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1. Introduction

Belief disagreement is a primary motivation for trade; thus understanding disagree-

ment is critical to understanding the behavior of financial markets. A theoretical litera-

ture seeks to understand how differences of opinion among investors impact market prices

and volumes. A prominent example is Miller (1977), who predicts that stock prices are

upward biased when there is a divergence of opinion among investors about stock value

and pessimistic investors face short-sale constraints.1

Empirical work on disagreement is more limited due to the difficulty in measuring

investor beliefs. A seminal study by Diether et al. (2002) proxies for belief heterogeneity

using data on equity research analyst earnings forecasts. They show that higher analyst

forecast dispersion (AFD) predicts lower future return in the cross section of individual

stocks. Johnson (2004) questions the interpretation of Diether et al. (2002) and argues

that AFD proxies for firm-specific risk.2

In this paper, we propose a new measure of investor disagreement. We then investigate

whether our measure predicts cross-sectional variation in future returns of individual

stocks, in general and also in light of heterogeneous short-sale frictions. We contribute

to the literature in three ways.

Our first contribution is introducing a new measure of belief disagreement at the asset

level. Because the distribution of investor beliefs is not directly observable, we propose

a statistical surrogate. Each investor is a prediction model from which beliefs about

future returns are formed. These hypothetical investors have access to a common set

of predictive information, but different investors use available information in different

ways. We simulate the distribution of beliefs by endowing each investor with a machine

learning model but introduce random variation in model specification across investors.

By randomizing the set of model specifications, we capture the idea that investors have

a distribution of prior beliefs, information frictions, and biases. Yet all investors in our

1Other important theoretical contributions include Harrison and Kreps (1978), Hong and Stein (1999),
Chen et al. (2002), Hong and Stein (2003), Scheinkman and Xiong (2003), and Atmaz and Basak (2018).

2Other empirical papers studying the effect of belief disagreement include Anderson et al. (2005),
Barber and Odean (2008), Yu (2011), and Jiang and Sun (2014).
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model are sophisticated, though imperfect, optimizers. They are sophisticated in the

sense that each investor’s model is a random forest model that uses large predictor sets

in flexible and nonlinear ways. But they are imperfect in that no investor has a correctly

specified model; instead they have a variety of models that are heterogeneous approxima-

tions of the true data generating process. They are optimizers in that, given their model

endowment, each investor uses the available data to estimate model parameters and form

predictions.

A key question is whether the distribution from which we simulate model specifications

(and hence investors’ belief formation processes) is plausible. A significant portion of our

analysis is dedicated to this question. We argue that (i) the calibration of our simulation

distribution is reasonable and (ii) our results are robust to a range of distributions for

simulating investors’ models.

Given our construction of investor beliefs, we then measure stock-level disagreement

as dispersion in investors’ return forecasts, which we refer to as machine forecast dis-

agreement (MFD). MFD has several attractive attributes. By sidestepping the difficult

problem of directly and reliably surveying investor beliefs, the data coverage of MFD is

much better than prior literature, which is essentially constrained by the availability of

analyst forecasts from I/B/E/S. In contrast, MFD is available for all stocks at all times.

Also, MFD is arguably a more objective measure of disagreement than AFD. While ana-

lysts are undoubtedly important information intermediaries in financial markets, evidence

points to biases in their recommendations driven, for example, by incentives to secure

underwriting and other investment banking business (see, e.g., Dugar and Nathan, 1995;

Michaely and Womack, 1999; Chan et al., 2007). While we argue that machine learning

models suffer less from behavioral biases or conflicts of interest, one may counter that

our distribution of model specifications is biased in other ways. An attractive feature

of MFD is that it constitutes a complete methodology for modeling and measuring dis-

agreement. Shortcomings or biases in our specific implementation can be reformulated

by other researchers to incorporate richer and more realistic belief simulations, and our

results can in turn be re-analyzed in light of such model improvements.
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Our second main contribution is documenting the strong predictive power of MFD

for the cross-sectional pricing of individual stocks. We find that stocks with higher MFD

earn significantly lower future returns than otherwise similar stocks. In particular, a

value-weighted (equal-weighted) portfolio of stocks in the highest MFD decile underper-

forms a portfolio of stocks in the lowest MFD decile by 1.14% (1.32%) per month with a

Newey-West t-statistic of 4.33 (5.61). We also present extensive evidence that validates

MFD as an effective measure of belief disagreement. While MFD has on average a 23%

cross-sectional correlation with analyst disagreement, AFD is less correlated to additional

proxies of investor disagreement compared to MFD. Moreover, AFD is a notably weaker

predictor of stock returns. The analogous value-weighted (equal-weighted) return of an

AFD-based portfolio is 0.42% (0.79%) per month with a t-statistic of 1.58 (3.75). In

Fama-MacBeth regressions, MFD is among the most statistically significant predictors

of returns after controlling for other commonly studied characteristics, including value,

investment, profitability, momentum, reversal, illiquidity, and volatility. We also show

that the cross-sectional return prediction power of MFD extends to international equity

markets (excluding the US) with the magnitudes and significance of international pre-

diction effects closely in line with those for our main US sample. Additionally, MFD’s

effect on future stock returns remains strong even if we compute MFD based on realized

next-quarter earnings instead of future excess returns. Moreover, as expected, the cross-

sectional correlation between analyst disagreement and the earnings-based measures of

MFD is stronger, compared to the return-based measure of MFD.3

Our third contribution is investigating the economic underpinnings of MFD alpha.

First, we condition our analysis on short-sale constraints. The overpricing of high-MFD

stocks is especially pronounced among stocks with high short-sale costs. Stocks in the

highest tercile of indicative borrowing fees experience an alpha spread of −2.30% per

month, versus −0.07% for stocks in the lowest tercile. The difference of −2.23% (t-stat.

= −5.27) is strongly supportive of the hypothesis that disagreement results in assets being

3The average cross-sectional correlations between AFD and the earnings-based measures of MFD
are in the range of 26% and 53%, while the average cross-sectional correlation between AFD and the
return-based measure of MFD is 23%.
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more overpriced in the presence of more severe short-sale constraints. We find similar

supportive evidence based on institutional ownership. The alpha spread on MFD-sorted

portfolios of stocks with high retail ownership is −1.19% per month, lower than the

alpha spread on MFD-sorted portfolios of stocks largely held by institutional investors of

−0.42% per month. The difference between these two alpha spreads, 0.77% per month

(t-stat.=4.50), is highly significant and further supports the Miller (1977) hypothesis.

Next, we find supportive evidence that the MFD premium is associated with high-

MFD stocks being mispriced, measured by the stock-level mispricing (MISP) definition of

Stambaugh et al. (2015). We find an MFD alpha spread of −0.97% per month for stocks

in the highest MISP tercile, compared to a spread of −0.28% for stocks in the lowest MISP

tercile. The difference of these alpha spreads is statistically significant (−0.69% with t-

stat. = −3.77), suggesting that high-MFD stocks have a significantly higher mispricing

score than low-MFD stocks.

We document additional support for the interpretation that MFD alpha is driven by

stock-level mispricing by examining stock price reactions around earnings announcements.

Assuming that investors exhibit biased expectations and are overly optimistic about high-

MFD stocks, they update their beliefs in the presence of new information leading to

a stock price correction (Engelberg et al., 2018). Hence, the return prediction during

earnings announcements should exceed that of non-earnings periods. In line with this

intuition, the return spread for the hedged MFD strategy is 156% (116%) higher during

a one-day (three-day) earnings announcement window than on non-announcement days.

We also find that the MFD alpha is significantly stronger for stocks with more severe

limits-to-arbitrage, consistent with limits-to-arbitrage exacerbating asset mispricing.

The remainder of the paper is organized as follows. Section 2 introduces a belief-

generating model from which we build a statistical measure of investor disagreement.

Section 3 describes the data and variables. Section 4 presents the main empirical results

on the predictability of cross-sectional equity returns. Section 5 runs a series of robustness

checks. Section 6 provides evidence that MFD captures investor disagreement. Section 7

investigates the sources of return predictability. Section 8 concludes the paper.
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2. An empirical model of disagreement

Gu et al. (2020) consider a general conditional risk premium formulation

Et[ri,t+1] = g(zi,t),

where zi,t ∈ Rd is data comprising the time t information set about asset i that is available

to investors, and g(·) is a general (likely non-linear) function mapping that information

into risk premia.

In order to model disagreement, we consider a collection of investors k = 1, ..., K.

Each investor k differs in her information set zk,i,t and how she forms expectations based

on zk,i,t. In particular, an investor k forms beliefs according to

Ek,t[ri,t+1] = gk(zk,i,t).

That is, investor beliefs can disagree.

The idea that investors disagree is uncontroversial. As outlined by Barberis (2018),

disagreement lies at the heart of many behavioral models of financial markets and is

critical for generating the large trading volumes observed in many markets. Although

the precise sources of disagreement are not well understood, “if two people are to disagree,

one of three things must be true: (i) they have different prior beliefs; (ii) they observe

different information; or (iii) one or both of them is not fully rational” (Barberis, 2018).

We propose a belief-generating model from which we build an empirical measure of

investor disagreement. In particular, we simulate differences in beliefs across investors by

endowing them with different models for forecasting returns from investor-specific inputs

zk,i,t. We assume investor k forecasts returns according to

gk(zi,t) = RFk(zk,i,t), (1)

where RFk(·) denotes random forest regression. The investor-specific beliefs in Equa-

tion (1) have two main components. In the first component, each investor is endowed
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with an incomplete information set, zk,i,t ∈ Rdk , 1 ≤ dk ≤ d, of the common input data,

zi,t ∈ Rd. That is, each investor has access only to a subset lk of the entire d-dimensional

information set zi,t. Let zli,t ∈ R denote the l−th dimension of zi,t. Then the investor-

specific information set is given as,

zk,i,t = [z
lk,1
i,t , . . . , z

lk,dk
i,t ], (2)

where lk = {lk,i ∈ {1, . . . , d} | ∀i ̸= j : lk,i ̸= lk,j} and | lk |= dk. Each investor k accesses

the common data in her own idiosyncratic way, transforming it into a feature set that

is unique to k (though, naturally, correlated with other investors’ views as well). These

features summarize investor k’s perception of the world around her, and can be interpreted

as capturing differences in investors’ access to information, information processing ability,

or perceptive biases. Note that the dimension of the investor-specific information might

vary across investors k.

In the second stage, investors estimate gk(·) using a random forest regression. Our

motivation for this component is two-fold. First, the regression represents optimizing

behavior on the part of investors as they learn how to best use their individual feature

sets in a flexible specification. Random forest regression is known to be effective for

capturing non-linearities and interaction effects in financial forecasting problems with

high-dimensional predictor sets (see Gu et al., 2020; van Binsbergen et al., 2023, for

applications to return and earnings prediction, respectively). Second, random forest

introduces a further layer of heterogeneity in investor beliefs by randomizing regression

specifications across investors (through the use of bootstrapping and dropout), which can

be interpreted as heterogeneous model priors across investors.

In summary, our specification of gk(zi,t) is a reduced-form representation that accom-

modates the three potential sources of disagreement outlined by Barberis (2018). Once

investors are endowed with a model and estimate the model subject to their respective

data sets, they construct return forecasts for each stock in each month, Ek,t[rt+1]. We

measure disagreement, MFD, for stock i as the standard deviation of Ek,t[ri,t+1] across

investors.
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3. Data and variables

We use the dataset from Jensen et al. (2022b), a publicly available dataset of stock

returns and characteristics.4 The underlying return data are sourced from the Center for

Research in Security Prices (CRSP) and accounting data from Compustat. We restrict

our sample to common stocks trading at the NYSE, AMEX, and NASDAQ. We exclude

financial and utilities firms. To reduce the effect of small and illiquid stocks, we also

exclude the low-priced stocks trading below $5 per share.

To predict returns, we use the 153 stock characteristics as the complete informa-

tion set z. We cross-sectionally rank all stock characteristics period-by-period and map

these ranks into the [−1, 1] interval following Kelly et al. (2019), Gu et al. (2020), and

Freyberger et al. (2020).

Our sample covers the period from July 1966 to December 2022. Our approach

utilizes a 10-year rolling window to estimate the random forest regressor. We calculate

the month-t MFD using characteristics from the previous month (t − 1). Subsequently,

we conduct out-of-sample cross-sectional asset pricing tests for the period August 1976

to December 2022.

3.1. MFD construction

The specific procedure for constructing our measure of disagreement, MFD, is as

follows. We set the number of investors, K, to 100, and the dimension of the incomplete

information set to 76, i.e., dk = 76 for all k = 1, . . . , K. The random forest regression

model has several hyper-parameters. We choose the maximum tree depth to be 3, the

number of trees in the ensemble to be 2000, the fraction of features and of the sample

to be taken as 0.05 and 0.05, respectively. While fitting the random forest regressor

in-sample, each investor winsorizes returns cross-sectionally at 1% in each tail.5 To ease

the computational burden, we fit for each investor a random forest regression with the

aforementioned hyperparameters every 12 months (similar approaches in stock and option

4The data, replication code, and documentation can be found at https://github.com/bkelly-lab/
ReplicationCrisis/tree/master/GlobalFactors.

5Winsorization is only applied in-sample and not out-of-sample.
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return predictability have been used by Gu et al., 2020; Bali et al., 2023, respectively).

The set of eligible parameters for random forest regression are chosen by the re-

searchers and the choices are not necessarily innocuous. Our hyperparameter set is

standard and similar to Gu et al. (2020). However, we conduct a range of sensitivity

analyses in Section 5.1 that suggest our findings are robust to a variety of hyperparam-

eter choices. As an alternative to random forest regression, we also consider gradient

boosted regression trees (Friedman, 2001) in Equation (1).

3.2. Control variables

In the cross-sectional regression analysis, we control for other firm characteristics

that have been shown to predict future returns. All controls are taken from Jensen et al.

(2022b). Specifically, SIZE is the firm’s market capitalization computed as the market

value of the firm’s outstanding equity at the end of month t−1 (Fama and French, 2008).

BM is the firm’s book value of equity divided by its market capitalization, where the

BM ratio is computed following Fama and French (2008). Short-term reversal (STR) is

the stock’s one-month lagged return. MOM is the cumulative return of the stock from

month t−12 to month t−1 (omitting the STR month), following Jegadeesh and Titman

(1993). Profitability (OP) is the ratio of the firm’s operating profits to book equity

following Fama and French (2015). Asset Growth (AG) is defined as the percent growth

rate of total assets between two consecutive fiscal years, following Cooper et al. (2008).

The turnover ratio (TURN) is the turnover of shares during the previous 126 trading

days following Datar et al. (1998). The monthly illiquidity (ILLIQ) measure is calculated

as the absolute daily return divided by the daily dollar trading volume, averaged over

the last 126 trading days, following Amihud (2002). Idiosyncratic volatility (IVOL) is

defined as the standard deviation of the daily residuals estimated from the regression of

the daily excess stock returns on the daily market return over the previous year, following

Ali et al. (2003). The standardized unexpected earnings (SUE) is constructed following

Foster et al. (1984). The lottery payoff is proxied by the average of the five highest daily

returns (MAX) in month t− 1, following Bali et al. (2011).
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3.3. Descriptive statistics

Table 1 presents summary statistics for the main cross-sectional variables. Concerning

our key variable of interest, MFD, the time-series average of the annualized cross-sectional

mean is 1.93% with an average cross-sectional standard deviation of 0.53%. The average

annualized cross-sectional 10th percentile of MFD is 1.31%, while the 90th percentile is

2.64%, indicating a positively skewed distribution of MFD.

Figure 1 displays the annual time series plot of the aggregate MFD. It shows that the

cross-sectional average MFD is generally higher during bad states of the economy and

financial market downturns. Moreover, these states are also accompanied by a higher

dispersion in cross-sectional MFD as depicted by the wider interquartile range. The

positive skew of MFD is also visually confirmed, as the average MFD is closer to the

third than the first quartile.

