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Abstract

We apply a demand system to complete ownership records for Norwegian stocks to
quantify the importance of household biases for asset prices. Households own less
than one-fifth of the market but account for up to one-third of cross-sectional return
variance. Biased households—those scoring high on empirical measures of behavioral
biases—account for most of this variance. Debiasing households by relocating 20% of
their wealth from the most- to the least-biased households compresses anomaly spreads
by 130 basis points a year, or 27% of the anomaly spread, on average. Household biases
therefore matter for both price variation and expected returns in equilibrium.
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1 Introduction

How much do behavioral biases matter for asset prices? Since De Bondt and Thaler
(1985), behavioral biases have been offered as explanations for anomalies in stock returns.
That biased investors can move prices when arbitrage is limited is now broadly accepted
(see Barberis, 2018, for a survey). The magnitude of that price impact, however, remains an
open question. A skeptic might say that irrational investors, typically households, are small,
so their imprint on prices must be small as well.

We quantify the importance of household biases by applying a demand-system analysis
in the spirit of Koijen and Yogo (2019) to granular data on all Norwegian investors.! We
observe the complete ownership structure of listed equities in Norway, including households,
institutions, and other investor sectors, and we use these data to unpack the behavioral
origins behind investor demand. The combination allows us to quantify an equilibrium link
between empirical measures of household biases and stock returns. The counterfactual exer-
cises reveal that biased households, those scoring high on empirical measures of behavioral
biases, account for a disproportionate fraction of cross-sectional variance. Debiasing house-
holds by relocating 20% of household wealth from the most- to the least-biased households
compresses long—short anomaly spreads by 130 basis points a year, or 27% of the average
anomaly spread.”

Our data allow us to construct empirical measures of household behavioral biases, an ex-
ercise we would not be able to perform with typical data on U.S. institutions. The premise
underlying our analysis, which is supported by a vast household-finance literature®, is that
household portfolio choice and trading behavior are shaped by behavioral biases. We cannot

observe those biases directly. Instead, we construct empirical measures of behavioral biases

'Related work shows that investor demand and trading structure move prices in settings including retail
trading (Barber, Odean, and Zhu, 2008; Van der Beck, Jaunin, and Cohen, 2026; Li, 2025), index-level
trading (Lochstoer and Muir, 2026), and price-impact bounds and disagreement (van der Beck, Bretscher,
and Fu, 2025). We add an equilibrium counterfactual for measured household portfolio tilts, allowing every
observed investor sector to respond.

2The counterfactual measures the price impact transmitted through household portfolios. Institutional
sectors enter the equilibrium absorption system, but we do not classify institutions by the household bias
measures. If institutions exhibit the same mechanisms, their economywide effects may be larger than the
household channel we estimate.

3For surveys, see Campbell (2006), Barber and Odean (2013), Barberis (2018), Gomes, Haliassos, and
Ramadorai (2021), and Campbell and Ramadorai (2025).



that follow that literature. We start with the three leading frameworks in Barberis (2018)
(overconfidence, prospect theory, and extrapolation) and map them to four empirical mea-
sures observable in holdings and trades. Overconfidence maps to portfolio turnover; prospect
theory maps to a tilt toward lottery-type stocks and to the disposition effect; and extrapo-
lation maps to a measure of extrapolation based on past returns. Throughout the paper, we
use “biased households” and “household biases” to refer to these empirical classifications.
We sort households into bins by each score within wealth brackets, separating the measured
bias from wealth.

Our administrative data cover direct holdings over 160 months, from January 2007
through April 2020. For households, we observe both direct holdings and ownership through
holding companies such as family offices and family firms, especially common for more afflu-
ent investors. Households as a whole hold 18% of listed equity on the Oslo Stock Exchange,
compared with 39% for institutions, 22% for the government, and 21% for other investors.

To turn household biases into asset-pricing magnitudes, we need a framework that maps
holdings into equilibrium prices and expected returns. We use demand-system asset pricing
(DSAP), which estimates investors’ demand curves from holdings data (Koijen and Yogo,
2019; Koijen, Richmond, and Yogo, 2022). Each portfolio reveals desired holdings at pre-
vailing prices. With instrumented price variation, the system estimates how those holdings
respond to price changes. Aggregating demand curves and imposing market clearing allows
us to invert the system: a counterfactual flow is translated into the price changes required
for all investors to absorb it. This inversion lets us reallocate wealth from the most- to
the least-biased households, let all investor sectors respond through their estimated demand
curves, and map the resulting price distortions into next-month expected returns through
pass-through estimates (Davis, Han, Sokolinski, and Tamoni, 2025a). Our implementation
does not impose standard logit demand, in which one parameter governs all own- and cross-
price substitution. Instead, we estimate a log-linear demand system that can be derived
from CARA or CRRA portfolio choice, allows demand to depend on expected returns and

covariances, and uses the factor-spillover structure of Haddad, He, Huebner, Kondor, and



Loualiche (2025) for substitution across stocks.”

In our first set of counterfactual exercises, we ask how much cross-sectional return vari-
ance is attributable to households and to their biases. Overall, households explain 33.4% of
equal-weighted and 22.0% of value-weighted modeled variance despite holding only 18% of
inside AUM. Relative to ownership, that is 1.9 times their AUM share under equal weighting
and 1.2 times under value weighting. Institutions, by contrast, explain less variance than
their AUM share.

Under hypothetical 50% AUM withdrawals from each classified household bin, with other
demand shocks set to zero, the price-variance contribution is concentrated among the most-
biased and the wealthiest households. The signed Shapley decomposition, which divides
covariance equally between groups, assigns 45-85% of the equal-weighted variance to most-
biased households in the top wealth decile, compared with only 2-8% for their counterparts
in the remaining nine deciles combined. This concentration reflects two facts. First, the
most-biased groups matter disproportionately in the scaled comparison that combines their
bin variance-to-AUM ratio with the broad household sector's historical ratio: the resulting
ratios range from 2.1-4.6 under equal weighting and 1.3-2.1 under value weighting. Second,
household wealth itself is highly concentrated: the top decile holds almost 90% of household
AUM, similar to the household wealth concentration in the U.S.

Taken together, these results imply that households, and biased households in particular,
are far from price-irrelevant noise: their demand movements are large enough, and sufficiently
distinct across stocks, to account for a meaningful component of equilibrium price variation.

In our second counterfactual exercise, we quantify the role of behavioral biases in driving
anomaly returns, the central focus of many behavioral asset-pricing models. We start by
collecting predictions from the literature on which anomalies may be driven by which biases.
For example, Daniel, Hirshleifer, and Subrahmanyam (1998) argue that overconfidence can
overprice glamour stocks, those with low fundamental-to-price ratios, and thereby generate
value premia. Barberis, Jin, and Wang (2021) show that prospect-theory preferences can

help explain a majority of 23 prominent anomalies through stocks’ volatility, skewness, and

4Related work shows that these substitution patterns are central for demand multipliers when securities
have heterogeneous substitutes (Chaudhary, Fu, and Li, 2023).



capital-gain overhang. And Grinblatt and Han (2005) argue that the disposition effect can
explain momentum.

To test these predictions, we collect 139 anomaly portfolios from the global factor database
of Jensen, Kelly, and Pedersen (2023) that are available in Norway. We map each prediction
to the anomalies that fall under the proposed mechanism. For example, we use the ten
fundamental-to-price anomalies to test the overconfidence-value prediction of Daniel et al.
(1998). In total, this yields 18 bias—category predictions spanning 51 distinct anomalies.

In the counterfactual experiment, we assess the role of biases in driving anomaly returns
by relocating 20% of household AUM from the most- to the least-biased households within
wealth deciles, holding nonhousehold demand curves fixed and tracing the resulting price
and expected-return responses through the demand system.

We find that 16 of 18 predictions have the expected positive sign, and 10 remain sig-
nificant at the 5% level after accounting for multiple testing. On average, the most-biased
households contribute 130 basis points a year to these anomaly spreads, or 27% of the mean
realized spread. Our counterfactual exercises therefore imply that household biases matter
quantitatively both for cross-sectional variance and for expected anomaly returns in equilib-
rium.

We build the counterfactual around recent DSAP innovations that address the main
critiques of using estimated demand curves for policy-style counterfactuals. The common
concern is Lucas-critique-style: the demand response estimated from observed price varia-
tion may not be the same response that applies to our household-flow shock. We address
three versions. First, counterfactual flows may generate different cross-stock spillovers than
the identifying price movements, a problem that is especially sharp in logit demand (Fuchs,
Fukuda, and Neuhann, 2023); our baseline uses flexible factor spillovers of Haddad et al.
(2025), and we also consider alternative spillover systems. Second, the counterfactual price
response may have different persistence dynamics, which changes pass-through from price
variation to expected returns (Davis, Kargar, and Li, 2025b; Davis, Kargar, Li, and Silva,
2026; van Binsbergen, David, and Opp, 2025); we estimate price persistence and expected-
return pass-through separately, and the results are robust across a reasonable range of dy-

namic pass-through responses. Third, the shock may change perceived risk, so the relevant



counterfactual elasticity may differ from the baseline total elasticity (He, Kondor, and Li,
2025; Davis et al., 2026); we recover the expected-return and risk components of total elastic-
ity and recompute the headline exercises under alternative endogenous-risk responses. Thus
the baseline counterfactual holds preferences, characteristics, and estimated local elasticities
fixed, while the robustness exercises ask whether the conclusions survive the main ways in
which the relevant counterfactual demand curve might differ from the one estimated in the
data.

Literature review. We contribute to three strands of the literature. The first is the
literature on behavioral biases and the cross-section of stock returns. We provide a quan-
titative equilibrium link between household-level behavioral biases and anomaly returns by
combining direct measurement of behavioral tilts with a structural counterfactual. Our re-
sults complement quantitative behavioral asset-pricing models (e.g., Barberis, Shleifer, and
Vishny, 1998a; Barberis, Shleifer, and Wurgler, 2005; Barberis, Mukherjee, and Wang, 2016;
Barberis et al., 2021; Barberis, 2018), which predict the characteristics that earn anoma-
lous returns; we add evidence from investor portfolios, quantifying the equilibrium effect of
household behavioral biases on expected anomaly returns. Our results complement reduced-
form evidence on correlations between retail order flow and returns (e.g., Kaniel, Saar, and
Titman, 2008; Kelley and Tetlock, 2013; Barber et al., 2008; Boehmer, Jones, Zhang, and
Zhang, 2021; Frazzini and Lamont, 2008), between bias-related stock characteristics and re-
turns (e.g., Kumar, 2009; Bali, Cakici, and Whitelaw, 2011; Frazzini, 2006), and between
investor sentiment and anomalies (e.g., Baker and Wurgler, 2006; Stambaugh, Yu, and Yuan,
2012, 2015), by delivering the equilibrium magnitude from a structural counterfactual.

Financial economists have long debated whether stock-market anomalies reflect rational
risk compensation or behavioral mispricing (Fama, 1965; Barberis and Thaler, 2003). The
behavioral view holds that systematic investor biases can survive aggregation and affect equi-
librium prices (Shleifer, 2000). Correlational evidence alone does not identify the equilibrium
price impact of biased demand, since rational investors may absorb biased positions at un-
changed prices. Moreover, Kozak, Nagel, and Santosh (2018) show that any returns-based
test, whether of factor models or of characteristics, is observationally equivalent between ra-

tional and behavioral explanations, and argue that distinguishing the two requires structural



models with explicit assumptions about investor beliefs and preferences. We contribute a
complementary structural counterfactual: using complete ownership data, we show that the
return contributions of measured behavioral biases align with theoretical predictions across
a broad anomaly universe.

The second contribution is to the literature on household finance. We are the first to
unpack the household sector inside a demand-system framework, going beyond the residual-
from-13F treatment of prior demand-system work. Nordic and U.S. household-finance re-
search (e.g., Barber and Odean, 2001; Calvet, Campbell, and Sodini, 2007; Grinblatt, Kelo-
harju, and Linnainmaa, 2012; Balasubramaniam, Campbell, Ramadorai, and Ranish, 2023;
Betermier, Calvet, Kniipfer, and Kvaerner, 2024) has documented heterogeneity in house-
hold portfolios, returns, and behavioral profiles. We move from welfare and portfolio-choice
questions to the equilibrium price-formation question, asking whether and how much that
heterogeneity matters for the cross-section of stock returns. We show that household finance
matters not only for welfare (Bhamra and Uppal, 2019), but also for asset prices.

The third contribution is to the literature on demand-based asset pricing. We extend the
demand-system asset-pricing framework (e.g., Koijen and Yogo, 2019; Koijen et al., 2022;
Gabaix, Koijen, Mainardi, Oh, and Yogo, 2022; Li, Sokolinski, and Tamoni, 2026; Gabaix,
Gopikrishnan, Plerou, and Stanley, 2006; Campbell, Ramadorai, and Schwartz, 2009) along
two dimensions. We add investor-level granularity and behavioral-bias sorts beyond the
13F universe. And we not only apply Haddad et al. (2025) but also show how to run
counterfactuals in a way that is robust to concerns about cross-asset spillovers, dynamics,
and endogenous risk. This latter contribution is most similar to Davis et al. (2026), but
we are the first to do it at the investor level, in a simple and tractable way that addresses
recent, concerns about demand-system asset pricing. The richer system preserves the central
object, the inverse-of-total-elasticity multiplier, while admitting more realistic substitution
across stocks and allowing robustness to variation in shock persistence and risk effects.

The remainder proceeds as follows. Section 2 describes the data, the bias measures,
and the anomaly portfolios. Section 3 develops the demand system and the counterfactual
experiments. Section 4 reports the main results from the two counterfactual exercises, along

with the robustness exercises. Section 5 concludes.



2 Data

We merge several administrative datasets to provide complete ownership records for
all publicly listed Norwegian stocks. In what follows, we describe the data sources, the
classification of investors and assets, the construction of household-level behavioral bias

measures, and the anomaly portfolios used in counterfactual experiments.

2.1 Ownership Data

Norwegian Central Securities Depository. The Norwegian Central Securities De-
pository (Verdipapirsentral, hereafter VPS) records ownership of every share on the Oslo
Stock Exchange (OSE). OSE is Norway’s only regulated securities market, medium-sized by
European standards (Doeskeland and Hvide, 2011). VPS is its sole depository. Each month,
we observe every trading account; holdings sum to 100% of shares outstanding. By con-
trast, the standard approach in the demand-system literature uses 13F institutional filings
and models households as the residual sector, which precludes modeling household demand
on a more granular level. Koijen and Yogo (2019) therefore advocate Nordic administrative
data; VPS is well suited to that agenda because ownership is complete at monthly frequency;,
with no residual sector. That completeness is also central to the counterfactual design: all
investors affected by a wealth redistribution are observed.

Investor types. We assign each VPS trading account to one of seven investor types in
two steps. First, we read VPS’s own sector classification at the account’s first appearance
in the data and hold that assignment fixed thereafter.” Second, within each investor type
we apply finer rules described below and in Section 2.2 for households. The seven types are
Households, Institutions (mutual funds, pension funds, insurance companies), Governments,
Banks, Foreign investors, Listed firms, and Non-listed firms.°

Households hold stocks directly and through private companies such as family offices.

To capture both channels, we link VPS records to the Norwegian Tax Administration’s

5The first-appearance rule ensures account stability over time, even if VPS occasionally reclassifies it.

6The Foreign category combines non-institutional foreign accounts with accounts of Norwegian residents
that cannot be merged with Statistics Norway records. Household refers to an individual identified by a
Social Security number.



Shareholder Register, which records ownership of every privately held Norwegian company.
We trace household ownership through up to five layers of corporate ownership. For example,
if 50% of company A belongs to an individual and the remaining 50% to company B, itself
equally owned by two individuals, we assign company A to three households with shares of
50%, 25%, and 25%. We classify a privately held company’s account as “household” if its
ten largest household owners hold more than 50% of the company in any sample year.

Appendix J.2 validates this classification. Figure 8 shows that, within each wealth group,
direct households and family offices hold the same average number of stocks per account.
Table 24 shows that the cosine similarity between their average portfolio weights exceeds
0.80 in groups W3-W10, where both samples are large.

Stock characteristics. We collect stock prices, dividends, corporate events, shares
outstanding, book equity, and net income from Titlon, a financial database for Norwegian
universities. ESG scores come from MSCI. Four characteristics enter the demand system:
CAPM beta (Beta), book equity, ESG greenness (ESG), and return on equity (ROE). Beta
is the slope from daily regressions of stock returns on an equally weighted market index over
a rolling 24-month window, with a Dimson (1979) adjustment using one lead and one lag
of the market return to correct for asynchronous trading; we require at least 180 valid daily
observations per window. When the Beta estimate is unavailable, we set Beta to one. We set
negative book equity values to missing and carry forward the most recent observation. ROE
equals net income divided by lagged book equity, both lagged by 12 months. We winsorize
Beta and ROE at the 5th and 95th percentiles. We forward-fill missing ROE within stock
and impute remaining gaps with the cross-sectional median that month. ESG greenness
follows Pastor, Stambaugh, and Taylor (2022):

Eweight,,

G,y = —(10 — Escore, ,
t ( SCoTey ) X 100

(1)

where E'score,; is the distance from a perfect environmental score and Fweight, ; is the

firm’s exposure to brown industries. The minus sign makes G,,; rise with greenness. When
firm-level scores are missing, we use the IVA industry median. We standardize G,,; cross-
sectionally to zero mean and unit variance each month.

Inside and outside assets. We classify each security as “inside” or “outside”. Inside



assets are the stocks in the Betermier et al. (2024) sample, plus post-2018 listings that meet
the same liquidity and coverage criteria. We drop stock-months in which the Titlon and VPS
totals for shares outstanding differ by more than 5%. Outside assets are the remaining listed
equities, together with bond and money market fund holdings.” The inside-asset universe
averages about 120 stocks per month.

Figure 1 plots ownership shares over time by investor type. Institutions own 39% of
the market, governments 22%, the household sector 18%, and foreign investors 16%; banks,
listed firms, and non-listed firms hold the remaining 5%.
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Figure 1. Ownership Shares of Norwegian Listed Equity by Investor Type.
This figure plots monthly ownership shares of the Norwegian inside-asset universe by investor type from
January 2007 through April 2020. For each investor type and month, the ownership share equals the
market value of all holdings in that investor type divided by the total market value of inside-asset stocks.
Holdings are aggregated across all VPS accounts assigned to the investor type. Households include both
direct household accounts and accounts attributed to households through family offices. Institutions
include mutual funds, pension funds, and insurance companies. Governments are dominated by
Folketrygdfondet, the domestic mandate of the Norwegian Government Pension Fund. Foreign investors
are non-resident investors directly registered with VPS.

Table 1 summarizes the household-sector panel. The full sample contains 808,366 unique
accounts over 160 months; 770,937 are direct household accounts and 37,429 are family-

office accounts identified through the layered tax-registry trace. The median month observes

"Fund holdings come from Titlon, classified using the Thomson Reuters Lipper scheme. We exclude
equity funds to avoid double-counting stocks already in the VPS ownership data.



394,098 active households, the peak month 439,346. Roughly 37% of households appear in
at least 120 months. The long panel allows us to track each household’s investment style

over many years.

Table 1. Coverage of the Norwegian Household Holdings Panel

Sample period

Panel period Jan 2007 — Apr 2020
Number of months 160
Mean inside-asset stocks per month 120

Household coverage

Unique households 808,366
Direct households 770,937
Family offices 37,429

Active households, median month 394,098

Active households, peak month 439,346

Share with > 120 months in panel 37.1%

This table reports summary statistics for the household-sector holdings panel constructed from the Norwegian
Central Securities Depository (VPS) and linked to the Norwegian Tax Administration’s Shareholder Register.
Direct households are individual VPS accounts. Family offices are corporate VPS accounts traced back to
households. Active households are accounts that hold at least one inside-asset in a given month. Inside assets
are stocks satisfying the liquidity and coverage criteria described in Section 2.1. The mean stock count is
the time-series average across the sample.

2.2 Measuring Behavioral Biases

Complete ownership records, demographic identifiers, and monthly positions let us con-
struct empirical measures of household behavioral biases. We cannot observe those biases
directly. Following the household-finance and behavioral-asset-pricing literatures, we start
from three leading behavioral frameworks: overconfidence, prospect theory, and extrapola-
tion. As Barberis (2018) summarizes, these frameworks have been the main focus of the
behavioral asset-pricing literature and help explain a wide range of facts about trading vol-
ume, asset-market fluctuations, and the cross-section of average returns. We then map the
frameworks to four empirical measures that we can construct from holdings and trades. Over-
confidence maps to portfolio turnover; prospect theory maps to a tilt toward lottery-type
stocks and to the disposition effect; and extrapolation maps to a measure of extrapolation
based on past returns. For each measure, we compute a household-level intensity score from

lagged trading or holdings and sort households within wealth brackets for the counterfactual
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experiments.

These empirical measures are not themselves the underlying biases. The disposition
effect, for example, is an empirical trading pattern, a greater propensity to sell winners
than losers, not a preference or belief; prospect theory is one of the leading explanations
for that pattern (Shefrin and Statman, 1985; Barberis and Xiong, 2009; Barberis, 2018). In
the same spirit, turnover, lottery tilts, and extrapolation are measured behaviors that the
literature has linked to overconfidence, probability weighting and related lottery demand,
and extrapolative beliefs, respectively. Throughout the paper, “biased households” and

“household biases” refer to these empirical classifications.

General Framework

For each bias b, we compute a household-level intensity score mﬁ?vt from lagged trading
behavior or portfolio holdings. Let w;,; denote household i’s portfolio weight in stock n
at month ¢, and let A;; denote the household’s total stock wealth in VPS. We sort house-
holds into 10 deciles of lagged total stock wealth (A;;—1) and, within each decile, into 5
bias-intensity quintiles, producing 50 household portfolios per bias. Quintile ¢ = 1 contains
the least biased households and ¢ = 5 the most biased. The one exception is overconfidence:
because portfolio turnover is heavily right-skewed in the household population and a sub-
stantial mass of households does not trade in a given month, we sort overconfidence into 3
bins (T1, T2, T3) within each wealth bracket and treat T3 as the most biased. Households
with zero turnover in the lookback window are placed in T1. We compute each bias score

only for households that hold or trade stocks during the period the score is based on.

1. Overconfidence

Overconfident investors trade too much. Barber and Odean (2001) show that excessive
trading, driven by overconfidence, reduces net returns, and that the effect is strongest among
men. In asset-pricing models, overconfidence and related belief-based mechanisms can affect
prices through several channels: biased self-attribution can generate momentum and rever-
sal; disagreement under short-sale constraints can generate speculative overpricing; sticky

expectations can generate profitability predictability; and extrapolation can generate value-
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related effects (Barberis et al., 1998a; Daniel et al., 1998; Hong and Stein, 1999; Hong and
Sraer, 2016; Scheinkman and Xiong, 2003; Bouchaud, Krueger, Landier, and Thesmar, 2019;
Miller, 1977; Diether, Malloy, and Scherbina, 2002; Lakonishok, Shleifer, and Vishny, 1994).
We measure overconfidence with portfolio turnover (Odean, 1999; Barber and Odean, 2001),
defined as the absolute deviation of the realized post-rebalancing weight from the passive

weight that would obtain absent any trading:

T L= 1 . passive passive _ Wint—1 (1 + Rn,t) 9
- 1+ R;,

where R, ; is stock n’s month-¢ return and Rf , 1s household ¢’s portfolio return. Subtracting

passive

wi,n,t

rather than w;,; 1 removes mechanical drift from price movements, so that the
measure isolates active rebalancing. We sort households into 3 turnover terciles within each

of the 10 wealth brackets, which results in 30 portfolios.

2. Lottery Preference

Households with lottery preferences overweight stocks with high maximum payoffs, high
idiosyncratic risk, and low prices (Kumar, 2009; Bali et al., 2011). The broader lottery-
demand literature links these preferences to beta, IVOL, MAX, and skewness because prob-
ability weighting, preference for positive skewness, and salience of upside states all increase
demand for lottery-like stocks (Barberis and Huang, 2008; Bali, Brown, Murray, and Tang,
2017; Bordalo, Gennaioli, and Shleifer, 2012, 2013; Boyer, Mitton, and Vorkink, 2010; Mitton
and Vorkink, 2007; Cosemans and Frehen, 2021). We define four stock-level lottery signals:
MAX,, ; (maximum daily return over the past month), IVOL,, , 0,,+ (total return volatility),
and Penny, , € {0,1} (an indicator for low-price stocks).® Each signal requires at least 10

valid daily observations in its window. We map each signal to [—1, 1] using cross-sectional

8IVOL,, ; is the standard deviation of daily residuals from a Fama-French three-factor (MKT, SMB, HML)
regression estimated over a three-month rolling window. o, is the standard deviation of daily returns in
the prior month. Penny, , = 1 if the median daily price of stock n in the prior month is below 5 NOK and
0 otherwise.
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ranks (denoted by tildes) and form a composite lottery score:

—~— /S~ /Y~

Lot = {(MAX, + V0L, + Gy + Pemny, ). ()

Each household’s lottery tilt equals the portfolio-weighted average of L,

miT = Wi Lng. (4)
n

We sort on mpP?" within wealth brackets to obtain 50 portfolios.

3. Disposition Effect

The disposition effect—the tendency to sell winners and hold losers—is one of the most
robust household trading patterns (Odean, 1998; Calvet, Campbell, and Sodini, 2009). De-

fine a sell indicator and a winner indicator:

Selli = 1{Qint < Qing—1} Winner,, ; = 1{R,—1-¢ > 0}, (5)

where R,, ;1 is the stock return over the preceding period. The disposition score measures
how much more likely household 7 is to sell a stock when it is sitting on a paper gain than
when it is sitting on a paper loss. A positive score means the household tends to realize
gains and hold on to losses.

We estimate the disposition effect empirically by counting stock-month pairs over a rolling
24-month window. Let N (N;7) be the number of (stock, month) pairs in household 4’s
24-month history in which the household held a winning (losing) stock, and let Sfy" (S)5)
be the subset in which the household also reduced the position. The empirical disposition
score is S;;in 5'11355

DISP __ _
miyt _ N win N loss (6)
it it

A household holding many stocks contributes one observation per stock per month, so the

score automatically aggregates across the full portfolio rather than being computed stock-by-
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stock.” We then sort households into quintiles within wealth brackets to form 50 portfolios.

4. Extrapolation

Extrapolative investors form expectations from past returns and direct active demand
toward recent winners (Barberis et al., 1998a; Greenwood and Shleifer, 2014; Barberis, Green-
wood, Jin, and Shleifer, 2015; Hong and Stein, 1999; Barberis, 2018). Let En,s € [-1,1] be
the cross-sectional rank of stock n’s cumulative return over the 12 months ending in score
month s. We remove passive portfolio drift before measuring household demand:

AWt = Wips — Wy, Z Awi By (7)
The monthly score k; is positive when the household actively shifts portfolio weight to-

ward recent winners and away from recent losers. Our extrapolation measure averages this

sensitivity over the preceding year:

EXT —

st, Sip={s:t—-12<s<t—1, AwiS # 0}, (8)

zt|

with at least three active score months required. Each month, we sort eligible households
on mi*" into quintiles within ten lagged stock-wealth deciles. Households that cannot be
assigned remain in the residual household portfolio. As reported in Table 2, the assigned
quintiles cover about 10% of stockholding households but about 33% of household stock

wealth on average.

Descriptive Statistics

Table 2 summarizes the four bias measures, the number of bias-intensity bins, and score
coverage. Overconfidence, lottery preference, and the disposition effect are defined for most
stockholding households and most household equity wealth. Extrapolation is thinner by
household count—about 10% of households—but still covers about one-third of household

9For example, if over the 24 months before ¢ household i held a winning position in 22 stock-months
and sold during 8 of them, and held a losing position in 20 stock-months and sold during 3 of them, then
mPISF = 8/22 — 3/20 ~ 0.214.

14



stock wealth, because the score requires repeated trading in scored stocks.

