vt). In such a scenario, we ask whether noise in expectations
could lead to the recovery of a time-series of household influence whose features resemble the ones
uncovered in the data. Moreover, in keeping with the actual estimation conducted in the paper, the
simulated dividend—price include a discount-rate component i, which is based on the extracted
time-series of that process in the main analysis. We also set §* = —1, since the true and recovered
magnitudes of 5* are not central for the exercise.

To calibrate the variance of ¢f in Eq. (I.3), which we assume to follow a standard normal
distribution, we focus on the residual variation in the dividend—price ratio after conditioning on
noisy expectations and discount rates. In the model above, this unexplained variation has two
sources. First, observed expectations are noisy, so the fitted component based on survey expecta-
tions is only an imperfect proxy for the latent component that truly drives valuations. Second, the
dividend-price ratio is subject to the additional disturbance ;. The first source of residual varia-
tion is already pinned down by simulating latent and measured expectations as described above.
We therefore choose Var(e}) so that, once noise in expectations is accounted for, the model repro-
duces the same unexplained share of the variance in the dp ratio as in the data. Let R? denote the
fit of the regression of dividend-price on the noisy-expectations proxies as in Equation [.4, where
the discount rate process is also included as a control in the regression. Define the unexplained

share of variation in the regression as as ¢ = 1 — R2.

8Before estimating these regressions, we convert the principal-component series into return expectations using
the linear-projection method in Greenwood and Shleifer (2014) and Barberis et al. (2015a). Specifically, we rescale
the survey principal components by regressing EX P/ and EX PO on the principal-component time-series, using
the fitted value as the rescaled principal component time-series.
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For simulation draw s, define the fitted component based on observed expectations as
asgs) =— [thXPtRI’(S) +(1— wt)EXPtPRO’(S)} + p, (F.5)

and let the corresponding latent component be

x RI + PRO
T =— {thXPt + (1 —w) EXP, ] + py.

Because observed expectations differ from latent expectations only through measurement error,
we can write

28 = 4
t Tt t >

where uﬁs) captures the noise induced by v# and vF%°. Similarly, the simulated dividend—price

ratio satisfies

* % *
dp; = x; + ¢y,

with 27 L ef and u(® 1 €.
Define
Ve = Var(z)), Vi = Var(ugs)), V. :=Var(e}).

Our calibration condition is
Var(dp; | acgs)) = c¢Var(dpy). (F.6)

This condition pins down V. because V, is determined by the simulated latent process and V,, by

the calibrated expectation noise, leaving V. as the only remaining unknown. Since

Var(dp;) =V, + V.

and V.V
Var(dp; | %) = Var(s} | o) + V. = 20+,
it follows that
VaVa
cVy — —————
V. +V,
V.= .
1—-c

We use this expression to calibrate the variance of the innovations in the dividend—price in each
simulation s.

Finally, having obtained within each simulation s a set of noisy expectations as well as a
dividend—price ratio that is consistent with true expectations and the null of no-intermediary
influence, we perform the same Kalman-filter estimation for each s. This leads us to obtain 250
time-series of the recovered weights wt(s). The graphical evidence in Figure 10 summarizes the

results. Furthermore, Table .1 shows the main parameter estimates of interest.
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Table F.1: Main Parameter Estimates Under Mismeasured Expectations

Wo Y ¢ w
0.8135 0.0000 0.0935 0.8306
(0.6079) (-0.0004) (0.0344) (0.7279)
(1.0371) (0.0006) (0.2106) (0.9472)

This table shows the main parameter estimates for the filtered weights shown in Figure 10. Average parameter
estimates are presented alongside the bottom and top decile of their distributions in parentheses, computed across
simulations.
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