Table 2 includes the cross-sectional Spearman’s rank correlation coefficient of MFD to

the aforementioned control variables. The first column and the first row report a negative

relation between MFD and one-month-ahead returns in excess of the risk-free rate. It

further shows that smaller and less liquid stocks with higher analyst dispersion and higher

idiosyncratic volatility also have higher MFD. This positive (negative) correlation of MFD

with idiosyncratic volatility (size) suggests that the machine forecast disagreement is also

a reasonable proxy for information uncertainty (see, e.g., Johnson, 2004; Zhang, 2006).

4. Empirical results

In this section, we conduct parametric and nonparametric tests to assess the predictive

power of machine forecast disagreement (MFD) over future stock returns. First, we

present results of the univariate portfolio-level analysis. Second, we report the average

stock characteristics of the MFD-sorted decile portfolios. Third, we conduct bivariate

portfolio-level analyses to assess the predictive power of MFD after controlling for well-

known stock characteristics and risk factors. Finally, we present firm-level Fama-MacBeth

cross-sectional regression results.
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4.1. Univariate portfolio-level analysis

To construct the long-short portfolio for each month from August 1976 to December

2022, individual stocks are sorted by MFD into decile portfolios. We then compute the

one-month-ahead value-weighted and equal-weighted average excess return of each decile

portfolio. To examine the cross-sectional relation between MFD and future stock returns,

we form a long-short portfolio that takes a long position in the lowest decile of MFD and

a short position in the highest decile of MFD.

In Table 3, we report the average monthly excess returns (in excess of the one-month

Treasury bill rate) of each decile portfolio, and the long-short portfolio. We also analyze

abnormal returns (alphas) using different factor models. These include the capital asset

pricing model (CAPM) with the market factor (MKT), the six-factor model (FF6) by

Fama and French (2018) which includes MKT, size (SMB), value (HML), investment

(CMA), profitability (RMW), and momentum (MOM) factors. Furthermore, we use the

q4-factor model (HXZ) by Hou et al. (2015) with MKT, size (SMBQ), investment (I/A),

and profitability (ROE) factors. We also consider the mispricing factor model (SY) of

Stambaugh and Yuan (2017) with MKT, SMB, management (MGMT), and performance

(PERF) factors, along with the behavioral factor model (DHS) of Daniel et al. (2020)

using MKT, post-earnings-announcement drift (PEAD), and financing (FIN) factors.

In general, the excess returns and the alphas of the MFD-sorted portfolios decrease

from decile 1 to decile 10. The long-short portfolio that short-sells stocks in the highest

10th percentile of MFD (decile 10) and buys stocks in the lowest 10th percentile of MFD

(decile 1) earns a value-weighted (equal-weighted) average return of 1.14% (1.32%) per

month with a t-statistic of 4.33 (5.61), translating into an annualized return of 13.68%

(15.84%).6 Controlling for the robust risk and mispricing factors does not change the

magnitude and statistical significance of the return spreads on the MFD-sorted portfolios

for most of the factor models. Notably, the negative association between MFD and future

returns is more concentrated in the short leg of the arbitrage portfolio. The alphas are

statistically significantly negative and large in absolute terms among the stocks in decile

6The t-statistics reported in our tables are Newey and West (1987) adjusted with six lags to control
for heteroskedasticity and autocorrelation.
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10 across all factor models for the value-weighted portfolios. On the contrary, the alphas

for all factor models except the CAPM are not statistically significantly different from

zero for stocks in decile 1 of the value-weighted portfolios. This suggests that high-MFD

firms are overvalued relative to firms with lower MFD. Hence, return predictability is

potentially driven by mispricing rather than compensation for risk.

Next, we examine the persistence of the rank of MFD and the persistence of MFD-

based return predictability. Table 4 presents stocks’ transition probabilities across MFD

groups in the next year. Specifically, we present the average probability that a stock in

decile i (defined by the rows) in month t will be in decile j (defined by the columns)

in month t + 12. All the probabilities in the transition matrix should be approximately

10% (ten portfolios) if the evolution for MFD for each stock is random and the relative

magnitude of MFD in one period has no implication about the relative MFD values next

year. However, Table 4 shows that 29% of stocks in the lowest MFD decile (decile 1) in

month t continue to be in the same decile in month t + 12. Similarly, 35% of the stocks

in the highest MFD decile (decile 10) in month t continue to be in the same decile in

month t + 12. Evidently, investor disagreement proxied by MFD is a highly persistent

stock characteristic.

Prompted by this persistence, we investigate the longer-term predictive power of MFD

by calculating the Fama and French (2018) six-factor (FF6) alphas of MFD-sorted port-

folios from 2 to 12 months after portfolio formation. The results are presented in Table 5.

For both the value- and equal-weighted portfolios, the six-factor alpha spread nearly

monotonically decrease during the 2nd to 12th month after portfolio formation. For the

equal-weighted portfolios, the FF6 alpha spread remains economically large and highly

significant eight months into the future, showing that the negative cross-sectional relation

between MFD and future returns is long-lived in the sample of relatively smaller stocks

with a higher degree of mispricing. For the value-weighted portfolios, the average return

spread remains economically large and highly significant during the second through fifth

month after portfolio formation. However, the FF6 alpha spread becomes weaker and

insignificant after the third month in which the degree of mispricing decays over time
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especially in the sample of relatively big and liquid stocks. Overall, these results suggest

that the MFD alpha is mispricing induced by short-sale costs and limits-to-arbitrage.

4.2. Average portfolio characteristics

We investigate if other firm characteristics can explain the negative relation between

MFD and future stock returns. We sort stocks by MFD into decile portfolios each month

and report the time-series averages of the cross-sectional medians of various firm-specific

characteristics for each decile. Table 6 presents the average stock characteristics of each

MFD-sorted decile portfolio and the long-short portfolio. The characteristics include the

machine forecast disagreement (MFD), log market capitalization (SIZE), log book-to-

market ratio (BM), asset growth (AG), operating profitability (OP), medium-term stock

momentum (MOM), short-term reversal (STR), illiquidity (ILLIQ), turnover (TURN),

standardized unexpected earnings (SUE), idiosyncratic volatility (IVOL), market beta

(BETA), and lottery demand (MAX).

Earlier studies find that small, illiquid, lottery-like stocks with high idiosyncratic

volatility exhibit high information uncertainty (e.g., Zhang, 2006; Kumar, 2009; Bali

et al., 2011). Consistent with the literature, Table 6 shows that the stocks with higher

MFD are indeed smaller, less liquid, and have higher idiosyncratic volatility and stronger

lottery features.

The literature shows that the firm characteristics considered in Table 6 are useful in

explaining the cross-section of expected stock returns. Stocks with higher asset growth,

lower profitability, lower past-12 month (momentum) returns, lower earnings surprise,

higher idiosyncratic volatility, and higher MAX tend to have lower future returns. Con-

sidering the prior findings in the literature and the fact that these firm characteristics vary

across MFD deciles, it is important to control for the effects of investment, profitability,

momentum, post-earnings-announcement drift, idiosyncratic volatility, and/or the lot-

tery demand effect when studying the cross-sectional relation between MFD and future

stock returns. Thus, in the next two sub-sections, we control for these well-known return

predictors in bivariate portfolio sorts and in cross-sectional regressions to further test
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whether the significant relation between MFD and future stock returns remains intact.7

4.3. Bivariate portfolio-level analysis

Next, we investigate the negative association between MFD and future stock returns

while controlling for the established equity return predictors. We conduct 5x10 depen-

dent double sorts based on firm characteristics and MFD. Each month, we first sort stocks

into quintile portfolios based on a given control. Then, we further sort stocks by MFD

into decile portfolios within each control variable quintile. This bivariate portfolio anal-

ysis provides 50 conditionally double-sorted portfolios. Portfolio 1 (10) is the combined

portfolio of stocks with the lowest (highest) MFD in each control variable quintile.

Table 7 presents the return spreads and Fama and French (2018) six-factor (FF6)

alphas on the bivariate portfolios. For brevity, we do not report the alphas for all 50 (5x10)

portfolios. Instead, we report the abnormal returns on the portfolios of MFD averaged

across the 5 control variable quintiles to produce the MFD-sorted decile portfolios while

accounting for the impact of control variables. Panel A (Panel B) reports results for

the equal-weighted (value-weighted) portfolio sorts. The last row in Panels A and B of

Table 7 shows that the cross-sectional relation between MFD and future returns remains

economically large and highly significant after controlling for a large set of well-known

return predictors. The six-factor FF6 alpha spreads on the equal-weighted MFD-sorted

portfolios are in the range of −0.64% per month (t-stat.=−6.38) and −0.88% per month

(t-stat.=−7.83) and ranging from −0.49% per month (t-stat.=−3.08) to −0.67% per

month (t-stat.=−5.42) for value-weighted bivariate sorts. These results indicate that even

after controlling for various firm characteristics and risk factors in bivariate portfolios,

there is a strong negative relation between MFD and future equity returns. In other

words, the predictive power of MFD is not explained by other cross-sectional return

predictors, including the existing measures of investor disagreement.

7In Table 3, we have already controlled for the market, size, value, momentum, investment, and prof-
itability factors of Fama and French (2018) and Hou et al. (2015) as well as the mispricing and behavioral
factors of Stambaugh and Yuan (2017) and Daniel et al. (2020) constructed based on earnings surprise
(post-earnings-announcement drift) and a number of other well-known return predictors. As discussed in
Section 4.1, the alpha spreads on MFD-sorted portfolios remain negative and highly significant in both
value-weighted and equal-weighted portfolios after controlling for this large set of equity market factors.
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4.4. Fama-MacBeth cross-sectional regressions

In this section, we conduct firm-level Fama-MacBeth regression analysis to test if

MFD predicts the cross-section of future stock returns while controlling for other known

predictors simultaneously. Each month, we run a cross-sectional regression of stock re-

turns in that month on past MFD as well as a number of control variables, including the

one-month lagged market beta, size, book-to-market, momentum, operating profitability,

asset growth, earnings surprise, short-term return reversal, illiquidity, turnover ratio, id-

iosyncratic volatility, and lottery demand. The stock-level cross-sectional regressions are

run each month and the standard errors of the average slope coefficients are corrected for

heteroskedasticity and autocorrelation following Newey and West (1987).

Table 8 reports the results of stock-level Fama-MacBeth regressions. In column (1),

we include MFD as well as beta, size, book-to-market, and momentum as additional

cross-sectional predictors. Consistent with the portfolio results, we find a negative and

significant relation between MFD and one-month-ahead returns. The average slope co-

efficient on MFD is −0.34 with a t-statistic of −7.05. In columns (2) and (3) we include

additional return predictors in the cross-sectional regressions. Even in the presence of 12

well-known predictors, the average slope coefficient is −0.23 and statistically significant

with a t-statistic of −5.36. MFD is also highly economically significant. The spread in

the average standardized MFD between deciles 10 and 1 is approximately 3.39, and mul-

tiplying this spread by the average slope of −0.23 yields a return difference of −0.78% per

month, controlling for all else. In most cases, the slope coefficients on the control variables

are consistent with prior literature; short term reversal (STR), turnover (TURN), asset

growth (AG), and MAX are negatively correlated with the future return, whereas mo-

mentum (MOM), profitability (OP), and earnings surprise (SUE) are positively related

to the next month’s return.

In column (4), we include the industry-adjusted return in month t + 1 to account

for the industry effect. Specifically, we adjust the dependent variable by subtracting

the firm’s value-weighted Fama-French 48-industry return from the firm’s current month

return. Doing so allows us to tease out the return predictive power from MFD rather
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than the one-month industry momentum effect (Moskowitz and Grinblatt, 1999). The

coefficient of MFD remains similar after controlling for the industry return directly. In

column (5), we further control for the common characteristics that are shown to affect

stock returns systematically. Specifically, we follow Daniel et al. (1997) and compute

the characteristics-adjusted returns as the difference between the firm’s return and the

corresponding DGTW benchmark portfolio returns. We replace the firm’s raw return

with this characteristics-adjusted return as the dependent variable and run the same set

of monthly cross-sectional regressions. Again, the magnitude of the slope coefficient on

MFD becomes slightly weaker, but it remains highly significant, both economically and

statistically.

Overall, these results indicate that MFD provides incrementally value-relevant infor-

mation. The predictive power of MFD is distinct and robust to the inclusion of other

well-known return predictors. In Table IA6.2 in the Appendix, we additionally add AFD

to the list of control variables and repeat stock-level Fama-MacBeth regressions. The

inclusion of AFD does not influence the statistical and economic significance of MFD.

Moreover, MFD exhibits a nearly 50% to 70% larger effect in economic terms compared

to AFD.

5. Robustness checks

In this section, we run a series of robustness checks to challenge the negative cross-

sectional association between MFD and average stock returns. Section 5.1 discusses

alternative constructions of MFD, and Section 5.2 discusses international evidence with

the main MFD specification. Furthermore, we construct MFD based on future realized

earnings compared to excess returns in Section 5.3.

5.1. Different measures of MFD

We consider four alternations to the construction of MFD. First, we vary the hyper-

parameters in the random forest regression as described in Equation (1). In Table IA1.1
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in the Internet Appendix, we report average returns and alphas of MFD spread portfolios

for various choices of hyper-parameters. The cross-sectional association between MFD

and average stock returns is extraordinarily robust to these choices. The lowest FF6

equal-weighted alpha spread that we find across meta-parameters is −0.70% per month

with a t-statistic of −4.58, while the largest alpha spread is −1.07% with a t-statistic of

−8.97. Similar findings are obtained for the value-weighted portfolio sorts.

Second, Table IA1.1 in the Internet Appendix also includes average return and alpha

spreads on MFD-sorted portfolios for an alternative model of generating MFD. The al-

ternative model now estimates gk(·) using gradient boosted regression trees (Friedman,

2001), instead of using random forest regressions. The association between MFD and

average returns remains robust even with this alternate specification.

Third, we change Equation (1) so that investors forecast returns according to a penal-

ized linear model on non-linearly transformed characteristics. Specifically, Equation (1)

is changed to

gk(zi,t) =bk,0 +

M=p/2∑
m=1

[βk,2m−1 sin(z
′
i,tw

m
k ) + βk,2m cos(z′i,tw

m
k )], (3)

wj
k ∈ Rdk ∼ iidN(0, γ2I) ∀j = 1, . . . , p/2,

where dk denotes the dimension of investor k’s information set. We estimate Equa-

tion (3) via Ridge regression with penalty parameter λ. The investor-specific beliefs in

Equation (3) have two main components. In the first component, information is pro-

cessed through a non-linear Fourier operation using random linear combinations (wj
k) of

the investor specific data. This component is taken from the “random features” method-

ology, developed in the machine learning literature by Rahimi and Recht (2007) and

analyzed in the context of return prediction by Kelly et al. (2021). Random features pro-

vide a statistical mechanism for generating a distribution of data representations across

investors. In the second component, investor k makes least-squares-optimal use of their

specific information representation by estimating regression coefficients βk,m. There are

multiple reasons why one might be tempted to use ridge regressions over random forest
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regressions, such as interpretability of coefficients, model simplicity, and the inclusion of

a regularization term. We base our choice for the parameters in random features on the

findings of Jensen et al. (2022a). Table IA1.1 in the Internet Appendix reports results for

various numbers of random features, p, and the standard deviation of random weights,

γ. Despite using this alternative specification based on random features to generate dis-

persion in investors’ beliefs, the relationship between MFD and average returns remains

resilient.