Table 2. Behavioral Bias Measures: Construction and Coverage

Bias Bins HH % AUM %
Overconfidence 3 74 84
Lottery preference 5 72 82
Disposition effect 5 94 97
Extrapolation 5 10 33

This table summarizes the four behavioral bias measures. The Bins column gives the number of bias-
intensity bins inside each wealth decile. Overconfidence uses three bins because portfolio turnover is heavily
right-skewed in the household population; the other three measures use quintiles. HH % is the share of
households with stock holdings whose score is defined in a given month. AUM % is their share of household
stock wealth. Both are computed each month and averaged over the months in which the score exists. The
extrapolation score requires trades in scored stocks in at least three of the past twelve months, so it covers
10% of households but 33% of household stock wealth.

Table 3 shows that the measures are only weakly related. Pairwise Spearman correlations
among overconfidence, lottery preference, and the disposition effect range from 0.12 to 0.14,
and correlations of those measures with extrapolation are near zero or slightly negative. The
sorts therefore do not collapse to a single “biased household” type; they capture largely

distinct dimensions of trading and portfolio choice.

Table 3. Pairwise Correlations of Bias Scores

Overconfidence Lottery Disposition Extrapolation

Overconfidence 1.00 0.129 0.138 —0.032
Lottery 0.129 1.00 0.115 —0.100
Disposition 0.138 0.115 1.00 —0.112
Extrapolation —0.032 —0.100 —0.112 1.00

Each cell reports the time-series average of the cross-sectional Spearman rank correlation between two
household-level bias scores. Correlations are computed each month across households for whom both scores
are defined and then averaged over the sample. Pairs with extrapolation use the households with an extrap-
olation score, about 38,000 to 45,000 a month, against about 280,000 for the other pairs. The sample period
runs from February 2006 through November 2020.

The bias ranks are persistent for three of the four measures. Table 4 reports the proba-
bility that a household remains in the same intensity quintile 12 or 36 months later. Under
random reshuffling, those stay-put rates would be only 0.20. Observed diagonals are far
higher for overconfidence, lottery preference, and the disposition effect: at 12 months, 0.96
of the least-active and 0.80 of the most-active overconfidence quintiles remain in place, and

disposition extremes stay put with probabilities of 0.72 and 0.68. Lottery ranks are less
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sticky (0.49 and 0.63) but still well above chance. Extrapolation ranks are much less per-
sistent, with extreme-quintile stay-put rates of about 0.24 at both horizons, only modestly
above chance. Even at 36 months, overconfidence, lottery preference, and the disposition

effect remain above their random-assignment benchmarks.

Table 4. Transition Probabilities Across Bias Groups

Bias Horizon Pr(Q: — @1) Pr(Qs — @Q5) Mean diagonal
Overconfidence 12m 0.957 0.799 0.907
Overconfidence 36m 0.956 0.763 0.893
Lottery 12m 0.487 0.625 0.417
Lottery 36m 0.458 0.564 0.384
Disposition 12m 0.723 0.680 0.736
Disposition 36m 0.542 0.424 0.582
Extrapolation 12m 0.239 0.235 0.281
Extrapolation 36m 0.249 0.239 0.278

Each row reports the time-series average of transition matrices between bias quintiles at the indicated horizon.
Each month, households are sorted into quintiles of the bias score across all scored households; this applies
to every bias, overconfidence included. The diagonal entry Pr(Q; — Qy) is the probability that a household
in quintile k£ at month ¢ is in quintile £ at month ¢ 4+ h, among households scored at both dates. The mean
diagonal averages the five diagonal entries. Under random assignment each diagonal entry equals 0.20. The
sample period runs from January 2006 through November 2020.

Table 5 reports the demographic profile of the least- and most-biased households. The
most-biased households tend to be younger and more often male, echoing the association
between biases and demographics in the existing literature (Barber and Odean, 2001; Kumar,
2009; Calvet et al., 2009). The most lottery-biased households, for example, are on average
50 years old and 20% female, compared with 56 years old and 37% female among the least
lottery-biased households. Households sorted on extrapolation are younger still, around 43
years old in both the least- and most-biased quintiles, with little gender gap across those
extremes. In the raw data, only overconfidence is strongly concentrated among wealthier
households: the most active tercile holds about nine times as much equity wealth as the
least active tercile, whereas the lottery, disposition, and extrapolation extremes hold more

similar wealth.
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Table 5. Demographic Profile and Within-Group Wealth of Households by Bias

Mean age Share female Wealth ratio
Bias least most least most uncond. within group
Overconfidence 55.1 53.1 0.32 0.28 9.48 741
Lottery 55.6  50.2 0.37 0.20 0.89 0.87
Disposition 53.4 470 026 0.21 1.63 1.13
Extrapolation 43.6 433 0.10 0.12 1.36 1.28

The table profiles the least- and most-biased households for each bias. Each month, households are sorted into
bias bins within ten groups of lagged stock wealth. The most-biased bin is the top tercile for overconfidence
and the top quintile for the other three biases; the least-biased bin is the corresponding bottom tercile or
quintile. For extrapolation, the bottom quintile holds the most contrarian traders, who sell after high past
returns. Mean age and share female are the means within each bin, averaged across wealth groups. The
wealth ratio is the stock wealth held by the most-biased bin divided by that held by the least-biased bin.
It is computed unconditionally (bins formed across all households) and within wealth groups (the ratio in
each group, weighted by the group’s share of household equity). The sample period runs from February 2006
through November 2020.

A natural concern is that the behavioral sorts pick up alternative household characteris-
tics rather than behavioral biases. Three tests in Appendix J.4 address this concern. First,
the most-biased households underperform the least-biased for overconfidence, lottery pref-
erence, and the disposition effect. Second, because overconfidence is measured by turnover,
high-turnover households might trade heavily for year-end tax reasons rather than from over-
confidence. Yet, the most overconfident tercile shows no December spike in sell rates, and its
December sales tilt toward winners rather than losers, the opposite of tax-motivated trading.
Third, undiversified single-stock holdings (such as employer stock) could mimic lottery or
high-volatility tilts without reflecting behavioral preferences. Against that alternative, port-
folio concentration (maximum weight, Herfindahl index, and stock count) is flat or declining

across bias bins.

2.3 Household Wealth Concentration

Because we sort behavioral intensity within wealth brackets, and because later counter-
factuals ask which households move prices, the distribution of household equity wealth is
a first-order input. Figure 2 compares the distribution of household equity holdings across
wealth deciles for Norway and the United States, plotted on a log scale with holders in each

country ranked by the size of their equity holdings. The Norwegian bars report time-series
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averages of monthly inside-equity shares, using the same wealth groups that underlie the bias
sorts; the U.S. bars are from the SCF 2022 using directly held stocks plus equity in trusts
and managed accounts, the closest analogue to the Norwegian direct-plus-holding-company
measure. Concentration is overwhelmingly a top-decile phenomenon in both countries: the
bottom five deciles together hold under 1% of household equity, the ninth decile holds 4.3%
in Norway and 9.1% in the United States, and the top decile holds 89.4% in Norway and
85.2% in the United States. The household sector is therefore not well summarized by the
typical small retail account in either country. Most household equity dollars, and hence most

potential price impact, sit in the far right tail of the holder distribution.
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Figure 2. Concentration of household listed equity by decile, Norway versus the United
States. Bars give the share of household listed equity held by each decile, on a log scale.
Norway (dark) is the inside-equity share by household wealth decile, averaged monthly over
2007-2020; the United States (light) is the SCF 2022 measure of directly held stocks plus
equity in trusts and managed accounts, with equity holders ranked by the size of their equity
holdings. Bars below 0.01% are not shown.

2.4 Anomaly Portfolios

We construct anomaly portfolios from the Global Factor Data characteristic library of
Jensen et al. (2023). Of 153 candidate characteristics, 139 have sufficient coverage in the

Norwegian inside-stock panel. A characteristic must support at least 85 return months, at
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least 98 months with distinct 30/70 breakpoints, and both portfolio legs in every retained
month. The median retained characteristic has 119 return months. Appendix A reports
every retained definition and the 14 exclusions.

Each month, we sort inside stocks using the characteristic’s published orientation and
30/70 percentile breakpoints, take equal-weighted positions in the long and short legs, and
rebalance monthly. All sorting variables are dated so that they are available at portfolio
formation. Equal weighting is the natural specification for a broad cross-sectional test in
Norway, where value weighting can place most of a portfolio on a few large firms (see, more

broadly, Byun, Loudis, and Schmidt, 2026).

3 Methodology

In this section, we lay out the equilibrium system used in the counterfactual analysis. Our
goal is not to estimate a fully unrestricted structural model of dynamic demand. Instead, we
recover a local demand response and a local return response. Total elasticity summarizes how
prices enter investor demand and, through market clearing, how wealth-flow shocks move
equilibrium prices. Pass-through maps those price distortions into next-month expected
returns. Appendix G gives the fuller derivation from Campbell-Shiller returns, investor

demand, endogenous risk, and market clearing.

3.1 Setup and Key Objects

At month ¢, there are N; inside assets. Bold lowercase symbols denote vectors, bold
uppercase symbols denote matrices, and non-bold symbols denote scalars; 1 and I denote a
conformable vector of ones and identity matrix. Shares outstanding are normalized to one,
so prices are market equity and holdings are shares demanded. Let p,, d;, 7,11 € R denote
log prices, log dividends, and one-period stock returns, and index investors by 4.

For investor 4, let a;; denote log AUM, let w;; € R denote log portfolio weights, and
let g, € R¥t denote log holdings, i.e. log fractions of shares outstanding demanded. Thus

a;+1+w;, is the log of the dollar value of investor i’s demand for each stock, and subtracting
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the log prices yields the following identity:

q,; = a;itl +w;r — p,. (9)

To map price distortions into expected returns, we need a local law of motion for prices.

We write the conditional price law as

Ei[py1] = e+ Uupy, (10)

where [E; denotes conditional expectation given date-t information, ¢; collects time-t intercept
terms that do not vary with current prices, and W, is the price-persistence matrix. If ¥, = 0,
a price change is expected to revert immediately next period; if ¥, = I, it is expected to
persist one-for-one. Combining this price law with the Campbell-Shiller log-linearization
gives

p = Efren] = gy, — O4py, O, =1-p¥, (11)

where p, collects expected dividends and other intercept terms. The scalar p is the cor-
responding log-linearization constant: price divided by price plus dividend at the approxi-
mation point. In the baseline specification, we use p = 0.9638Y/12 ~ 0.9969, the monthly
conversion of the annual approximation point in Cochrane (2008); equivalently, 1—p is about
0.3% at the monthly horizon.

The matrix ©; is the price pass-through to expected returns (Davis, 2025). In the simple
one-asset case, a pass-through of 0.04 means that a 1% price drop is expected to raise next-
period returns by 0.04%.

Investor demand depends on expected returns, factor risk, idiosyncratic risk, and investor-
specific latent demand, meaning demand shifters not captured by expected returns or risk.
Because expected returns and risk may themselves move with prices, the equilibrium price
effect is governed by the local coefficient on current prices. We write the resulting reduced

demand system as

tot

q;+ = Kit — 11 Py, (12)

where k;; collects AUM, latent demand, expected dividends, and other intercept terms that
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do not load on current prices. The matrix ngf)tt is the total elasticity matrix. It combines

the expected-return channel, factor-risk channels, and the idiosyncratic-risk channel into
the single price coefficient needed for market clearing. We use this total object in the
main counterfactuals because it is exactly what maps wealth-flow shocks into equilibrium
prices. As some have argued, the total elasticity may not be an invariant structural primitive
between: pass-through and risk responses may differ across shocks (Davis et al., 2026; He
et al., 2025). The concern is that the counterfactual analysis may differ from the estimated
shocks, presenting a Lucas critique style issue. To address this Lucas critique, Appendix M
therefore recovers the expected-return and risk components and varies the pass-through and

endogenous-risk mappings, and we show that the results are robust to these variations.

3.2 Equilibrium Flow Multiplier

We now close the model in equilibrium. Following Davis et al. (2026); van der Beck (2022);
van der Beck et al. (2025), we embed the reduced demand system in log-linearized market
clearing around observed ownership shares. The multiplier below is a result of combining
demand with market clearing, not an additional assumption. The log-linearized market-

clearing condition is

0= Z S’ijtq“, (13)

where Si,t is the diagonal matrix of investor 7’s observed ownership shares, the point around
which we linearize.'’

Throughout, we distinguish observed time differences from counterfactual perturbations.
For any object z;, let A°®x, = x,,; — 2, denote the realized change from month ¢ to month

t+1, and let Az, = 25—, denote the counterfactual change relative to the observed date-t

10Without the log-linearization, market clearing is log(zi exp(qi’t)) = 0. The left-hand side is the log of
aggregate demand. The right-hand side is the log of supply: because shares outstanding are normalized to
one stock-by-stock, supply is 1 in levels and O in logs. A first-order expansion around observed ownership
shares yields (13). van der Beck (2022) show that this log-linearized market-clearing condition is a very good
approximation even with larger deviations from observed ownership shares.
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equilibrium. For counterfactual log-AUM shifts {ACfaivt},-, define the induced flow vector
ACfft = Z Sz"tACfa,i’t]_. (14)

The vector A f, represents the stock-level fraction of shares outstanding associated with

the inflows and outflows.

PROPOSITION 1 (Flow Multiplier). Under the price law, reduced-demand representation,
and log-linearized market-clearing system above, if investors experience counterfactual log-
AUM shifts {A%a;i}; while it is held fized, then the equilibrium price response to the

induced flow vector A f, satisfies

-1
Ap, = (Z Si,mﬁ,‘f) ACE,. (15)

N S/

=M

The inverse of the aggregate total-elasticity matriz is the price multiplier for counterfactual

wealth flows.

The proof is in Appendix H. Proposition 1 is the key equilibrium mapping for our analysis:
once we estimate total elasticities, observed ownership shares determine how counterfactual

wealth flows translate into prices.

3.3 Characteristics, Factors, and Loadings

Holdings and returns at the stock level are unbalanced panels, and so we use a factor
model to govern spillovers as suggested by Haddad et al. (2025). Consider four characteris-
tics: CAPM beta, book equity, ESG greenness, and ROE. Each month, we rank-transform
these into [—0.5,0.5] and orthonormalize the resulting columns by right-whitening. We then
do Kelly, Pruitt, and Su (2019) instrumented principal component analysis (IPCA) with
these orthonormal characteristics, which Appendix [.1 shows is equivalent to doing PCA on
the characteristic-weighted portfolios. We do not reduce the number of characteristics from
this process, so we end up with K = 4 characteristics, which are the original characteris-

tics that are just rotated and scaled. Let X, € RM*X denote the resulting orthonormal
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basis, and let x;, ; be row n. This last PCA step ensures these characteristics are also factor
weights as well as factor loadings, so we can simply write 8, = X;. Importantly, these
resulting characteristics are still orthonormal, so X} X; = I. Appendix [.1 gives additional

details. This is the same procedure used, for example, by Chaudhry and Davis (2026).

3.4 Factor Model Elasticity and Pass-Through

We use the low-rank functional form suggested by Haddad et al. (2025) for the elasticity
matrix and the pass-through matrix. Following Koijen et al. (2022), we pool the elasticity
coefficients within investor group. Let G(i) denote investor i’s group, and use G to denote a
generic group. The demand regressions are estimated on investor-stock-month observations;
the group index only determines which elasticity coefficients are shared across investors. We

write

’I]tgoi = (1 — T]Qg)I + XtI‘gX;, \I’t = l/JoI —+ Xt]:"sz;; (16)

where 19 g and 1) are scalar own-stock coefficients, and I'g and Iy, are K x K matrices that
capture spillovers through the common characteristic portfolios.

These restrictions have a simple investor-level regression interpretation. Let

g =p,— b (17)

denote the month-t valuation gap, where b, is log book equity. Let x, x; denote the (n, k)
entry of X, let I'g j; denote the (k,[) entry of I'g, and define the factor-portfolio valuation

gap

lfatC = Z xm,l,tgmt (18)

Then the elasticity specification implies the investor-stock-month panel regression:

Wint = alt_'_zmnktﬁkz—i_nog gnt_zzxnktrg klglt +U’lnt7 (19>

k=1 =1

To estimate pass-through at the horizon over which valuation distortions resolve, let R7(11tz)_>t 112

denote stock n’s realized compounded return from the end of month ¢ through the end of
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month ¢ + 12. We estimate the forecasting regression

12 12) 12) fac
Rgzt)—>t+12—an+’7t+cnt5+ﬁ( Qnt‘*‘zzxnktrg%klglft +V7(1t)7 (20)
k=1 1=1

where o, is an investor-month effect, f;; is investor ’s slope on characteristic k, o, and
v are stock and month fixed effects, and ¢, contains the four date-t characteristics (book
equity, CAPM beta, ESG greenness, and ROE). We convert the 12-month return coefficients

to monthly pass-through units by defining

5(12) F(12)
bo= - 22 ; Lo = 12’ 0; = 6 + X To X}, (21)

and recover the corresponding monthly price-law parameters from ¥, = (I — ©,)/p. Thus
the return horizon is genuinely twelve months; the division by 12 expresses the estimated
response in the monthly units used by the counterfactuals. The coefficients 79 ;) and g ;)
are common within investor group, so investors in the same group share the same own-
stock and spillover elasticities even though the absorbed intercepts and characteristic slopes
are investor specific. In other words, the left-hand side remains wj,; throughout; what is
pooled is the coefficient block indexed by G(i). The same investor-level left-hand side is used
in the broad demand system and in each of the four bias systems, with G(7) changing only
through the grouping rule. The direct and double-sum terms capture own-stock responses
and spillovers through the common factor portfolios: the shock first aggregates into glfic, and
then maps back into stock space according to each stock’s loading z,, 1 ;.

There is a second way to motivate this functional form for the elasticity matrix. Haddad
et al. (2025) point out that the elasticity matrix with mean-variance demand is the inverse

of the covariance matrix, 3;'."" Consider a model where the idiosyncratic variance, o

, is
uncorrelated and the same across stocks. If €2 is the covariance matrix of factors, then we
can write

3, = oI + XX,

UThis is actually the Jacobian of demand with respect to prices, but we adopt the Haddad et al. (2025)
parlance that this is the natural-units elasticity in this model.
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Note that here we are using the fact that X, = 8,. Orthonormality and the Woodbury

identity give

S ¢RI X et (T et T X

N /

analogue of 1—ng g 1 e f T
analogue of I'g

So ;! is the same form as 9% above in (16).

Finally, these regressions require excluded instruments for both the direct price terms
and the spillover terms. In the investor-level demand panel, if g;,, is a valid instrument
for g, +, define the instrumented factor-portfolio gap by gfaft = ZZ’;I TmitJimyt- Then the
interactions x,,  + f]faft are natural instruments for the spillover regressors. In the pass-through
panel, the corresponding stock-level instruments are g, ; and g,f?; = Zﬁtzl T tJm¢- Their
validity requires the usual exclusion restriction: conditional on the included fixed effects and

controls, they can affect holdings demand and future prices only through the endogenous

valuation-gap regressors. Appendix [.2 states this construction explicitly.

3.5 Estimation

We estimate the demand system in (19) and the pass-through system in (20) with instru-
mental variables (IV). Following the sticky-mandate instrument of Koijen and Yogo (2019)
and the grouped implementation in Koijen et al. (2022), we first define the stock-level in-

strumented log market-equity measure

A
]th = 10g Z 1—}——]]7; s (22)
JET () "

where J;(n) is the set of institutional accounts whose investment universe contains stock n
in month ¢, A;, is account j’s AUM, and N;, is the number of stocks in that mandate. In
the underlying instrument construction, the universe is built from the previous 36 months
of holdings and restricted to accounts with at least 95% overlap between current holdings

and that historical universe.
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For the investor-level demand panel, we use the leave-out-own-account analogue:

A
Wi, =log| Y TN +"Jff - . (23)
JET (i) "

If investor ¢ is not one of the institutional accounts in J;(n), then this coincides with IV, ;.

We then form the stock-level and investor-level instrumented valuation gaps
gn,t = IVn,t - bn,t- (24)

gi,n,t = [V;,n,t - bn,t' (25)

. . . . N N, A~
The corresponding interacted instruments are built from gfc, = Y o1 Tt Gime ON the

demand side and g}lf?f = Zg"zl Tm.1tJm+ o0 the pass-through side. Thus the demand system
uses the investor-specific leave-out-own instrument g;,, and its interacted analogues, while
the pass-through system uses the stock-level instrument g,; and its interacted analogues.
On the demand side, we residualize the panel with respect to investor-month effects and
investor-specific characteristic slopes, and then estimate investor-level 2S5LS with coefficients
constrained to be common within investor group. On the pass-through side, we estimate
the analogous stock-month IV panel with stock and month fixed effects, using the realized
compounded 12-month return as the outcome and mapping its coefficients to monthly units
through (21). One may naturally be concerned that the K? spillover terms in (19) and (20)
could potentially overfit the data. Therefore, we use a standard empirical-Bayes shrinkage
term to discount any potential noise, as discussed in Appendix [.3. Appendix K shows that
the three main results are also similar when the low-rank bilinear spillover block is replaced
with a local-similarity kernel specification. Appendix L reaches similar conclusions when
the same kernel system is estimated month by month and then averaged over time, again
using the same empirical-Bayes logic to shrink noisy monthly spillover coefficients before
forming the time-averaged system. We stress that the results are similar with and without
the shrinkage, but our main specification uses this shrinkage to ease any concerns about

overly noisy estimates.
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Operationally, we estimate two families of demand systems. First, we estimate the broad
grouped system for all investors, with the seven groups in K from Section 2; this is the
system used for the household-versus-nonhousehold variance decomposition. Second, for
each household bias family b, we re-estimate the investor-level demand system after replacing
the single household block with the reported household bias buckets for that family, while
leaving the nonhousehold groups unchanged. Let G, denote the resulting group set for bias
family b, and let G,y C G, denote the household sleeves that belong to reported bin £.
This second step is necessary because the across-bias variance decompositions and expected-
return attributions ask which household bias buckets are the relevant marginal demanders.
To answer that question, the demand elasticities must be allowed to differ across those
buckets rather than being pooled into one household coefficient block. The stock-level pass-
through system is estimated once and then combined with the broad or bias-specific demand
system depending on the counterfactual exercise.

All panel standard errors are two-way clustered by stock and month. For the nonlinear
variance-decomposition and anomaly-attribution objects, the reported table standard errors
come from 5,000 joint bootstrap draws that sample the first-step coefficients from their
estimated covariance matrices and resample months in common 12-month circular blocks.
Each draw is shared across tilts, anomalies, designs, and pooled contrasts, and inference

retains finite, stable systems that can be solved directly.

3.6 Counterfactual Experiments

The payoff from the estimated system is that it delivers two counterfactual objects di-
rectly.
3.6.1 Variance Decomposition

We consider a variance decomposition similar in spirit to Koijen and Yogo (2019), but
where the ordering of terms in the variance decomposition does not affect the results. The
variance exercise begins from observed month-to-month changes in group ownership shares

on the common stock universe present in both month ¢ and month ¢ + 1. Let K denote the
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seven investor groups. For investor group G € K, let sg; and sg;;1 denote the group share
vectors on that common universe, and let A°*p, = p, ., — p, denote the realized log market-
equity change. The group’s latent flow shock is the residual demand shift that rationalizes

the observed change in holdings given the estimated total elasticity:
zg: =logsgii1 — logsg: + ﬁtg‘);AObspt. (26)

Multiplying by the initial share vector converts this log-demand shift into stock-level flow

pressure,

}g,t =86t O 2Zgt, (27)

where ® denotes the elementwise product. For any subset of investor groups A C K, the

model-implied price vector is

Aobsp,(A) = M, Z }g,t' (28)
GeA
For any subset of groups A, define equal-weighted and value-weighted variance in the usual

way:

VEN(A) = Var, (5%, () . VIV (A) = 3w (B5,,(4) — A% (4)

' (29)
where wy,+y1 are next-month market-cap weights normalized to sum to one. We report
two nonnegative allocations of these monthly objects and a signed Shapley allocation that
includes covariance between investor contributions.

The first is the Standalone-variance decomposition. For each player k, define the stan-

dalone price effect
solo

/}:)\ A A~
Aobsp . = Mifiy,

and allocate variance by
—— solo
VZ (AObSpk,t )
spd(V) = — (30)
ZhGIC ‘/t (AObSph,t >
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The second is an R? Shapley decomposition. Let

— ——solo
yr = A°bsp,(K) = Z Acbsp, (31)
kek
denote the full model-implied price change. For any coalition A C K, we ask how well the
full vector y; can be approximated using only the standalone price-impact vectors of the
groups in A. Let @,; = 1 for the equal-weighted decomposition and @, ; = w41 for the

value-weighted decomposition. Define the fitted coefficients by the weighted least-squares

problem

2
_——solo
(a:(A), {Brt(A) rea) = arg  min Wt (yn,t —a— Z BkAObspk,n,t> , (32)

av{Bk}kEA n ke A

and let
nt(A) = a,(A) +) Bri(A)ADsp, (33)

The coalition value is then the weighted in-sample fit

N Zn ‘Dn,t (yn,t - @\n,t(A))Z
~ — o\ 2
Zn Wn, ¢t (yn,t — Y )

v(A) =1 (34)
where g is the @-weighted mean of y,. Equivalently, v;(A) is the weighted R? from regressing
the full model-implied price change on the standalone components in coalition A.

We then assign group k its Shapley contribution to fit:

= 3 MREEAE D a0 ) - g, (35)

ACK\{k}
This differs from the Standalone-variance decomposition. The Standalone-variance object
asks how much variance each standalone vector has on its own. The R? Shapley object
instead asks how much each group’s standalone price-impact pattern helps span the full
cross-section of model-implied price changes after the other groups’ standalone patterns are
already in the regression. A group therefore receives a large R? Shapley share when it

explains parts of y; that the other standalone components cannot already replicate well.

29



Because adding regressors cannot reduce R?, these marginal contributions are nonnegative.
Since y; lies in the span of all standalone components by construction, v;(K) = 1, so the R?
Shapley shares sum to one.

The third is a signed Shapley decomposition, which allocates the variance of the sum
of investor contributions, including their covariances. Write z; = @Zfo for group k’s
stock-level price contribution, so that y; = Zke,c xp:. Let Var,, and Cov,; denote cross-
sectional variance and covariance using either equal or value stock weights. For a coalition
A C K, define its value as us(A) = Vary (>, o4 Zkt), holding the full-market multiplier,

stock sample, and weights fixed. Averaging the marginal contribution over all group orderings

assigns group k its own variance plus one copy of each covariance with another group:

Prp = Vary (vx) + Z Covat(Thts Tnie) = COVar(Trts i),

7k (36)

signed (bk,t signed 1

kt Varw,t(yt)’ Py Wt

Each pair’s covariance enters total variance twice and is split equally between the two groups.
A negative share identifies a contribution that offsets the full price-change pattern; shares
can exceed one when other contributions offset it. Shares are defined when total variance is
positive and are reported as percentages after averaging across months.

The household-bias decomposition applies the same three methods to hypothetical shocks
to the assigned household bins. For each bias family b, let B denote those bins and let
}’Zf;t =—-0.5) 496Gy, Soit denote the stock-level flow pressure from a hypothetical withdrawal
of 50% of bin ¢'s AUM. Shocks to residual households and nonhousehold groups are zero;

their demand responses still enter the full-market multiplier. Let
~ = to ~ ~ -1
Hy, =Y S,.hy, My=H,, (37)
g€y

denote the aggregate elasticity matrix and multiplier, including all investor groups. Each
matrix row indexes the stock whose demand changes and each column indexes the stock

whose log price changes; the inverse maps stock-level flow pressure into log-price changes.
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For any coalition A C B, define

APY(A) = Mt > Froe (38)

teA
We apply the three allocations to these bin contributions, with total variance defined as
the variance of App)(B). Thus the bin shares sum to one within the assigned-household
experiment. They measure the price-variance effects of the hypothetical shocks, rather than
a decomposition of observed return variance. Each bias classification is analyzed separately

because households can belong to more than one classification.