Fourth, and finally, we vary separately the first and second stage of our belief gener-

ating mechanism. First, instead of endowing each investor with the same dimension of

their incomplete information set, each investor k is equipped now with an own dimension

for her information set. Attention is a limited resource (Kahneman, 1973). As investors

differ in their financial sophistication, they differ in their capabilities to acquire and pro-

cess information. For example, retail investors are assumed to have a smaller attention

capacity than institutional investors. Moreover, less sophisticated investors such as re-

tail investors might not be able to access all information because they are not aware of

their existence or do not have the tools and knowledge to acquire them (Hong and Stein

(1999) and Hirshleifer and Teoh (2003)). Moreover, dedicated investment mandates may

require the use of specific information even though the investor might have access to

information beyond her use for investment decisions. Following this logic, the dimension

of each investor’s information set varies randomly from 25% to 75% of all available infor-

mation. Table IA2.1 in the Internet Appendix presents results from univariate portfolio

sorts on MFD using this alternative construction, whereas Table IA2.2 shows results from

Fama-MacBeth regressions.

Additionally, we modify the second stage of the belief generating mechanism. We vary

how investors estimate gk(·) in Equation (1) across investors. Instead of using random

forest regression for all investors, each investor k uses either a penalized linear model

(Ridge), random forest regression, or gradient boosted regression trees. Table IA3.1 in

the Internet Appendix presents results from univariate portfolio sorts on MFD using

this alternative construction, whereas Table IA3.2 shows results from Fama-MacBeth
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regressions. MFD keeps its strong cross-sectional predictive power on future stock returns.

5.2. International evidence

The evidence presented so far relied on data for U.S. stocks. In this section, we test

external validity of our results using individual stocks trading in international equity

markets. We source stock returns and characteristics for a large global panel of 93 coun-

tries from Jensen et al. (2022b). We begin our sample in January 1986, which is the

earliest start date for equity data for most developed countries. We apply the same data

filters and methodology as in Section 3 to construct MFD for international stocks. We

divide global stock data into geographical regions. First, we focus on developed countries

excluding the USA, following the classification in Jensen et al. (2022b).8 Second, we ex-

amine individual stocks trading only in emerging markets. Third, we examine individual

stocks that trade in European countries (Europe). Finally, we investigate the Group of

10 (G10 ex USA) and Group of 7 (G7 ex USA), excluding the USA in both cases.

Table IA4.1 in the Internet Appendix presents results from Fama-MacBeth regressions

over the time period from February 1996 to December 2022.9 As in Table 8 for U.S. stocks,

we control for the same set of 12 stock-level characteristics. The slope coefficient on MFD

is highly significant in economic and statistical terms regardless of the geographical region.

Moreover, the results from alternative samples of international stocks are quantitatively

similar to those obtained from the U.S. stocks. Therefore, Table IA4.1 provides strong

evidence that the negative cross-sectional relation between MFD and future returns is

not confined to the US data, but also holds internationally.

5.3. Constructing MFD with actual earnings

In Section 2, we construct stock-level disagreement as dispersion in investors’ return

forecasts. A frequently used disagreement measure, analyst forecast dispersion, is based

8The classification in Jensen et al. (2022b) is based on the MSCI classification of each country as of
January 7th 2021 and presented in Table J.3 in Jensen et al. (2022b).

9In contrast to return data for U.S. stocks, we winsorize international stock returns at 0.5% in both
tails each month.
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on forecasted earnings. Our methodology laid out in Section 2 is easily be modified

to handle earnings forecasts. Specifically, we substitute the next month’s excess return

of stock i with the next quarter realized earnings while retaining the information set

zi,t ∈ Rd. We choose next quarter realized earnings instead of earnings for other time

periods, e.g., yearly earnings, as these represent the highest frequency, similar to return-

based MFD. We consider three earnings-based variables for constructing an earnings-

MFD: earnings-per-share, earnings yield (i.e., earnings-per-share divided by the current

stock price at the time of forecast), and earnings-to-assets. We follow Section 3.1 in

computing earnings-based MFD.

Results and details on the alternative MFD construction using future realized earnings

are provided in Section IA5 of the Internet Appendix. We report results on univariate

portfolio analyses and Fama-MacBeth regressions controlling for the same set of 12 stock-

level characteristics as in Table 8. Section IA5 provides compelling evidence that the

negative cross-sectional relationship between MFD and future returns is not limited to

using future realized excess returns, but is also evident and strong using future realized

earnings. Earnings-yield based MFD offers even superior absolute long-short portfolio

returns compared to return-based MFD. Furthermore, any earnings-based MFD is more

strongly associated with negative future stock returns than AFD.10

6. MFD as a measure of disagreement

In this section, we provide evidence that MFD captures investor disagreement. We

first compare it specifically to AFD in Section 6.1 before providing evidence from addi-

tional disagreement proxies in Section 6.2. Lastly, we focus on the cross-sectional associ-

ation between MFD and future stock returns in different market phases in Section 6.3.

10We provide equal-weighted and value-weighted decile portfolio returns based on AFD in Table IA6.1
in the Internet Appendix. We more formally compare return-based MFD with AFD in Section 6.1.
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6.1. Comparing MFD to analyst-based disagreement

We compare the return predictive ability of analyst earnings forecast disagreement

(AFD) versus MFD. Figure 2 shows the distribution of the monthly cross-sectional rank

correlations between MFD and AFD based on Spearman’s ρ. Generally, we observe a

positive correlation between MFD and AFD. The average monthly cross-sectional cor-

relation is 0.23 and is positive in almost all months. Further evidence on the positive

correlation is given in Panel A of Table 9. It depicts the average AFD per MFD decile in

univariate portfolio sorts on MFD. AFD is monotonically increasing in MFD deciles and

the spread in AFD between MFD decile 10 and 1 is 0.18 with a t-statistic of 18.48.

Figure 2 also presents the cross-sectional rank correlation between earnings-based

MFD and AFD. For earnings-based MFD, the cross-sectional rank correlations are be-

tween 0.26 and 0.53 for earnings-per-share MFD and earnings yield MFD, respectively.

It is 0.40 for earnings-to-asset MFD. Consequently, earnings-based MFD is in general

more strongly correlated with AFD than return-based MFD. In particular, earnings-based

MFD using a relative earnings measure exhibits an even higher correlation with AFD. In

the latter case, we additionally do not observe any month with negative cross-sectional

correlation.

Prior empirical evidence on the cross-sectional association between AFD and stock

returns is mixed. Diether et al. (2002), Chen et al. (2002), Goetzmann and Massa (2005),

Berkman et al. (2009), and Yu (2011) find a negative cross-sectional association between

AFD and average stock returns. Others present evidence that the negative relation holds

only for a sample of stocks with certain characteristics, e.g., small, illiquid, low credit

quality, or short sale constrained. In particular, Malkiel and Cragg (1970), Qu et al.

(2003), Doukas et al. (2006), Avramov et al. (2009), and Carlin et al. (2014) find either

a positive or no significant relation between AFD and future stock returns.

We revisit the evidence on AFD using our longer time period. We analyze AFD-

sorted portfolios in the same way we did for MFD. Table IA6.1 in the Internet Appendix

shows the equal-weighted and value-weighted decile portfolio returns as well as the return

and alpha spreads between high-AFD and low-AFD decile portfolios. The Fama and
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French (2018) six-factor alpha spread is −0.60% with a t-statistic of −4.73 for the equal-

weighted portfolios, whereas the alpha spread is much lower at −0.14% and statistically

insignificant for the value-weighted portfolios. The evidence for AFD aligns with our

findings for MFD, but the effect is notably weaker in both magnitude and statistical

significance.

To further investigate the strength of the cross-sectional predictions from MFD and

AFD, we use a bivariate portfolio analysis. Specifically, we first sort stocks into quintile

portfolios every month based on AFD. Subsequently, we divide each AFD quintile into

deciles based on MFD. Panel B of Table 9 reports the bivariate portfolio results. The

MFD decile return spread is statistically significant in all AFD quintiles. The MFD return

spread becomes larger in magnitude and more significant when analyst disagreement is

more severe; in AFD quintile five, the equal-weighted MFD return spread is −1.20%

(t-stat.=−3.41). Moreover, the corresponding FF6 alpha is statistically significant in

all AFD quintiles, except for the lowest AFD quintile. The difference in alpha spread

between the highest and lowest AFD quintile is economically large and highly statistically

significant. Collectively, these results stress the relatively higher predictive power of

MFD with respect to AFD and shows that MFD is much stronger for equities with high

dispersion in analysts’ earnings forecasts.

However, MFD is not just a stronger form of AFD. MFD comes with various ad-

vantages over AFD. First, MFD can be constructed for many more U.S. stocks. In

our setting, we can construct MFD for about 67% more stocks on average compared

to AFD.11 Second, MFD can be calculated backwards in history before analyst coverage

became available. I/B/E/S has been mainly used after 1983, whereas data on firm funda-

mentals date back to at least 1950 from easy-to-access databases. Third, MFD can cover

international stocks. This might be of particular relevance for countries with little to no

analyst coverage. Fourth, MFD might be less prone to behaviorial biases or conflicts of

interest that have been found in literature (see, e.g., Dugar and Nathan, 1995; Michaely

and Womack, 1999; Chan et al., 2007). Finally, MFD can be updated at the discretion

11The number is calculated for the time-period for which AFD is available.
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of the researcher as it does not rely on the update cycle of analyst recommendations.

6.2. Correlation to additional disagreement proxies

Next, we examine how MFD relates to disagreement proxies used in the previous lit-

erature besides AFD. Boehme et al. (2006) and Berkman et al. (2009) propose to proxy

disagreement at the stock level by idiosyncratic volatility. We measure idiosyncratic

volatility at the stock-level as the standard deviation of the daily residuals estimated from

the regression of the daily excess stock returns on the daily market return over the previ-

ous year. Additionally, Boehme et al. (2006) use monthly turnover as a proxy for investor

disagreement, whereas Atmaz and Basak (2018) show theoretically that belief dispersion

leads to higher stock trading volume. As trading volume is unevenly distributed across

stocks, we resort to monthly turnover to faciliate cross-sectional comparisons. More re-

cently, Cookson and Niessner (2020) and Cookson and Niessner (2023) use Stocktwits

data to construct three disagreement proxies. The first disagreement proxy is based on

bullish and bearish views of all Stocktwits users, whereas the second and third proxies

measure disagreement within and across groups of Stocktwits users according to their

investment philosophies.12

We calculate time-series of cross-sectional rank correlations using Spearman’s ρ be-

tween the additional disagreement proxies and MFD. We additionally compute the cross-

sectional correlations of the aforementioned proxies to AFD. Table 10 presents the results.

We document a strong average rank correlation of 0.49 between MFD and idiosyncratic

volatility. On the contrary, the monthly average rank correlation between AFD and id-

iosyncratic volatility is 0.37 and the difference, 0.11, is highly statistically significant.

The correlations between the remaining proxies of disagreement and MFD are weaker

than for idiosyncratic volatility. However, all average rank correlations are statistically

significant. Additionally, the rank correlations to AFD are weaker for all disagreement

proxies and the difference is statistically significant in all cases. Hence, Table 10 indicates

that MFD better aligns with previous disagreement proxies.

12We download Stockwits disagreement proxies from Marina Niessner’s website (https://
marinaniessner.com/).
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Finally, we apply bivariate portfolio sorts based on MFD and idiosyncratic volatil-

ity, Stocktwits overall disagreement, and monthly turnover to stress the association of

MFD with previous studies on disagreement. We first sort stocks into tercile portfolios

every month based either on idiosyncratic volatility, Stockwits disagreement, or monthly

turnover. Subsequently, we construct MFD quintile portfolios within each tercile. Sec-

tion IA7.2 in the Internet Appendix reports the results. Tables IA7.1 and IA7.2 document

that MFD return spreads increase in magnitude across terciles based on idiosyncratic

volatility and turnover, respectively. FF6 alphas are statistically signficiant in all ter-

cile portfolios. Moreover, the difference in alpha spread between the highest and lowest

tercile is large and statistically significant. For overall disagreement of Stocktwits users,

Table IA7.3 reports statistically significant MFD return spreads and FF6 alphas in the

highest Stocktwits tercile. Similarly, the difference-in-difference MFD returns and FF6

alphas across the lowest and the highest Stocktwits terciles are economically large and

highly statistically significant.

All in all, these results show that the predictive power of MFD is stronger (weaker)

in the sample of stocks with high (low) disagreement, providing further evidence on the

strong relation between MFD and the existing measures of investor disagreement.

6.3. Evidence from different market phases

We conclude this section by evaluating the cross-sectional association of MFD with

future stock excess returns across different market phases. We classify months into high

and low periods of uncertainty/disagreement by sample splits based on the median of

aggregate uncertainty and disagreement proxies. We consider the following proxies: the

VIX index, volatility of aggregate volatility (Agarwal et al., 2017), the aggregate sys-

temic risk index of Allen et al. (2012), the financial, real, and macro uncertainty indices

of Jurado et al. (2015), the sentiment index of Huang et al. (2015), the sentiment index

orthogonalized to macroeconomic shocks of Baker and Wurgler (2007), aggregate idiosyn-

cratic volatility, standardized unexplained stock volume, and disagreement in the S&P
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500 index option market.13

Table 11 reports the value-weighted return spreads across the high and low decile

portfolios sorted on MFD for high and low states of uncertainty and disagreement as

well as their difference. If MFD captures disagreement, its value-weighted return spread

should be more pronounced in absolute magnitude during times of higher disagreement

and uncertainty. Table 11 confirms that this is indeed the case. The value-weighted

return spread is economically large and statistically significant in times of high uncer-

tainty/disagreement regardless of the proxy used. The MFD return spreads range from

−1.37% to−2.49% per month and hence, are up to more than two times higher in absolute

magnitude compared to the unconditional mean presented in Table 3. On the contrary,

MFD return spreads are only statistically significant when disagreement/uncertainty is

low as gauged by the uncertainty indices of Jurado et al. (2015), aggregate idiosyncratic

volatility, and standardized unexplained stock volume. For the remaining proxies, MFD

return spreads are not statistically distinguishable from zero for periods of low disagree-

ment. The last column in Table 11 reports the difference in MFD returns across high

and low aggregate disagreement/uncertainty as well as the results of a one-sided t−test.

The MFD return spreads during times of high disagreement are larger in absolute magni-

tude across all proxies. This difference is also statistically significant except for gauging

uncertainty by the real uncertainty index of Jurado et al. (2015). Overall, these results

provide further evidence that MFD captures investor disagreement.

7. Sources of return predictability

Having established a robust negative cross-sectional association between MFD and

average stock returns, we next investigate the potential economic mechanisms giving rise

to this pattern. Motivated by the theoretical literature and the evidence presented in this

paper so far, we explore mispricing versus risk in general, and more specifically investigate

limits to arbitrage in the form of short sale constraints and information frictions.

13We detail the construction of aggregate uncertainty and disagreement proxies in Internet Appendix,
Section IA7.1, for proxies we construct ourselves as ready-to-use data are not available.
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7.1. Mispricing versus risk

In our results so far, we have documented significant alphas controlling for established

factor models, which is a first indication that systematic risks (of the form captured by

those models) do not explain the MFD pattern in average returns. Nor can other well-

known firm-level risk measures (like idiosyncratic volatility or illiquidity) explain the

MFD effect.

If the MFD pattern is indeed associated with mispricing, we expect it to be correlated

with other known mispricing phenomena in the literature. In this vein, we compare MFD

to the mispricing measure (MISP) of Stambaugh et al. (2015). We report the time-series

average of the cross-sectional mispricing score for stocks in MFD quintile portfolios.14 We

also conduct dependent double sorts based on individual stock’s MISP and MFD; that is,

stocks are first grouped into 3 tercile portfolios on ascending sorts of MISP. Subsequently,

stocks are grouped into 5 quintile portfolios on ascending sorts of MFD within each MISP

tercile. We then compute the return spreads and alphas with respect to the Fama and

French (2018) six-factor model for MFD high-minus-low portfolios within each MISP

quintile.