3.6.2 Expected-Return Attribution

The main expected-return experiment is a within-bias dollar-neutral reallocation. For
the disposition effect, lottery preference, and extrapolation, the donor set D, contains every
Q4 and )5 wealth-by-tilt sleeve and the receiver set R; contains every Q1 and ()2 sleeve.
For overconfidence, D, contains the T3 sleeves and R; contains the T'1 sleeves. Let Aft
and Aft denote their respective month-t assets under management. Each donor position is
reduced by 50%, and the same total dollars are added to all receiver positions through a

common proportional increase:

(

_Aa g e Db7
A%ab = AP AR, geR, A= 0.5. (39)
0, otherwise,

\

The @3 and T2 sleeves, unassigned and residual households, and every nonhousehold group
are unchanged. The construction is dollar neutral in every month. The choice A = 0.5 is
purely a normalization. Under the linearized system, the induced price distortion and the
expected-return contribution scale proportionally with A, so a different percentage shock

would just rescale the reported entries one-for-one. The implied stock-level flow is
AT = Z Sg,tACfaZ,ta (40)
g
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and the corresponding price distortion is
A“pl = ./\A/lb’tACfftb. (41)

For extrapolation, s,; is the month-¢ portfolio held by households grouped according to the
lagged active-demand score in (8). The counterfactual therefore reallocates capital between
the portfolios of households with different histories of extrapolation. It does not reverse
the trades used to construct the score. We then map this price distortion into next-month
expected returns through the baseline one-step pass-through matrix. At the stock level, the

actual effect of implementing the counterfactual—the removal effect—is
ACfl,l,tb = u’;?f,b _ M?bs _ _(:)tACfptb' (42)

For anomaly portfolio P with weights W7 from Section 2.4, we report the negative of this

removal effect: the observed-minus-counterfactual contribution
Ch = —12(W{)Ap) = 12(W]) ©,A%p). (43)

Let my denote the time-series average fraction of total household AUM moved by the coun-
terfactual for bias family . To compare the four counterfactuals at the same scale, we
report

0.20
ng; = m_be P. (44)

)

The four counterfactuals move 23.3%, 19.8%, 32.7%, and 7.9% of average household AUM
for the disposition effect, lottery preference, overconfidence, and extrapolation, respectively.
These numbers differ from 20% for a simple reason: sorting households into quintiles does not
necessarily mean that each quintile has the same amount of capital. Fortunately, since the
effects are (log) linear, we can simply rescale them. Equation (44) changes only the units:
groups, relative shocks, dollar neutrality, elasticities, pass-through, anomaly assignments,

and realized returns remain fixed. The 20% target applies on average over the sample
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months, not in every month.'? Thus A“p? answers how expected returns would change
under the reallocation, whereas le , measures the corresponding contribution in the observed
economy. The portfolio weights collapse the stock-level contribution to an anomaly spread,
and the factor of 12 annualizes it. This decomposition follows the logic of Davis et al.
(2025a). Appendix N examines dynamic decay when anomaly portfolios are held fixed or
reconstituted over time; the conclusions remain unchanged.

The reported cell for bias family b and anomaly P is the time-series mean of C,f 4, 1ot
the removal effect A}, across months in which the anomaly spread is defined; the tables
report joint-bootstrap standard errors below the estimates. Positive entries mean that the
behavioral tilt raises the published long-minus-short return, while negative entries mean that

it lowers that return.

3.6.3 Predictions for Expected-Return Attribution

A rich empirical and theoretical literature links behavioral biases to stock-return anoma-
lies. Before examining the counterfactual estimates, we collect the directional predictions
that literature articulates for the biases we measure. For example, for overconfidence, Daniel
et al. (1998) and Daniel, Hirshleifer, and Subrahmanyam (2001) argue that biased self-
attribution and overconfident beliefs generate under- and overreaction that show up as value,
momentum, and related cross-sectional premia, while Scheinkman and Xiong (2003) empha-
size speculative overpricing when disagreement meets short-sale constraints. For prospect-
theory and lottery demand, Barberis and Huang (2008), Kumar (2009), Bali et al. (2011),
and Barberis et al. (2021) link probability weighting and related preferences to low subse-
quent returns on volatile, skewed, and issuance-intensive stocks. For the disposition effect,
Grinblatt and Han (2005) and Frazzini (2006) predict momentum and post-news underreac-
tion from the tendency to sell winners and hold losers. For extrapolation, Lakonishok et al.
(1994) predict value premia when investors extrapolate past growth too far.

We map each prediction to the anomaly portfolios that fall under the proposed mecha-

nism, then group those portfolios into economic categories for interpretation. For example,

12 Appendix F reports the same contribution evidence without the 20% AUM normalization, and the results
are quite similar.
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overconfidence’s value prediction is tested with the ten fundamental-to-price characteristics
in our value category: assets-to-market, book-to-market equity and enterprise value, divi-
dend yield, EBITDA-to-enterprise value, free cash flow-to-price, intrinsic value-to-market,
earnings-to-price, operating cash flow-to-market, and sales-to-market. Similarly, the disposi-
tion effect’s momentum prediction is tested with the six price-momentum and 52-week-high
characteristics in our momentum category: returns from ¢t —3tot—1,t—6tot—1,t—9
tot—1,t—12tot—1, and t — 12 to t — 7, together with the ratio of current price to
the prior-year high. Analogous mappings cover market beta, duration/growth, volatility, in-
vestment and issuance, post-news drift, turnover, maximum returns, distress and safety, and
skewness; Appendix C lists every characteristic in each category, and Appendix B records
the economic argument and source for every bias—anomaly link we test. In total, this yields

18 bias—category predictions spanning 51 distinct anomalies.

4 Results

4.1 Elasticity and Pass-Through Estimates

We begin with the demand and pass-through estimates that underpin all three coun-
terfactual exercises. The two tables below summarize the key coefficients and compare
them with existing estimates from the literature. The headline numbers are consistent with
the demand-system literature: own-price elasticities are modest and economically plausible
across all investor groups, cross-stock spillovers are small in both the demand and pass-
through systems, and the implied price pass-through to expected returns falls squarely within
the range of prior estimates.

Table 6 reports the demand estimates. Panel A shows the direct own-stock term 7 g
together with a compact summary of the spillover block I'g. The household own-stock
coefficient is about 0.09, while the institutional coefficient is about 0.21. The diagonal entries
of I'g are modest and the average off-diagonal entry remains small across all broad investor
groups, even when the most positive and most negative off-diagonal terms are reported

explicitly.
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Panel A: Group-level coefficient summaries

Group No,g FH F22 F33 F44 Avg ’Off’ Avg Off Min Off Max Off
Households 0.0917 -0.0079 0.0328 0.0291 0.0632  0.0328 0.0089 -0.0606 0.0923
(0.1239) (0.0566) (0.0390) (0.0484) (0.0283) (0.0147) (0.0146) (0.0391) (0.0569)
Institutions 0.2077 0.0004 0.0392 -0.0181 0.0719  0.0319 0.0069 -0.0545 0.0818
(0.2674) (0.0447) (0.0319) (0.0568) (0.0376) (0.0115) (0.0180) (0.0390) (0.0340)
Governments -1.2431 -0.0134 -0.0074 -0.0547 0.0102  0.0106 0.0033 -0.0161 0.0265

(0.7957) (0.0169) (0.0128) (0.0195) (0.0085)

0.6791 -0.0370 0.0110 0.0361 -0.0122
(0.2353) (0.0190) (0.0107) (0.0288) (0.0138)

Listed firms

Foreign 0.6758 -0.0149 0.0486 0.0917 0.0875
(0.1399) (0.0466) (0.0249) (0.0546) (0.0372)
Other 0.5282 0.0301 0.0234 0.0017 0.0093

(0.2040) (0.0320) (0.0174) (0.0218) (0.0164)

0.7082 0.0081 0.0307 0.0568 0.0577
(0.1471) (0.0397) (0.0226) (0.0335) (0.0219)

Non-listed firms

(0.0066) (0.0064) (0.0201) (0.0205)

0.0157 0.0114 -0.0181 0.0312
(0.0056) (0.0055) (0.0231) (0.0185)
0.0429 -0.0140 -0.0809 0.0808
(0.0136) (0.0138) (0.0318) (0.0335)
0.0196 -0.0001 -0.0421 0.0747
(0.0076) (0.0088) (0.0236) (0.0339)

0.0326 0.0132 -0.0462 0.1123
(0.0084) (0.0110) (0.0190) (0.0505)

Panel B: Implied stock-level elasticity averages

Group Avg diag(ng;) Avg |off-diag|(ng}) Avg off-diag(ng})
Households 0.9093 0.0010 -0.0000081
(0.1233) (0.0003) (0.0000071)
Institutions 0.7931 0.0010 -0.0000065
(0.2667) (0.0002) (0.0000076)
Governments 2.2426 0.0005 0.0000045
(0.7954) (0.0002) (0.0000029)
Listed firms 0.3208 0.0005 0.0000001
(0.2352) (0.0001) (0.0000030)
Foreign 0.3260 0.0013 -0.0000147
(0.1394) (0.0003) (0.0000061)
Other 0.4723 0.0007 -0.0000045
(0.2038) (0.0002) (0.0000038)
Non-listed firms 0.2930 0.0011 -0.0000106
(0.1469) (0.0002) (0.0000045)

Table 6. Demand estimates by broad investor group. Panel A reports the direct own-stock
coefficient and summaries of the low-rank spillover matrix for each broad investor group.
Off-diagonal summaries use the 12 off-diagonal entries of I'g and report both signed and
absolute averages. Panel B reports the corresponding stock-level average diagonal together
with the signed and absolute average off-diagonal entries of ng; = (1 — mg)I + X I'¢ X,
averaged across all stocks and months. Standard errors are reported below the estimates.
For the min/max rows, the standard error corresponds to the reported extremum.
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Panel A: Matrix coefficient summaries

Matrix wg or 90 FH F22 F33 F44 AVg |Off| Avg Off Min Off Max Off
(x1000) (x1000) (x1000) (x1000) (x1000) (x1000) (x1000) (x1000)

o, 0.9808 -22.410 -9.083 -30.179 18.734  17.465 1.446 -37.186 27.905
(0.0078) (14.950) (10.639) (15.099) (15.054)  (8.614) (3.346) (14.343) (14.998)
o, 0.0222 22.342  9.055 30.086 -18.677 17.411 -1.442 -27.819 37.072

(0.0078) (14.904) (10.606) (15.053) (15.008)  (8.588) (3.336) (14.952) (14.299)

Panel B: Implied stock-level matrix averages

Matrix Avg diag Avg |off-diag| Avg off-diag
(x1000) (x1000)

v, 0.9805 0.4561  0.002973
(0.0079) (0.1705)  (0.001845)
e, 0.0225 0.4547  -0.002964
(0.0079) (0.1700)  (0.001840)

Table 7. Pass-through estimates in ¥, and ©, space. We estimate the predictive re-
sponse of the realized compounded 12-month return to the current valuation gap and its
low-rank interactions, then divide the return-response block by —12 to express pass-through
in monthly units and recover ¥, = (I — ©,)/p. Panel A reports the own-price coefficients
together with summaries of the low-rank blocks for the monthly price-law matrix and the
implied pass-through matrix. Off-diagonal summaries use the 12 off-diagonal entries of the
corresponding I' block and report both signed and absolute averages. Panel B reports the
corresponding stock-level average diagonal together with the signed and absolute average
off-diagonal entries of ¥, = ¢ + X,y X and ©, = 6,1 + X[z X, averaged across all
stocks and months. Standard errors are two-way clustered by stock and month and are
reported below the estimates. For the min/max rows, the standard error corresponds to the
reported extremum.
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Panel B translates those coefficient estimates back into the implied stock-level elasticity
matrix ng); The average diagonal entry is about 0.91 for households and about 0.79 for
institutions, while the average off-diagonal entry is economically tiny for every group. The
estimates therefore preserve some structured substitution through the factor block without
generating large diffuse cross-stock spillovers in the stock-level matrix. This is in keeping
with Chaudhry and Davis (2026), who measure stock-level cross-elasticities in a large variety
of ways and find uniformly that cross-elasticities are economically tiny.

Table 7 reports the pass-through estimates directly in ¥, and ©; space. The own-
stock coefficient in the 12-month return regression is —0.266, which maps through (21) to a
monthly own pass-through 6, of 0.022 (standard error 0.008). Panel B maps the estimates
back into the stock-level matrices: the average diagonal of W, is about 0.98, the average
diagonal of ®; is about 0.023, and the average signed off-diagonal terms in both matrices are
economically tiny. The estimated ®, has positive eigenvalues in every sample month, and
no stability correction is required. The magnitude is well in line with the literature. Davis
(2025) estimate a price pass-through of about 0.01 over a monthly horizon. Koijen et al.
(2022) have an annual pass-through of about 0.1, yielding a monthly pass-through of about
0.008. Davis et al. (2025b) estimates a higher pass-through of 0.048 per month, and thus

our pass-through estimate sits within the range of the existing literature.

4.2 Households Account for a Large Share of Return Variance

In our first counterfactual exercise, we ask how much of the cross-sectional variation in
stock returns can be attributed to household demand. The question is related to a long
debate about whether investor heterogeneity generates excess price variation. Theoretical
work on noise traders establishes that investors who act on signals unrelated to fundamentals
can survive in equilibrium and move prices (De Long, Shleifer, Summers, and Waldmann,
1990), but the aggregate price impact of any particular investor class depends on how much
capital it commands and how distinct its portfolio tilts are across stocks. Whether the
household sector satisfies these conditions has been difficult to assess without comprehensive

investor-level data and a structural model.
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Panel A: Variance-share decomposition

Group R? Shapley Standalone Signed Shapley
EW VW EW VW EW VW
Households 33.4 220 344 18.5 36.1 21.9
(2.8) (2.0) (3.6) (2.5) (3.3) (2.5)
Institutions 25.4 289 23.7 29.7 264 31.4
(3.4) (4.2) (3.7) (5.3) (4.0) (5.9)
Foreign 11.6 11.7 11.7 11.8 9.3 9.2
(1.5) (1.6) (2.0) (2.2) (2.0) (2.4)
Governments 24 139 24 155 24 144
(0.6) (1.9) (0.9) (3.4) (0.7) (3.2)
Listed firms 77 56 74 57 6.9 5.2
(1.4) (1.1) (1.6) (1.2) (1.8) (1.4)
Other 96 9.2 11.0 104 10.3 10.3
(1.8) (1.5) (2.1) (1.9) (2.1) (2.0)
Non-listed firms 10.1 86 94 85 &85 7.6
(1.5) (1.3) (2.1) (2.0) (2.0) (2.0)

Panel B: Variance share relative to mean % AUM

Group R? Shapley  Standalone Signed Shapley
EW VW EW VW EW VW

Households 1.86 1.23 192 1.03 2.01 1.22
(0.15) (0.11) (0.20) (0.14) (0.18)  (0.14)
Institutions 066 0.75 0.61 0.77 0.68 0.81
(0.09) (0.11) (0.10) (0.14) (0.10)  (0.15)
Foreign 0.73 074 0.74 0.75 0.59 0.58
(0.10) (0.10) (0.12) (0.14) (0.12)  (0.15)
Governments 0.11  0.63 0.11 0.71 0.11 0.65
(0.03) (0.09) (0.04) (0.15) (0.03) (0.15)

Table 8. Household and nonhousehold variance shares. Panel A allocates model-implied
cross-sectional price-change variance under three decompositions and equal (EW) or next-
month market-capitalization (VW) stock weights. Historical demand shocks are recovered
between consecutive calendar months. Signed shares allocate covariance with the sum of all
seven investor contributions and can be negative. Panel B divides each share by its mean
inside-asset share for the four largest AUM groups. All methods use February 2007-March
2020 (158 transitions). Standard errors appear below the estimates. All three methods are
recomputed in 4,999 accepted joint coefficient draws with common 12-month circular blocks
of months and fixed fitted shrinkage weights; AUM shares are held fixed.

Table 8 reports the three variance decompositions. Panel A gives the raw variance-share
allocations, while Panel B rescales those allocations by each group's mean inside-asset share

for the four largest AUM groups. Households own about 18% of inside assets, but their
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modeled variance share is substantially larger under all three methods. Under our preferred
R? Shapley decomposition, households account for 33.4% of equal-weighted and 22.0% of
value-weighted modeled variance. Under the Standalone-variance decomposition, the corre-
sponding shares are 34.4% and 18.5%. The signed Shapley allocation gives households 36.1%
of equal-weighted and 21.9% of value-weighted modeled variance, confirming the same broad
pattern when covariance is allocated directly.

The broad conclusion is therefore robust to the decomposition method: households ac-
count for far more cross-sectional return variation than their ownership share would suggest.
In Panel B, the household contribution is about 1.9 times its AUM share in equal-weighted
terms and about 1.2 times its AUM share in value-weighted terms, while institutions and
foreign investors remain below one on that normalized scale. The result carries two implica-
tions. First, the household sector cannot be treated as price-irrelevant noise in equilibrium
models of the cross-section. Second, isolating the behavioral origins of household demand,
the goal of the next two exercises, is a quantitatively meaningful question: understanding
which households drive this disproportionate variance channel has direct implications for

how behavioral biases enter equilibrium prices.

4.3 Biased, Wealthy Households Drive the Household Variance
Channel

In this section, we ask whether the household variance channel is driven by biased house-
holds. We decompose the variance generated by hypothetical shocks to assigned household
bins within each bias measure and ask how much of it is accounted for by the most biased
households. The decomposition has two further dimensions. First, we split the bias channel
across the wealth distribution. Because the top household wealth decile holds almost 90%
of household AUM, whether the variance channel is concentrated in the top decile or spread
across the distribution has direct implications for which households are the price-relevant
behavioral agents. Second, we ask how low-dimensional the top-tail bias tilts are across
wealth deciles. This speaks to whether biased households across the distribution hold a

small number of common tilted portfolios or whether the tilts are largely sleeve-specific.
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Bias R? Shapley Standalone Signed Shapley

EW VW EW VW EW VW
Overconfidence 69.9 66.0 759 819 70.6 73.4
(4.7) (2.9) (4.4) (3.9) 4.7 (3.4)
Lottery preference 89.8 70.8 86.4 69.4 93.5 71.6
(2.9) (4.8) (3.1) (4.8) (3.1) (5.0)
Disposition effect 61.2 49.5 62.3 51.6 61.6 51.8
(6.7) (44) (6.7) (6.5) (6.8) (4.8)
Extrapolation 46.7 48.6 46.9 51.9 46.9 49.4

6.8) (5.5) (6.8) (6.6) (6.8) (5.8

Table 9. Fraction of the variance generated by hypothetical shocks to assigned household
bins accounted for by the most biased households. Each bin receives a 50% AUM withdrawal;
residual-household and nonhousehold shocks are zero, and all investor elasticities enter the
multiplier. Overconfidence reports the top tercile; the other measures report the top two
quintiles. EW and VW denote equal and next-month market-capitalization stock weights.
Signed shares use covariance with the sum of assigned-bin contributions, divided by the
variance of that sum. Standard errors appear below the estimates. All three methods use
February 2007-December 2016 (119 months), and are jointly recomputed in 4,999 accepted
coefficient draws with common 12-month circular blocks and fixed fitted shrinkage weights.

Table 9 reports the share of the variance generated by the assigned household bins ac-
counted for by the most biased households. For overconfidence, the top tercile accounts for
69.9% of the preferred equal-weighted channel. For lottery preference, the disposition effect,
and extrapolation, the top two quintiles account for 89.8%, 61.2%, and 46.7%. For the first
three measures, the households with the strongest behavioral bias therefore account for most
of this hypothetical variance channel. The corresponding signed Shapley shares are 70.6%,
93.5%, 61.6%, and 46.9%, respectively. For extrapolation, the signed equal-weighted share
is imprecisely estimated relative to its share of assigned household AUM.

Figure 3 compares the signed variance allocation with the capital controlled by the most
biased households. We divide the top group's assigned-bin variance share by its share of
assigned household AUM, then multiply by the broad household sector's signed variance-
to-AUM ratio. This scaled comparison combines the historical broad-sector result with
the hypothetical bin experiment; it is not a direct full-market allocation from one demand

system.
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Figure 3. Scaled signed variance-to-AUM comparison for the most biased households.
The top group's signed share of assigned-bin variance is divided by its share of assigned
household AUM and multiplied by the broad household sector's signed variance-to-AUM
ratio. The broad sector uses historical shocks; the bins use hypothetical 50% AUM shocks.
The multiplier in each exercise includes all investors. The dashed line marks one. Brackets
show £2 standard errors, propagating uncertainty in the within-household allocation while
holding AUM shares and the broad-sector scaling at their respective point estimates. The
top group is the highest overconfidence tercile or the highest two quintiles for the other
measures.

In Figure 4, we further decompose the variance contribution of the most biased households
by wealth. Within each bias measure, we allocate that contribution between households in
the top wealth decile and those in the bottom nine deciles, holding the denominator fixed at
the variance generated by the assigned bins for the measure. The bottom-nine bar therefore
measures that segment’s contribution to the aggregate channel, not concentration relative
to its much smaller wealth base.

Under the signed Shapley decomposition, strongly biased households in the top wealth
decile account for 58-85% of the equal-weighted assigned-bin variance for overconfidence,
lottery preference, and the disposition effect. The remaining nine deciles together account for
only 3-8%. The wealth gradient extends to extrapolation: the top-decile sleeves contribute
44.6% of its assigned-bin variance, compared with 2.2% for the bottom nine deciles. The

price-relevant behavioral household is therefore overwhelmingly a wealthy household.
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Figure 4. Signed Shapley contributions of the most biased households by wealth segment.
The top wealth decile and the bottom nine deciles are allocated shares of the same assigned-
bin variance target. Bin contributions use hypothetical 50% AUM shocks and the multiplier
includes all investors. The most biased households are the top overconfidence tercile and the
top two quintiles for the other measures. EW and VW denote equal and value stock weights.
Brackets show +2 standard errors from 999 circular 12-month block draws, holding fitted
parameters fixed. These brackets measure month-to-month sampling variation and exclude

parameter-estimation uncertainty. Wealth contributions add to their corresponding signed
bin shares in Table 9.

These results raise the question of how correlated behavioral portfolio tilts are across
the wealth distribution. If the most biased households in different wealth segments hold
similar active positions, their demand shocks reinforce one another; if the tilts are largely
idiosyncratic, wealth concentration alone drives the price impact. Figure 5 answers this
by stacking the active tilts of the most biased households within each wealth decile and
summarizing the shared variation with principal components. Across the four bias measures,
the first two uncentered principal components explain 58-75% of active-tilt variation. Biased
households across the wealth distribution therefore share a small number of common portfolio

directions.
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Figure 5. First two PCA components of most-biased behavioral tilts. For each bias measure
and month, we form most-biased household sleeves within wealth deciles, stack their stock-
level active tilts, and compute the share of equal-sleeve active-tilt variation explained by
uncentered principal components. Bars report time-series averages: the dark segment is
the first principal component and the light segment is the incremental contribution of the
second. Error bars report £2 Newey-West standard errors for the first-PC share and for
the cumulative share explained by the first two components. The most-biased sleeves are
the highest tercile for overconfidence, giving 10 sleeves, and the top two quintiles for lottery
preference, the disposition effect, and extrapolation, giving 20 sleeves. Each active tilt is
measured relative to all non-residual households in the same wealth decile.

4.4 Biased Households Contribute to Anomaly Returns

In our second counterfactual exercise, we shift from the second moment to the first.
We implement the within-bias reallocation defined in Section 3.6.2 and trace the observed-
minus-counterfactual contribution to next-period expected returns. As defined in (43), the
reported sign is C = p°® — pf = @A“p: positive estimates raise the published long-minus-
short return and negative estimates lower it.

We start by reporting the average contribution across anomalies for each bias measure
in Table 10. For each bias measure, the table reports the average contribution across the
predicted anomalies. The last row then reports the average across all bias measures. The
average contribution is positive for each bias measure, implying that the anomaly spreads
would be lower if household demand were shifted from the most to the least biased investors.

The contribution is strongest for lottery preference (325.0 basis points per year), followed by
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Table 10. Pooled tests of creator predictions (common 20% AUM scale)

Behavioral tilt Positive sign Average (bp) Bootstrap SE  One-sided p
Disposition effect 6/9 70.0 40.5 0.042
Lottery preference 25/30 325.0 116.2 0.003
Overconfidence 36/42 73.0 25.5 0.002
Extrapolation 6/10 54.0 41.5 0.097
Equal tilt average 73/91 130.5 44.3 0.002

Notes: The table reports annualized equal-weighted contributions for the creator predic-

tions. Cells are equally weighted within each tilt, and the headline equally weights the four

tilt averages. Positive estimates agree with the prediction. Standard errors use exactly

5,000 common joint bootstrap draws; one-sided p-values use the standard-normal distribu-

tion.
overconfidence (73.0), the disposition effect (70.0), and extrapolation (54.0). Averaging over
the bias measures gives a contribution of 130 basis points per year. As a point of reference,
this corresponds to 27% of the mean realized equal-weight anomaly spread over our sample
period.'?

Figure 6 reports the average contribution for each bias-anomaly-category pair. Con-
sistent with lottery and prospect-theory preferences generating low subsequent returns on
volatile, skewed, and issuance-intensive stocks (Barberis and Huang, 2008; Kumar, 2009; Bali
et al., 2011; Barberis et al., 2021), lottery-preferring households make large contributions to
volatility, maximum-return, issuance, and distress-and-safety spreads (about 390-620 basis
points per year); they also contribute positively to value and skewness. Consistent with
overconfidence and speculative disagreement producing cross-sectional mispricing (Daniel
et al., 1998, 2001; Scheinkman and Xiong, 2003), overconfident households contribute most
to market-beta portfolios (about 200 basis points) and also raise duration/growth, volatility,
and investment spreads. Consistent with the disposition effect generating momentum (Grin-
blatt and Han, 2005; Frazzini, 2006), disposition-prone households contribute about 115 basis
points to momentum spreads. Extrapolation contributes positively, but more modestly, to
its predicted value spreads (Lakonishok et al., 1994).

Overall, the contributions are positive for 16 of the 18 predictions, and 10 remain signifi-

cant at the 5% level after Benjamini—-Hochberg adjustment for multiple testing. Because the

13 Appendix E reports the complete multiple-testing audit.
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Figure 6. Anomaly contributions from biased households. Each bar is the simple average
of the annualized equal-weighted contributions to the published long-minus-short spreads in
the category on the common 20% AUM scale; positive values raise the spread and negative
values lower it. Parentheses give the number of anomalies. Whiskers report 95% normal-
bootstrap confidence intervals from 5,000 common joint draws. The dashed line is the median
realized spread among the 51 unique anomalies represented in the figure. Appendix C lists
the category membership and reports estimates, standard errors, confidence intervals, and
global Benjamini-Hochberg ¢-values for all 18 bars.
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counterfactual reallocates only 20% of household wealth from the most to the least biased
investors, these category contributions are meaningful relative to the scale of the demand
shift. '

Together, the two counterfactual exercises paint a consistent picture. Households move
the cross-section by substantially more than their ownership share would suggest. The most
biased and wealthy households drive much of that variance channel. Across a broad anomaly
universe, biased households create expected returns in the directions predicted by behavioral
mechanisms. Behavioral demand therefore survives aggregation and shapes both equilibrium

price variation and expected returns.

4.5 Placebo Tests

We end with placebo tests that apply the same expected-return calculation to anomaly
portfolios outside the literature-predicted set for each behavioral tilt. Within each tilt, we
equally weight these anomaly portfolios and recompute their average contribution inside each
of the 5,000 common joint bootstrap draws. The overall placebo equally weights the four

tilt-level estimates.

Table 11. Placebo tests using anomalies outside the literature predictions

Placebo Anomaly cells Estimate (bp) Bootstrap SE 95% CI BH ¢
Overall placebo 465 -10.4 7.2 [-24.6,3.8] 0.311
Overconfidence 97 16.0 12.1  [-7.7,39.7] 0.311
Lottery preference 109 -9.4 15.2  [-39.1, 20.3] 0.667
Disposition effect 130 2.8 12.9 [-22.4,28.1] 0.827
Extrapolation 129 -50.9 24.3  [-98.6,-3.3] 0.180

Notes: The table reports annualized equal-weighted expected-return contributions on the common
20% AUM scale. Within each behavioral tilt, the placebo equally weights all anomaly portfolios
outside that tilt’s set of literature predictions. The overall placebo equally weights the four tilt-level
estimates. Standard errors use exactly 5,000 common joint bootstrap draws. The final column reports
Benjamini-Hochberg g-values computed jointly across the five rows from two-sided normal p-values.