Table 12, Panel A, shows that the high MFD stocks indeed have a higher average

mispricing score than the low MFD stocks. Furthermore, as reported in the last column

of Panel A, Table 12, the 5-1 difference in the average mispricing score is 10.97 and

statistically significant at the 1% level with a t-statistic of 16.68. Thus, we conclude that

high-MFD stocks are more likely to be overvalued.

Next, we investigate whether the cross-sectional relation between MFD and future

returns is stronger for overvalued vs. undervalued stocks. Specifically, we calculate the

return spreads and Fama and French (2018) six-factor alpha spreads of MFD-sorted

portfolios within each MISP tercile. Panel B shows results for the equal-weighted bivariate

portfolios of MISP and MFD. The last column in Panel B presents the FF6 alpha spreads

14As discussed in Stambaugh et al. (2015), each month individual stocks are ranked independently
based on 11 prominent equity return predictors (net stock issues, composite equity issues, accruals, net
operating assets, asset growth, investment-to-assets, distress, O-score, momentum, gross profitability,
and return on assets) in such an order that a higher rank is associated with lower one-month-ahead
stock returns. The mispricing measure (MISP) is defined as the arithmetic average of the ranks of the
11 return predictors, and higher (lower) MISP indicates overvaluation (undervaluation).
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between the high MFD and low MFD quintile portfolios along with the Newey-West t-

statistics. A notable point in Table 12 is that the return and alpha spreads on MFD-sorted

portfolios increase monotonically (in absolute magnitude) moving from low-MISP to high-

MISP tercile, and the FF6 alpha spread is highest at −0.97% per month with a t-statistic

of −4.10 for overvalued stocks, i.e., in the high MISP tercile. Moreover, the alpha spread

on MFD-sorted portfolios of overvalued stocks is economically and statistically greater

than the alpha spread on MFD-sorted portfolios for undervalued stocks.

To further differentiate the negative cross-sectional association between MFD and fu-

ture stock returns from a risk-based explanation, we study stock price reactions around

earnings announcements. If the return predictability were explained by underlying risk,

we would expect the returns to be evenly affected in subsequent periods. On the con-

trary, if the effect is consistent with mispricing, then the returns must be disproportionaly

affected around earnings announcements, i.e., the return prediction around earnings an-

nouncements should be stronger than that around non-earnings announcement periods if

investors are surprised by the good or bad news during that period and revise their ex-

pectations. Our approach is widely used in the literature (see, e.g., Bernard and Thomas,

1989; Porta et al., 1997; Engelberg et al., 2018). We follow Engelberg et al. (2018) and

conduct a panel regression analysis of daily stock returns (Retdt ) on the previous month

MFD, an earnings announcement window dummy (EDAY), and the interaction term be-

tween the two variables. We also include a set of control variables, consisting of the

lagged values for each of the past ten days for stock returns, stock returns squared, and

trading volume. We also control for day fixed effects and cluster the standard errors by

day.

The date of the earnings announcement is defined as in Engelberg et al. (2018). Specif-

ically, we compute the firm’s trading volume scaled by market trading volume for the day

before, the day of, and the day after the reported earnings announcement date, which is

obtained from Compustat quarterly database. We then define the day with the highest

scaled trading volume as the day of the earnings announcement. We select one-day or

three-day earnings announcement windows centered on the earnings announcement date
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in our analysis. Panel A of Table 13 reports the regression results for the one-day win-

dow, whereas Panel B presents the results for the three-day window. In all cases and

in line with the findings of Engelberg et al. (2018), the coefficients on the EDAY are

positive and significant. Additionally, the coefficients on MFD are negative and highly

statistically significant, corroborating the previously documented negative cross-sectional

relation between MFD and future stock returns. More importantly, and consistent with

the mispricing explanation, the coefficient for the interaction term between MFD and

EDAY is negative and statistically significant, meaning that the negative cross-sectional

relation is stronger on earnings announcement days. The coefficient is also economically

significant. In column 2 of Panel A, the coefficient on MFD is −0.32 (t-stat. = −6.84),

while the coefficient of MFD × EDAY interaction term is −0.50 (t-stat. = −3.42), in-

dicating that the return spread for the hedged MFD strategy is 156% higher during an

earnings announcement window than on non-announcement days. Analogously, based on

column 4, the MFD premium is 116% higher during a three-day earnings announcement

window than on non-announcement days. Thus, the evidence supports our mispricing

argument that as investors appear to be surprised by the content of new information and

subsequently update their beliefs, leading to an elevated MFD-return spread on earnings

announcement days.

7.2. Short-selling costs

In light of the preceding evidence of MFD’s association with mispricing, and that

this mispricing is most prominent among high disagreement stocks, we investigate the

Miller (1977) hypothesis that disagreement combined with short-sale constraints produces

overpricing of high MFD stocks. We use two datasets that measure short sale frictions:

the indicative borrowing fee provided by IHS Markit, and institutional ownership.

The indicative borrowing fee is calculated from proprietary data by IHS Markit. It

is an estimate of the current costs for a hedge fund to borrow shares. Hence, we regard

it as a good proxy for short-sale constraints. Besides borrowing costs between share

lenders and prime brokers, its computation uses also rates from hedge funds to produce
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an indication of the current market rate. Panel A of Table 14 presents the time-series

averages of cross-sectional medians for the indicative fee for equity quintiles formed via

a univariate MFD sort. Equities with higher MFD have higher indicative fees (or more

binding short-sale constraints), and the difference between the high and the low MFD

quintiles is highly significant.

We next analyze the strength of the MFD return spread within indicative fee terciles.

Panel B of Table 14 shows that the abnormal return (six-factor alpha) to the zero-cost

portfolio that buys stocks with the highest MFD and sells stocks with the lowest MFD

increases in magnitude from low indicative fee to high indicative fee. For stocks within the

lowest tercile (BORROWFEE Low), the FF6 alpha to the zero-cost portfolio is −0.07%

which is not statistically different from zero, while the MFD alpha amounts to −2.30%

per month with t-statistic of −4.92 if the indicative fee is highest (BORROWFEE High).

The difference in MFD alpha spreads across indicative fee quintiles is economically and

statistically significant; −2.23% per month (t-stat.= −5.27). These results indicate that

the MFD premium is stronger among stocks with more severe short sale costs as measured

by the indicative fee.

Table 15 repeats this analysis with an alternative measure of short sale constraints:

institutional ownership (Nagel, 2005).15 In Panel A of Table 15, we present the time-

series averages of cross-sectional means for percentage institutional ownership (INST) for

equity quintiles formed via a univariate sort based on MFD. The results show that equities

with higher MFD are more likely to be held by individual investors. The percentage

institutional ownership is equal to 52% for quintile 1. In contrast, for quintile 5 which

includes the equities with the highest MFD, the percentage institutional ownership drops

to 42%. The difference in institutional holdings between the extreme MFD quintiles is

highly significant with a t-statistic of 9.63.

Next, we analyze the strength of the disagreement premium across institutional own-

15Institutional holdings data are obtained from Thompson-Reuters’ Institutional Holdings (13F)
database. To measure a stock’s institutional holdings (INST), we define month-t INST to be the fraction
of total shares outstanding that are owned by institutional investors as of the end of the last fiscal quarter
during or before month t. Values of INST are available for the period from January 1980 to December
2022.
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ership portfolios using a dependent double sort analysis. Specifically, we first sort stocks

into tercile portfolios every month based on the level of institutional ownership. Then,

we divide each institutional ownership tercile into quintiles based on MFD. In Panel B of

Table 15, we present the returns for each of the 15 (3× 5) resulting INST&MFD sorted

portfolios as well as the six-factor alpha spread between the extreme MFD quintiles, and

associated t-statistics. A notable point in Table 15, Panel B, is that the magnitude of

the abnormal return (FF6 alpha) to the zero-cost portfolio that buys stocks with the

highest MFD and sells stocks with the lowest MFD increases monotonically in absolute

value as one moves towards the stocks for which the level of institutional holdings is

lowest (INST Low). For stocks in which institutional investors are most active (INST

High), the FF6 alpha to the zero-cost portfolio is negative at −0.42% per month (t-

stat.=−2.22), whereas the corresponding alpha spread on MFD-sorted portfolios is much

higher at −1.19% (t-stat.=−4.65) for stocks in which retail investors are most active

(INST Low). The diff-in-diff analysis of the FF6 alpha spreads of the stocks with high

vs. low institutional holdings also generates an economically and statistically significant

difference. Specifically, the difference between the six-factor alphas of the zero-cost MFD-

sorted portfolios among the extreme institutional ownership quintiles (INST High – INST

Low) is 0.77% with a t-statistic of 4.50.

These results once again confirm the Miller (1977) hypothesis that investor disagree-

ment (proxied by MFD) combined with short-sale constraints produces higher degree of

overpricing of high-MFD stocks with high short-sale costs, leading to stronger return

spreads on MFD-sorted portfolios in the presence of more severe short-sale constraints.

7.3. Limits to arbitrage

In this section, we further explore the role of limits-to-arbitrage. If the predictive

power of MFD is driven by mispricing to some extent, then we should expect the return

predictability to be more pronounced for stocks with high arbitrage costs. In our next

test, we use three proxies of limits-to-arbitrage that are prevalent in the literature.

The prior literature singles out idiosyncratic risk as the primary arbitrage cost (e.g.,
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Pontiff, 2006). We rely on Ali et al. (2003) and measure the monthly IVOL as the standard

deviation of the daily residuals estimated from the regression of the daily excess stock

returns on the daily market return over the previous year. Moreover, following Amihud

(2002), we use the monthly illiquidity measure as our second proxy, computed as the

absolute daily return divided by the daily dollar trading volume, averaged over the last 126

trading days. Finally, we rely on the market capitalization (size) as our third proxy, which

is another widely used measure to capture costly arbitrage (e.g., Cohen and Lou, 2012;

Lee et al., 2019). Instead of using a single proxy for limits-to-arbitrage, we follow Atilgan

et al. (2020) and construct a composite index out of the three aforementioned proxies.

The arbitrage cost index is created by arranging stocks in ascending order according

to their idiosyncratic volatility and their illiquidity. Likewise, stocks are arranged in

descending order based on their size. Each stock is assigned a score corresponding to its

position in the decile rank for each variable. Finally, the stock-level arbitrage cost index

is computed as the sum of these three scores, ranging from 3 to 30. A higher index value

indicates more stringent limits-to-arbitrage.

We test the limits-to-arbitrage hypothesis using dependent bivariate portfolios. Specif-

ically, we first sort stocks into tercile portfolios every month based on the arbitrage cost

index. Then, we divide each arbitrage cost tercile into quintiles based on MFD. Consistent

with the limits-to-arbitrage hypothesis, Table 16 shows that the return and alpha spreads

on MFD-sorted portfolios are negative and larger in absolute magnitude, and statistically

more significant for stocks with high arbitrage costs, compared to the return and alpha

spreads on MFD-sorted portfolios for stocks with low arbitrage costs. The difference of

the return and alpha spreads of the stocks with high vs. low arbitrage costs also generates

a highly significant difference in the MFD premium; the difference in alpha spreads is

−0.84% with a t-statistic of −3.82. Thus, we conclude that the slow diffusion of informa-

tion into stock prices due to limits-to-arbitrage provides a complementary explanation to

the predictive power of MFD.
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8. Conclusion

This paper introduces a statistical model of investor beliefs from which we build a novel

measure of investor belief disagreement. In particular, we simulate differences in beliefs

across investors by endowing them with different machine learning models for forecasting

returns from the same set of inputs. Thus, differences in beliefs across investors emerge

from differences in the way they perceive and use data. Investor disagreement is measured

as the standard deviation of expected return forecasts across investors.

We find a significantly negative and highly robust cross-sectional relation between

this newly proposed measure, MFD, and future stock returns. In particular, the value-

weighted arbitrage portfolio that takes a short position in the 10th percentile of stocks

with the highest MFD and takes a long position in the 10th percentile of stocks with the

lowest MFD yields a monthly average return of 1.14%. We also examine the long-term

predictive power of MFD and find that the negative relation between MFD and future

equity returns persists up to five months for the value-weighted portfolios. Finally, we

find corroborative evidence for the significance of MFD from bivariate portfolio sorts

and multivariate Fama–MacBeth regressions when we control for a large number of firm

characteristics and risk factors. As a robustness check, we construct alternative measures

of investor disagreement based on the realized next-quarter earnings, instead of next-

month excess returns. MFD’s predictive power on future stock returns remains significant.

We investigate the source of the MFD spread portfolio’s alpha. We conduct com-

prehensive analyses to differentiate the risk versus mispricing explanations, and present

evidence that the alpha for high-MFD stocks is driven primarily by mispricing. To bet-

ter understand the economic mechanisms behind MFD-based return predictability, we

test if the predictive power of MFD is explained by short-sale constraints and/or other

limits to arbitrage. We show that the disagreement premium is significantly stronger

for stocks with higher short-sale constraints. Relatedly, the negative relation between

MFD and future returns is most pronounced for stocks with high arbitrage costs and

high retail ownership. Therefore, our findings support the mispricing explanation of the

disagreement premium, consistent with Miller (1977).
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Fig. 1. MFD Over Time

The figure shows the yearly time-series plot of the average stock-level MFD (annualized, in percent).
The dashed lines show the time-series of the interquartile range. The sample period is from August 1976
to December 2022.

37



0.2 0.0 0.2 0.4 0.6
0.0

0.2

0.4

0.6

0.8

1.0

1.2

D
en

si
ty

0.23 0.26 0.530.40MFD - AFD
EPS MFD - AFD
Earnings Yield MFD - AFD
Earnings-to-Assets MFD - AFD

Fig. 2. Cross-Sectional Rank Correlation Between AFD and MFD

The figure shows the density of the monthly cross-sectional correlation between analyst forecast dispersion
(AFD, Diether et al., 2002) and MFD based on future excess returns and realized earnings. Each month t,
the correlation between MFD and AFD is measured using Spearman’s ρ. Besides return-based MFD, the
figure shows the cross-sectional rank correlations between three earnings-based MFD measures and AFD:
MFD based on earnings-per-share (EPS MFD), earnings-yield (Earnings Yield MFD), and earnings-to-
assets (Earnings-to-Asset MFD). The vertical dashed red lines show the average monthly cross-sectional
rank correlations. The sample period is from January 1983 to March 2022 for return-based MFD and
from February 1994 to March 2022 for the earnings-based MFD measures, respectively.
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Table 1: Descriptive Statistics

Mean Sd 10th Q1 Q2 Q3 90th

RETt+1 0.77 12.94 -12.77 -6.08 0.11 6.71 14.66

MFD 1.93 0.53 1.31 1.52 1.91 2.27 2.64

SUE -0.08 1.77 -1.89 -0.76 0.01 0.77 1.77

AG 0.29 0.74 -0.07 0.01 0.10 0.26 0.70

MOM 0.23 0.53 -0.27 -0.09 0.12 0.40 0.82

ILLIQ 0.91 2.60 0.00 0.02 0.10 0.55 2.19

OP 0.22 0.39 -0.07 0.11 0.23 0.34 0.50

IVOL 0.03 0.01 0.01 0.02 0.03 0.03 0.04

BETA 1.20 0.62 0.48 0.77 1.12 1.54 2.04

SIZE (×10−9) 3.74 17.09 0.07 0.17 0.51 1.73 6.12

BM 0.62 0.46 0.16 0.29 0.51 0.83 1.22

MAX 0.04 0.02 0.02 0.02 0.03 0.05 0.06

TURN (×103) 6.25 9.82 1.24 2.51 4.44 7.41 12.00

STR 0.02 0.12 -0.11 -0.05 0.01 0.08 0.16

AFD 0.16 0.42 0.01 0.02 0.05 0.11 0.31

The table reports the summary statistics for the cross-sectional variables. The sample consists of all
common stocks that are listed on NYSE, Amex, and Nasdaq. Financial firms (with one-digit SIC =
6), utility firms (with two-digit SIC = 49), and stocks trading below $5/share are excluded from the
analysis. RETt+1 is the one-month-ahead return in excess of the risk-free rate of individual stocks.
MFD is the machine forecast disagreement variable. SIZE is the firm’s market capitalization at the end
of month t − 1 (Fama and French, 2008). BM is the ratio of the firm’s book value of equity divided
by its market capitalization, following Fama and French (2008). Asset Growth (AG) is a percentage of
total asset growth between two consecutive fiscal years, following Cooper et al. (2008). Operating profits
(OP) is the ratio of operating profits to book equity, following Fama and French (2015). Short-term
reversal (STR) is the stock’s one-month lagged return, following Jegadeesh (1990). MOM is the stock’s
cumulative return from the start of month t − 12 to the end of month t − 1, skipping STR, following
Jegadeesh and Titman (1993). ILLIQ is the Amihud (2002) illiquidity measure computed using daily
data over the last 126 trading days. TURN is the share turnover computed over the last 126 trading
days, following Datar et al. (1998). SUE is the standardized unexpected earnings, following Foster et al.
(1984). IVOL is the standard deviation of daily residuals estimated from the daily regression of excess
stock returns on the excess market return over the previous year, following Ali et al. (2003). MAX is
the average of the five highest daily returns of each stock in month t − 1, following Bali et al. (2011).
All variables are winsorized at the 1% level for both tails to mitigate the effect of outliers. The mean,
standard deviation (Sd), 10th percentile (10th), first up to third quartil, and the 90th percentile (90th)
are shown. The sample is from August 1976 to December 2022.
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Table 2: Cross-Sectional Correlations to MFD

Mean Sd 10th Q1 Q2 Q3 90th

RETt+1 -0.05 0.09 -0.16 -0.10 -0.04 0.01 0.07

SUE -0.02 0.08 -0.13 -0.08 -0.02 0.02 0.07

AG 0.13 0.15 -0.08 0.03 0.13 0.24 0.32

MOM -0.06 0.17 -0.26 -0.18 -0.10 0.04 0.19

ILLIQ 0.14 0.22 -0.22 0.04 0.20 0.30 0.38

OP -0.29 0.16 -0.48 -0.43 -0.34 -0.13 -0.09

IVOL 0.40 0.30 -0.19 0.33 0.52 0.60 0.65

BETA 0.19 0.10 0.04 0.12 0.20 0.25 0.33

SIZE -0.15 0.27 -0.39 -0.33 -0.25 -0.07 0.41

BM -0.05 0.16 -0.26 -0.16 -0.05 0.07 0.14

MAX 0.35 0.22 -0.06 0.30 0.42 0.50 0.54

TURN 0.16 0.12 0.01 0.09 0.16 0.24 0.31

STR 0.01 0.11 -0.12 -0.05 0.02 0.08 0.15

AFD 0.21 0.17 0.00 0.09 0.23 0.34 0.41

The table reports summary statistics on the cross-sectional correlations of various stock characteristics
with MFD. Correlation is measured using Spearman’s ρ. The stock characteristics are defined in Table 1.
The mean, standard deviation (Sd), 10th percentile (10th), first, second, and third quartil, and the 90th

percentile (90th) are shown. The sample is from August 1976 to December 2022.
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Table 3: Univariate Portfolio Sorts on MFD

Panel A: Equal-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 1.14*** (5.09) 0.50*** (3.72) 0.24*** (2.86) 0.27*** (2.72) 0.30*** (2.87) 0.51*** (3.81)
2 1.06*** (4.85) 0.42*** (3.30) 0.20*** (3.22) 0.24*** (3.03) 0.20*** (2.66) 0.45*** (3.67)
3 1.06*** (4.62) 0.38*** (2.97) 0.19*** (3.09) 0.25*** (3.15) 0.20*** (2.61) 0.46*** (3.56)
4 1.00*** (4.28) 0.29** (2.43) 0.13*** (2.67) 0.21*** (3.45) 0.16** (2.43) 0.40*** (3.39)
5 0.97*** (4.02) 0.23** (1.96) 0.12** (2.42) 0.21*** (3.22) 0.14** (2.39) 0.41*** (3.47)
6 0.87*** (3.44) 0.11 (0.92) 0.09* (1.90) 0.18*** (3.56) 0.05 (0.90) 0.35*** (3.00)
7 0.77*** (2.87) -0.03 (-0.22) 0.03 (0.51) 0.16*** (2.73) 0.02 (0.32) 0.32** (2.48)
8 0.61** (2.08) -0.22 (-1.51) -0.05 (-0.89) 0.07 (1.04) -0.02 (-0.26) 0.27* (1.87)
9 0.44 (1.44) -0.42*** (-2.63) -0.14** (-2.20) 0.02 (0.27) -0.11 (-1.14) 0.21 (1.44)
High -0.18 (-0.52) -1.12*** (-5.68) -0.64*** (-7.79) -0.46*** (-3.71) -0.70*** (-4.97) -0.27 (-1.52)

H-L -1.32*** (-5.61) -1.62*** (-7.15) -0.88*** (-6.69) -0.74*** (-4.15) -1.00*** (-4.77) -0.78*** (-4.59)

Panel B: Value-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 0.93*** (4.85) 0.35*** (3.36) 0.08 (0.82) 0.08 (0.79) 0.15 (1.33) 0.12 (1.10)
2 0.89*** (4.34) 0.26*** (3.09) 0.10 (1.31) 0.05 (0.56) 0.05 (0.57) 0.08 (1.00)
3 0.90*** (4.54) 0.25** (2.48) 0.18* (1.83) 0.22** (2.07) 0.22* (1.90) 0.23** (2.16)
4 0.86*** (4.08) 0.16** (2.47) 0.18*** (2.66) 0.17** (2.36) 0.19*** (2.72) 0.20*** (2.88)
5 0.80*** (3.69) 0.09 (1.12) 0.04 (0.43) 0.06 (0.64) 0.06 (0.63) 0.12 (1.52)
6 0.72*** (3.28) 0.01 (0.07) 0.01 (0.10) 0.01 (0.14) 0.00 (0.00) 0.08 (1.05)
7 0.65*** (2.62) -0.12 (-1.22) -0.09 (-0.93) -0.08 (-0.68) -0.17 (-1.49) -0.01 (-0.14)
8 0.54** (2.13) -0.23* (-1.76) -0.01 (-0.06) 0.05 (0.38) 0.11 (0.97) 0.10 (0.91)
9 0.44 (1.51) -0.40*** (-2.89) -0.17 (-1.40) -0.04 (-0.26) -0.10 (-0.78) 0.04 (0.36)
High -0.21 (-0.64) -1.12*** (-5.62) -0.55*** (-4.28) -0.40** (-2.43) -0.42*** (-2.86) -0.48*** (-3.37)

H-L -1.14*** (-4.33) -1.47*** (-5.73) -0.63*** (-3.51) -0.48** (-2.36) -0.57*** (-2.75) -0.59*** (-3.17)

The table reports the average monthly excess returns and alphas on univariate portfolios of stocks sorted by MFD. Each month t, stocks are sorted into decile
portfolios by MFD constructed using data up to month t − 1. Panel A reports equal-weighted portfolio sorts whereas Panel B reports value-weighted portfolio
sorts. Excess Return is the return in excess of the risk-free rate. Alpha is the intercept from a time-series regression of monthly excess returns on the factors of
alternative models: the CAPM, Fama and French (2018) six-factor model (FF6), Stambaugh and Yuan (2017) mispricing factor model (SY), Hou et al. (2015)
q-factor model (HXZ), and the Daniel et al. (2020) behavioral factor model (DHS). t-stat denote Newey and West (1987) adjusted t-statistics. *, **, and ***
denote statistical significance at the 10%, 5%, and 1% level, respectively. The sample period is from August 1976 to December 2022 (December 2016 in case of
SY).
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Table 4: Transition Matrix

Low 2 3 4 5 6 7 8 9 High

Low 29 20 14 10 7 6 5 4 3 2

2 17 18 16 13 10 8 6 5 4 3

3 11 15 16 14 12 10 8 6 5 3

4 8 12 14 15 13 12 10 8 6 4

5 6 9 11 14 14 13 11 9 7 5

6 5 8 9 12 13 14 13 11 9 6

7 4 6 8 10 12 14 14 14 11 8

8 3 5 6 8 10 12 14 16 15 11

9 3 4 5 6 8 10 13 16 19 18

High 2 3 3 4 5 7 9 13 20 35

The table reports transition probabilities for MFD at a lag of 12 months from August 1976 to December
2022. For each month t, all stocks are sorted into deciles on an ascending ordering of the MFD. The
procedure is repeated in month t+ 12. Low is the portfolio of stocks with the lowest MFD and High is
the portfolio of stocks with the highest MFD. For each decile MFD in month t, the percentage of stocks
that fall into each of the month t + 12 MFD decile is calculated. Transition probabilities are averaged
across time. Each row corresponds to a different month t MFD portfolio and each column corresponds
to a different month t+ 12 MFD portfolio.
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Table 5: Long-Term Predictive Power

Panel A: Equal-Weighted Portfolios

t+ 2 t+ 3 t+ 4 t+ 5 t+ 6 t+ 7 t+ 8 t+ 9 t+ 10 t+ 11 t+ 12

Low 1.08*** 1.04*** 0.97*** 0.92*** 0.91*** 0.88*** 0.88*** 0.86*** 0.87*** 0.82*** 0.84***

(4.90) (4.79) (4.45) (4.16) (4.15) (4.00) (3.98) (3.88) (3.86) (3.63) (3.75)

2 1.00*** 1.01*** 0.99*** 0.93*** 0.91*** 0.89*** 0.96*** 0.94*** 0.85*** 0.91*** 0.93***

(4.58) (4.64) (4.49) (4.14) (4.08) (3.96) (4.47) (4.24) (3.74) (3.98) (4.09)

3 1.02*** 0.89*** 0.96*** 0.96*** 0.91*** 0.99*** 0.96*** 0.88*** 0.98*** 0.97*** 0.87***

(4.47) (3.89) (4.23) (4.26) (4.01) (4.24) (4.05) (3.78) (4.17) (4.19) (3.73)

4 0.94*** 0.94*** 0.88*** 0.93*** 0.91*** 0.90*** 0.89*** 0.91*** 0.92*** 0.89*** 0.88***

(3.94) (4.07) (3.77) (3.96) (3.85) (3.77) (3.72) (3.90) (3.88) (3.69) (3.63)

5 0.92*** 0.96*** 0.93*** 0.81*** 0.88*** 0.86*** 0.87*** 0.89*** 0.84*** 0.91*** 0.92***

(3.78) (4.00) (3.77) (3.34) (3.56) (3.48) (3.54) (3.58) (3.45) (3.66) (3.70)

6 0.90*** 0.86*** 0.85*** 0.86*** 0.82*** 0.84*** 0.85*** 0.86*** 0.87*** 0.84*** 0.85***

(3.51) (3.38) (3.48) (3.46) (3.36) (3.38) (3.37) (3.46) (3.49) (3.34) (3.41)

7 0.76*** 0.77*** 0.70*** 0.75*** 0.75*** 0.78*** 0.77*** 0.85*** 0.79*** 0.78*** 0.79***

(2.83) (2.88) (2.63) (2.93) (2.82) (2.99) (2.99) (3.21) (3.06) (3.01) (3.02)

8 0.60** 0.64** 0.68** 0.65** 0.65** 0.70*** 0.69** 0.64** 0.68** 0.69** 0.70***

(2.07) (2.20) (2.34) (2.35) (2.34) (2.58) (2.45) (2.32) (2.52) (2.57) (2.63)

9 0.41 0.38 0.47 0.48 0.54* 0.52* 0.50* 0.61** 0.61** 0.54* 0.59**

(1.31) (1.26) (1.52) (1.55) (1.82) (1.73) (1.74) (2.07) (2.06) (1.90) (1.98)

High -0.01 0.13 0.15 0.17 0.21 0.26 0.27 0.25 0.34 0.37 0.42

(-0.02) (0.37) (0.44) (0.49) (0.62) (0.80) (0.83) (0.76) (1.08) (1.15) (1.34)

H-L -1.08*** -0.91*** -0.83*** -0.76*** -0.70*** -0.61*** -0.61*** -0.62*** -0.52*** -0.45** -0.42**

(-4.76) (-4.04) (-3.81) (-3.63) (-3.37) (-2.92) (-2.91) (-3.06) (-2.66) (-2.20) (-2.26)

FF6 -0.66*** -0.52*** -0.46*** -0.35*** -0.34*** -0.25** -0.24* -0.31** -0.22 -0.16 -0.14

(-4.93) (-4.15) (-3.69) (-2.86) (-2.72) (-1.96) (-1.89) (-2.35) (-1.60) (-1.23) (-1.09)
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Panel B: Value-Weighted Portfolios

t+ 2 t+ 3 t+ 4 t+ 5 t+ 6 t+ 7 t+ 8 t+ 9 t+ 10 t+ 11 t+ 12

Low 0.92*** 0.88*** 0.85*** 0.74*** 0.83*** 0.82*** 0.78*** 0.82*** 0.89*** 0.84*** 0.85***

(5.01) (4.55) (4.40) (3.82) (4.15) (4.07) (3.91) (4.11) (4.48) (4.35) (4.13)

2 0.76*** 0.90*** 0.75*** 0.83*** 0.80*** 0.77*** 0.86*** 0.88*** 0.67*** 0.75*** 0.82***

(3.62) (4.45) (3.66) (3.87) (4.08) (3.79) (4.55) (4.65) (3.26) (3.76) (3.96)

3 0.87*** 0.78*** 0.82*** 0.80*** 0.82*** 0.78*** 0.73*** 0.78*** 0.81*** 0.76*** 0.71***

(4.24) (3.66) (3.92) (4.01) (4.09) (4.00) (3.45) (3.94) (4.27) (3.54) (3.48)

4 0.84*** 0.79*** 0.86*** 0.84*** 0.75*** 0.74*** 0.79*** 0.69*** 0.78*** 0.79*** 0.80***

(3.93) (3.77) (4.28) (3.94) (3.60) (3.40) (3.87) (3.23) (3.67) (3.71) (3.91)

5 0.74*** 0.91*** 0.75*** 0.72*** 0.81*** 0.91*** 0.79*** 0.79*** 0.76*** 0.76*** 0.69***

(3.34) (4.07) (3.38) (3.32) (3.67) (4.07) (3.58) (3.54) (3.36) (3.44) (3.33)

6 0.93*** 0.77*** 0.87*** 0.87*** 0.86*** 0.87*** 0.82*** 0.77*** 0.76*** 0.73*** 0.73***

(4.27) (3.28) (3.89) (3.80) (3.98) (3.81) (3.61) (3.75) (3.39) (3.50) (3.29)

7 0.61*** 0.61*** 0.58** 0.80*** 0.79*** 0.74*** 0.70*** 0.81*** 0.81*** 0.76*** 0.71***

(2.62) (2.59) (2.40) (3.52) (3.23) (2.99) (2.85) (3.51) (3.53) (3.50) (3.04)

8 0.55** 0.45* 0.68** 0.66** 0.63** 0.65** 0.68** 0.75*** 0.82*** 0.74*** 0.72***

(2.07) (1.76) (2.51) (2.40) (2.41) (2.42) (2.37) (2.90) (3.58) (3.20) (2.84)

9 0.34 0.56** 0.44 0.51* 0.52* 0.71** 0.72*** 0.63** 0.56** 0.67** 0.70**

(1.19) (1.98) (1.54) (1.72) (1.80) (2.31) (2.61) (2.22) (1.97) (2.22) (2.40)