Table 11 shows that the placebo estimates are statistically insignificant after adjustment

for multiple comparisons. The overall estimate is —10.4 basis points per year, with a 95%

14 Appendix C reports the exact category estimates and membership. Appendix E reports the associated
FDR adjustments.
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confidence interval from —24.6 to 3.8 basis points and a Benjamini-Hochberg g¢-value of
0.311. The four tilt-level estimates range from —50.9 to 16.0 basis points per year, and
every adjusted g-value exceeds 0.10. The contribution estimates therefore concentrate in the

anomaly portfolios linked to each behavioral mechanism.

5 Conclusion

Household behavioral biases matter quantitatively for asset prices. Households own less
than one-fifth of the market but account for up to one-third of cross-sectional return variance.
Within that channel, the economically important component comes from the most biased
households, especially those in the top wealth decile. Debiasing households by relocating
20% of household wealth from the most- to the least-biased investors compresses anomaly
spreads by 130 basis points a year, or 27% of the mean realized spread. Across 18 bias—
category predictions spanning 51 anomalies, 16 have the expected positive sign and 10 remain
significant at the 5% level after multiple-testing adjustment.

These findings speak to the debate over rational risk compensation versus behavioral
mispricing. While most economists now agree that biased investors can affect prices due to
limits to arbitrage, how important biased investors are for stock returns remains debated.
Returns alone cannot separate behavioral mispricing from alternative explanations (Kozak
et al., 2018). By measuring behavioral biases in investor portfolios and tracing them through
an equilibrium demand system, we quantify how important household biases are for both

cross-sectional price variation and expected anomaly returns.
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A Anomaly Portfolio Construction and Coverage

We begin with the 153 stock characteristics in the Global Factor Data library of Jensen
et al. (2023) that can be linked to the Norwegian inside-stock panel. We retain a charac-
teristic if it has at least 85 months with a valid long—short return, at least 98 months with
distinct 30th and 70th percentile breakpoints, and nonempty long and short legs in every
retained month. These rules retain 139 characteristics. Return support ranges from 85 to
119 months, with a median of 119.

For every retained characteristic, we use the published sign convention in the Global
Factor Data documentation. Each month we form equal-weighted long and short legs using
the 30th and 70th percentiles among inside stocks with valid lagged signals. This con-
struction holds the stock universe, portfolio rule, and weighting scheme fixed across all 556
behavioral-tilt—anomaly cells. Table 12 gives the exact code, definition, long-side orientation,
anomaly family, and original citation for every retained characteristic. Table 13 reports the

14 excluded characteristics and their realized support.

%)



(200g) Te 10 uospreydry JUOUI)SOAU] mor]  sjesse Surperado juerInd ur afuey)) ©1I8 00
(z10T) OZZETRg so[qi8uequy ySryg S}osse-0}-1Se)) 1 sed
(9002)
ooltof-eI0IRY) puUR UOSIOPUY JUOUI)SOAUT MO (s1eak ¢) yImoi8 XHJvD ¢18-xdeo
(9002)
oolto,{-eIoIeY) pUR UOSIDPUY JUOUI)SOAU] MO (sreok g) ymois XqJvD z18-xdeo
(1002) o1X JUOUI)SOAU] MO (1eok 1) ymoi8 XHJVD 118-xdeo
(700g) orX pue Iop\ URWIL], JUOUI)SOAUT MO JuemI}SoAUl 9)eI0dI00 [RULIOUqY uqe-xodes
(2102) ZHNYOS pue UIMIO)  SUOHILL] Surped, uSH peoxds yse-pIq Mo[-ysny oy, PTE T0sePIq
(200z)
RUNT, PUC UOSPICYDTY UBTIUOJ onfep ySiyg onpea astIdIojue 193IeU-0)-300g AQUI™ADQ
(900g) Sury pue uoy) Suy SuoIoLL] Surpediy, MO ©19Q OPISUMO(]  PZSE UMOpeIdq
(¥10g) uosiopad pue ruizzelq suorjoLL] Surpediy, Mo ©)9( JXIBW USSIOPOJ-TuIzzel]  PO9ZI qeqeroq
(6L6T) woswi(y suoroLL] Surpedy, MO 'joq UosWi(] Pplg uoswipelaq
(€261) yrogoeN pue eureyq suoroLL] Surpedy, MOTT ©Rd JoNIRIN w9 eleq
(g861)
urejsuer] pue proy SIoquesoy oanfeA Sy Aymbae jeIeW-0)-y0o0g amraq
(g00%) ‘T 1 uospreydry JUOUI)SOAUT MO Aymbae wowrtod ur afuey)) eTI1879q
(9661) 103eg pue usSnep Ayiqesyorg ySig JTonouany [eyrde)) IoAouINy-Je
(266T) Youal] pue ewe] anfeA ySI 19)IBUI-0)-S}9SS Y owrje
(8002) TIIY2S pue usny) rodoop) JUOUI)SOAUT MO [}IMOIE) 9SSy Ti18ye
(z661) yousa pue ewe Ayiqe)gor g MO a8er10A9] Jjoog aq e
(zoog) pnyrry  suomnoLL{ Surpery, uStH oINSBOTN PNYIUry p9zT e
(v102)
sdiiyg  pue  ®ulOJN-ZI}IQ so[qrSuesuy MO sjasse jas{rew Jo Ayrpmbiy yeurbire
(¥102)
sdrqiyd pue RUI[OIN -Z111() se[qr3ue)uy Mo sjesse jooq Jo Aypmbry re-bife
opis
uore [eursLQ Aprureg 3uory UoIIugap JM( apoD

sorjojyrod Aewoue ge1 oY) Jo suonuys(] ‘T 9[qel

56



(800z) wewt[og Anmqeigord 43T wdrew jyoIg ores yIqe
(800g) uewr[og Ayiqesyorg Sty sjosse Surjerado jou UO WINYRY A9q Y1
(7002) Te 10 spuelg so[qiSuequy Mor] Ayqiqerrea sSururejiqerres-sSuruIes
(8661) @9ysng pue [[pueqIeqy so[qi8uequy ySigy  y2poS e8ueyo snurw safes afuey)) e8sp-aresp
sa[qe
(8661) @9ysng pue [[purqieqy so[qrdue)uy MO -AT9D9I S3URYD SnUTW sofes aSuey)) DoIpTaresp
(8661) @9ysng pue [[purqIeqy so[qisue)uy USTH AIOjuweAu] oSuRYD SNUTW Soes 9Suey)) AUTP~a[eSP
(100g) uewnysuy awnjoa Surpeiy
pue weluewyRIqNS RIPIOY)) suoroLL Surped, MO IR[[OP IOJ UOIJRLIBA JO JUSIDIPEO)) PYGT IBA [OA[OP
(8661) wreduewr
-yRIqNG pUe RIPIOY)) URUUSIL suoroLL] Surpedt, MO awmnpoa Surpery Iefjoq P9Z 1 [0AIOP
(6261)
Awremsewrey pue Io8Ioquozilg oanfeA St PIOIA PUSPIAI(] QU WG TAIP
sores
(8661) @9ysng pue [[ourqIeqy se[qI3uejuy YSIH oJueyo snuiu uidrew ssold osuey)) oresp-d3p
(8861) wrepueyqg anfep YSTH jos{IRUI-04-3q2(] ouwrjqop
(8007) Sueyz pue ung sarpuesr| JUSUI}SOAU] MO (s1eok ¢) 9qap {0Oq Ul YIMOIr) €1871qap
(900¢) weors
pue  UOSpIeYDTY — MmeUSpRIg JUOUIISOAU] Moy 20uenssI 14ap 19N yesTeuUqp
reydeo
(200g) ‘T 10 uospreyory JUDUIISOAU] mor] Sunjrom Suryerado juarmd ur aSuey)) eTI370M0D
(000g) onbippig pue Aoarel] suoroLL Surped, Mo SSOUMAYNSO)) PTZ Ma)S0D
(020g) uesOpag
‘USSULIOY)  ‘IUlZZRI] — ‘SSAUSSY MON Mo UOIIR[DLIOD J3IRIA P09 T 1100
sjosse jJooq Pasdde|
(910%) 'Te 0 Ired Ayiqelgorg Sty -oj-sygoid  Surjerado  poseq-yse)) T1ye-doo
sjosse
Ayiqesyorg yStg ooq-03-sygoid Suryerado paseq-yse)) ye-doo
Sony
(200g) Te 10 uospreydry JUSUI}SOAU] mor] -iqer] Surperado jusrInd ur aSuey)) eTI87[00
opis
o [euIsLQ Aqrureq 3uory uoIugap M apoD

57



(9107) weng pue ysnequrelg
(1861) zueq

(2002) ‘Te 1o uospreydry

(¢002)

UYOX PUE JUBUSSIYA\ PlOYIIR]
(1002)

ofonbey-eeg pue 04 juowrer]

(€007) Aorquuoay, pue Suemy 1y

MON
suoroLL Surped,
JUSUI}SOAU]
JUOUI)SOAU]

so[qIduejuy

suoroLL Surped,

YSTH
MO
MO
MO

YSTH

Mo

JuoweGeue]y :1030ej SudLIdsIA
Aymbry je3{IRIN

SHUOUIISOAUT ULIDY-FUO] U 9FURY))
sjosse

Surjerado jeu wIe)-8uo] ur s¥ury))

xopul so[eduryz-uejdey|
(sdep zgz) AV

oy} woiy Aj[Ije[oa  OIyeIDUASOIP]

(sfep 12) NAVD

yuSur SuroradsTux
Aymba-jesrew
BTI81Y
elI18eOU]

Xopur -z

Pggg mded (oAl

SuoI}OLL] SuIpel], MO oY) WOl A[IIR[OA  DIPRIOUASOIP] P11z wdes (oAl
(8661) @971 pue [oxuel] anfep yStyg 10X IR UI-0}-9N[eA DISULIU] QUI[RAT
INdVD

SuoI3oLI] Surpei, MOT OU} TWIOIJ SSOUMINS OIPeIOUASOIP] PTg wded maxst

(z00g) Sueyy pue sewoyJ, JUSUI)SAUT MO a8uryd AI10jULAU] eTIS-AUL

(1107) ury pue oppg JUOUI)SOAU] MO ymoIs8 A1ojusAu] TI8-AUT

Aynqejgorg yStg spesse pagde[-01-sjyoid ssoir) 11e-ds

(€10g) xIeN-£AON Ayqejgorg Sty sjasse-03-syyord ssoir) 1e-dS8

(200g) 'Te 10 uospreyory JUOUI)SOAU] MO SOTYI[IqeI] TeroueUy ul 98uey)) eTIS U}
(¥661)

AUTSTA PUR ISJIO[YS NOUSIUONer] onfep yStyg 2011d-03-MO[J [SBD 9211 aur oy

(000g) Bisoxjorg Aqergord YStH 91008~ D{sOII] 910057}

(L00T) 'Te %@ yynopnog oneA ySig PIeIA moAked joN owr-odube

(9007) wewyLy, pue [prueq JuLUIISOAU] Y3ty ynoded jou Aymby wig1-odubs
(900¢) ueors

pue  uospIeyory — meyspelq JUOUI)SOAUT MO aouensst A3mbs joN 1e-s1jouboe
(vooz)

UBWIOS PUB URO[S MO onfep Mo uoryeanp Ajmnbg mp-bo
(¥107) yoseipzeg pue ul] ojpg so[qrSuesuy MO oyer SuLIrf] 118-dwe
(1107) uew|PAp\ pue ueIgSnory anfeA ySryg anyea astrdIojus 10X IRUW-01-ePIqH ASUIBPIIQD

opis
o [euIsLQ Aqrureq 3uory uoIugap M apoD

58



(1102) op{uIm

ueA pue wW[OYpUN e[[ezZjef] JUOUI)SOAUT MO sreniooe Surjerado JuadId g TU~S[eNIOOeO0
(9661) ueolg JUOUI)SOAU] MO srenaooe Suryerad( 1R S[enIddeo
(866T) aoupIQ Ayiqe)yorg MO 91028-() UOS[Y() 9100870
(¥00g) ‘T 1o IoJIBySIIH JUOUIISOAU] Mo sgosse Surjerado jau ur agury)) eI8 eou
(¥00g) 'Te 10 I9JIe[ySIIH JUOUI)SOAU] MO sjasse Suryerado joN Je"eOU
sjosse
(200g) T 10 uospreyory JUOUI)SOAUT mor] Surjerado juarINOUOU 90U UT dFURYD) eTIS e0OUU
(¥861) uI[a9yg pue ULS[() I9ISO WNJUSWOTA ySiyg astrdins sSurures paziprepuelg ns-bru
Aygelgorg yStg Aymbs uo winjex Ap1egrenb ur sSury)) 18yo~aq-bru
(g10z) Sueyz pue eny noy Annqeigoid uSIH Aymbs uo wm3yer £[1e3rend oqbru
Ayqelgorg Y31 sjesse uo uwiInjal Aprejrenb ur sduey) 18yo~ye-bru
(0102)
[oIne,] pue AOjIRY URUYSLINe[eq AyMiqe)gor g ySig S)oSse U0 WINJoI AI91Ien() 1e~bru
(£861) nseg onfep yStyg oor1d-oy-sSururesy owrTu
(002) ‘Te 9o swuelq so[qIsueyu] YSTH Arryeroa sSurureyy [oartu
soseaIoul SSUIUIed
(666T) UuL] pue 1901[H YITeg WNJUSWOTA USTH T[HMm SIojrenb o9A1INO9SUOD JO IoquINN bgourtu
(9661) 1oeg pue usSney MAN ysSyg Aymbe uo wInjeyy aqTu
(700g) ‘Te 10 spuelg so[qI3uejuy PEiesg oouoagsisiod sBururerq TIeTTU
(200g) ‘T 19 uospreyory JUOUI)SOAUT yStyg Sjosse [RIDURUY JoU Ul auel)) RIS RUJU
(900z) ueors
pue  uospIeypdry — meysperg JUOUI)SOAU] MO QoueNSSI [€30} JON ye-sIjou
(200z)
RUNT, PUR UOSPIRYDTY URTIUDJ anfep MO 9011d-03-3qap 19N oI 1qoplou
SOI(Iq
(200g) 'Te 19 uospreyory JUOUI)SOAUT mor -er] Suryerodo jueIINOUOU UI 9SURY)) eTIS"[0OU
SiE]
(200g) T 1 uospreydry JUOUI)SOAU] mor] -se Surjerado juermouou ur aSuey)) ©TIS-e00U
(9107) uenx pue ySnequrejg MON yStg QdURULIONS :1030v] Sulidsijy  Jred-Surotidsiua
opis
o [euIsLQ Aqrureq 3uory uoIugap M apoD

59



(100g) s

-ueISNOG pue JOYSIUONer] URY)) so[qi8uequy ySryg 1o TRW-0}-([ 29 owrpi1
(8102)
uesIepe pue Iulzzel] ‘Ssoussy MON Y3t Ajoreg unp snurw Ljyent) Aroyes-wb
(8102)
UoSIopoJ pue ITUlZzel] ‘SSoussy MON Sy AIqe)gord un snurw Ajpeng) joxd-[wb
(8102)
U9SIOpPaJ PUR IUIZZRI ‘SSoussy MON yStyg YIMOIY) unp snurw Ajyent) yamoI3- (b
(8102)
ussIopad pue TulZzel ‘SSoussy MON Sty 9j1sodwio)) :yunp snurw Ajpent) [ub
RV
(700g) Suemp pue 93100 WNJUSWOTA U3ty 9se[ Joao oouid yS1y 09 ooud queriny) pgggordylyoid
(286T) so[oyog pue I9[IN SuoT)OLL Surped, Mo areys 1ad 9o11g oxd
(8007) Sueyz pue ung sarpuesr] JUSUI)SIAUT MO A109u0AU] puR HJJ 98ury)) e118-Auredd
(700g) wissSIN pue Ao Ayiqesyorg ySiyg UWODUT 00(-0}-9WODUT J[(BXR], xru-1d
(110g) xIejN-£A0ON se[qr3ue)uy Sty ageIeas] Surjeiad( re-xodo
Am
Ayqelgorg U3ty -be jooq pe83er-ol-sjgoid Suryeiad() 11eq-edo
(G107) youo1q pue ewre] Aiqe)goig Sty A3mba yooq-o01-sjgoid Suryered( aq-odo
s3os
(9102) 'Te 0 II°g Aqergord YSIH -se 30oq pegse[-0y-sjgord Sunyerad( 1[e-do
Aygqejgorg y3Sig spesse 0oq-03-sqgord Suryerad( ye~do
(600g) Sueny se[qraue)uy MO A)1[19R10A MOY YSB)) pasberes-bjoo
(¥00g) wrereyoe
Jequo\  pue [edo3lfey reso(] anfeA Sty 1o IRW-03-MO Ysed Juryerad() aurJoo
(610g) Tewsay, $998
pue Jo1puer] ‘198nIy] ‘preyonog MON YSIH -se 0} mop yseo Surjerodo ur o8uey)) 1810 1e"Jo0
(610g) rewsoy
pue Jerpuer] ‘108niy] ‘preyonog MON Y3t sjesse 01 mop yseo Surperad() 1e7J00
opis
o [euIsLQ Aqrureq 3uory uoIugap M apoD

60



(8007) ®peS pue U)ol so[qisuequy Sty [enuue ‘suInjol paSSe[ G-g SILdx uRG™ TSRS
(8007) ®peS pue U0IsOH sa[qisuequy yStyg [BNUURUOU ‘UIN}oI PaSSe[-T Ieax RUT™[~SBOS
(8007) ®pes pue u0)soH so[qiSuequy ySryg [enuue ‘uInjer paSSel-T Ieax uey 1 sess
(900g) yeuar] pue yseepeSor WINJUSWOTA ySryg os11dIns aNUSASdY PozIpIepur)g ns-bayes
Aiqeigoig MO (1991eMb T) YIMOIS saTeg 113-bores
(9661)
sourey pue I[IOYN]Y odqIegqg anfeA Sty 19y TRUI-0)-SoTeS aurores
(v661)
AUTSIA PUR IS9JI9O[YS NOySIuOer| anfeA Mo (sreok ¢) yimoir) soreg ¢18-ores
(v661)

AUySIp\ pue I9Jo[US YOysiuoyer] anfeA MO (1eok T) yamoir) soreg T13-o1eS

(8661) @oUsng pue [[oueqIeqy se[qr3uejuy Sty Adued1ge 9210 10qer] 118-duwe~ores

(800g) uewIOog ANiqe)gorg yStyg JOAOTULINY 19SS A9qoreS

(9002) Te 10 Suy SuoT)OLL Surped, Mo AjT[TyR[OoA TINYY PIg T0AT

(9107) Aermmpy pue o[Suy 1eg suoroLL Surped, Mo SSoUMAYS [e}0], PTg MaYSI

(0207) uesiopaq Ayrryeron

‘UeSULIOY)  ‘IUlZZRI]  ‘SSAUSSY MIN MO Aq peess winjal jo sAep ¢ ISOUSIH  PIg [OAI GXeul
(2102)

Sue], pue Aeumy ‘umorq ‘reg MON MO wInjex Jo sAep g 1soySIy PIg gxeux
(1102)

MR[IYA\ PUR  DINR) I[eg suoTOLL Surped, Mo wmjar A[rep WNWIXBIA PTg TXeuI
(£661) uewIL], pue yseopoSar MON Sy 1-3 03 -} WNIUSTWOW I J 1-67901
(£661) uewyL], pue yseopedor WINJUSWOTA ySryg 1-3 03 9-} WNIUSTWOUW LI 1797901

(g86T) Iorey, pue jpuog o] anfep MO [esIoA8I ULI9)-SUOT 217097391

(£661) ueUI)L], PUR YSeapaSar MAN ysig 1-9 09 -1 WNIUSTWIOUW LI 1-g 101

(0661) ysoopesor SUoTYOLL] SuIped, Moy [BSIOADI ULI9)-)I0YS 0 T 901

(210g) XIeN-£AON MON Sty /-1 0 gT-} WNIUSTWOW 911 J Prd gEEh:

(£661) uewyr], pue yseopedor WINJUSTWOTA Sty T-3 03 gT-} WNJUSWOW LI J T-gT31

(1002) s

-uerSnog pue Yoysruoyer] uey)) sa[qrSuequy yStyg so[es-01-(29Y olespi1
opis

o [euIsLQ Aqrureq 3uory uoIugap M apoD

61



(sypuour g1) IoxeaIqaI) Se

nr SUOI1O1L,] Surper SI[] JI0AOUINY} [}IM SOPRI} 0I9Z JO IoquIn ~SopeI} 010z
900¢) N1 1POL] sulpelf, UstH qu P ¥ qunN Pgeg sop
(yyuow 1) Io¥ROIQDIY Se
nr suoryoLL,] Surpe SIF] JoAOUIN) [}IM SOPRI} 0197 JO Ioquun ~SopeRI}-0I0Z
900¢) NI [OLL] sulped], UsTH qH P ¥ qumy  PpPIg sop
(sypuour g) IoxeOICRTY SE
nr suorjorl] Surpe SIH JI9AOWINY 1M SOPRI) 0I9Z JO IdquIn -sepeI)-0I0Z
900¢) N1 [IOLL] sulpelf, UstH gy P ¥ qunN P9gI~sep
Ammmi AL Aypqelgorg Sty 9100s-7 URWI[Y 9100872
(100g) wewnysuy IoAOUINY
ue weluewyeIqng eIPIO SUOT}OLL] SuIpel], MO oIeys JOJ UOIJRLIRA JO JUSIOLYJOO)PYZT IBA™IOAOUINY
P qeiqng pIoypH | P "1 q } ¥ OO P!
(8661) op1opey pue YreN Iereq SuoI1oLL] Surpeiy, MO I9AOTLINY 9IRS P91 IeAouINg
(1107) Sueyy pue sewoy,J, WNJUSWOTA ySiyg ostadans osuadxo XeJ, eTI8-XR)
(6007) 90T pue uyey so[qr3uejuy YSTtH Ayiqrduey jessy Aymiqrduey
(1102) oP{um
uep pue woypunr e[[ezjeq JUSUI)SIAUT MO STenIdde [B)0) JUSIIDJ U~ STenIooe)
G00Z) ‘Te 30 uospreyor JUOUIISOAT MO s[eniooe [0, 18- S[RNIOOR)
[ pIeyory 1 1 T [ 1
G00g) ‘Te 30 uospreyor JUOUIISOAU 1 SHUOUI}SOAUT ULIO)-}I0YS Ul oFue eTIS 138
[ preyory I YSTH q Suey) 3
8007) ©PeS pue uojsd so[qrdueju MO BNUURUOU ‘SUINIOI PaS8e] OT-9 SIeo RU(T-Q SBOS
Mpes P H [qiSueyuy T 1 pasder A
(8007) ®pes pue U0IsOH so[qrSueguy ySig [enuue ‘suinjol paSSe[ 0T-9 SIBOX ue([-9 seos
e ue u0jso sorqISueju MO eNUURUOU ‘SUINj)al podde| g-7 Sied UG~ ~Seas
800¢) ®©qpes p H 19t 1 T T p 16-¢ A aC
opis
UOIJeID [RUISLIO) Aprure g Suory uonuyep J3Ir apoD

62



syjuowt

renu

proddns-mel  WNWIUIW U}  IomMaj 0 () -Ueuou ‘suinjol pa83e[ )Z-9T SIeox eU()Z 9T SeSs
syjuow
jpioddns-melr  wnuwruiw - uRY)  Iomoj ¢ ¢ [enuue ‘SuINjgol pad8e[ 0Z-9T SIedx ue()Z 9T Seas
syjuow renu
jpioddns-mer wnuwruiuw  UeY)  Iomoj 99 99 -URUOU ‘SUINJoI PoS3e] GT-TT SIBOX RUGT [T SBOS
syjuouwt
proddns-mel  WNWIUIW  URY)  IomMoj Gl G), [enuue ‘suInjal pe83e[ GT-TT SIedX uegI I Seos
syjuow
jproddns-mesr  wnwruiw - URY)  IoMoJ ce ee T-1 01 9-1 WNJUOUWIOW [eNPISOY T-9 ¢pso1
syjuow
jioddns-mer wnuwruiw  ueY)  Iomoj Ge ge 1-1 03 ¢T-7 WNJUSWOW [RNPISY] 1"¢1-gpso1
syjuout
proddns-mel  WNWIUTW  URY)  I9maj 1T TT sgesse jooq-ol-reyrded 3y 1e-gpa
syjuow [epow 1030]
proddns-mesr  wnwruiw - URY)  IoMoJ ¥G G -b oyy woay A3119e[0A O13RIDUASOIPT PI1Z #ZXY [0AL
syjuow [opow 1010®]-¢ YOUDL{-RUIR]
jioddns-mer wnwruiw - URY)  Iomoj )% 9 o) wolj AN[IJR[OA ODIJRIDUASOIPT PIC € 10AT
syjuoum [epow 1030%]
poddns-mel  WNWIUTW  URY)  Iomaj G G -b o) wo1y ssoumaes OIJRIDUASOIP]  PTg HZX~ MONST
syjuow [epoW 1039%J-¢ YDUSI -eule,]
proddns-mer  wnwruiw - URY)  IoMoJ 9% OF 9U} WOIJ SSOUMdNS OIJRIDUASOIPT P1C Sl moyST
syjuow
jroddns-mel  wWNWIUIW  URY)  Iomdj €9 €9 PIRIA 1nokeq our-odba
sputodyealq ()L/0g ¥UMSIP JusDNSUL (474 (44 SONSSI 3009S 19N wg-oysoyo
squtodyealrq (L/0g FOUIISIP JUSIOPNSUT 0 0 ofe wLIl] a8e
S1108 110ddns
uoseay [bleiEig] wInjey aure N apoD

9NI 98RISA0D d1[} A( PIpN[OXe SOIISLIdYORIRY) "€ 9[qe],

63



B Theoretical predictions for biases and anomalies

In this appendix, we explain the anomaly predictions we test in the paper: which biases
generate which anomalies. The predictions are derived from the existing literature. We start
from the literature surveyed in Barberis (2018). For each bias, or empirical measure of a
bias, we list the economic mechanisms through which the bias can generate anomaly returns.
Because we use a comprehensive universe of 139 anomalies, we then explain how we map
each mechanism to the anomalies in our counterfactual exercise. This mapping produces 91
predictions spanning 51 anomalies. Table 14 lists the economic mechanisms. Within each
bias, the mechanisms run from the earliest paper to the most recent. The following sections

discuss each mechanism in turn, and Section B.5 records the anomaly-level assignment.
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B.1 Overconfidence
B.1.1 0O1: Momentum

Daniel et al. (1998) link overconfidence with biased self-attribution to momentum. Public
news that confirms a private signal raises confidence by more than disconfirming news lowers
it, so the price continues in the direction of the initial overreaction. The result is short-run

momentum.'> We apply this prediction to momentum anomalies.

Anomalies covered: prc_highprc 2524, ret 12 1 ret 127, ret_3_1, ret 6_1, and ret_9_1.

B.1.2 0O2: Post-news drift

In the model of Daniel et al. (1998), a public signal that confirms the private information
triggers further overreaction before the price corrects. They argue that short-run post-

earnings drift is this continuation. We apply this prediction to post-news momentum.

Anomalies covered: niq_su, saleq_su, and tax_grila.

B.1.3 03: Corporate investment and issuance

Daniel et al. (1998) link investor overconfidence to abnormal returns following corporate
events such as issuance. “If investors are overconfident, then selective events that are initiated
when the stock is undervalued (overvalued) by the market will on average be associated
with positive (negative) announcement-date abnormal price changes and will on average be
followed by positive (negative) post-announcement abnormal price changes.” “We expect
firms to issue securities when they believe their stocks are overvalued.”'® Stein (1996) shows
that a similar mechanism raises investment. “If the manager is interested in maximizing
the current stock price, he must cater to any misperceptions that investors have. Thus if
investors are overly optimistic about the prospects for the firm’s assets ... the manager
should be willing to invest very aggressively in these assets.” Baker, Stein, and Wurgler

(2003) find that the investment of equity-dependent firms responds to stock prices, and Polk

15 Jegadeesh and Titman (1993) document the return premium.
6T oughran and Ritter (1995) document these low returns. Baker and Wurgler (2002) find that firms issue
equity when valuations are high.
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and Sapienza (2009) find that firms with high abnormal investment earn low subsequent
returns.