High -0.10 0.06 0.23 0.19 0.41 0.23 0.47 0.44 0.50 0.47 0.54

(-0.31) (0.20) (0.73) (0.56) (1.06) (0.72) (1.35) (1.20) (1.35) (1.36) (1.63)

H-L -1.02*** -0.82*** -0.62** -0.56** -0.42 -0.59** -0.31 -0.38 -0.38 -0.38 -0.31

(-4.18) (-3.29) (-2.49) (-2.23) (-1.37) (-2.37) (-1.17) (-1.34) (-1.32) (-1.43) (-1.18)

FF6 -0.63*** -0.45*** -0.26 -0.27 -0.21 -0.24 0.01 -0.09 -0.08 -0.01 0.05

(-3.98) (-2.61) (-1.48) (-1.53) (-0.94) (-1.26) (0.03) (-0.41) (-0.36) (-0.04) (0.22)

The table reports the long-term predictive power of MFD. For each month t+ n, where n ∈ {2, . . . , 12}, individual stocks are sorted into decile portfolios based
on month-t MFD. Panel A reports equal-weighted portfolio sorts. Panel B reports value-weighted portfolio sorts. Returns are average monthly excess returns.
The table also shows the Fama and French (2018) six-factor alphas for each of the MFD-sorted high-minus-low portfolios. Newey and West (1987) adjusted
t−statistics are reported in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively. The sample period is from
August 1976 to December 2022.
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Table 6: Average Stock Characteristics of MFD-sorted Portfolios

Low 2 3 4 5 6 7 8 9 High H-L t-stat

MFD 1.21 1.39 1.52 1.64 1.84 1.97 2.10 2.27 2.49 2.87 1.66*** (19.21)

SUE 0.04 0.02 0.01 -0.02 -0.01 -0.01 -0.01 -0.01 -0.01 -0.03 -0.07** (-2.14)

AG 0.06 0.07 0.08 0.09 0.09 0.11 0.12 0.13 0.16 0.23 0.17*** (7.32)

MOM 0.16 0.13 0.12 0.11 0.11 0.11 0.11 0.11 0.11 0.09 -0.07** (-2.11)

ILLIQ 0.06 0.08 0.07 0.07 0.08 0.09 0.09 0.10 0.11 0.17 0.11*** (4.97)

OP 0.29 0.27 0.26 0.25 0.24 0.23 0.21 0.19 0.15 0.03 -0.26*** (-11.36)

IVOL 0.02 0.02 0.02 0.02 0.02 0.03 0.03 0.03 0.03 0.04 0.02*** (21.58)

BETA 0.92 0.98 1.03 1.08 1.11 1.15 1.19 1.26 1.33 1.46 0.54*** (16.51)

SIZE (×10−9) 1.35 1.01 0.87 0.73 0.62 0.54 0.45 0.37 0.31 0.24 -1.11*** (-6.77)

BM 0.51 0.53 0.53 0.54 0.54 0.53 0.53 0.53 0.50 0.45 -0.06** (-2.37)

MAX 0.02 0.03 0.03 0.03 0.03 0.03 0.03 0.04 0.04 0.05 0.03*** (18.29)

TURN (×103) 4.13 4.27 4.47 4.73 4.85 5.08 5.29 5.58 5.89 7.29 3.16*** (7.98)

STR (×103) 8.33 8.31 9.15 8.52 8.51 8.74 9.16 8.29 10.32 23.05 14.72*** (4.30)

The table reports the time-series averages of the monthly cross-sectional median for stock characteristics
of univariate decile portfolios formed based on MFD. Low (High) denotes the portfolio of stocks with the
lowest (highest) MFD. The last two columns show the differences between the High and Low (H-L) and
the associated Newey and West (1987) adjusted t−statistics (t-stat). *, **, and *** denote statistical
significance at the 10%, 5%, and 1% level, respectively. The sample period is from August 1976 to
December 2022.
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Table 7: Bivariate Portfolio Sorts

Panel A: Equal-Weighted Portfolios

SUE AG MOM ILLIQ OP IVOL BETA SIZE BM MAX TURN STR

1 1.12*** 1.08*** 1.06*** 1.13*** 1.11*** 1.09*** 1.13*** 1.12*** 1.13*** 1.11*** 1.12*** 1.12***

(5.60) (4.91) (4.99) (5.14) (4.85) (4.42) (5.35) (4.93) (5.26) (4.42) (4.96) (4.92)

2 1.05*** 1.03*** 1.06*** 1.07*** 1.00*** 1.02*** 1.11*** 1.09*** 0.99*** 1.04*** 1.07*** 1.05***

(5.01) (4.58) (4.72) (4.84) (4.37) (4.11) (5.06) (4.88) (4.51) (4.32) (4.93) (4.73)

3 1.09*** 0.99*** 1.02*** 1.02*** 1.00*** 0.94*** 1.07*** 1.03*** 1.09*** 0.95*** 0.99*** 1.03***

(4.90) (4.33) (4.46) (4.58) (4.28) (3.82) (4.72) (4.54) (4.74) (3.79) (4.34) (4.46)

4 1.06*** 1.00*** 1.01*** 0.97*** 0.98*** 0.91*** 1.06*** 0.99*** 0.98*** 0.84*** 0.97*** 0.95***

(4.80) (4.14) (4.24) (4.25) (4.02) (3.77) (4.57) (4.23) (4.07) (3.44) (4.18) (3.98)

5 1.03*** 0.89*** 0.97*** 0.92*** 0.95*** 0.89*** 0.98*** 0.94*** 0.95*** 0.89*** 0.88*** 0.93***

(4.57) (3.59) (3.99) (3.82) (3.95) (3.48) (4.26) (3.83) (4.00) (3.57) (3.73) (3.80)

6 0.93*** 0.92*** 0.93*** 0.84*** 0.79*** 0.77*** 0.90*** 0.83*** 0.86*** 0.81*** 0.80*** 0.85***

(3.91) (3.68) (3.73) (3.41) (3.18) (3.09) (3.80) (3.26) (3.41) (3.19) (3.22) (3.36)

7 0.85*** 0.76*** 0.75*** 0.69*** 0.73*** 0.69*** 0.90*** 0.76*** 0.74*** 0.75*** 0.72*** 0.76***

(3.32) (2.91) (2.89) (2.59) (2.90) (2.70) (3.72) (2.81) (2.72) (2.87) (2.79) (2.83)

8 0.71*** 0.68** 0.67** 0.54* 0.63** 0.61** 0.77*** 0.56** 0.62** 0.62** 0.62** 0.64**

(2.64) (2.49) (2.49) (1.87) (2.37) (2.30) (3.03) (1.97) (2.23) (2.33) (2.23) (2.28)

9 0.52* 0.47 0.53* 0.44 0.52* 0.51* 0.61** 0.46 0.44 0.52* 0.34 0.39

(1.81) (1.64) (1.84) (1.48) (1.89) (1.94) (2.33) (1.52) (1.52) (1.89) (1.17) (1.29)

High -0.00 0.02 -0.00 -0.17 0.07 0.17 0.14 -0.03 -0.08 0.13 -0.09 -0.11

(-0.01) (0.07) (-0.01) (-0.49) (0.23) (0.63) (0.47) (-0.10) (-0.26) (0.44) (-0.28) (-0.32)

H-L -1.12*** -1.06*** -1.06*** -1.30*** -1.04*** -0.92*** -0.99*** -1.15*** -1.21*** -0.99*** -1.21*** -1.22***

(-4.99) (-5.61) (-5.18) (-5.71) (-6.48) (-7.32) (-5.61) (-5.01) (-6.01) (-6.94) (-6.21) (-6.11)

FF6 -0.77*** -0.77*** -0.79*** -0.88*** -0.87*** -0.72*** -0.80*** -0.73*** -0.85*** -0.64*** -0.81*** -0.84***

(-6.90) (-7.04) (-7.51) (-7.83) (-7.43) (-6.55) (-6.85) (-5.82) (-7.73) (-6.38) (-7.23) (-7.36)
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Panel B: Value-Weighted Portfolios

SUE AG MOM ILLIQ OP IVOL BETA SIZE BM MAX TURN STR

1 0.85*** 0.87*** 0.80*** 0.99*** 0.85*** 0.91*** 0.92*** 1.11*** 0.87*** 0.90*** 0.93*** 0.93***

(4.67) (4.66) (4.15) (4.90) (3.97) (3.62) (4.64) (5.05) (4.59) (3.99) (4.59) (4.66)

2 0.89*** 0.96*** 0.82*** 0.96*** 0.85*** 0.82*** 0.98*** 1.04*** 0.95*** 0.86*** 0.83*** 0.85***

(4.82) (4.66) (4.10) (4.75) (3.89) (3.15) (4.76) (4.77) (4.95) (3.71) (4.24) (4.15)

3 0.79*** 0.92*** 0.83*** 0.96*** 0.89*** 0.79*** 0.91*** 1.03*** 0.92*** 0.75*** 0.91*** 1.01***

(4.12) (4.49) (3.92) (4.57) (4.05) (2.99) (4.40) (4.63) (4.71) (3.08) (4.53) (4.68)

4 0.88*** 0.79*** 0.73*** 0.90*** 0.79*** 0.78*** 0.89*** 0.96*** 0.91*** 0.58** 0.88*** 0.75***

(4.52) (3.76) (3.43) (4.14) (3.41) (2.95) (4.10) (4.18) (4.29) (2.42) (4.31) (3.57)

5 0.74*** 0.73*** 0.75*** 0.85*** 0.72*** 0.64** 0.85*** 0.94*** 0.80*** 0.78*** 0.85*** 0.72***

(3.61) (3.19) (3.35) (3.70) (3.08) (2.20) (4.00) (3.93) (3.77) (3.15) (4.01) (3.21)

6 0.68*** 0.80*** 0.72*** 0.72*** 0.53** 0.67** 0.69*** 0.78*** 0.87*** 0.73*** 0.65*** 0.84***

(3.23) (3.55) (3.19) (3.16) (2.31) (2.41) (3.02) (3.17) (3.78) (2.84) (2.97) (3.70)

7 0.67*** 0.62** 0.60** 0.64** 0.56** 0.64** 0.73*** 0.73*** 0.71*** 0.52** 0.63*** 0.67***

(2.80) (2.57) (2.47) (2.54) (2.34) (2.24) (3.09) (2.78) (2.93) (2.09) (2.74) (2.72)

8 0.59** 0.53** 0.44* 0.48* 0.41 0.44 0.66*** 0.52* 0.52** 0.40 0.49** 0.55**

(2.44) (2.13) (1.73) (1.72) (1.63) (1.54) (2.93) (1.86) (2.11) (1.56) (2.13) (2.23)

9 0.37 0.42 0.33 0.48 0.41 0.39 0.49** 0.46 0.45* 0.43 0.27 0.28

(1.33) (1.60) (1.30) (1.62) (1.57) (1.33) (2.06) (1.54) (1.69) (1.59) (1.04) (0.99)

High -0.01 0.12 -0.03 -0.08 0.09 0.07 0.25 0.01 -0.11 0.08 -0.01 -0.02

(-0.03) (0.37) (-0.10) (-0.26) (0.28) (0.24) (0.85) (0.03) (-0.32) (0.28) (-0.02) (-0.07)

H-L -0.86*** -0.75*** -0.83*** -1.07*** -0.76*** -0.83*** -0.67*** -1.10*** -0.98*** -0.82*** -0.93*** -0.95***

(-3.59) (-3.54) (-4.08) (-4.63) (-3.42) (-5.10) (-3.46) (-4.75) (-4.22) (-4.62) (-4.57) (-4.27)

FF6 -0.50*** -0.49*** -0.59*** -0.63*** -0.53*** -0.59*** -0.53*** -0.67*** -0.57*** -0.51*** -0.64*** -0.58***

(-3.12) (-3.08) (-4.04) (-4.77) (-3.02) (-4.22) (-3.09) (-5.42) (-4.07) (-3.27) (-3.78) (-3.48)

The table reports results from bivariate portfolios based on dependent double sorts of various firm-specific characteristics and MFD. First, quintile portfolios are
formed every month based on a firm-specific characteristic. Next, additional decile portfolios are formed based on MFD within each firm-specific characteristic
quintile. Subsequently, we average returns for each MFD decile across the characteristic quintiles, yielding ten quintile-mean decile returns. The stock character-
istics are described in Table 1. Panel A reports results from equal-weighted portfolio double sorts. Panel B reports results from value-weighted portfolio double
sorts. Newey and West (1987) adjusted t−statistics are reported in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level,
respectively. The sample period is from August 1976 to December 2022.
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Table 8: Fama-MacBeth Cross-Sectional Regressions

Excess Return Excess Return Excess Return Industry-adj. Return DGTW-adj. Return

Const 0.86*** 0.82*** 0.84*** 0.08 0.03

(3.64) (3.44) (3.57) (0.79) (0.75)

MFD -0.34*** -0.31*** -0.23*** -0.21*** -0.18***

(-7.05) (-7.38) (-5.36) (-5.91) (-4.76)

BETA 0.02 0.04 0.07 0.09** 0.06

(0.29) (0.56) (1.28) (2.43) (1.38)

SIZE -0.04** -0.05** -0.06*** -0.04*** -0.04***

(-1.96) (-2.14) (-2.72) (-2.83) (-3.09)

BM 0.13** 0.14** 0.08 0.09** -0.03

(2.39) (2.56) (1.48) (2.23) (-0.82)

MOM 0.38*** 0.38*** 0.37*** 0.31*** 0.23***

(6.54) (6.72) (5.87) (5.92) (4.79)

AG -0.26*** -0.24*** -0.19*** -0.19***

(-5.01) (-4.12) (-4.18) (-4.00)

OP 0.16*** 0.14*** 0.14*** 0.15***

(3.63) (3.33) (3.27) (3.33)

SUE 0.07*** 0.06*** 0.05***

(3.03) (3.42) (2.60)

ILLIQ 0.02 0.09 0.03

(0.75) (1.40) (0.62)

IVOL 0.00 -0.04 0.02

(0.07) (-0.64) (0.39)

MAX -0.16*** -0.12** -0.14**

(-2.93) (-2.43) (-2.49)

TURN -0.15*** -0.13*** -0.13***

(-3.54) (-3.03) (-2.90)

STR -0.28*** -0.36*** -0.33***

(-4.88) (-6.60) (-5.57)

Observations 1,167,280 1,102,119 978,110 934,973 934,973

The table reports Fama-MacBeth cross-sectional regressions for MFD. MFD and the control variables in
month t− 1 are matched to stock returns in month t. The dependent variable is the firm’s future excess
return in the first three columns (Excess Return), the firm’s future return over its value-weighted industry
peers’ return (Industry-adj. Return), or the firm’s DGTW adjusted return (DGTW-adj. Return). All
dependent variables are given in percent. The control variables are described in Table 1, winsorized
at 0.5% in both tails, and standardized. Newey and West (1987) adjusted t−statistics are reported in
parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.
The sample period is from August 1976 to December 2022.
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Table 9: Analyst Forecast Dispersion and MFD

Panel A: Average AFD in MFD Decile Portfolio

Low 2 3 4 5 6 7 8 9 High H-L t-stat

AFD 0.08 0.10 0.11 0.13 0.14 0.16 0.18 0.20 0.22 0.26 0.18*** 18.48

Panel B: Bivariate Portfolio Sort on AFD

Low 2 3 4 5 6 7 8 9 High H-L t-stat FF6 t-stat

AFD Low 1.18 0.98 1.09 1.01 1.08 0.97 0.89 0.86 0.75 0.66 -0.51** -2.23 -0.39 -1.52