We apply this argument to investment and to equity issuance.
Anomalies covered: at_grl, be_grla, capex_abn, capx_grl, capx_gr2, capx_gr3, emp_grl, eqnetis_at,

eqnpo_12m, and netis_at.

B.1.4 0O4: Value

Daniel, Hirshleifer, and Subrahmanyam (2001) study investors who are overconfident
about private information: they treat a private signal as more precise than it is.!'” Prices
then overreact. After a favorable signal the price is too high, and after an unfavorable signal
it is too low. A fundamental-to-price ratio places price in the denominator, so the ratio
is low when the stock is overpriced and high when it is underpriced. High ratios therefore
predict high subsequent returns.

Daniel et al. (2001) argue that this mispricing is captured by fundamental-to-price ratios,
so anomalies that sort on those ratios are subject to the same argument. We use the ten
fundamental-to-price characteristics in the value category.

Anomalies covered: at_me, be_me, bev_mev, divi2m_me, ebitda_mev, fcf me, ival_me, ni_me,

ocf_me, and sale_me.

B.1.5 O5: Duration and growth

Daniel et al. (2001) argue that overconfidence overprices growth stocks. Similarly, Daniel
et al. (1998) argue that the overconfidence-driven mispricing is stronger for growth stocks
whose value depends on hard-to-value growth options. Past sales growth and equity duration
identify that growth side, so high sales growth and long duration are the overpriced stocks.
Weber (2018) refers to the overconfidence mechanism of Daniel et al. (1998): overconfidence
creates stronger mispricing when valuation requires judgment and feedback is slow. Long-

duration stocks are this case, because their cash flows arrive far in the future. Analysts

"Barber and Odean (2001) show that men, whom they associate with greater overconfidence, trade more,
and Betermier, Calvet, and Sodini (2017) show that men tilt toward growth rather than value.
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extrapolate their high past growth. The low returns are larger after periods of high investor

sentiment and are concentrated among short-sale-constrained stocks.

Anomalies covered: sale_grl, sale_gr3, and eq_dur.

B.1.6 0O6: Volatility

Scheinkman and Xiong (2003) link overconfidence to asset bubbles and volatility. “Over-
confidence generates disagreements among agents regarding asset fundamentals. With short-
sale constraints, an asset buyer acquires an option to sell the asset to other agents when those
agents have more optimistic beliefs. ... This causes a significant bubble component in asset
prices. ...In equilibrium, bubbles are accompanied by large trading volume and high price
volatility.”'® Relatedly, Zhang (2006) refers to the overconfidence mechanism of Daniel et al.
(1998, 2001) and argues that biases such as overconfidence are stronger when stocks are hard
to value. He uses return volatility and cash-flow volatility as proxies for hard-to-value stocks.

We apply these predictions to anomalies based on return and fundamental volatility.

Anomalies covered: earnings variability, ivol_capm 21d, ivol_capm 252d, ocfq_saleq_std,

and rvol_21d.

B.1.7 O7: Turnover

In the model of Scheinkman and Xiong (2003), overconfidence also produces high trading

volume. We apply this prediction to turnover anomalies.

Anomalies covered: turnover_126d and turnover_var_126d.

B.1.8 O8: Market beta

Hong and Sraer (2016) argue that high-beta stocks are overpriced when investors disagree
about the market. “When investors disagree about the stock market’s prospects, high-beta
assets are more sensitive to this aggregate disagreement, experience greater divergence of

opinion about their payoffs, and are overpriced due to short-sales constraints.” “Macro-

8Diether et al. (2002) find that stocks about which analysts disagree more earn low subsequent returns.
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disagreement might emanate from many sources such as heterogeneous priors or cognitive

biases such as overconfidence.” We apply this mechanism to the beta anomalies.

Anomalies covered: beta_60m, beta_dimson 21d, and betabab_1260d.

B.2 Lottery preference
B.2.1 L1: Skewness

Barberis and Huang (2008) show that cumulative prospect theory, through its probabil-
ity weighting component, gives investors a preference for lottery-like payoffs. A positively
skewed security can then be overpriced and can earn a negative average excess return. Boyer
et al. (2010) find that stocks with high expected idiosyncratic skewness earn low subsequent

returns.

Anomalies covered: coskew_21d, iskew_capm_21d, and rskew_21d.

B.2.2 L2: Equity issuance

Barberis et al. (2021) find that prospect theory helps explain the low returns of equity
issuers. In their sample, the low-return leg of issuance anomalies is more positively skewed,
and probability weighting leads investors to accept a lower average return on that leg. Bar-
beris and Huang (2008) make the same argument for initial public offerings, whose value is

largely a growth option and whose returns are positively skewed.

Anomalies covered: eqnetis_at, eqnpo_12m, and netis_at.

B.2.3 L3: Maximum returns

Bali et al. (2011) use the maximum daily return as the measure of a stock’s lottery
payoff. Stocks with a high maximum daily return over the past month earn low subsequent
returns, and this maximum return accounts for the idiosyncratic-volatility effect. Barberis
et al. (2021) find that prospect theory also helps explain the maximum-daily-return anomaly
because the low-return leg is more positively skewed. We apply this prediction to maximum-

return anomalies.
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Anomalies covered: rmax1_21d, rmax5_21d, and rmax5_rvol_21d.

B.2.4 L4: Volatility

The same mechanism of Bali et al. (2011) links lottery preferences to volatility anomalies,
as controlling for maximum returns explains the low returns on volatile stocks. Barberis et al.
(2021) find that prospect theory helps explain the idiosyncratic-volatility anomaly because
the low-return leg is more positively skewed, and this effect leads investors to accept a lower
average return on it.

Anomalies covered: earnings variability, ivol_capm 21d, ivol_capm 252d, ocfq_saleq_std,

and rvol_21d.

B.2.5 Lb5: Value

Bordalo et al. (2013) argue that investors prefer assets with a salient chance of a very
high payoff, and they apply that preference to the growth-value puzzle. Growth stocks
are overpriced because their large upside is salient. Value stocks are underpriced because
a large downside, such as bankruptcy, is salient. We apply the salience argument to the
fundamental-to-price characteristics.

Anomalies covered: at_me, be_me, bev_mev, divi2m me, ebitda_mev, fcf_me, ival_me, ni_me,

ocf_me, and sale_me.

B.2.6 L6: Distress and safety

Conrad, Kapadia, and Xing (2014) show that firms with a high probability of default
also tend to have a high probability of a jackpot payoff, and that stocks with a high jackpot
probability earn low returns. Stocks with high default risk but a low jackpot probability do
not. Barberis et al. (2021) find that prospect theory prices failure-probability and O-score
portfolios because the low-return leg is more positively skewed. We apply the argument to

distress and safety.

Anomalies covered: z_score, o_score, and qmj_safety.
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B.2.7 L7: Market beta

Bali et al. (2017) argue that lottery demand accounts for the beta anomaly. The low
returns of high-beta stocks are concentrated where lottery demand has its price impact, and

the anomaly is absent once portfolios are neutralized to lottery demand.

Anomalies covered: beta_60m, beta_dimson 21d, and betabab_1260d.

B.3 Disposition effect
B.3.1 D1: Momentum

Grinblatt and Han (2005) argue that the disposition effect can generate momentum.'’
“The tendency of some investors to hold on to their losing stocks, driven by prospect the-
ory and mental accounting, creates a spread between a stock’s fundamental value and its
equilibrium price, as well as price underreaction to information. Spread convergence, arising
from the random evolution of fundamental values and updating of reference prices, generates

b

predictable equilibrium prices that will be interpreted as possessing momentum.” Barberis
et al. (2021) find that prospect theory helps explain the momentum anomaly. We apply this
prediction to momentum anomalies.

Anomalies covered: prc_highprc 252d, ret 12 1, ret 127, ret_3_1, ret 6_1, and ret_9_1.

B.3.2 D2: Post-news drift

Frazzini (2006) links the same mechanism to news momentum. “This paper tests whether
the ‘disposition effect,” that is the tendency of investors to ride losses and realize gains,
induces ‘underreaction’ to news, leading to return predictability.” Barberis et al. (2021)
find that prospect theory helps explain post-earnings announcement drift. We apply this

prediction to news momentum anomalies.

Anomalies covered: niq_su, saleq_su, and tax_grila.

The trading pattern is documented by Shefrin and Statman (1985) and Odean (1998).
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B.4 Extrapolation

B.4.1 E1: Value

Lakonishok et al. (1994) link extrapolation of past performance to the value anomaly.?’*!

“Value strategies might produce higher returns because they are contrarian to ‘naive’ strate-
gies followed by other investors. These naive strategies might range from extrapolating past
earnings growth too far into the future, to assuming a trend in stock prices, to overreact-
ing to good or bad news. ...Some investors tend to get overly excited about stocks that
have done very well in the past and buy them up, so that these ‘glamour’ stocks become
overpriced. Similarly, they overreact to stocks that have done very badly, oversell them,
and these out-of-favor ‘value’ stocks become underpriced.” “Our version of the contrarian
model predicts that differences in expected future growth rates are linked to past growth
and overestimate actual future growth differences between glamour and value firms.” We
apply the argument to the fundamental-to-price characteristics.

Anomalies covered: at_me, be_me, bev_mev, divi2m_ me, ebitda_mev, fcf_me, ival_me, ni_me,

ocf_me, and sale_me.

B.5 Feature-level prediction index

The table below lists the 91 creator predictions across 51 anomaly characteristics. Every
other cell has no directional prediction. The feature code is the exact identifier used to

construct the anomaly portfolio.

200ur empirical bias measure captures extrapolation of returns, not extrapolation of fundamentals. Related
work links extrapolation of fundamentals to anomalies (Barberis, Shleifer, and Vishny, 1998b; Lakonishok
et al., 1994; Bordalo, Gennaioli, La Porta, and Shleifer, 2019). See also Barberis and Shleifer (2003) on the
extrapolation of styles. We leave the exploration of the role of fundamental extrapolation to future research.

21The literature has also explored the link between extrapolation of returns and momentum. In the survey
of Barberis (2018), extrapolation can generate momentum when beliefs exclude the most recent price change,
whereas in Da, Huang, and Jin (2021) extrapolation leads to lower returns: investors extrapolate recent stock
returns, and those beliefs negatively predict returns over the next week.
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Anomaly characteristic Overconfidence Lottery Disposition Extrapolation
Abnormal corporate investment 03 — - -
(capex_abn)

Altman Z-score (z_score) - L6 — -
Asset Growth (at_gri) 03 - - -
Assets-to-market (at_me) 04 L5 - E1
Book-to-market enterprise value (bev_mev) 04 L5 - E1
Book-to-market equity (be_me) 04 L5 - E1
CAPEX growth (1 year) (capx_gri) 03 - - -
CAPEX growth (2 years) (capx_gr2) 03 - - -
CAPEX growth (3 years) (capx_gr3) 03 - - -
Cash flow volatility (ocfq_saleq-std) 06 L4 - -
Change in common equity (be_gria) 03 - - -
Coefficient of variation for share turnover o7 - - -
(turnover_var_126d)

Coskewness (coskew_21d) - L1 - —
Current price to high price over last year 01 — D1 -
(prc-highprc_252d)

Dimson beta (beta_dimson_21d) 08 L7 - -
Dividend yield (div12m me) 04 L5 — E1
Earnings variability 06 L4 - —
(earnings_variability)

Earnings-to-price (ni_me) 04 L5 — E1
Ebitda-to-market enterprise value 04 L5 - E1l
(ebitda mev)

Equity duration (eq_dur) 05 — — -
Equity net payout (eqnpo_12m) 03 L2 - -
Frazzini-Pedersen market beta 08 L7 - -
(betabab_1260d)

Free cash flow-to-price (fcf me) 04 L5 - E1l
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Anomaly characteristic Overconfidence Lottery Disposition Extrapolation
Highest 5 days of return (rmax5_21d) — L3 — —
Highest 5 days of return scaled by volatility - L3 - -
(rmax5_rvol_21d)

Hiring rate (emp_gr1l) 03 - - -
Idiosyncratic skewness from the CAPM - L1 - —
(iskew_capm_21d)

Idiosyncratic volatility from the CAPM (21 06 L4 - -
days) (ivol_capm_21d)

Idiosyncratic volatility from the CAPM 06 L4 - -
(252 days) (ivol_capm_252d)

Intrinsic value-to-market (ival_me) 04 L5 - E1l
Market Beta (beta_60m) 08 L7 - -
Maximum daily return (rmax1_21d) - L3 - -
Net equity issuance (eqnetis_at) 03 L2 - -
Net total issuance (netis_at) 03 L2 - -
Ohlson O-score (o_score) - L6 - -
Operating cash flow-to-market (ocf_me) 04 L5 — E1
Price momentum t-12 to t-1 (ret_12_1) 01 - D1 -
Price momentum t-12 to t-7 (ret_12.7) 01 - D1 -
Price momentum t-3 to t-1 (ret_3-1) 01 - D1 -
Price momentum t-6 to t-1 (ret_6_1) 01 - D1 -
Price momentum t-9 to t-1 (ret_9.1) 01 - D1 -
Quality minus Junk: Safety (qmj_safety) - L6 - -
Return volatility (rvol_21d) 06 L4 - —
Sales Growth (1 year) (sale_grl) 05 - — —
Sales Growth (3 years) (sale_gr3) 05 - - -
Sales-to-market (sale_me) 04 L5 - E1
Share turnover (turnover_126d) o7 - - -
Standardized earnings surprise (nig_su) 02 - D2 -
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Anomaly characteristic Overconfidence Lottery Disposition Extrapolation

Standardized Revenue surprise (saleq-su) 02 — D2 —
Tax expense surprise (tax_gria) 02 - D2 -
Total skewness (rskew_21d) — L1 — -

C Anomaly-Category Definitions and Estimates

Figure 6 contains 18 tilt—category averages formed from 12 economic categories and 51
unique anomalies. Each bar gives every anomaly in its category equal weight. Category
overlap is explicit: issuance is a three-anomaly subset of investment, and the same category

can be shown for more than one behavioral tilt. Table 16 gives the complete membership.

Table 16. Anomaly-category definitions

Category Anomaly characteristics

Market beta Market Beta (beta_60m); Dimson beta (beta dimson _21d);
Frazzini-Pedersen market beta (betabab_1260d)

Duration/Growth — Sales Growth (1 year) (sale_grl); Sales Growth (3 years)
(sale_gr3); Equity duration (eq_dur)

Value Assets-to-market (at_me); Book-to-market equity (be_me);
Book-to-market enterprise value (bev_mev); Dividend yield
(divi2m me); Ebitda-to-market enterprise value (ebitda mev);
Free cash flow-to-price (fcf_me); Intrinsic value-to-market
(ival-me); Earnings-to-price (ni_me); Operating cash
flow-to-market (ocf me); Sales-to-market (sale_me)

Volatility Idiosyncratic volatility from the CAPM (21 days)
(ivol_capm 21d); Idiosyncratic volatility from the CAPM (252
days) (ivol_capm_252d); Return volatility (rvol_21d); Earnings
variability (earnings_variability); Cash flow volatility

(ocfq_saleq_std)
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Category

Anomaly characteristics

Investment

Momentum

Post-news drift

Turnover

Maximum returns

Issuance

Distress and
safety

Skewness

Asset Growth (at_gr1); Change in common equity (be_gria);
Abnormal corporate investment (capex_abn); CAPEX growth (1
year) (capx_gril); CAPEX growth (2 years) (capx_gr2); CAPEX
growth (3 years) (capx_gr3); Hiring rate (emp_gr1); Net equity
issuance (eqnetis_at); Equity net payout (eqnpo_12m); Net total
issuance (netis_at)

Price momentum t-3 to t-1 (ret_3_1); Price momentum t-6 to t-1
(ret_6_1); Price momentum t-9 to t-1 (ret_9_1); Price
momentum t-12 to t-1 (ret_12_1); Price momentum t-12 to t-7
(ret_12.7); Current price to high price over last year
(prc_highprc_252d)

Standardized earnings surprise (niq_su); Standardized Revenue
surprise (saleq_su); Tax expense surprise (tax_gria)

Share turnover (turnover_126d); Coeflicient of variation for
share turnover (turnover_var_126d)

Maximum daily return (rmax1_21d); Highest 5 days of return
(rmax5_21d); Highest 5 days of return scaled by volatility
(rmax5_rvol_21d)

Net equity issuance (eqnetis_at); Equity net payout
(eqnpo-12m); Net total issuance (netis_at)

Ohlson O-score (o_score); Altman Z-score (z_score); Quality
minus Junk: Safety (qmj_safety)

Coskewness (coskew_21d); Idiosyncratic skewness from the

CAPM (iskew_capm 21d); Total skewness (rskew_21d)

Table 17 reports the estimates and inference underlying the figure. The standard error

is the sample standard deviation of the category average across the 5,000 common accepted

joint draws. The g-values apply Benjamini—Hochberg to the fixed family of 18 displayed
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tilt—category averages.

7



Table 17. Anomaly contributions by behavioral tilt and economic category on the common

20% AUM scale

Tilt Category N  Estimate SE 95% CI BH ¢
Overconfidence Market beta 3 202.6  72.7 [60.1, 345.1] 0.025
Duration/Growth 3 108.3 479 [14.4, 202.2] 0.043
Value 10 90.2  47.6  [-3.1,183.5] 0.087
Volatility ) 71.5  28.9 [14.9, 128.1] 0.032
Tnvestment 10 706 302 [11.4,120.8] 0.039
Momentum 6 33.9 417 [-47.8,115.7] 0.468
Post-news drift 3 9.9 164 [-22.1, 42.0] 0.543
Turnover 2 -32.0 35.8  [-102.1, 38.1] 0.445
Lottery preference Volatility 5 621.2 2254 [179.4, 1063.0] 0.025
Maximum returns 3 437.5 160.8  [122.4, 752.6] 0.025
Issuance 3 421.9 1509  [126.2, 717.7] 0.025
Distress and safety 3 391.8 145.0 [107.7,675.9] 0.025
Value 10 243.2 947  [57.5,428.8] 0.031
Skewness 3 88.5  36.1 [17.7, 159.4] 0.032
Market beta 3 64.2 648 [-62.8, 191.3] 0.414
Disposition effect ~ Momentum 6 115.2  58.4 [0.7,229.7] 0.080
Post-news drift 3 -20.3  28.9 [-77.0, 36.3] 0.510
Extrapolation Value 10 54.0  41.5 [-27.5, 135.4]  0.269
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D Realized Anomaly-Returns

Table 18 reports the complete equal-weighted realized-return evidence used for the 139-
anomaly headline benchmark. Returns use formation-month assignments and next-month
stock returns; a missing constituent return does not discard the other supported stocks in

that anomaly-month leg.

Table 18. Realized equal-weighted anomaly returns

Support
med. /min.
Feature Anomaly Mean (bp) NW SE p BH g Months (L; S)
aliq_at Liquidity of book assets -50.3  427.2  0.906 0.947 119 23/18; 23/19
alig_mat Liquidity of market assets 463.3  524.0 0.377  0.557 119 23/20; 23/19
ami_126d Amihud Measure -583.7  449.9 0.195 0.360 119 26/22; 27/23
at_be Book leverage 321.7  291.8 0.270  0.447 119 29/24; 29/25
at_gril Asset Growth -275.7 4139 0.505  0.651 119 28/25; 29/24
at_me Assets-to-market -1115.8 4524 0.014 0.046 119 28/24; 29/24
at_turnover Capital turnover 1225.6  393.5 0.002 0.009 119 29/24; 28/24
be_grila Change in common equity -778.2  387.7 0.045 0.109 119 28/24; 28/24
be_me Book-to-market equity -1126.2  489.1  0.021  0.065 119 28/24; 29/24
beta_60m Market Beta 433.8 513.6 0.398  0.569 119 26/21; 26/20
beta_dimson_21d Dimson beta 456.5 423.3 0.281  0.454 119 24/18; 24/20
betabab_1260d Frazzini-Pedersen market beta 1413.9 591.5 0.017 0.053 119 20/16; 20/16
betadown_252d Downside beta 150.9 510.7 0.768  0.861 119 26/22; 26/22
bev_mev Book-to-market enterprise -1613.7  500.3  0.001  0.007 119 27/23; 28/23
value
bidaskhl_21d The high-low bid-ask spread -978.6  399.1 0.014 0.047 119 28/23; 28/22
capex_abn Abnormal corporate invest- -318.2  431.7 0.461 0.613 119 20/16; 20/17
ment
capx_grl CAPEX growth (1 year) 293.5 3725 0.431 0.599 119 22/18; 22/18
capx_gr2 CAPEX growth (2 years) -186.1  538.8 0.730 0.831 119 22/18; 22/18
capx_gr3 CAPEX growth (3 years) -420.5 480.2 0.381  0.558 119 21/17; 21/18
cash_at Cash-to-assets -82.1 3549 0.817 0.901 119 28/24; 28/25
coa_grila Change in current operating 310.5 460.8 0.500 0.650 119 23/19; 23/19
assets
col_grila Change in current operating li- 73.3 411.6 0.859 0.925 119 23/20; 23/20
abilities
cop_at Cash-based operating profits- 1125.9  415.5 0.007 0.025 119 24/20; 23/19
to-book assets
cop_atll Cash-based operating profits- 840.3 429.3 0.050 0.118 119 23/20; 23/19
to-lagged book assets
corr_1260d Market correlation -163.9 474.0 0.730 0.831 119 20/15; 21/18
coskew_21d Coskewness 706.0 331.6 0.033 0.091 119 24/19; 23/19
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Support

med./min.

Feature Anomaly Mean (bp) NW SE p BH g Months (L; S)

cowc_gria Change in current operating 753.7 368.3 0.041 0.101 119 23/18; 24/19
working capital

dbnetis_at Net debt issuance 965.5 289.5 < 0.001  0.005 119 28/25; 28/24

debt_gr3 Growth in book debt (3 years) 440.7 395.0 0.265  0.447 119 24/21; 24/20

debt_me Debt-to-market -1304.0 467.3  0.005 0.022 119 28/24; 28/23

dgp_dsale Change gross margin minus -81.3 3049 0.790 0.878 119 21/17; 21/16
change sales

divi2m_me Dividend yield -371.7  412.6  0.368  0.556 119 17/9; 17/9

dolvol_126d Dollar trading volume -468.8  423.1  0.268  0.447 119 26/22; 27/22

dolvol_var_126d Coefficient of variation for dol- 811.4 3704 0.028 0.081 119 27/23; 26/22
lar trading volume

dsale_dinv Change sales minus change In- 698.1 505.3 0.167 0.323 119 19/16; 19/16
ventory

dsale_drec Change sales minus change re- 2454  354.1 0.488  0.640 119 22/16; 22/19
ceivables

dsale_dsga Change sales minus change -178.0  483.6 0.713  0.831 117 19/11; 19/12
SG&A

earnings_ Earnings variability 737.0 3775 0.051 0.118 119 25/19; 25/19

variability

ebit_bev Return on net operating assets 2018.7  333.9 < 0.001 < 0.001 119 28/24; 27/24

ebit_sale Profit margin 528.2  426.4 0.215 0.384 119 28/25; 28/24

ebitda_mev Ebitda-to-market  enterprise 535.7  417.9  0.200 0.361 119 29/24; 28/23
value

emp_grl Hiring rate -14.6  459.7  0.975 0.991 119 22/12; 22/13

eq_dur Equity duration 57.8 454.0 0.899 0.947 119 26/21; 26/20

eqnetis_at Net equity issuance 1526.2 537.1 0.004 0.020 119 14/11; 14/10

eqnpo_12m Equity net payout 904.9 407.2 0.026 0.076 119 29/25; 40/26

equpo_ne Net payout yield 9735 5156 0.059 0132 119 9/6;9/6

f_score Pitroski F-score 3772  402.8 0.349  0.545 119 30/21; 30/19

fcf_me Free cash flow-to-price 1742.7  507.0 < 0.001  0.004 119 23/20; 22/18

fnl_gria Change in financial liabilities 731.7 338.8 0.031 0.086 119 28/24; 28/24

gp_at Gross profits-to-assets 1779.4  468.5 < 0.001  0.001 119 23/20; 23/19

gp_atll Gross profits-to-lagged assets 1854.7  539.3 < 0.001  0.004 119 23/19; 23/18

inv_gri Inventory growth 201.1  523.2 0.701 0.830 119 19/16; 20/16

inv_gria Inventory change 405.6  391.2 0.300 0.479 119 27/20; 27/20

iskew_capm_21d Idiosyncratic skewness from -25.1  366.5 0945 0.981 119 23/20; 24/21
the CAPM

ival_me Intrinsic value-to-market -3929 5356 0.463 0.613 119 16/10; 16/11

ivol_capm_21d Idiosyncratic volatility from 1173.6  423.0 0.006 0.022 119 24/20; 23/20
the CAPM (21 days)

ivol_capm_252d Idiosyncratic volatility from 604.8 3851 0.116 0.238 119 27/23; 26/21
the CAPM (252 days)

kz_index Kaplan-Zingales index -636.3  431.9 0.141 0.276 119 14/11; 14/10
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Support

med./min.

Feature Anomaly Mean (bp) NW SE p BH g Months (L; S)

lnoa_gria Change in long-term net oper- 282.4 383.0 0.461 0.613 119 27/23; 26/23
ating assets

lti_gria Change in long-term invest- -331.6  366.5 0.366 0.556 119 24/19; 28/19
ments

market_equity Market Equity -926.2  335.8 0.006 0.022 119 28/23; 29/25

mispricing_mgmt Mispricing factor: Manage- 345.2 411.1  0.401  0.569 119 29/25; 29/24
ment

mispricing_perf Mispricing factor: Perfor- 2368.1  455.2 < 0.001 < 0.001 119 29/25; 28/24
mance

ncoa_grila Change in noncurrent operat- -83.9 389.7 0.829 0.908 119 23/20; 23/19
ing assets

ncol_grila Change in noncurrent operat- -746.8  439.4  0.089  0.188 119 23/20; 23/19
ing liabilities

netdebt_me Net debt-to-price 1264.8  425.0 0.003 0.014 119 28/24; 28/24

netis_at Net total issuance 1068.9 465.2 0.022  0.065 119 14/11; 14/10

nfna_grila Change in net financial assets 837.3 3725 0.025 0.073 119 28/24; 28/24

ni_ari Earnings persistence -424.2 3929 0.280 0.454 119 25/20; 25/18

ni_be Return on equity 1609.2  392.2 < 0.001 < 0.001 119 29/25; 28/24

ni_inc8q Number of consecutive quar- -392.5  393.8 0.319 0.504 100 29/22; 38/24
ters with earnings increases

ni_ivol Earnings volatility -458.2  351.8 0.193  0.360 119 25/20; 25/20

ni_me Earnings-to-price 11079 394.7 0.005 0.021 119 29/24; 28/24

niqg_at Quarterly return on assets 1454.7  331.5 < 0.001 < 0.001 119 29/25; 28/23

niq_at_chgl Change in quarterly return on 679.3 356.7 0.057 0.130 119 28/23; 28/23
assets

niq_be Quarterly return on equity 1205.8  344.0 < 0.001  0.004 119 29/25; 28/24

niq_be_chgl Change in quarterly return on 503.1 375.3 0.180 0.343 119 28/24; 28/23
equity

niq_su Standardized earnings surprise 194.3 410.3 0.636  0.789 117 27/23; 27/23

nncoa_grila Change in net noncurrent op- -70.7 385.1 0.854 0.925 119 23/19; 23/19
erating assets

noa_at Net operating assets 1674.8  480.2 < 0.001  0.004 119 23/19; 23/19

noa_grila Change in net operating assets 380.6  428.7 0.375 0.557 119 23/18; 23/19

o_score Ohlson O-score 2172.3  480.4 < 0.001 < 0.001 119 24/19; 23/19

oaccruals_at Operating accruals -358.9 4154 0.388 0.561 119 23/20; 24/19

oaccruals_ni Percent operating accruals -14.8 503.1 0977 0.991 119 23/19; 23/19

ocf_at Operating cash flow to assets 1113.6  415.2  0.007 0.027 119 29/25; 28/25

ocf_at_chgl Change in operating cash flow 363.2 3158 0.250 0.433 119 28/24; 28/24
to assets

ocf_me Operating cash flow-to-market -189.3  499.3  0.705  0.830 119 28/25; 28/24

ocfq_saleq_std Cash flow volatility 1157.5 480.6 0.016  0.052 119 22/19; 21/17

op_at Operating profits-to-book as- 1232.5 336.1 < 0.001 0.002 119 29/25; 28/24

sets
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Support

med./min.
Feature Anomaly Mean (bp) NW SE p BH g Months (L; S)
op_atll Operating  profits-to-lagged 1092.5 389.1 0.005 0.021 119 29/25; 28/25
book assets
ope_be Operating profits-to-book eq- 1150.7 383.7 0.003 0.013 119 29/25; 28/24
uity
ope_bell Operating  profits-to-lagged 982.1 396.1 0.013  0.046 119 28/24; 27/24
book equity
opex_at Operating leverage 1771.2  593.5 0.003 0.014 119 23/20; 23/19
pi_nix Taxable income-to-book in- 309.2  398.9 0.438 0.603 119 21/16; 21/15
come
ppeinv_gria Change PPE and Inventory 463.0 404.3 0.252  0.433 119 24/18; 24/18
prc Price per share -943.2 4774  0.048 0.116 119 28/24; 29/25
prc_highprc_252d Current price to high price 2144.3  625.7 < 0.001  0.004 119 26/22; 26/21
over last year
amj Quality minus Junk: Compos- 1936.0  434.0 < 0.001 < 0.001 119 25/21; 25/18
ite
qmj_growth Quality minus Junk: Growth 1463.4  336.8 < 0.001 < 0.001 119 25/21; 25/20
qmj_prof Quality minus Junk: Prof- 1217.2  362.1 < 0.001  0.005 119 29/25; 28/24
itability
gqmj_safety Quality minus Junk: Safety 2334.2  537.2 < 0.001 < 0.001 119 29/25; 28/25
rd_me R&D-to-market 1407.1  824.2 0.088 0.188 117 8/6; 8/6
rd_sale R&D-to-sales 955.8 6274 0.128 0.253 117 8/6; 8/6
ret_12_1 Price momentum t-12 to t-1 2346.0 497.6 < 0.001 < 0.001 119 28/24; 28/24
ret_12_7 Price momentum t-12 to t-7 1835.2  406.6 < 0.001 < 0.001 119 29/25; 28/24
ret_1_0 Short-term reversal -267.0 504.5 0.597 0.754 119 28/24; 29/24
ret_3_1 Price momentum t-3 to t-1 2021.3  489.3 < 0.001 < 0.001 119 28/24; 28/24
ret_60_12 Long-term reversal -591.9  462.1  0.200 0.361 119 22/16; 23/18
ret_6_1 Price momentum t-6 to t-1 1971.5  484.4 < 0.001 < 0.001 119 29/25; 28/24
ret_9_1 Price momentum t-9 to t-1 2288.9 511.3 < 0.001 < 0.001 119 28/24; 28/24
rmax1_21d Maximum daily return 774.5 430.0 0.072 0.158 119 24/20; 23/20
rmax5_21d Highest 5 days of return 956.7 452.1 0.034  0.092 119 24/20; 23/19
rmax5_rvol_21d Highest 5 days of return scaled 1829 456.1 0.688 0.830 119 23/19; 23/19
by volatility
rskew_21d Total skewness -185.2  406.1 0.648 0.797 119 23/19; 24/20
rvol_21d Return volatility 1326.9 503.9 0.008 0.030 119 24/20; 23/20
sale_bev Asset turnover 1419.8 4499 0.002  0.009 119 28/24; 28/23
sale_emp_gri Labor force efficiency -566.0  470.8 0.229  0.403 119 22/13; 22/13
sale_grl Sales Growth (1 year) -3.2 3133 0.992  0.999 119 28/24; 28/24
sale_gr3 Sales Growth (3 years) -557.4  332.0 0.093 0.193 119 27/22; 27/22
sale_me Sales-to-market -124.1 4049 0.759  0.858 119 28/24; 28/24
saleq_gri Sales growth (1 quarter) -294.8 355.3 0.407 0.571 119 22/19; 22/18
saleq_su Standardized Revenue surprise -53.7  428.1 0.900 0.947 117 21/18; 21/17
seas_1_lan Year 1-lagged return, annual 906.0 437.7 0.038 0.097 119 28/24; 28/24

82



Support

med./min.
Feature Anomaly Mean (bp) NW SE p BH g Months (L; S)
seas_1_1ina Year 1-lagged return, nonan- 1962.2  522.1 < 0.001  0.002 119 28/23; 28/24
nual
seas_2_ban Years 2-5 lagged returns, an- 327.8 364.1 0.368 0.556 119 22/17; 22/15
nual
seas_2_5na Years 2-5 lagged returns, -394.6  531.0 0.457 0.613 119 21/16; 21/17
nonannual
seas_6_10an Years 6-10 lagged returns, an- 14.0 4644 0.976  0.991 119 14/7; 14)7
nual
seas_6_10na Years 6-10 lagged returns, 328.1 634.6 0.605 0.758 119 13/7; 13/6
nonannual
sti_gria Change in short-term invest- 585.8 3389 0.084 0.182 98 51/21; 26/22
ments
taccruals_at Total accruals -825.6  393.8 0.036 0.094 119 23/19; 23/20
taccruals_ni Percent total accruals -236.0  390.7 0.546  0.696 119 24/19; 23/19
tangibility Asset tangibility -175.4  486.8 0.719 0.831 119 23/19; 23/18
tax_gria Tax expense surprise -0.6 3725  0.999  0.999 119 28/24; 28/24
turnover_126d Share turnover -218.8 556.4 0.694 0.830 119 27/22; 26/22
turnover_var_126d  Coefficient of variation for 786.5 376.2 0.037 0.094 119 27/23; 26/22
share turnover
z_score Altman Z-score 1970.3  539.3 < 0.001  0.002 119 23/19; 23/20
zero_trades_126d Number of zero trades with -218.8 556.4 0.694 0.830 119 27/22; 26/22
turnover as tiebreaker (6
months)
zero_trades_21d Number of zero trades with -813.6 525.6 0.122 0.245 119 24/20; 23/20
turnover as tiebreaker (1
month)
zero_trades_252d  Number of zero trades with 64.6 5379 0904 0.947 119 27/22; 26/22

turnover as tiebreaker (12

months)

E Multiple Testing

We use the Benjamini-Hochberg procedure to control the false discovery rate within the
fixed creator family (Benjamini and Hochberg, 1995). Table 19 reports the global adjustment
across all 91 creator cells and sensitivity adjustments within each tilt. The count of 23

discoveries uses the global family and a 5% false-discovery-rate threshold.
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Table 19. Multiple-testing audit for creator predictions

Hypothesis family Tests Raw p <0.05 BH¢<010 BHgqg<0.05 Minimum BH ¢
Creator cells, global 91 46 46 23 0.030
Creator cells, disposition 9 5 5 0 0.066
Creator cells, lottery 30 22 22 21 0.012
Creator cells, overconfidence 42 15 13 0 0.072
Creator cells, extrapolation 10 4 4 0 0.051

F Anomaly Results Without AUM Normalization

The four counterfactuals move different average shares of household AUM because the
bias measures differ in coverage and bin structure. Equation (44) normalizes each contri-
bution to a reallocation of 20% of average household AUM so that the four families are
comparable. This section reports the corresponding estimates without that normalization.

The signs, test statistics, p-values, g-values, and qualitative conclusions are unchanged.

Table 20. Pooled tests of creator predictions (without AUM normalization)

Behavioral tilt Positive sign Average (bp) Bootstrap SE  One-sided p
Disposition effect 6/9 81.5 47.2 0.042
Lottery preference 25/30 322.1 115.2 0.003
Overconfidence 36/42 119.2 41.7 0.002
Extrapolation 6/10 21.2 16.3 0.097
Equal tilt average 73/91 136.0 45.0 0.001

Notes: The table reports annualized equal-weighted contributions for the creator predic-
tions. Cells are equally weighted within each tilt, and the headline equally weights the four
tilt averages. Positive estimates agree with the prediction. Standard errors use exactly
5,000 common joint bootstrap draws; one-sided p-values use the standard-normal distribu-
tion.
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Overconfidence : Median anomaly spread, 456 bp

Market beta (3)
Duration/Growth (3)
Value (10)

Volatility (5)
Investment (10)
Momentum (6)
Post-news drift (3)

Turnover (2)

Lottery preference

Volatility (5)

Maximum returns (3)
Issuance (3)

Distress and safety (3)
Value (10)

Skewness (3)

Market beta (3)

Disposition effect

Momentum (6)

Post-news drift (3)

Extrapolation

Value (10)

~200 0 200 400 600 800 1000
Bias contribution to anomaly spread (bp)
Figure 7. Anomaly contributions by behavioral tilt and economic category without AUM
normalization. Each bar is the simple average of the annualized equal-weighted contributions

in the category. Whiskers report 95% normal-bootstrap confidence intervals from 5,000
common joint draws.
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Table 21. Anomaly contributions by behavioral tilt and economic category without AUM
normalization

Tilt Category N Estimate SE 95% CI BH ¢
Overconfidence Market beta 3 330.8 118.7 [98.1, 563.5] 0.025
Duration/Growth 3 176.8  78.2 [23.5, 330.0] 0.043
Value 10 147.2 770 [-5.1, 299.5] 0.087
Volatility ) 116.8  47.1 [24.4, 209.2] 0.032
Investment 10 115.2 49.3 [18.6, 211.8] 0.039
Momentum 6 55.4  68.1  [-78.1, 188.8] 0.468
Post-news drift 3 16.2  26.7 [-36.1, 68.6] 0.543
Turnover 2 -52.2  H84 [-166.6, 62.2] 0.445
Lottery preference Volatility 5 615.6 2234 [177.8,1053.4] 0.025
Maximum returns 3 433.6 159.3  [121.3, 745.8] 0.025
Issuance 3 418.1 149.5 [125.1, 711.2] 0.025
Distress and safety 3 388.3 143.6  [106.8, 669.9] 0.025
Value 10 241.0 939 [57.0, 425.0] 0.031
Skewness 3 87.7 358 [17.6, 157.9] 0.032
Market beta 3 63.6 642  [-62.3, 189.5] 0.414
Disposition effect ~ Momentum 6 134.2  68.0 [0.8, 267.5] 0.080
Post-news drift 3 -23.7  33.7 [-89.7, 42.3] 0.510
Extrapolation Value 10 212 16.3 [-10.8, 53.3] 0.269
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G Model Details Behind the Equilibrium Objects

This appendix fills in the derivation behind the equilibrium objects introduced in Sec-
tion 3.1. The main text defines the pass-through matrix, the total-elasticity matrix, and the
flow multiplier. Here we show how those objects arise from standard log-linearizations of

returns, demand, and risk.

G.1 Campbell-Shiller and Pass-Through

For stock-level log returns, the Campbell-Shiller log-linearization gives

Ty = (1 + (1 - P)dt+1 + PPi+1 — Py (45)

where p is the usual price-to-(price+dividend) linearization constant (Cochrane, 2008). In
the baseline specification, we use the monthly conversion of the annual approximation point
in Cochrane (2008), so the monthly dividend-to-(price+dividend) ratio linearization constant
is about 0.3%.

The main text allows the conditional price law to be a general linear function of current
log-prices, as in (10). Taking conditional expectations in (45) and substituting (10) yields
the expected-return mapping in (11), with

B, = C1+ (1= p)E[diy1] + pey.

Thus ©; = I — pW, is the price pass-through to expected returns.

G.2 Log-Linearized Demand and Total Elasticity

Let B, € RN*K denote stock-level factor loadings on the K orthogonal factors defined
in Section 3.4, let By, € R™ denote the k-th column of 3, let v; € RE denote the variances
of those K factors, and let o? € R™ denote stock-level idiosyncratic variances. Then each

Brives € RM is the stock-level covariance vector with factor k, and the full systematic-risk

component is Zszl BrtVkt = By
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Standard CARA or CRRA demand is a function of next-period expected returns and
covariances. Following Koijen and Yogo (2019), we also allow an investor-specific latent
demand shifter. While the demand system below can be derived with standard expected
utility preferences, it is a general demand function that captures many types of preferences
and motives. In the log-linearized system with latent demand, there are four important ingre-
dients: expected returns p,, the K factor-specific systematic-risk components {,Bmvk,t}kK:l,
idiosyncratic risk o, and latent demand &;,. We follow Davis et al. (2026) by taking a

log-linearization of demand for each investor ¢ around these four objects:

K
Qs = aigl +q;, + Ci oy — Z D; 1By 10k — E; 07 + Eivs (46)

k=1
where q,, € R™t collects investor-specific intercept terms beyond the AUM intercept com-
ponent (a;;) that do not load on current prices, C;; € RN *Nt ig the coefficient matrix for
expected returns, the collection {Di,k,t}szl with each D, € RNexNe captures preferences
over factor-k systematic risk, E;, € RV*Nt captures preferences over idiosyncratic risk, and
£ € RM is the usual latent demand shifter. The accounting identity in (9) is what makes
the AUM term enter one-for-one in log-shares demanded.

Future risk is not exogenous to prices. Empirically, lower prices are associated with
higher future volatility and stronger future comovement in returns (Black, 1976; Ang and
Chen, 2002; Dew-Becker, Giglio, and Molavi, 2025). He et al. (2025) discuss these effects in

demand-system asset-pricing models. To capture this, we allow:
v, =0, +1)p,, ol =a?+T'p, (47)
where ') € REXNe captures the sensitivity of factor variances to price changes, I' € RNexNe

captures the sensitivity of stock-level idiosyncratic variances to current prices, and v; and

o2 are intercept terms. Let U+ denote the k-th element of v, and let '752 denote the k-th
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row of T'}". Combining (46), (11), and (47) gives

q;,: = a;t1 + q;;+ Ci: (ﬂt - ®tpt)

K
=Y DiwitBiy(vee +71ip) — Bua(07 + T7p) + &,
k=1
= Kiy — 1,9 D (48)
where
K
= - = - ~92
Kit = Qi + q;; + Ci,tﬂt - Z Di,k,tﬁk,tvk,t - Ei,to't + €Z-7t,
k=1
K
"72? =Ci0; + Z Di,k,t/gk,t'ykv’/t +E; ,I7.
k=1

This is the reduced-form total-elasticity representation used in (12). The first term is the
expected-return channel, the second collects factor-by-factor risk channels, and the third is

the idiosyncratic-risk channel.

H Proofs of Methodological Propositions

In this appendix, we prove the non-obvious methodological claims used in the main text.
Our goal is to keep the main text readable while making the mapping from the structural

assumptions to the empirical objects fully transparent.

Proof of Proposition 1. Start from the estimated demand equation

tot

qiy = Kit — Ny Dy

Consider a counterfactual perturbation that changes investor i’s log AUM by A%q,, while

holding 0} fixed. The counterfactual change in log demand is therefore

Aqui,t _ ACfai,tl . n‘;ztAcfpt.
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Applying the log-linearized market-clearing condition,
0= Z Si,tAqui,ta
gives
0= ACfft - Z Sz‘,t"??,(;tACfpt-
Rearranging yields
<Z Si,t”;?) ACfpt = ACfft'

If the aggregate elasticity matrix is invertible, left-multiplication by its inverse gives (15). O

Variance-decomposition note. The Standalone-variance shares in (30) are normalized
standalone variance contributions and are nonnegative by construction. The R? Shapley
shares are Shapley allocations of the fit-improvement value function in (34). Because that
value function is nonnegative and monotone, the resulting monthly shares are also nonneg-
ative and sum to one within each partition. The signed Shapley shares in (36) additionally
allocate each covariance term equally between its two investor groups. These shares sum to

one and can be negative. The main analysis reports all three allocations.

I Additional Details

In this appendix, we collect the algebra behind the low-rank basis construction and the

corresponding regression representation used in Section 3.4.

I.1 Characteristics, Portfolio Weights, and Loadings

Define the rank-transformed characteristic panel by

rank(c, ) — 0.5
Ny

R(kaﬂf) = - 057 Zn,k,t = R(Cn,k,t)> (49)
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and let Z, € RV*K stack these transformed characteristics. The orthonormalized charac-
teristic basis is

—~ ~ ~
X, =2,.2,2,)"*  X,X,=1Ig. (50)

We keep the full orthonormalized characteristic span and do not further reduce its dimension.

Any orthogonal rotation inside that span is therefore innocuous. Write
X, =X,U, UU=1I, X, X,=I. (51)

for an orthogonal matrix U. So the column space of X is exactly the same as the col-
umn space of the original ranked-characteristic matrix Z;, and orthonormality is preserved
because

~) ~
X\ X, =U'X,X,U=UU = Ig.
The associated factor returns are
F I
Tipn = XiTe (52)
The fitted return component in the characteristic span is therefore
T = Xurr = Xy Xr (53)

Equation (53) makes the triple role of X, explicit. Its columns are portfolio-weight vectors
because they form the characteristic-managed portfolios whose returns are rf, ;. The same
columns are stock-level factor loadings because they map those factor returns back into stock
space. And because X is just an orthonormal rotation of the original ranked characteristics,
it is also an orthonormal set of asset characteristics.

The accounting identity in the main text,
q;; = a1l +wiy — py,

implies that a weight regression and a holdings regression differ only by the direct price
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term. This is why it is convenient to estimate low-rank structure in portfolio weights and

then translate it back into holdings elasticities.

I.2 Low-Rank Regression Form, Covariance Intuition, and Instru-

ments

For an investor i in group G(7), start from the estimated holdings equation
Qi = Kiy — NG04 Py
and impose the low-rank elasticity restriction
NG = (1= nog@)I + X Tgu X
Using q;; = a1l + w;y — p, gives
w;; = (K'i,t - ai,t]-) + No,g()Pr — Xth(z‘)X;pt-

Absorbing the book-equity term b, into the intercept and writing g, = p, — b, yields the
regression form in (19). Row n loads on the factor shock Xg, according to ], ,I'g;). The
coefficients 1y g;) and I'g;) are common within investor group, while the investor-month
intercepts and the characteristic slopes are investor specific.

The same low-rank logic applies to pass-through. We estimate the date-t valuation gap’s

predictive loading for the realized 12-month return as
Et[Rl(fl—%l)H-lQ] =a+%l+C+ (5(%12)1 + XtI‘g{m)X;) gi-

Equation (21) maps this annual-horizon predictive response into the monthly pass-through
matrix, and ¥, = (I — ©,)/p gives the corresponding monthly price law. The scalar terms
are direct own-stock responses, while the interaction terms are spillovers through the factor
portfolios.

Finally, suppose g, is a valid excluded instrument for g,, in the investor-level panel
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and define

N
Zilt = E T 1t9im,t-
m=1

Because X; and z,,;, are predetermined at date ¢, the interacted terms z,, 2, are valid
instruments for the low-rank spillover regressors whenever the same exclusion restriction

holds after interaction. In moment-condition form, the required conditions are

E[gin,tui,n,t] = 07 E[xn,k,téi,l,tui,n,t] = Oa

E[gn7ty7(:f)] =0, E[mnktglficygf)] =0 for all &, 1.

where the second line uses the stock-level pass-through instrument. So the interaction in-
struments do not create a new identifying assumption; they reuse the base instrument along

additional predetermined directions in characteristic space.

1.3 Instrument, IV Panels, and Shrinkage

The monthly stock panel carries the sticky-mandate IV objects defined in the main text.
On the demand side, estimation proceeds on the investor-stock-month panel, both for the
broad demand system and for the four bias-specific systems. The dependent variable is
log portfolio weight. The exogenous part of the residualization absorbs investor-month ef-
fects and investor-specific characteristic slopes. The endogenous regressors are the valuation
gap gn: and the sixteen low-rank spillover terms z, ;2. The excluded instruments are
the investor-level leave-out-own valuation gap g;,: and the corresponding interacted terms
T ot Zil t-

The pass-through panel uses the realized compounded stock return from ¢ + 1 through
t+12. We require all twelve monthly returns to be present and consecutive rather than filling
gaps. After removing stock and month fixed effects and controlling for date-t book equity,
CAPM beta, ESG greenness, and ROE, the endogenous regressors are again g,, and the
sixteen low-rank spillover terms, and the excluded instruments are the stock-level valuation
gap gn. and its interacted analogues. We then divide the fitted 12-month return-response

block by —12 to express ©, in monthly units, as in (21).
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Our shrinkage step is empirical Bayes. For each unrestricted spillover entry, the posterior

mean 1s

,7_2

Vi = m%

with v; taken from the estimated covariance matrix and 72

chosen by marginal likelihood.
We apply this rule jointly across the broad demand system and the four bias systems on the

demand side, and separately on the pass-through side.

I.4 Common and Granular Components of Top-Tail Bias Tilts

This subsection describes the decomposition reported in Table 22. The object is the
top-tail active tilt within each bias family. For overconfidence, the top tail is the highest
tercile in each wealth decile. For lottery preference, the disposition effect, and extrapolation,
the top tail is the top two quintiles in each wealth decile. Let s index these top-tail sleeves,
let w(s) denote sleeve s’s wealth decile, and let w,, denote sleeve s’s portfolio weights in
month ¢. Let 'w?U}ESL . be the AUM-weighted portfolio of all non-residual household sleeves in

the same wealth decile. The sleeve-level active tilt is

Ast = Wsyt — w?ulzs),t'
By construction, this active tilt compares a top-tail sleeve to households with the same
wealth rank.
For each bias family b and month ¢, stack the sleeve tilts as columns of A’. We take
the first left singular vector of A? denoted uf,, as the common cross-wealth behavioral

direction. The common and granular components of sleeve s are

com __ ,.b b \/ gran __ __com
a; _ul,t(ul,t> Qs ts A1 = Qs — gy .

The PC1 share in Table 22 is the share of || A?||% explained by this first component.
We then ask how much each component matters for prices. Let ws,; be sleeve s’'s AUM

divided by the aggregate market capitalization of the demand-system universe in month ¢.
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The stock-level flow pressures from the common and granular components are
com __ com gran __ gran
Afb,t = E :ws,tas,t ) A bt E :wS,ta’s,t .
S S

Using the price multiplier M, from Proposition 1, the corresponding price responses are
Ap’lf’t = M;A f]lft for k € {com,gran}. Because the two components are orthogonal in
holdings space but not necessarily after AUM weighting and price impact, we report a two-

player Shapley split of the variance of Ap{i™ + Apj™.

Table 22. Common and granular components of top-tail behavioral tilts

PCA of active tilts Demand-system price variance
Bias family Sleeves PC1 share Common EW Granular EW Common VW Granular VW
Overconfidence 10 51.1 21.8 78.2 30.4 69.6
(1.1) (3.4) (3.4) (3.7) (3.7)
Lottery Preference 20 42.1 20.5 79.5 27.0 73.0
(0.8) (1.8) (1.8) (2.0) (2.0)
Disposition Effect 20 34.6 9.9 90.1 12.0 88.0
(0.7) (2.7) (2.7) (3.0) (3.0)
Extrapolation 20 51.9 11.9 88.1 12.8 87.2
(1.5) (4.2) (4.2) (4.3) (4.3)

Notes: The table decomposes the top-tail household behavioral tilt within each bias fam-
ily. For overconfidence, the top tail is the highest tercile in each wealth decile; for the other
bias families, it is the top two quintiles in each wealth decile. Each sleeve’s active tilt is its
portfolio minus the AUM-weighted portfolio of all non-residual household sleeves in the
same wealth decile. The PC1 column reports the time-series average share of equal-sleeve
active-tilt variation explained by the first uncentered principal component. Common and
granular columns AUM-weight the PC1 projection and residual across sleeves, push both
flows through the demand-system inverse, and report the two-player Shapley share of the
resulting equal-weighted or value-weighted price variance. Newey-West standard errors
are in parentheses.

I.5 PCA of Top-Tail Bias Tilts

This subsection describes the diagnostic reported in Figure 5. For each bias family and
month, we form the most-biased household sleeves within each wealth decile. For overconfi-
dence, this gives one sleeve per wealth decile, the highest tercile, so there are 10 sleeves. For
lottery preference, the disposition effect, and extrapolation, this gives two sleeves per wealth
decile, the fourth and fifth quintiles, so there are 20 sleeves.

Let s index these sleeves and let w(s) denote sleeve s’s wealth decile. Let ws; be sleeve

s’s stock portfolio weights in month ¢, and let w};}%s)’t be the AUM-weighted portfolio of all
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non-residual household sleeves in the same wealth decile. We define the sleeve’s active tilt
as

— hh
Qs = W — ww(s)7t.

The benchmark is therefore wealth-specific: each top-tail sleeve is compared to households
with the same wealth rank.

For each bias family b and month ¢, stack these active tilts as columns of

b —
A= lay, - ag,,

where S, = 10 for overconfidence and S, = 20 for the other three bias families. We run an

uncentered singular value decomposition,
A= ULV,

and define the cumulative K-component share as

Z]}'(ﬂ(g?,t)z _ ||Pl;(,tAf||2F
Zfil(aﬁ,t)z HA?H%“ 7

b
Cre.t

where P(;{,t projects onto the first K left singular vectors. Figure 5 plots the time-series
average of C, and the incremental second-component share C3, — C%,. The error bars are
+2 Newey-West standard errors for the monthly series C?, and C3,.

This object is descriptive. It is an equal-sleeve holdings diagnostic, not an AUM-weighted
price-impact decomposition. A high value of C’%t means that a small number of stock-level
tilt directions summarize the top-tail sleeve portfolios well; it does not by itself say how

much those directions matter for equilibrium prices.

J Supporting Data and Auxiliary Diagnostics

This appendix collects supporting descriptives and auxiliary diagnostics that complement

the main exhibits. It reports external anomaly returns, household-classification evidence,
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bias-bin elasticity estimates, and validation tests for the household-level measures.

J.1 Value-Weighted Anomaly Returns

The main anomaly-attribution exercise emphasizes equal-weighted spreads because the
behavioral mechanisms we study are cross-sectional predictions about stocks. Value-weighted
spreads instead ask whether those mechanisms are strong among the largest firms. This is a
useful conservative check, but weak value-weighted spreads do not imply that the underlying
characteristic relation is absent from the cross-section. A value-weighted long—short portfolio
can put substantial mass on a small number of large firms, so its return can reflect large-
firm idiosyncratic variation as much as the broad anomaly mechanism. Recent evidence
on aggregate market portfolios makes a related point: the standard value-weighted public-
market factor contains a large public-firm component that is not compensated by broad
macro risk (Byun et al.; 2026).

Table 23 benchmarks this issue using the official U.S. factor returns from Jensen et al.
(2023) for the 51 distinct anomalies that enter our creator predictions. We use the same
February 2007-December 2016 window as the Norwegian expected-return analysis and av-
erage anomaly returns equally within each JKP family. Across all 51 anomalies, the equal-
weighted portfolio earns 3.61% annually, compared with 1.76% for the capped-value-weighted
portfolio; the corresponding Newey—West t-statistics are 1.99 and 1.23. The equal-weighted
mean is also larger in six of the seven JKP families represented in the creator tests. These
results support equal weighting as the more informative specification for the broad cross-

sectional mechanisms studied in the paper.
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Table 23. U.S. Returns for the JKP Anomalies in the Creator Tests
Equal-weighted  Capped value-weighted

JKP family Anomalies Mean (%) t-stat Mean (%) t-stat
Intangibles 3 3.90 2.26 1.87 1.40
Investment 9 3.80 2.77 2.67 1.58
Momentum 6 2.75 0.84 0.33 0.11
New 6 3.15 0.85 1.49 0.52
Profitability 2 0.67 0.15 0.95 0.51
Trading frictions 12 2.84 0.86 1.74 0.57
Value 13 5.20 2.47 2.03 0.88
All creator anomalies 51 3.61 1.99 1.76 1.23

Notes: The table reports official U.S. monthly factor returns from the Global Factor Data
library of Jensen et al. (2023) for the 51 distinct anomalies that enter the paper’s creator
predictions. The sample runs from February 2007 through December 2016. Within each
month, returns are averaged equally across the anomalies in the indicated JKP family;
the final row averages all 51 anomalies. Means are annualized and reported in percent.
The t-statistics use Newey—West standard errors with three lags. The two columns use the
library’s equal-weighted and capped-value-weighted factor constructions, with each factor
oriented according to its published return direction.