AFD 2 0.92 1.00 0.83 0.86 0.97 0.71 0.74 0.65 0.41 0.07 -0.85*** -3.22 -0.83*** -2.79

AFD 3 0.96 0.89 0.94 0.86 0.87 0.82 0.64 0.72 0.61 -0.02 -0.98*** -3.43 -0.73** -2.38

AFD 4 0.87 0.88 0.91 0.84 0.69 0.78 0.54 0.55 0.21 -0.09 -0.96*** -2.79 -0.79** -2.18

AFD High 0.61 0.70 0.71 0.45 0.39 0.30 0.53 0.18 0.35 -0.59 -1.20*** -3.41 -1.11*** -2.92

AFD H-L -0.57 -0.28 -0.38 -0.57 -0.68 -0.67 -0.36 -0.69 -0.40 -1.25 -0.68** -2.34 -0.72** -2.19

Panel A reports the average analyst forecast dispersion (AFD) of the MFD-sorted univariate decile
portfolios. Low (high) AFD indicates a lower (higher) average forecast dispersion. Panel B reports 5x10
dependent bivariate equal-weighted portfolio sorts. First, quintile portfolios are formed every month using
AFD. Next, decile portfolios are formed based on MFD within each firm-specific AFD quintile. Newey
and West (1987) adjusted t−statistics are reported in parentheses. *, **, and *** denote statistical
significance at the 10%, 5%, and 1% level, respectively. The sample period is from January 1983 to
December 2022.
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Table 10: Average Cross-Sectional Rank Correlations to MFD and AFD for Disagreement
Proxies

MFD AFD Difference

Correlation t-stat Correlation t-stat Correlation t-stat

IVOL 0.49*** (23.71) 0.37*** (28.18) 0.11*** (5.78)

StockTwits Disagreement 0.16*** (14.00) 0.08*** (6.62) 0.08*** (7.73)

StockTwits Within Group Disagreement 0.15*** (18.98) 0.06*** (9.16) 0.09*** (11.97)

StockTwits Across Group Disagreement 0.09*** (9.31) 0.04*** (4.41) 0.05*** (5.84)

Last Month Turnover 0.16*** (12.87) 0.11*** (12.27) 0.05*** (3.41)

The table reports the average cross-sectional rank correlations between MFD and AFD and other com-
monly used disagreement proxies. Other disagreement proxies comprise idiosyncratic volatility (Boehme
et al., 2006; Berkman et al., 2009), Stockwits disagreement (Cookson and Niessner, 2020, 2023), and
monthly turnover. Idiosyncratic volatility is measured as the standard deviation of the daily residuals
estimated from the regression of the daily excess stock returns on the daily market return over the pre-
vious year. StockTwits disagreement is calculated in three ways (Cookson and Niessner, 2020, 2023):
overall, within and across investment approaches. Newey and West (1987) adjusted t−statistics are re-
ported in parentheses. The last column (Difference) shows the average differences and their t−statistics
in cross-sectional rank correlations between MFD and disagreement proxies vs. AFD and disagreement
proxies. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively. The
sample period is from August 1976 to December 2022 for idiosyncratic volatility and monthly turnover,
whereas it ranges from January 2010 to December 2021 for StockTwits data.
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Table 11: Performance of Value-Weight MFD Univariate Long-Short Portfolio in Different
Market Phases

High Low Difference

Return t-stat Return t-stat Return t-stat

VIX Index -2.03*** (-3.31) -0.10 (-0.32) -1.94*** (-2.97)

Volatility-of-Volatility -2.02*** (-3.30) -0.11 (-0.27) -1.91*** (-2.93)

VVIX Index -1.37** (-2.18) 0.22 (0.38) -1.59** (-1.93)

CATFIN -2.47*** (-5.23) 0.18 (0.60) -2.65*** (-5.50)

Financial Uncertainty -1.56*** (-3.39) -0.72*** (-2.85) -0.84** (-1.70)

Real Uncertainty -1.41*** (-3.33) -0.88*** (-2.70) -0.53 (-1.08)

Macro Uncertaingy -1.54*** (-3.57) -0.75*** (-2.84) -0.79* (-1.60)

PLS Sentiment Index -1.96*** (-4.43) -0.32 (-1.23) -1.64*** (-3.35)

Baker-Wurgler (orthogonalized) -1.88*** (-4.98) -0.26 (-0.86) -1.63*** (-3.38)

Aggregate IVOL -1.71*** (-3.69) -0.57** (-2.39) -1.14** (-2.32)

Standardized Unexplained Stock Volume -1.56*** (-4.09) -0.72** (-2.44) -0.84** (-1.70)

Option Disagreement -1.76*** (-2.88) -0.20 (-0.46) -1.56*** (-2.34)

The table reports returns to the value-weight MFD long-short portfolio for different sample splits cap-
turing states of high and low uncertainty and disagreement. The samples are split by the median VIX
Index from January 1990 to December 2022, the median of volatility-of-volatility from January 1990
to December 2022, the VVIX Index from March 2006 to December 2022, the median of the aggregate
systemic risk index (CATFIN) of Allen et al. (2012) from August 1976 to December 2022, the median of
the financial, real, and macro uncertainty indices of Jurado et al. (2015) from August 1976 to December
2022, the sentiment index (PLS Sentiment Index) of Huang et al. (2015) from August 1976 to December
2022, the sentiment index (Baker-Wurgler (orthogonalized)) of Baker and Wurgler (2007) orthogonalized
to macroeconomic uncertainty from August 1976 to December 2022, aggregate idiosyncratic volatility
(Aggregate IVOL) from August 1976 to December 2022, standardized unexplained stock volume from
August 1976 to December 2022, and option disagreement from January 1990 to May 2020. Details are
given in Internet Section IA7.1. The last columns (Difference) gives shows the difference in mean real-
ized returns between high and low uncertainty/disagreement states as well as its statistical significance
using a one-sided t-test. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level,
respectively.
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Table 12: Mispricing and MFD

Panel A: Average MISP in MFD Quintile Portfolio

Low 2 3 4 High H-L t-stat

MISP 44.07 46.78 48.98 51.10 55.05 10.97*** 16.68

Panel B: Bivariate Portfolio Sort on MISP

Low 2 3 4 High H-L t-stat FF6 t-stat

MISP Low 1.32 1.36 1.29 1.16 0.92 -0.40*** -2.66 -0.28* -1.83

MISP 2 1.11 1.20 1.08 1.00 0.60 -0.51*** -3.00 -0.37** -2.13

MISP High 0.78 0.56 0.29 0.19 -0.40 -1.18*** -5.33 -0.97*** -4.10

MISP H-L -0.54 -0.80 -1.00 -0.98 -1.32 -0.79*** -4.75 -0.69*** -3.77

Panel A reports the time-series averages of the monthly cross-sectional median of the stock-level mis-
pricing score (MISP) of Stambaugh et al. (2015) for each of MFD-sorted univariate quintile portfolios.
Low (high) MISP indicates a lower (higher) mispricing score. Panel B reports 3x5 dependent bivariate
equal-weight portfolio sorts. First, tercile portfolios are formed every month using MISP. Next, quintile
portfolios are formed based on MFD within each firm-specific MISP tercile. Newey and West (1987)
adjusted t−statistics are reported in parentheses. *, **, and *** denote statistical significance at the
10%, 5%, and 1% level, respectively. The sample period is from August 1976 to December 2016.
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Table 13: Earnings Announcement Returns Prediction

Panel A: One-day Window Panel B: Three-day Window

Dep. variable Retdt Retdt Retdt Retdt

MFD -0.26*** -0.32*** -0.25*** -0.31***

(-6.31) (-6.84) (-6.16) (-6.67)

MFD× EDAY -0.50*** -0.50*** -0.36*** -0.36***

(-3.43) (-3.42) (-5.18) (-5.13)

EDAY 0.25*** 0.26*** 0.15*** 0.15***

(9.28) (9.44) (11.60) (11.78)

Lagged Controls? No Yes No Yes

Day Fixed Effects? Yes Yes Yes Yes

The table reports results from the panel regressions of daily returns (Retdt ) on the previous month’s
MFD, an earnings announcement window dummy variable (EDAY), an interaction between MFD and
EDAY, day-fixed effects, and other lagged control variables (coefficients unreported). Retdt , the dependent
variable, is multiplied by 100. An earnings announcement window is defined analogously to Engelberg
et al. (2018) as the one-day or three-day window centered on an earnings release, i.e., days t− 1, t, and
t + 1. EDAY is a dummy variable equalling one if the daily observation is during an announcement
window, and zero otherwise. Following Engelberg et al. (2018), we obtain earnings announcement dates
from the Compustat quarterly database and examine the firm’s trading volume scaled by market trading
volume for the day before, the day of, and the day after the reported earnings announcement date. An
earnings announcement day is defined as the day with the highest scaled trading volume. MFD is by
construction at the monthly frequency and its previous month value is merged to daily stock returns
Retdt . Control variables include lagged values for each of the past ten days for stock returns, squared stock
returns, and trading volume. Standard errors are clustered by day. t-statistics are in parentheses and
coefficients marked with *, **, and *** statistical significance at the 10%, 5%, and 1% level, respectively.
The sample period is from August 1976 to December 2022.
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Table 14: Short-Sale Contraints and MFD

Panel A: Average BORROWFEE in MFD Quintile Portfolio

Low 2 3 4 High H-L t-stat

BORROWFEE 0.67 0.68 0.88 1.27 3.82 3.15*** 8.85

Panel B: Bivariate Portfolio Sort on BORROWFEE

Low 2 3 4 High H-L t-stat FF6 t-stat

BORROWFEE Low 0.92 1.00 0.97 0.89 0.83 -0.09 -0.45 -0.07 -0.38

BORROWFEE 2 1.00 0.98 0.80 0.66 0.28 -0.72** -2.38 -0.77** -2.51

BORROWFEE High 0.76 0.33 -0.38 -1.08 -1.94 -2.69*** -5.45 -2.30*** -4.92

BORROWFEE H-L -0.16 -0.67 -1.35 -1.97 -2.76 -2.60*** -5.89 -2.23*** -5.27

Panel A reports the time-series averages of the monthly cross-sectional median of the stock-level indica-
tive borrowing fee (BORROWFEE) taken from IHS Markit for each of MFD-sorted univariate quintile
portfolios. Low (high) BORROWFEE indicates a lower (higher) indicate borrowing fee. Panel B reports
3x5 dependent bivariate equal-weight portfolio sorts. First, tercile portfolios are formed every month
using BORROWFEE. Next, quintile portfolios are formed based on MFD within each firm-specific BOR-
ROWFEE tercile. Newey and West (1987) adjusted t−statistics are reported in parentheses. *, **, and
*** denote statistical significance at the 10%, 5%, and 1% level, respectively. The sample period is from
January 2004 to April 2022.
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Table 15: Institutional Ownership and MFD

Panel A: Average INST in MFD Quintile Portfolio

Low 2 3 4 High H-L t-stat

INST 0.52 0.52 0.51 0.49 0.42 -0.10*** -9.63

Panel B: Bivariate Portfolio Sort on INST

Low 2 3 4 High H-L t-stat FF6 t-stat

INST Low 1.16 0.98 0.81 0.40 -0.30 -1.46*** -5.75 -1.19*** -4.65

INST 2 1.11 1.06 0.96 0.77 0.34 -0.77*** -3.50 -0.60*** -2.78

INST High 1.09 1.02 0.92 0.74 0.56 -0.53*** -2.89 -0.42** -2.22

INST H-L -0.07 0.04 0.10 0.34 0.86 0.93*** 5.54 0.77*** 4.50

Panel A reports the time-series averages of the monthly cross-sectional median of the stock-level insti-
tutional ownership (INST) for MFD-sorted univariate quintile portfolios. Low (high) INST indicates a
lower (higher) institutional ownership. Panel B reports 3x5 dependent bivariate equal-weight portfolio
sorts. First, tercile portfolios are formed every month using INST. Next, quintile portfolios are formed
based on MFD within each INST tercile. Newey and West (1987) adjusted t−statistics are reported in
parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.
The sample period is from January 1980 to December 2021.

55



Table 16: Limits-to-Arbitrage and MFD

Panel A: Average ARB in MFD Quintile Portfolio

Low 2 3 4 High H-L t-stat

ARB 13.38 14.59 15.77 16.83 18.52 5.14*** 8.68

Panel B: Bivariate Portfolio Sort on ARB

Low 2 3 4 High H-L t-stat FF6 t-stat

ARB Low 1.00 0.93 0.89 0.81 0.59 -0.41*** -4.03 -0.38*** -3.60

ARB 2 1.14 1.06 1.01 0.86 0.41 -0.73*** -4.07 -0.47*** -2.65

ARB High 1.06 0.76 0.49 0.34 -0.41 -1.48*** -6.30 -1.22*** -5.00

ARB H-L 0.06 -0.17 -0.40 -0.47 -1.01 -1.07*** -5.01 -0.84*** -3.82

Panel A reports the time-series averages of the monthly cross-sectional median of a limits-to-arbitrage
score (ARB) for MFD-sorted univariate quintile portfolios. Low (high) ARB indicates a lower (higher)
average arbitrage cost index. Panel B reports 3x5 dependent bivariate equal-weight portfolio sorts. First,
tercile portfolios are formed every month using ARB. Next, quintile portfolios are formed based on MFD
within each firm-specific ARB tercile. The arbitrage cost index on the stock-level is constructed using
firm size, firm age, idiosyncratic volatility and illiquidity of the stock. To construct it, we sort stocks in
increasing order according to their idiosyncratic volatility and illiquidity. Similarly, we sort stocks into
decreasing order of firm age and size. Each stock is given the corresponding score of its decile rank for
each variable. Finally, the arbitrage cost index on the stock-level is the sum of the four scores such that
it ranges from 4 to 40. Newey and West (1987) adjusted t−statistics are reported in parentheses. *, **,
and *** denote statistical significance at the 10%, 5%, and 1% level, respectively. The sample period is
from August 1976 to December 2022.
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Internet Appendix

Machine Forecast Disagreement

Table of Contents:

• Section IA1 shows univariate MFD-spread portfolio returns for different predictor

model specifications.

• In Section IA2, we randomly vary the dimension of each investor’s information set.

• In Section IA3, we equip investors with different machine learning models, i.e., an

investor uses either Ridge, random forests, or gradient boosted regression trees to

predict returns.

• In Section IA4, we present results for international stocks. Specifically, we present

Fama-MacBeth regressions of MFD on future excess returns alongside the 12 es-

tablished return predictors described in Section 3 for international stocks.

• In Section IA5, we construct MFD with actual earnings instead of stocks’ returns.

• Section IA6 shows results for univariate portfolio sorts on analyst forecast disper-

sion (AFD). It also reports Fama-MacBeth regressions including AFD as a further

control variable alongside the 12 established return predictors described in Section 3.