J.2 Household Classification Validation

We combine directly held household accounts with household-controlled private compa-
nies (family offices) in a single household sector. Figure 8 and Table 24 show that the two
invest alike within wealth deciles. Within each decile, direct households and family offices
hold a similar average number of stocks per account, and the cosine similarity between their
average portfolio weights is high: it rises from 0.62 in the lowest wealth decile to about 0.90
in the top deciles, reaching 0.80 by the fourth decile. The two groups resemble each other
most among wealthy households, whose holdings carry the most weight for prices, supporting

their treatment as a single sector.

J.3 Bias-Bin Elasticity Estimates

The following tables report demand estimates separately across the bias bins used in the
counterfactual exercises. They show the direct own-stock term, the factor-spillover block,

and the implied stock-level elasticity summaries for each of the four bias families.
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Figure 8. Mean number of stocks by wealth decile, households vs. family offices.
Time-series average of the cross-sectional mean number of stocks held per account, for direct
households and for holdings traced through privately held companies (family offices), within
each wealth decile (1 = lowest, 10 = highest). Panel (a) forms deciles on total assets;
Panel (b) on inside (domestic) assets.
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Table 24. Cosine Similarity: Direct Households vs. Family Offices
Wealth decile Months Mean  SD Min  Max

D1 171 0.616 0.048 0.487 0.729
D2 171 0.729 0.037 0.632 0.798
D3 171 0.797 0.040 0.689 0.887
D4 171 0.800 0.029 0.716 0.860
D5 171 0.826 0.049 0.708 0.901
D6 171 0.849 0.029 0.764 0.900
D7 171 0.872 0.019 0.823 0.914
D8 171 0.897 0.014 0.859 0.936
D9 171 0.906 0.014 0.875 0.941
D10 171 0.892 0.020 0.843 0.936

Monthly cosine similarity between the average inside-asset portfolio weights of direct households and family
offices within each wealth decile (1 = lowest, 10 = highest).
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Panel A: Bias-bin coefficient summaries

Statistic T1 T2 T3
70,6 -0.050 -0.091 0.081
(0.058) (0.057) (0.050)
' 0.106 0.084 0.118
(0.029) (0.029) (0.029)
I'y9 0.028 -0.010 0.075
(0.031) (0.031) (0.031)
I's3 0.001  0.006 0.050
(0.029) (0.030) (0.031)
| P 0.096  0.085 0.107
(0.015) (0.014) (0.017)
Avg Off 0.002 0.006 0.000
(0.010) (0.010) (0.010)
Min Off -0.155 -0.148 -0.139
(0.031) (0.030) (0.031)
Max Off 0.154 0.142 0.163
(0.030) (0.030) (0.030)

Panel B: Implied stock-level elasticity averages
Statistic T1 T2 T3
Avg diag(n%fg) 1.0523 1.0921 0.9223

(0.0577) (0.0566) (0.0495)
Avg off—diag(ng),g) -0.000017 -0.000012 -0.000026
(0.000005) (0.000005) (0.000005)

Table 25. Bias-bin elasticity summaries for Overconfidence. Each column reports the equal-
weight average across household groups in the indicated reported bias bin. Panel A reports

the direct own-stock term and spillover-matrix summaries.
stock-level average diagonal and average off-diagonal entries of n
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Panel B reports the implied

tot

Standard errors are
reported below the estimates. For the min/max rows, the standard error corresponds to the
reported extremum within each household group before bin averaging.



Panel A: Bias-bin coefficient summaries

Statistic Q1 Q2 Q3 Q4 Q5

0.6 -0.655 -0.322  0.029 0.338 0.414
(0.082) (0.075) (0.060) (0.043) (0.039)
Iy 0.041  0.057 0.093 0.087 -0.081
(0.014) (0.018) (0.020) (0.024) (0.027)
Ty 0.023 0.041 0.055 0.034 -0.022
(0.016) (0.017) (0.016) (0.016) (0.022)
Ty -0.058 -0.029 -0.004 0.045 0.123
(0.018) (0.023) (0.028) (0.030) (0.030)
I 0.016 0.048 0.071 0.085 0.033

(0.008) (0.010) (0.012) (0.014) (0.016)

Avg Off -0.005 -0.004 0.007 0.017 -0.002
(0.005) (0.006) (0.006) (0.008) (0.007)
Min Off -0.081 -0.110 -0.071 -0.082 -0.144
(0.014) (0.019) (0.020) (0.020) (0.027)

Max Off  0.083 0.094 0.098 0.140 0.112
(0.021) (0.020) (0.022) (0.027) (0.025)

Panel B: Implied stock-level elasticity averages
Statistic Q1 Q2 Q3 Q4 Q5

Avg diag(nist) 1.6554 1.3220 09728  0.6638  0.5868
’ (0.0818)  (0.0745)  (0.0597)  (0.0425)  (0.0387)

Avg off-diag(n(st) -0.000002 -0.000009 -0.000016 -0.000019 -0.000004
" (0.000002) (0.000003) (0.000003) (0.000003) (0.000004)

Table 26. Bias-bin elasticity summaries for Lottery Preference. Each column reports the
equal-weight average across household groups in the indicated reported bias bin. Panel A
reports the direct own-stock term and spillover-matrix summaries. Panel B reports the
implied stock-level average diagonal and average off-diagonal entries of ntgog Standard errors
are reported below the estimates. For the min/max rows, the standard error corresponds to

the reported extremum within each household group before bin averaging.
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Panel A: Bias-bin coefficient summaries

Statistic Q1 Q2 Q3 Q4 Q5

0.6 0.110 -0.243 -0.275 -0.194  0.330
(0.051) (0.067) (0.065) (0.060) (0.045)
Iy 0.095 0.094 0.083 0.107 0.128
(0.028) (0.025) (0.025) (0.026) (0.031)
Ty 0.068 0.021 0.003 0.020 0.144
(0.029) (0.024) (0.023) (0.026) (0.031)
Ty 0.003 -0.046 -0.054 -0.047 0.117
(0.032) (0.027) (0.027) (0.029) (0.033)
T4 0.083 0.055 0.062 0.075 0.117

(0.017) (0.013) (0.012) (0.014) (0.019)

Avg Off  0.019 0.018 0.011 0.013 -0.002
(0.010) (0.009) (0.009) (0.009) (0.009)
Min Off -0.098 -0.093 -0.116 -0.124 -0.190
(0.029) (0.021) (0.026) (0.027) (0.032)

Max Off 0.146  0.120 0.118 0.140  0.192
(0.029) (0.026) (0.029) (0.028) (0.031)

Panel B: Implied stock-level elasticity averages
Statistic Q1 Q2 Q3 Q4 Q5

Avg diag(nist) 0.8918 1.2437 1.2760 1.1950  0.6740
’ (0.0511)  (0.0663)  (0.0651)  (0.0600)  (0.0451)

Avg off-diag(niyt)  -0.000018 -0.000009 -0.000007 -0.000011 -0.000038
" (0.000005) (0.000004) (0.000004) (0.000004) (0.000005)

Table 27. Bias-bin elasticity summaries for Disposition Effect. Each column reports the
equal-weight average across household groups in the indicated reported bias bin. Panel A
reports the direct own-stock term and spillover-matrix summaries. Panel B reports the
implied stock-level average diagonal and average off-diagonal entries of ntgog Standard errors
are reported below the estimates. For the min/max rows, the standard error corresponds to

the reported extremum within each household group before bin averaging.
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Panel A: Bias-bin coefficient summaries

Statistic Q1 Q2 Q3 Q4 Q5
10,6 0.483 0.495 0434 0.491 0.601
(0.043) (0.044) (0.047) (0.049) (0.049)
'y 0.062 0.093 0.105 0.082 0.019
(0.025) (0.028) (0.027) (0.027) (0.022)
Ty 0.085 0.132 0.124 0.073  0.040
(0.026) (0.023) (0.023) (0.025) (0.022)
I'33 0.141 0.089 -0.026 0.005 0.007
(0.032) (0.032) (0.031) (0.032) (0.030)
Ty 0.086 0.107 0.089 0.070 0.027
(0.016) (0.018) (0.015) (0.016) (0.017)
Avg Off 0.002 -0.014 -0.016 -0.020 0.002
(0.009) (0.009) (0.008) (0.007) (0.008)
Min Off -0.135 -0.132 -0.150 -0.123 -0.120
(0.028) (0.030) (0.030) (0.029) (0.026)
Max Off 0.125 0.113 0.120 0.109 0.122
(0.027) (0.027) (0.028) (0.025) (0.029)

Panel B: Implied stock-level elasticity averages

Statistic Q1 Q2 Q3 Q4 Q5
Avg diag(nfg‘fg) 0.5198 0.5083 0.5682 0.5107 0.3995

(0.0433)  (0.0433) (0.0472) (0.0491)  (0.0484)
Avg off—diag(ntgfg) -0.000028 -0.000031 -0.000022 -0.000017 -0.000007

(0.000004) (0.000004) (0.000004) (0.000004) (0.000004)

Table 28. Bias-bin elasticity summaries for extrapolation. Each column reports the equal-
weight average across household groups in the indicated reported bias bin. Panel A reports
Panel B reports the implied

the direct own-stock term and spillover-matrix summaries.
stock-level average diagonal and average off-diagonal entries of ng;.

tot

reported extremum within each household group before bin averaging.
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J.4 Bias-Measure Validation

A possible concern with how we measure behavioral tilts is that the sorts pick up some-
thing else. For example, households that load on the lottery, overconfidence, disposition, or
extrapolation measures could potentially reflect investment skill or tax motivations. In what
follows, we present several tests for the three measures whose household-level assignments
are available. We measure the relevant gradient within a wealth decile and therefore hold

wealth fixed.

J.4.1 Investment skill or bias?

One alternative explanation is that our measures capture investment skill rather than
bias. Under this interpretation, the households we classify as most biased should outper-
form those we classify as least biased. For example, investors with high turnover or active
share may be trading on private information. We test this hypothesis by forming a return
spread between the most and least biased households. For each group, we use the actual
stock holdings at month ¢ and the subsequent stock returns from ¢ to ¢t + 1. Within each
wealth-decile-by-bias-bin cell, we value-weight household portfolio returns by assets under
management. We then compute the return of the top bias bin minus that of the bottom
bias bin within each wealth decile and month. Finally, we average these ten decile-specific
spreads into a single monthly series and annualize the mean by multiplying by 12.

Table 29 reports the results. For the three measures that can be evaluated with the
available household assignments, the most-biased minus least-biased return spread is nega-
tive: —2.34% per year for the disposition effect (t = —2.6), —6.54% for lottery preference,
and —0.27% for overconfidence. The portfolio-level extrapolation archive does not retain the

household returns needed for this test.
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Table 29. Performance gradient: most- minus least-biased households, within wealth decile

Bias Ann. active-return spread NW ¢
Overconfidence -0.27% -0.53
Lottery Preference -6.54% -1.35
Disposition Effect -2.34% -2.58

Annualized difference in monthly portfolio return between the most- and least-biased bins, formed within

each wealth decile and averaged across the ten deciles. Negative values mean that more-biased households

earn lower returns than equally wealthy, less-biased households. The second column reports Newey—West

t-statistics. Extrapolation is omitted because its available aggregate panels do not contain household-level
returns or assignments.

J.4.2 Tax optimization or bias?

Overconfidence is measured by turnover, which raises the possibility that the high-
turnover group sells for year-end tax reasons rather than because of overconfidence. To
examine this possibility, we trace how the most overconfident households trade across the
calendar year and compare the pattern against signatures of tax-loss selling. As in the main
text, we sort households into overconfidence terciles each month and study the top tercile,
whose turnover drives the measure. For every position held in the prior month, we record a
sale when its share count falls, and we classify the stock as a winner or a loser by its price
change over that month.

Our key assumption is that tax-loss harvesting shows up in the data via sales that con-
centrate in December and fall on losers. The reason is that only realized losses reduce the
year’s tax bill. In contrast, “true” overconfidence has no calendar pattern. We therefore
report three statistics for the top tercile. First, we regress each household’s monthly sell rate
on a December indicator with year fixed effects. Tax-motivated selling implies a large pos-
itive December coefficient, while overconfidence implies a coefficient near zero. Second, we
compute the loser share of sales in each calendar month—the fraction of sold positions whose
price fell over the prior month; tax-loss harvesting implies a December peak in this share.
Third, we measure the proportion of gains realized (PGR), the number of winning positions
sold divided by the number of winning positions held, and the proportion of losses realized
(PLR), the number of losing positions sold divided by the number of losing positions held.
Tax-loss selling pushes PLR above PGR toward year-end, whereas overconfidence, which

carries no calendar pattern, leaves PGR at or above PLR.
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Table 30 reports the first measure—the December coefficient from the sell-rate regression,
by tercile. Figure 9 presents the seasonality behind all three. Panel (a) plots the monthly
sell rate for the three terciles, the series underlying the regression; panel (b) plots the loser

share of sales, PGR, and PLR for the top tercile across calendar months.

Table 30. December selling by overconfidence tercile

Tercile Non-Dec. mean December coef. (SE) t

T1 (low) 0.0135 0.0011 (0.0001) 13.38
T2 0.0136 0.0011 (0.0001) 13.60
T3 (top) 0.0413 0.0020 (0.0001) 18.14

Household-month sell rate regressed on a December indicator with year fixed effects, standard errors
clustered by household.

The table confirms that the sort isolates high-turnover households: the top tercile’s
baseline monthly sell rate, 0.041, is roughly three times that of the two lower terciles, 0.014.
Yet its December coefficient is only 0.002, a rise of about 5% over its non-December rate, and,
in proportional terms, no larger than the December increase in the low-turnover terciles (8%).
The coefficient is statistically significant, but its magnitude is negligible. Tax-motivated
selling would concentrate a December surge in exactly this high-turnover group, and we find
none.

The figure sharpens the point. In panel (a), the top tercile sells more than the other
terciles in every month, but its sell rate is flat across the calendar, with December sitting
inside the normal monthly range rather than above it. Panel (b) shows the direction of those
sales. For the top tercile, the loser share of sales is lowest in December, at 0.32, the lowest
of any month, and the proportion of gains realized exceeds the proportion of losses realized
in every month, including December. Year-end sales by the most overconfident households
skew toward winners, not losers—the reverse of tax-loss harvesting. Overall, we conclude

that the turnover measure is not due to tax timing.

J.4.3 Real constraints or bias?

A household holding essentially one stock, a founder or employer position, could score
high on the volatility- and skewness-related measures without any behavioral tilt. A single

undiversified position inherits the volatility and skewness of that one stock, so an investor
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Figure 9. December selling and the tax-timing placebo. December is shaded.
Panel (a): mean household-month sell rate by calendar month for the three overconfidence
terciles; the top tercile (T3) trades far more, but its December rate is not elevated relative
to other months. Panel (b): for the top tercile, the loser share of sales, the proportion of
gains realized (PGR), and the proportion of losses realized (PLR), by calendar month.
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who fails to diversify can look like someone chasing lottery-like or high-variance payoffs. We
test this by comparing portfolio concentration across bias bins within each wealth decile,
using three measures: the largest weight on a particular stock in the household’s portfolio (if
the household has one stock, this would be 100%), the Herfindahl index of the household’s
portfolio weights, and the number of stocks it holds. If concentrated single positions, driven
by a constraint unrelated to behavioral biases, drive the sorts, the most biased bins should
be the most concentrated. Under the behavioral alternative, concentration is flat across bias
bins, because the tilt reflects which stocks households hold rather than how many.

Table 31 matches the behavioral hypothesis for overconfidence, lottery preference, and
the disposition effect. The weight in the single largest holding is flat or declining across
their bias bins. For lottery preference, for example, it falls from 0.93 in the least-biased
bin to 0.86 in the most-biased. The Herfindahl index and stock count tell the same story.
Extrapolation is not included because the portfolio-level archive does not retain individual

household positions.

Table 31. Portfolio concentration by bias bin

Bias Bin 1 (low) 2 3 4 5 (high)
Panel A: Weight in Single Largest Holding

Overconfidence 0.877 0.876 0.834

Lottery Preference 0.934 0.862 0.820 0.817  0.860
Disposition Effect 0.839 0.891 0.889 0.850 0.824
Panel B: Herfindahl Index

Overconfidence 0.844 0.843 0.795

Lottery Preference 0.913 0.826 0.779 0.773  0.821
Disposition Effect 0.800 0.860 0.858 0.813 0.781
Panel C: Number of Stocks

Overconfidence 1.85 1.86  2.36

Lottery Preference 1.49 1.99 237 242 1.97
Disposition Effect 2.25 1.69 1.73 233 2.32

Portfolio concentration by bias bin, from inside (directly held) stock positions. Panel A reports the weight
in each household’s single largest holding, Panel B the Herfindahl index across its holdings, and Panel C
the number of stocks held. Each cell is the time-series mean of the cross-sectional average within the bias

bin. Overconfidence has three bins; lottery preference and the disposition effect have five. Extrapolation is

omitted because its available aggregate panels do not retain individual household portfolios.
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K Kernel-Similarity Robustness

The low-rank spillover block in (16) implies that the off-diagonal elasticity between stocks
n and m is

ngi(n,m) =, L@, n#m. (54)

That structure is tractable, but it makes substitution monotone in characteristic levels rather
than local in characteristic distance. For example, suppose we are considering bonds, and
there is only one asset characteristic: the duration of the bond. To see the concern, suppose,
for example, that I'g i, > 0. Holding asset n fixed and suppose asset n is a 4-year duration
bond. A 20-year bond can then look more substitutable than a 6-year bond simply because
its duration score is larger, not because it is closer to a 4-year bond. In this appendix, we ask
whether the three headline results survive when we replace that monotone spillover block
with a similarity-based kernel specification.

For each month ¢, let r,,, € [-0.5,0.5] denote the raw rank-transformed value of char-
acteristic k € {Book, Beta, ESG, ROE} for stock n. We construct the Gaussian similarity

kernel

Kua(n,m) = ¢(M) Kl =0, (55)

Okt

)

where oy, is the cross-sectional standard deviation of the ranked characteristic and ¢(-) is

the standard normal density. Define the corresponding kernel price index by

yk,n,t = Z Kk‘,t(nv m) gm,t~ (56)

m#n

We then replace (19) and (20) with

4 4

Wit = Qg + Z T ket Brsi + nléfgr(i)gn,t + Z Géiﬁ),kyk,n,t + Uiyt (57)
k=1 k=1
4 4
Rfll,?)—ﬂf-i-l? = Qp + Y+ Z Tkt Ok + 51(%1,%)7kergn,t + Z ﬂg,i)’keryk,n,t + Vr(:f)- (58)
k=1 k=1
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Thus the kernel elasticity and pass-through objects are

4 4
M= ()] - YO, W T E Y KL, ()
k=1 k=1
and the expected-return pass-through matrix is again ©5" = I —pW" As in the main speci-
fication, we obtain its monthly coefficients from g5 = (12 VT /19 and g} = —ﬂgig’ker /12,
then recover the displayed \Ili‘er. On the demand side, the own-price and kernel coefficients
are still pooled within investor group exactly as in the main specification. The investor-level
instrument for g, + remains the leave-out-own Koijen—Yogo instrument, and each kernel price
index is instrumented with the corresponding kernel-weighted instrument. Standard errors
in Table 32 are clustered by stock and month. Table 33 reports the baseline rows together
with the corresponding kernel rows, and Figure 10 compares the creator-prediction averages
under the two systems.

Table 32 summarizes the resulting kernel demand and pass-through systems. The house-
hold own-price coefficient is —0.181, implying an average diagonal total elasticity of 1.181,
while the average off-diagonal elasticity is 0.0619. On the pass-through side, the 12-month
return specification delivers a monthly own pass-through coefficient of 0.008 (standard error
0.004), with an average off-diagonal component of 0.0001 in @fer. Thus the kernel system
keeps cross-stock substitution concentrated among nearby stocks in characteristic space and
retains positive own-price pass-through.

Table 33 shows that the broad household variance result remains close to the main spec-
ification on the common February 2007-December 2016 sample. Under the R? Shapley de-
composition, households account for 31.7% of equal-weighted cross-sectional return variance
in the baseline and 31.4% in the kernel specification; in value-weighted terms the correspond-
ing figures are 21.6% and 20.4%. Under the Standalone decomposition, the equal-weighted
household share moves from 33.3% to 35.3%, while the value-weighted share moves from
19.1% to 22.8%. Within households, extrapolation’s top-tail share is also stable, moving
from 46.7% to 46.0% EW and from 48.0% to 48.2% VW.

Figure 10 shows positive creator-prediction averages for overconfidence, lottery prefer-

ence, and the disposition effect under the panel-kernel system. Lottery preference remains
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Panel A:

Broad-group kernel demand system

Group

Bog Avg diag(ng:) Avg off-diag(ng+)

Households
Institutions
Governments
Listed firms
Foreign
Other

Non-listed firms

-0.181
(0.177)
-0.042
(0.360)
-1.526
(0.953)
0.933
(0.309)
0.612
(0.171)
0.573
(0.251)
0.650
(0.178)

1.181
(0.177)
1.042
(0.360)
2.526
(0.953)
0.067
(0.309)
0.388
(0.171)
0.427
(0.251)
0.350
(0.178)

0.06188
(0.02055)
0.04302
(0.02503)
0.12151
(0.08736)
0.02480
(0.03652)
0.02632
(0.01710)
0.00419
(0.03095)

0.02143
(0.02201)

Panel B: Kernel pass-through system

Matrix ~ Own Avg off-diag
v, 0.995 -0.0001
(0.004) (0.0004)
Oy 0.008 0.0001
(0.004) (0.0004)

Table 32. Panel-kernel demand and pass-through summaries. Panel A reports the broad-
group own-price coefficient and the implied average diagonal and average off-diagonal entries
of the elasticity matrix. Panel B reports the corresponding own and average off-diagonal
terms for the pass-through matrix and the implied one-step expected-return pass-through

matrix. Standard errors are reported below the estimates.
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Panel A: Household variance share

Specification R? Shapley EW R? Shapley VW Standalone EW Standalone VW

Baseline 31.7 21.6 33.3 19.1

(2.7) (2.3) (4.1) (2.9)

Kernel 314 20.4 35.3 22.8

(1.6) (1.3) (1.8) (1.4)

Panel B: Concentration in the most-biased sleeves

Bias family / spec R? Shapley EW R? Shapley VW Standalone EW Standalone VW
Overconfidence: Baseline 69.9 65.8 75.9 82.2
(4.4) (2.9) (4.1) (0.9)
Overconfidence: Kernel 73.6 70.6 79.6 82.4
(2.1) (2.2) (2.3) (2.7)
Lottery Preference: Baseline 89.8 70.8 86.4 69.6
(2.9) (5.0) (3.2) (0.8)
Lottery Preference: Kernel 88.9 67.3 87.3 69.2
(0.5) (1.3) (0.5) (1.1)
Disposition Effect: Baseline 61.2 49.5 62.3 54.7
(7.2) (4.7) (7.2) (0.6)
Disposition Effect: Kernel 61.0 46.6 61.8 48.8
(1.2) (2.2) (1.6) (2.9)
Extrapolation: Baseline 46.7 48.0 46.9 43.2
(6.8) (5.4) (7.0) (0.6)
Extrapolation: Kernel 46.0 48.2 46.4 49.7
(4.3) (3.5) (4.5) (3.9)

Table 33. Variance-share robustness under the panel-kernel specification. Panel A reports
the household share of cross-sectional return variance in the broad decomposition. Panel
B reports the same concentration object as Table 9: the top tercile for overconfidence and
the top two quintiles for the other bias families. Fach panel reports the baseline and panel-
kernel estimates on the common February 2007-December 2016 sample for the R? Shapley
and Standalone decompositions. Standard errors are reported below the estimates.
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Figure 10. Average creator contribution, baseline versus panel-kernel robustness.
Each bar averages the equal-weighted contribution across the creator predictions for that
behavioral tilt, reported on the common 20% AUM scale. The panel-kernel specification
makes cross-stock substitution depend on local similarity in characteristic space. Error bars
report 95% confidence intervals, using 5,000 common joint draws for the baseline and Newey—
West standard errors from the monthly panel-kernel series.

the largest contribution. The extrapolation estimate is -31.1 annualized basis points.
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L Cross-Sectional IV Robustness

The Koijen—Yogo instrument was originally designed for cross-sectional IV estimation,
while we use it in the main analysis within a panel-IV demand system. A natural concern is
therefore that the identifying restriction may be easier to defend when demand estimation
is carried out month by month. At the same time, the low-rank factor spillover specification
from Section 3.4 cannot be estimated cross section by cross section, because within a given
month the interacted spillover regressors collapse into linear combinations of the stock char-
acteristics as discussed by Haddad et al. (2025). We therefore re-estimate demand month
by month under the kernel-similarity specification from Appendix K, and then average the
monthly coefficients over time in the spirit of Fama—MacBeth. Pass-through is inherently
a resolution-horizon object, so a separate 12-month coefficient cannot be identified from
a single cross section. We pair the monthly demand estimates with the pooled 12-month
panel-kernel pass-through estimate from Appendix K; this exercise consequently isolates the
effect of estimating demand in monthly cross sections.

Fix either the broad investor-group system or one of the bias-specific systems, and let
G, denote the groups in that system. In the bias-specific cross-sectional systems, we pool
households within the reported bias bins and keep the nonhousehold groups unchanged, so
the monthly systems line up with the concentration and reallocation objects that we report

in the main text. For each month ¢, we estimate

4

4
Wit = Q¢+ Z Tt Bi + Z i € g}B0% 1 9nt + Z O Y nt + Uin, (60)
k=1 9€0s k=1

where 7,5 € [—0.5,0.5] is the ranked stock characteristic from (55), ygn,. is the kernel
price index from (56), and the common kernel block (67, ...,0f) is pooled within the
monthly system. The group-specific own-price terms are still identified from the interacted
leave-out-own Koijen—Yogo instrument, and each kernel price index is instrumented with the

corresponding kernel-weighted instrument.
Let 0}, denote the estimated variance of the monthly kernel demand coefficient. As in

Appendix 1.3, we leave the group-specific own-price terms unshrunk and apply empirical
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Bayes only to the four demand spillover coefficients:

Cs 2
~ T,
0 —(ch)”l 0 (61)
n

We choose (T,‘f’)2 jointly across the broad demand system and the four bias-specific demand
systems by marginal likelihood, exactly as in the main specification. We then average the

monthly demand coefficients over time:

7 e =g (62)
t

The resulting elasticity and pass-through objects are

g7t

4
ntot,os o 1 . 6 I Z szt7 \Ilgs _ \Ili(er7 @gs _ @i(er7 (63)
k=1

So this robustness keeps the local-similarity spillover structure from Appendix K, imposes the
demand-side IV restriction only within monthly cross sections, and uses the same empirical-
Bayes logic as the main specification to discount noisy monthly demand estimates before
forming the time-averaged system. It holds the pooled kernel pass-through system fixed.

Table 34 summarizes the resulting cross-sectional-kernel demand coefficients and the
pooled kernel pass-through used with them. The household own-price coefficient is —0.008,
implying an average diagonal total elasticity of 1.008. After month-level empirical-Bayes
shrinkage, the average off-diagonal entry of the broad-group elasticity matrix is 0.00675.
Panel B repeats the pooled 12-month panel-kernel pass-through estimate, with a monthly
own coefficient of 0.008, because the cross-sectional exercise varies demand estimation rather
than the return-resolution horizon.

Table 35 compares the common-sample baseline with the cross-sectional-kernel analogue.
Households account for 33.3% of equal-weighted variance and 23.6% of value-weighted vari-
ance under the R? Shapley decomposition, compared with 31.7% and 21.6% in the baseline.
Under the Standalone decomposition, the corresponding shares are 33.2% and 20.7%. For
extrapolation, the top-tail R? Shapley shares are 43.7% EW and 46.7% VW, close to the
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Panel A: Broad-group cross-sectional-kernel demand system

Group Bog Avg diag(ng:) Avg off-diag(ng,:)
Households -0.008 1.008 0.00675
(0.192) (0.192) (0.00173)
Institutions 0.394 0.606 0.00675
(0.302) (0.302) (0.00173)
Governments -1.396 2.396 0.00675
(0.211) (0.211) (0.00173)
Listed firms 0.941 0.059 0.00675
(0.206) (0.206) (0.00173)
Foreign 0.822 0.178 0.00675
(0.222) (0.222) (0.00173)
Other 0.652 0.348 0.00675
(0.200) (0.200) (0.00173)
Non-listed firms  0.754 0.246 0.00675
(0.195) (0.195) (0.00173)

Panel B: Cross-sectional-kernel pass-through system

Matrix  Own Avg off-diag
U, 0.995 -0.00005
(0.004) (0.00037)
Oy 0.008 0.00005
(0.004) (0.00037)

Table 34. Cross-sectional-kernel demand and pass-through summaries. Each month, the
demand equation is estimated in the cross section; its kernel spillover coefficients are shrunk
with month-level empirical Bayes and then averaged over time, while the own-price terms
are left unshrunk. Because resolving returns require a time-series horizon, this demand
robustness uses the pooled panel-kernel pass-through estimate from Appendix K, based on
realized compounded 12-month returns and expressed in monthly units. Panel A reports
the broad-group own-price coefficient and the implied elasticity summaries. Panel B reports
the pooled kernel price-law and expected-return pass-through matrices. Demand standard
errors are Newey—West; pass-through standard errors are two-way clustered by stock and

month.
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Panel A: Household variance share

Specification R? Shapley EW R? Shapley VW Standalone EW Standalone VW

Baseline 31.7 21.6 33.3 19.1
(2.7) (2.3) (4.1) (2.9)
CS kernel 33.3 23.6 33.2 20.7
(8.3) (4.7) (11.0) (8.9)

Panel B: Concentration in the most-biased sleeves

R? Shapley EW R? Shapley VW Standalone EW Standalone VW

Bias family / spec

Overconfidence: Baseline 69.9 65.8 75.9 82.2
(4.4) (2.9) (4.1) (0.9)

Overconfidence: CS kernel 47.0 42.5 60.8 61.5
(10.9) (10.2) (26.5) (26.6)

Lottery Preference: Baseline 89.8 70.8 86.4 69.6
(2.9) (5.0) (3.2) (0.8)

Lottery Preference: CS kernel 46.4 49.6 82.6 69.4
(11.2) (11.6) (16.7) (19.1)

Disposition Effect: Baseline 61.2 49.5 62.3 54.7
(7.2) (4.7) (7.2) (0.6)

Disposition Effect: CS kernel 62.4 60.8 59.0 54.4
(16.2) (15.4) (25.5) (24.3)

Extrapolation: Baseline 46.7 48.0 46.9 43.2
(6.8) (5.4) (7.0) (0.6)

Extrapolation: CS kernel 43.7 46.7 41.0 47.4
(12.4) (12.0) (21.0) (19.7)

Table 35. Variance-share robustness under the cross-sectional-kernel demand specification.
Each month, demand is estimated in the cross section, the monthly demand spillover coef-
ficients are shrunk with empirical Bayes, and the resulting demand system is then averaged
over time. Panel A reports the household share of cross-sectional return variance in the broad
decomposition. Panel B reports the same concentration object as Table 9: the top tercile for
overconfidence and the top two quintiles for the other bias families. Each panel reports the
baseline and cross-sectional-kernel estimates on the common February 2007-December 2016
sample for the R? Shapley and Standalone decompositions. Standard errors are reported
below the estimates.
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Figure 11. Average creator contribution, baseline versus cross-sectional-kernel
robustness. Each bar averages the equal-weighted contribution across the creator predic-
tions for that behavioral tilt, reported on the common 20% AUM scale. The cross-sectional-
kernel system estimates demand month by month and combines the time-averaged demand
coefficients with the panel-kernel pass-through estimate. Error bars report 95% confidence
intervals, using 5,000 common joint draws for the baseline and Newey—West standard errors
from the monthly cross-sectional-kernel series.

Figure 11 shows positive creator-prediction averages for all four behavioral tilts. The
estimates are 80.6, 367.4, 54.5, and 85.2 annualized basis points for overconfidence, lottery

preference, the disposition effect, and extrapolation, respectively.

M Elasticity and Pass-Through Diagnostics

As Davis et al. (2026) emphasizes, the total elasticity is made up of sensitivity to expected
returns and risk effects. In the main analysis, we use the total elasticity, but it is also
reasonable that the relevant counterfactual could involve different pass-through dynamics
or endogenous risk effects perceived by investors. In this appendix, we show that the main
results are robust to variation in those objects. We first recover the structural objects,
namely the sensitivities to expected returns and risk effects. We then use those objects in

counterfactuals to show that the main results are robust to variation in the pass-through
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and risk responses. For a longer discussion of this type of exercise, see Davis et al. (2026).

M.1 Recovery Setup
Start from our structural demand system in (46). For investor 4, this is

4
q;; = aigl+q; + Cigpy — Z D; 1By 1V — E;07 + & (64)

k=1
Combining this with the expected-return and risk mappings in (11) and (47) gives the total-

elasticity object
4

nS =CiOi+ Y DB+ By (65)

k=1

The recovery keeps this notation but does not attempt to identify the raw stock-by-stock
objects C,¢, D; ., and E;, separately. Instead, it decomposes the expected-return, factor-
risk, and idiosyncratic-risk channels in (65) into a grouped low-rank component plus latent
terms that allow subjective beliefs about returns and risk to have richer stock-level structure.
Here N, is the number of stocks in month ¢, X; € RM*4 is the orthonormal characteristic

basis from Section 3.4, G(i) denotes investor i’s broad group, and
O =0,I,+Te (66)

is the factor-space pass-through matrix associated with ©,. We also impose the same low-
rank factor representation used above, 3, = X, together with the restricted risk-pass-
through laws

Iy =G"X,,  T{=n,1Iy,. (67)

For each broad group G, we write these three channels as

~C
Cg,t(-)t = afc’,g@t + XtHggFXQ + Uth, (68)
4
~D
> DgiByvie = X:DgGY X+ Uy, (69)
k=1
9 ~F
Eg,tat = eg/VUINt + Ug7t7 (70)
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~C ~D ~E
where Hg is symmetric, Dg = diag(d g, . . .,dsg), and the latent terms Ug ,, Ug,, and U,
capture higher-dimensional expected-return and risk beliefs that are not summarized by the

grouped low-rank component. Let
- ~C  ~D ~E
Ugi=Ug, —Ug, —Ug,. (71)

We then decompose this combined latent term into its low-rank projection and orthogonal
remainder,

Ug: = uogIn, + X UgX; +Ug,, (72)

with orthogonality conditions
tr(Ug,) =0, XU, X,=0. (73)

So the next subsection estimates the risk mappings and then recovers the low-rank coefficients

(acg,Hg,Dg,eg,upg,Ug) group by group.

M.2 Recovery of Expected-Return and Risk Components

We first estimate the risk mappings in (67). For each factor-variance coordinate m =
1,...,4, let mvary, 1 denote the realized variance of factor return m over month ¢ + 1,
constructed as the sum of squared daily IPCA factor returns over that month. We then run
the monthly IV projection

4
1%
MUAT 441 = Ol + E Gomp 2ot T U t41, (74)

b=1
where «,, is an equation-specific intercept, z; = Xg, collects the month-t factor-portfolio
valuation gaps, with g, = p, — b; as defined earlier, and 2, = Xg, is the IV fitted coun-
terpart constructed from the instrumented valuation-gap vector g, used in the pass-through

estimation. Stacking the four equations yields GV. Second, we use the following return-based
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idiosyncratic-risk regression to get 4,:
log R ;iiil =a, +0; + YoTnt + UZ,M, (75)

where RV,ifitif;l is stock n’s realized idiosyncratic variance over month ¢+ 1, 7, ; is its month-¢
return, af is a stock fixed effect, and 7 is a month fixed effect. This gives 4, ~ —0.17.

Table 36 reports the factor-risk first stage.

Response PC1 gap PC2 gap PC3 gap PC4 gap

PC1 0.0143  -0.0162 -0.0171  -0.0160
(0.1398)  (0.1070) (0.0617) (0.0890)
PC2 0.0009 -0.0029 -0.0131  0.0130
(0.0813) (0.1730) (0.1006) (0.0779)
PC3 -0.0061  -0.0089  -0.0051  -0.0059
(0.0360)  (0.1119)  (0.0609)  (0.0425)
PC4 -0.0055 -0.0046  -0.0002  -0.0024

(0.0330)  (0.0194) (0.0128) (0.0125)

Table 36. Next-month factor-variance pass-through estimates used in the structural recov-
ery. Each row reports the IV projection of a next-month factor-variance coordinate on the
current factor-valuation gaps. The standard errors come from the 12-month moving-block
bootstrap used in the recovery exercise.

We then combine these risk estimates with the baseline pass-through matrix from Table 7.
Let
~F ~ ~
® = 6014 + F@ (76)

denote the estimated factor-space pass-through matrix from the main specification in Table 7,
and let
75 = (1~ g) L + T (77)

denote the factor-space total elasticity implied by the broad-group estimate in Table 6. Here
6, is the estimated own-stock pass-through coefficient, [o is the estimated 4 x 4 factor-
spillover matrix from Table 7, 1)y ¢ is the group’s estimated own-stock total-elasticity coeffi-
cient, and fg is the group’s estimated factor-spillover matrix from Table 6. Define the own

total-elasticity coefficient

bog =1 —1og, (78)
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and write the unknown structural coefficient vector as

ac,g
hg
¢g = ) (79)
dg
€g
where hg stacks the 10 unique entries of the symmetric matrix Hg and dg = (d1 g, ..., dsg)’

Substituting (68)—(72) into (65) and using the estimated mappings gives
~ F ~
ngy = acg®+ X Hg® X;— X DgG" X, —eg¥,In, + uggly, + X, Ug X, + Ué,u (80)

This is the stock-level total elasticity counterpart for equation (80). If we take the trace of
(80) we get:

bog = Ooac,g — Aoeg + Uog, (81)

If we pre-multiply (80) by X} and post-multiply by X ¢, we get the factor-space projection:
o o A F o
Fg = CLagF@ + Hg@ — DgGV + Ug, (82)

Note that Ué’t drops out of both equations given our assumptions above. These two equa-
tions serve as the key equations we use to identify the expected return and risk components
sensitivity parameters in demand.

Let My map hg into vec(Hg) and let Mp map dg into vec(Dyg). Vectorizing (82) gives

A ~

vec(I'}) = vec(T'e) acg + ((@F)/ ® 1) Myhg — ((GY) ® I,)Mpdg + vec(Ug).  (83)
Stack the total-elasticity target and residual as

| bog Uo,g
Yg = N ’ Ug
vec(I'g) vec(Ug)

(84)
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so the stacked recovery system is

yg = Mg + ug, (85)

with design matrix

~

M= ‘90 0 0 _/3/0

- ; (86)
vec(l'e) ((OF)Y @ I)My —(GVY®@I)Mp 0

We interpret this recovery as a projection of the estimated total elasticity onto the restricted
structural class spanned by (acg, Hg, Dg, eg), with the leftover absorbed by (ug,Ug). We

then estimate ¢g by ridge minimum distance,

;

(yg — M¢)Wq(yg — M¢)

b 2
+ Aa‘]a,g (aC’,g - g’g)
to

+ )\Hh/gQH,ghg + )\Hd/gQD,gdg

bog \
+ AeQe,g (69 — Pe— )

o

(gg € arg m(gn

\ Ve

where Wy is the inverse covariance matrix of the empirical-Bayes total-elasticity coefficients
for group G. Let diag(M'WgM) be partitioned into the corresponding scalar and block
entries ¢, g, Qug, @p,g, and g.g. So the recovery shrinks the flexible expected-return and
factor-risk blocks toward zero, shrinks the own expected-return coefficient toward the no-risk
benchmark by g/ éo, and shrinks the idiosyncratic-risk coefficient toward a positive fraction
pe of bog/(—7-). The ridge penalty parameters (Ag, As, A, pe) are chosen by minimizing

the average generalized cross-validation criterion (GCV score)?”. The selected values are

22For each broad group G, the recovery computes

(yg — Mdg)' Wg(yg — Mog))/ng

|
GOV = (1 - tx(Sq)/ng)’

b

where ng = dim(yg) and

Sg = M(M'WgM + Ag) ™ M'Wg
is the ridge hat matrix, with Ag the diagonal penalty matrix implied by (Ag, Ag, Ae). We evaluate this score
over a grid of candidate values, average it across the seven broad groups, and then choose the lowest average

among the candidates that also satisfy eg > 0 and a positive broad-group average stock-level diagonal of
Cg  for every group.
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A~ 39.81, A\, = 107, A\, = 108, and p. = 0.10.

To compute the standard errors reported in Tables 37 and 38, we redraw the broad-
group total-elasticity coefficients from their estimated covariance matrices, conditional on
the pass-through and risk mappings. For Table 39, we instead use the same bootstrap as in
the main text: each draw uses the corresponding bootstrapped demand and pass-through
estimates, holds the recovery tuning parameters fixed, and then applies the scenario map.
Figure 12 reports Newey—West standard errors from the monthly creator-prediction averages

under each recovered system.

M.3 Recovered Structural Objects

Table 37 reports the recovered expected-return block. Panel A gives the factor-space
coefficients, while Panel B maps the recovered object back into stock space. Under the
baseline recovery, the average stock-level diagonal of Cg, is positive for every broad group.
For households, that average diagonal is 37.8, the average signed off-diagonal is —0.0019,
and the average absolute off-diagonal is 0.251. The same pattern, a positive diagonal with
much smaller signed cross-stock terms, holds for the other broad groups.

Table 38 reports the recovered risk block. The factor-risk component remains close to
zero on average in stock space for every broad investor group, while the idiosyncratic-risk
term stays positive for every group. For households, the recovered own idiosyncratic-risk
term is 0.5155, compared with an average own factor-risk term of 0.0007. The other broad
groups show the same qualitative pattern: small average factor-risk contributions in stock
space and positive own idiosyncratic-risk terms. Thus the positivity-feasible recovery assigns
the diagonal of total elasticity to a combination of a positive expected-return block and a

positive idiosyncratic-risk block, not to large average factor-risk elasticities.

M.4 Counterfactual Pass-Through and Endogenous-Risk Robust-

ness

The recovered structural blocks are useful because they let us vary the dynamic and risk

mappings without re-estimating the demand system. This exercise differs from the main
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Panel A: Factor-Space Expected-Return Coefficients

Group ac h11 hao h33 g
Households 37.548 9.272 21.717 -7.315 1.736
(5.480) (9.947) (19.247) (5.335) (2.209)

Institutions 36.426 -4.722 -2.844 -20.080  3.552
(12.998) (2.481) (1.664) (4.909) (1.099)

Governments 83.519 -2.625 -24.557 -9.108 -1.566
(29.695) (1.231) (6.825) (3.357) (0.523)

Listed firms 4.392 -0.217 1.366 -0.209 -0.329
(12.469) (0.503) (0.721) (1.625) (0.342)

Foreign 12.269 -0.462 1.484  3.683  2.067
(5.670) (0.875) (0.476) (1.473) (0.616)

Other 15.262 -1.634 0.208 0.010 0.474
(8.556) (1.095) (0.554) (1.803) (0.290)

Non-listed firms  11.529 -0.144 -1.223 -0.736  0.383
(6.224) (0.762) (1.659) (0.662) (0.942)

Panel B: Stock-Level Cg; Summaries

Group Avg diag(Cg:) Avg off-diag(Cg:) Avg |off-diag|
(x1000) (x1000)

Households 37.766 -1.8829 251.051
(5.591) (1.9244) (199.066)

Institutions 36.219 1.7854 158.212
(12.939) (0.5972) (26.921)

Governments 83.194 2.8051 213.131
(29.605) (0.8085) (40.652)

Listed firms 4.397 -0.0453 22.779
(12.459) (0.1265) (8.717)

Foreign 12.327 -0.5018 107.387
(5.652) (0.1837) (9.560)

Other 15.254 0.0698 26.885
(8.536) (0.1964) (12.965)

Non-listed firms 11.515 0.1275 16.435
(6.213) (0.1574) (5.350)

Table 37. Recovered expected-return demand loadings by broad investor group. Panel
A reports the scalar own-expected-return coeflicient ac g and the diagonal entries of the
symmetric factor-space matrix Hg in Cg; = acgl + X HgX;. The recovery projects the
estimated total elasticity onto this restricted structural class, allows a residual, shrinks Hg
and the factor-risk block toward zero, shrinks acg toward by g /éo, and shrinks eg toward
a positive fraction of byg/(—?%,). Panel B maps the recovered object into stock space and
reports the average diagonal, signed off-diagonal, and absolute off-diagonal entry of Cg,
Standard errors redraw only the broad-group total-elasticity
coefficients while holding the pass-through matrix, the risk mappings, and the recovery

across stocks and months.

tuning parameters fixed.
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Panel A: Recovered Risk Coefficients

Group dq do ds da e —eYs
Households -0.073 -2.708 11.239 15.130 2.776 0.516
(2.052) (1.413) (15.791) (3.632) (0.403) (0.075)
Institutions -0.126 -1.889 29.728 -3.352 1.249 0.232
(0.740) (0.789) (9.469) (3.622) (0.565) (0.105)
Governments -1.146 -15.848 8.445 3.559 6.183 1.148
(0.457) (5.838) (4.234) (1.534) (2.200) (0.409)
Listed firms 0.333  0.645 0.999 -0.089 0.325 0.060
(0.420) (1.630) (1.479) (0.695) (0.925) (0.172)
Foreign 1.089 7.121 -32.074 9.350 0.906 0.168
(0.704) (1.222) (6.759) (1.592) (0.421) (0.078)
Other 0.704 -0.874 0.464 1.011 1.133 0.210

(0.578) (1.240) (2.848) (0.938) (0.635) (0.118)

Non-listed firms 0.533 0.320 -6.123 0.156 0.854 0.159
(0.692) (1.120) (3.168) (1.841) (0.462) (0.086)

Panel B: Stock-Level Risk Summaries

Group Own factor Cross factor |Cross factor| Own idio Own total
(x1000) (x1000) (x1000)
Households 0.728 -0.006 1.192 0.5155 0.5163
(0.505) (0.004) (1.030) (0.0749)  (0.0751)
Institutions 1.155 -0.010 2.466 0.2319 0.2331
(0.346) (0.003) (0.546) (0.1049)  (0.1049)
Governments -0.098 0.001 1.954 1.1482 1.1481
(0.139) (0.001) (0.698) (0.4086)  (0.4086)
Listed firms 0.099 -0.001 0.130  0.0604 0.0605
(0.086) (0.001) (0.147) (0.1717)  (0.1717)
Foreign -0.882 0.008 2.864  0.1682 0.1673
(0.311) (0.003) (0.543) (0.0782)  (0.0780)
Other 0.106 -0.001 0.189 0.2104 0.2105
(0.143) (0.001) (0.209) (0.1179)  (0.1179)
Non-listed firms -0.189 0.002 0.517  0.1586 0.1584
(0.167) (0.001) (0.173) (0.0858)  (0.0858)

Table 38. Recovered risk loadings by broad investor group. Panel A reports the diago-
nal factor-risk coefficients d; g, ...,dsg, the scalar idiosyncratic-risk coefficient eg, and the
implied own idiosyncratic-risk term —eg7y,. Panel B reports the corresponding stock-level
summaries of the recovered risk component — X, DgGY X i —eg7. I, again averaged across all
stocks and months. The first three Panel B columns are shown in (x1000) units, while the
own-idiosyncratic and own-total columns remain in original units. Standard errors redraw
only the broad-group total-elasticity coefficients from their estimated covariance matrices
while holding the pass-through matrix, the risk mappings, and the recovery tuning parame-
ters fixed.
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expected-return attribution, which holds the total elasticity fixed. Here we instead recover
((AZ'g’t, ﬁg, é,4) group by group under our main pass-through matrix, keep the recovery resid-
ual, and then let the total elasticity move mechanically when pass-through or endogenous
risk changes. Here g denotes the relevant recovery group: a broad investor group in the
broad-group exercise and a bias bin in the bias-specific exercises. For the broad-group re-
sult, we do this for the seven broad investor groups. For the bias-bin variance and anomaly
exercises, we apply the same recovery separately within each bias system and then hold those
recovered objects fixed across scenarios.

Formally, for scenario s we set
@ES) = \,0,, GV = GV, ) = kA, (88)

where ©, is the estimated stock-space pass-through matrix from Table 7, A\, scales pass-
through, and k4 scales both endogenous-risk mappings. We then define the implied total

elasticity as

~

nr® = C,,08 — X, DGO X — e/ + g I + XU, X, (89)

git

Equivalently, if é)F = éOI4 + fe, CA?g,t = acgl + XtIA{gX;, and 4, denotes the stacked

residual from the ridge recovery, then the scenario-specific total-elasticity coefficients are

~

Y = MOy + ity = yy + (M) — M), (90)

Thus the robustness exercise simply varies pass-through or endogenous risk, maps those
changes into a new total-elasticity matrix, and then recomputes the counterfactual objects.
When (As, ks) = (1,1), this construction returns the estimated total-elasticity matrix for
every stock and month.

We consider five scenarios: the recovery baseline (Ag,ks) = (1,1); a low-pass-through
case with A\, = 0.008/fy; a high-pass-through case with A, = 0.048/6,; and low- and high-
risk cases with ks = 0.8 and ks = 1.2. The pass-through targets are taken directly from

the literature discussed in Section 4.1: the low target of 0.008 is the monthly counterpart
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of the annual estimate in Koijen et al. (2022), the high target of 0.048 is from Davis et al.
(2025b), and Davis (2025) report an intermediate monthly estimate of about 0.01. For each
scenario, we recompute the three headline counterfactual objects with the implied 77;(,); (s),
the broad variance-share decomposition, the within-bias variance concentration exercise,
and the within-bias reallocation anomaly counterfactual. The baseline row uses the common
February 2007-December 2016 sample and the estimated total-elasticity matrix without
rescaling either pass-through or risk.

Table 39 shows that the first two headline results are stable across the recovery scenarios.
The household share of modeled variance ranges from 20.8-35.5% EW and 16.7-22.9% VW.
The value-weighted extrapolation top-tail share ranges only from 47.6-49.5%. Thus its
contribution to the household variance channel does not depend on the chosen pass-through

or risk mapping.
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Figure 12. Recovery-based robustness of average creator contributions. Each bar
averages the equal-weighted contribution across the creator predictions for that behavioral
tilt, reported on the common 20% AUM scale. The four bars correspond to low and high pass-
through and low and high endogenous risk. In every case we hold the recovered structural
demand blocks fixed and vary only the pass-through and risk mappings. Error bars report
95% confidence intervals based on Newey-West standard errors from the monthly creator-
prediction averages.

Figure 12 shows positive creator-prediction averages for all four behavioral tilts in every

structural counterfactual. Lottery preference remains the largest contribution throughout.
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Panel A: Household Variance Share

Scenario HH Owen EW HH Owen VW

Baseline 31.7 21.6

(2.6) (2.1)

Low © (0.008) 20.8 16.7

(2.8) (2.3)

High © (0.048) 35.5 22.9

(3.0) (2.4)

Low risk (0.8x%) 30.7 21.1

(2.6) (2.1)

High risk (1.2x) 32.6 22.1

(2.7) (2.2)

Panel B: Top-Tail Within-Bias Variance Share (VW)

Scenario Overconfidence Lottery Disposition Extrap. trading
Baseline 65.8 70.8 49.5 48.0
(2.9) (4.9) (4.4) (5.5)
Low © (0.008) 66.9 69.5 46.9 49.5
(3.4) (5.4) (4.5) (5.5)
High © (0.048) 65.0 71.5 50.3 47.6
(5.3) (5.9) (4.4) (5.5)
Low risk (0.8x) 65.5 70.7 49.5 479
(3.0) (5.0) (4.4) (5.5)
High risk (1.2x) 66.1 70.9 49.5 48.1
(3.0) (4.8) (4.4) (5.5)

Table 39. Recovery-based robustness of the first two headline results on the common
February 2007-December 2016 sample. In every row we hold the recovered structural coef-
ficients and their recovery residual fixed and recompute total elasticities under alternative
pass-through and endogenous-risk mappings. The low- and high-pass-through rows scale
the baseline pass-through matrix so that its own term equals 0.008 and 0.048, respectively.
The low- and high-risk rows scale both GV and Y, by 0.8 and 1.2. At the baseline scenario,
the recovered object coincides with the estimated total elasticity for every stock and month.
Panel A reports the household share of modeled variance under the hierarchical-Owen de-
composition. Panel B reports the value-weighted share of within-bias household variance
coming from the most-biased sleeve, defined as T3 for overconfidence and Q4 + @5 for the
three quintile-based sorts. Standard errors come from the same joint bootstrap used in the
main text, with the recovery tuning parameters held fixed within each draw.
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The extrapolation estimate ranges from 21.4 to 70.1 annualized basis points as pass-through

and endogenous risk vary.

N Dynamic Portfolio-Maintenance Robustness

The anomaly counterfactuals are one-step objects: after the month-t within-bias real-
location, we calculate the month-¢ portfolios” next-month removal effects and report their
negatives—the observed-minus-counterfactual contributions. A natural follow-up question is
how the creator-prediction averages evolve if the initial distortion persists and the anomaly
portfolios are rebalanced. We study that dynamic implementation question using the same
50% reallocation shock as in (40).

Fix a bias family b and an origin month ¢. The initial flow and price distortion are exactly
those in (40) and (41). We then hold the month-t empirical-Bayes elasticity and pass-through
objects fixed and propagate the resulting distortion forward using the price law of motion in
(10). Writing the month-t persistence matrix as ¥, and the implied pass-through matrix as

O, =1I- p\ilt, the horizon-s price distortion and removal-effect vector are

A

s—1 c
ACfptbﬂ»fl\t =T, A fptba (91)

Afpb = -0 AP, s=1,...,24. (92)

As in the main analysis, the reported stock-level contribution is the negative of the removal
effect,
b £ b A d ST Ak b
Clrsp = —A° Hiyop = O, A%p,. (93)

Thus the dynamic exercise stays within the local linearization, but asks what the initial
month-t shock implies for observed-minus-counterfactual expected-return contributions up
to two years ahead.

We report two portfolio mappings of this same expected-return path. The blue line in
Figure 13 keeps each formation-month anomaly portfolio fixed:

Cy =12 (Wf)lctb—i-shf' (94)

bt+s|t —
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The red line instead reconstitutes each anomaly portfolio monthly using its standard month-
specific assignment:

Clitf;t =12 <thjrs—1)/ctb+s|t- (95)

Here Wﬁrs_l is the equal-weight long—short portfolio formed in month ¢ 4+ s — 1 using the
same 30/70 breakpoint rule and published orientation as in the main analysis, restricted
to stocks in the formation-month price system. This is a dynamic portfolio-maintenance
exercise, not a second equilibrium in which the maintenance trades themselves feed back
through a new price-impact system. At each horizon, we first average equally across the

creator predictions within a behavioral tilt.
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Figure 13. Dynamic robustness of average creator contributions. Each panel aver-
ages equally across the creator predictions for that behavioral tilt and reports contributions
on the common 20% AUM scale. The paths start from the same 50% within-bias reallocation
used in the main analysis. The blue line keeps each formation-month anomaly portfolio fixed
after the initial shock. The red line reconstitutes each anomaly portfolio monthly using its
standard month-specific assignment.

Figure 13 shows that the two paths coincide at horizon 1 by construction. The fixed-
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formation creator average remains positive for every behavioral tilt throughout the 24-month
horizon, with lottery preference the largest contribution. Monthly rebalancing preserves
positive averages throughout for overconfidence, lottery preference, and the disposition effect.
For extrapolation, the average starts at 54.0 annualized basis points; the rebalanced path
moves around zero at intermediate horizons, and the month-24 estimates are 27.4 basis points

for fixed formation portfolios and 8.3 basis points with monthly rebalancing.
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