• Section IA7 details the construction of aggregate disagreement proxies. It also

presents results on bivariate portfolio sorts between MFD and aggregate disagree-

ment proxies.
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IA1. Univariate portfolio sorts for different measures of MFD

Table IA1.1: Univariate MFD-spread Portfolio Returns for Different Predictor Model Specifications

Panel A: Equal-Weighted Portfolios

Model Nbr Nbr Random Features γ Max Nbr Subsample Max Min Feature sample Min λ η α H-L t-stat FF6 t-stat
features investors depth trees features sample split by node by level by tree child weight

Rf 76 250 3 1000 0.075 0.075 5 -1.040*** (-4.442) -0.698*** (-4.582)
Rf 76 100 3 2000 0.020 0.050 5 -1.355*** (-5.305) -0.880*** (-6.916)
Rf 76 100 3 1000 0.100 0.050 5 -1.273*** (-5.564) -0.859*** (-6.583)
Rf 38 250 3 1000 0.025 0.050 5 -1.593*** (-5.819) -1.027*** (-8.530)
Rf 38 100 3 1000 0.050 0.050 5 -1.561*** (-5.804) -0.983*** (-8.342)
Rf 76 100 4 2000 0.100 0.025 5 -1.618*** (-5.873) -1.069*** (-8.989)
Rf 76 100 3 2000 0.050 0.050 5 -1.320*** (-5.609) -0.882*** (-6.687)
Rf 76 100 4 2000 0.075 0.050 5 -1.337*** (-5.272) -0.920*** (-7.050)
Rf 76 250 3 2000 0.050 0.050 5 -1.351*** (-5.528) -0.934*** (-7.114)
Rf 114 100 2 2000 0.100 0.025 5 -1.236*** (-5.831) -0.772*** (-5.659)
Rf 114 250 4 1000 0.050 0.025 5 -1.467*** (-5.163) -0.981*** (-7.722)
Rf 114 100 3 1000 0.020 0.050 5 -1.203*** (-4.506) -0.777*** (-5.523)
Rf 38 100 4 2000 0.050 0.075 5 -1.419*** (-5.225) -0.938*** (-7.594)
Rf 76 100 3 2000 0.050 0.025 5 -1.627*** (-6.204) -1.071*** (-8.972)

Xgbm 76 100 3 250 0.750 0.250 0.500 0.250 10 0.05 0.010 0.020 -1.199*** (-5.213) -0.845*** (-6.230)
Xgbm 114 100 4 100 0.250 0.250 0.250 0.500 5 0.02 0.010 0.040 -1.256*** (-4.556) -0.848*** (-6.889)
Xgbm 38 100 4 250 0.250 0.250 0.500 0.500 10 0.07 0.010 0.030 -1.259*** (-4.704) -0.897*** (-6.733)
Xgbm 38 250 3 100 0.250 0.250 0.500 0.500 5 0.05 0.010 0.020 -1.425*** (-5.977) -0.991*** (-7.812)
Xgbm 76 250 2 100 0.250 0.250 0.500 0.250 5 0.02 0.010 0.030 -1.357*** (-6.200) -0.879*** (-7.359)
Xgbm 76 100 4 100 0.250 0.250 0.250 0.750 5 0.05 0.100 0.040 -1.129*** (-3.702) -0.756*** (-5.978)
Xgbm 76 250 3 250 0.750 0.250 0.250 0.250 10 0.05 0.010 0.020 -1.502*** (-6.112) -1.005*** (-9.090)
Xgbm 76 100 4 250 0.250 0.250 0.500 0.250 5 0.07 0.010 0.020 -1.270*** (-4.641) -0.875*** (-6.488)
Ridge 128 250 Fourier e−3 0.250 e−2 -1.395*** (-4.733) -0.952*** (-7.130)
Ridge 128 250 Fourier e−3 0.250 e−1 -1.263*** (-4.414) -0.905*** (-6.549)
Ridge 256 100 Fourier e−4 0.200 e−2 -1.217*** (-4.349) -0.761*** (-6.452)
Ridge 256 100 Fourier e−4 0.500 e−2 -1.233*** (-4.288) -0.764*** (-6.202)
Ridge 256 100 Fourier e−4 0.500 e−1 -1.223*** (-4.308) -0.737*** (-6.092)
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Panel B: Value-Weighted Portfolios

Model Nbr Nbr Random Features γ Max Nbr Subsample Max Min Feature sample Min λ η α H-L t-stat FF6 t-stat
features investors depth trees features sample split by node by level by tree child weight

Rf 76 250 3 1000 0.075 0.075 5 -0.753*** (-2.712) -0.376** (-2.017)
Rf 76 100 3 2000 0.020 0.050 5 -1.204*** (-4.524) -0.699*** (-4.182)
Rf 76 100 3 1000 0.100 0.050 5 -1.076*** (-4.491) -0.629*** (-3.642)
Rf 38 250 3 1000 0.025 0.050 5 -1.133*** (-3.639) -0.419** (-2.100)
Rf 38 100 3 1000 0.050 0.050 5 -1.180*** (-4.079) -0.531*** (-2.779)
Rf 76 100 4 2000 0.100 0.025 5 -1.267*** (-4.335) -0.634*** (-3.456)
Rf 76 100 3 2000 0.050 0.050 5 -1.143*** (-4.332) -0.630*** (-3.506)
Rf 76 100 4 2000 0.075 0.050 5 -1.209*** (-4.314) -0.670*** (-4.000)
Rf 76 250 3 2000 0.050 0.050 5 -1.147*** (-4.258) -0.684*** (-3.643)
Rf 114 100 2 2000 0.100 0.025 5 -0.966*** (-4.419) -0.587*** (-3.065)
Rf 114 250 4 1000 0.050 0.025 5 -1.164*** (-3.454) -0.514*** (-2.768)
Rf 114 100 3 1000 0.020 0.050 5 -1.023*** (-3.477) -0.463*** (-2.586)
Rf 38 100 4 2000 0.050 0.075 5 -1.255*** (-4.344) -0.713*** (-4.253)
Rf 76 100 3 2000 0.050 0.025 5 -1.217*** (-4.288) -0.585*** (-3.122)

Xgbm 76 100 3 250 0.750 0.250 0.500 0.250 10 0.05 0.010 0.020 -0.948*** (-3.282) -0.528** (-2.328)
Xgbm 114 100 4 100 0.250 0.250 0.250 0.500 5 0.02 0.010 0.040 -0.937*** (-2.989) -0.590*** (-3.532)
Xgbm 38 100 4 250 0.250 0.250 0.500 0.500 10 0.07 0.010 0.030 -0.985*** (-3.485) -0.570*** (-3.050)
Xgbm 38 250 3 100 0.250 0.250 0.500 0.500 5 0.05 0.010 0.020 -1.144*** (-4.546) -0.722*** (-3.642)
Xgbm 76 250 2 100 0.250 0.250 0.500 0.250 5 0.02 0.010 0.030 -1.116*** (-4.633) -0.671*** (-3.369)
Xgbm 76 100 4 100 0.250 0.250 0.250 0.750 5 0.05 0.100 0.040 -0.920*** (-2.757) -0.460** (-2.520)
Xgbm 76 250 3 250 0.750 0.250 0.250 0.250 10 0.05 0.010 0.020 -1.240*** (-4.341) -0.732*** (-3.914)
Xgbm 76 100 4 250 0.250 0.250 0.500 0.250 5 0.07 0.010 0.020 -1.030*** (-3.541) -0.640*** (-3.823)
Ridge 128 250 Fourier e−3 0.250 e−2 -0.969*** (-2.746) -0.467** (-2.332)
Ridge 128 250 Fourier e−3 0.250 e−1 -0.839** (-2.415) -0.465** (-2.157)
Ridge 256 100 Fourier e−4 0.200 e−2 -0.944*** (-2.711) -0.512*** (-2.957)
Ridge 256 100 Fourier e−4 0.500 e−2 -0.915*** (-2.628) -0.463*** (-2.671)
Ridge 256 100 Fourier e−4 0.500 e−1 -0.898*** (-2.589) -0.439** (-2.484)

The table reports the average monthly spread return between the highest and lowest decile of univariate portfolios based on MFD for various hyper-parameter
sets for random forest regression (Rf), gradient boosted regression trees (Xgbm), and Ridge (Ridge). Each month t, stocks are grouped into decile portfolios
based on their month t− 1’s MFD. Then, the return of the portfolio going long into the highest and shorting the lowest decile portfolio is computed (H-L). The
table depicts also the alpha of the high-minus low decile portfolio with respect to the Fama and French (2018) six-factor model (FF6). Model denotes the model
each investors uses to forecast expected returns. Nbr Investors indicates the number of investors for which beliefs are modeled. Nbr features specifies the number
of features for each investor. In case of random features, Nbr features denotes half the number of transformed features using the transformation given in column
Random Features with weight parameter given in column γ. Max depth denotes the maximum tree depth. Nbr trees specifies how many trees are built. Max
features is the fraction of the number of features to consider. Subsample is the fraction of observations used. Min child weight is the minimum number of samples
needed to be in each node. For XGBM, α and λ are the L1 and L2 regularization terms, respectively. η is the learning rate. For Ridge, λ is the penalty term.
t-stat denote Newey and West (1987) adjusted t-statistics. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively. The sample
period is from August 1976 to December 2022.
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IA2. Varying the dimension of investors’ information

sets

In the first component of modeling investor-specific beliefs, each investor k is endowed

with an incomplete information stet, zk,i,t ∈ Rdk , 1 ≤ dk ≤ d, of the common input data,

zi,t ∈ Rd. In the main analysis, each investor uses randomly selected 76 characteristics

out of all 153 characteristics, i.e., dk = 76 for all investors k.

In this section, we are varying the dimension dk for each investor’s information set.

Instead of fixing it to be randomly selected 76 characteristics for each investor, we first

randomly determine dk for each investor k. For every investor, dk, is uniformly drawn

from the range 38 to 114, i.e., each investor uses between 25% and 75% of the entire

information set. In a subsequent step, each investor randomly selects dk characteristics

out of all 153 characteristics.

Table IA2.1 shows univariate portfolio sorts, equal-weighted and value-weighted, on

MFD. Table IA2.2 reports results to Fama-MacBeth regressions.
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Table IA2.1: Univariate Portfolio Sorts on MFD - Varying Dimension of Information Set

Panel A: Equal-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 1.12*** (5.40) 0.51*** (4.11) 0.27*** (3.89) 0.29*** (3.19) 0.30*** (3.57) 0.51*** (4.31)
2 1.06*** (4.95) 0.43*** (3.48) 0.24*** (3.84) 0.29*** (3.32) 0.25*** (3.11) 0.48*** (3.97)
3 1.03*** (4.48) 0.36*** (2.91) 0.18*** (3.08) 0.22*** (3.03) 0.17** (2.30) 0.40*** (3.25)
4 1.09*** (4.72) 0.38*** (3.14) 0.24*** (4.74) 0.31*** (4.44) 0.25*** (3.88) 0.52*** (4.28)
5 0.98*** (4.12) 0.24** (2.04) 0.12** (2.41) 0.20*** (3.34) 0.17** (2.56) 0.40*** (3.38)
6 0.87*** (3.39) 0.10 (0.82) 0.06 (1.17) 0.15*** (2.62) 0.06 (0.99) 0.35*** (2.88)
7 0.79*** (2.81) -0.02 (-0.17) 0.02 (0.30) 0.14** (2.18) 0.03 (0.44) 0.31** (2.40)
8 0.58** (1.98) -0.26* (-1.75) -0.09* (-1.66) 0.06 (0.93) -0.04 (-0.62) 0.23* (1.72)
9 0.42 (1.33) -0.46*** (-2.77) -0.19*** (-3.11) -0.02 (-0.20) -0.20** (-2.18) 0.18 (1.13)
High -0.21 (-0.59) -1.14*** (-5.54) -0.69*** (-7.67) -0.51*** (-4.07) -0.75*** (-5.15) -0.28 (-1.57)

H-L -1.32*** (-5.43) -1.66*** (-7.31) -0.96*** (-7.83) -0.80*** (-4.54) -1.05*** (-5.32) -0.80*** (-4.69)

Panel B: Value-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 0.81*** (4.33) 0.25** (2.32) 0.03 (0.35) 0.03 (0.31) 0.08 (0.78) 0.06 (0.54)
2 0.95*** (4.94) 0.33*** (3.63) 0.20** (2.28) 0.25*** (2.64) 0.17* (1.67) 0.22** (2.30)
3 0.84*** (4.26) 0.20** (2.45) 0.11 (1.43) 0.10 (1.13) 0.17** (2.05) 0.15* (1.81)
4 0.84*** (3.93) 0.16** (2.14) 0.15** (2.34) 0.13* (1.81) 0.19** (2.31) 0.20*** (2.89)
5 0.77*** (3.67) 0.06 (0.78) 0.02 (0.21) 0.06 (0.75) 0.00 (0.05) 0.11 (1.37)
6 0.73*** (3.08) -0.01 (-0.13) -0.02 (-0.20) -0.06 (-0.53) -0.04 (-0.38) 0.11 (1.11)
7 0.63** (2.50) -0.16 (-1.63) -0.07 (-0.66) -0.08 (-0.63) -0.10 (-0.80) -0.00 (-0.00)
8 0.45* (1.75) -0.34*** (-2.77) -0.13 (-1.27) -0.10 (-0.82) -0.10 (-0.97) -0.02 (-0.21)
9 0.48 (1.52) -0.39** (-2.32) -0.02 (-0.15) 0.14 (1.06) 0.04 (0.30) 0.19 (1.46)
High -0.26 (-0.77) -1.21*** (-5.98) -0.63*** (-4.47) -0.40** (-2.33) -0.49*** (-3.26) -0.43*** (-3.17)

H-L -1.07*** (-4.00) -1.46*** (-5.71) -0.66*** (-3.63) -0.43** (-2.07) -0.58*** (-2.80) -0.49*** (-2.64)

The table reports the average monthly excess returns and alphas on univariate portfolios of stocks sorted by MFD. Each month t, stocks are sorted into decile
portfolios by MFD constructed using data up to month t − 1. Panel A reports equal-weighted portfolio sorts whereas Panel B reports value-weighted portfolio
sorts. Excess Return is the return in excess of the risk-free rate. Alpha is the intercept from a time-series regression of monthly excess returns on the factors of
alternative models: the CAPM, Fama and French (2018) six-factor model (FF6), Stambaugh and Yuan (2017) mispricing factor model (SY), Hou et al. (2015)
q-factor model (HXZ), and the Daniel et al. (2020) behavioral factor model (DHS). t-stat denote Newey and West (1987) adjusted t-statistics. *, **, and ***
denote statistical significance at the 10%, 5%, and 1% level, respectively. The sample period is from August 1976 to December 2022 (December 2016 in case of
SY).
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Table IA2.2: Fama-MacBeth Cross-Sectional Regressions - Varying Dimension of Infor-
mation Set

Excess Return Excess Return Excess Return Industry-adj. Return DGTW-adj. Return

Const 0.82*** 0.79*** 0.81*** 0.06 0.00

(3.43) (3.24) (3.44) (0.56) (0.14)

MFD -0.36*** -0.32*** -0.23*** -0.22*** -0.17***

(-7.41) (-7.69) (-5.51) (-6.12) (-4.73)

BETA 0.03 0.04 0.07 0.09** 0.07

(0.41) (0.63) (1.38) (2.56) (1.47)

SIZE -0.05** -0.05** -0.06*** -0.04*** -0.04***

(-2.27) (-2.36) (-2.76) (-2.86) (-3.10)

BM 0.13** 0.14** 0.07 0.09** -0.03

(2.35) (2.58) (1.42) (2.17) (-0.88)

MOM 0.40*** 0.40*** 0.38*** 0.32*** 0.24***

(6.92) (7.04) (5.98) (6.02) (5.03)

AG -0.24*** -0.23*** -0.17*** -0.18***

(-4.80) (-3.95) (-3.92) (-3.92)

OP 0.16*** 0.14*** 0.14*** 0.15***

(3.65) (3.35) (3.24) (3.39)

SUE 0.07*** 0.07*** 0.05***

(3.03) (3.39) (2.64)

ILLIQ 0.02 0.09 0.04

(0.76) (1.40) (0.64)

IVOL 0.02 -0.03 0.03

(0.28) (-0.39) (0.57)

MAX -0.16*** -0.11** -0.14**

(-2.77) (-2.19) (-2.43)

TURN -0.15*** -0.13*** -0.13***

(-3.51) (-2.99) (-2.91)

STR -0.29*** -0.36*** -0.33***

(-4.92) (-6.66) (-5.60)

Observations 1,167,280 1,102,119 978,110 934,973 934,973

The table reports Fama-MacBeth cross-sectional regressions for MFD. MFD and the control variables in
month t− 1 are matched to stock returns in month t. The dependent variable is the firm’s future excess
return in the first three columns (Excess Return), the firm’s future return over its value-weighted industry
peers’ return (Industry-adj. Return), or the firm’s DGTW adjusted return (DGTW-adj. Return). All
dependent variables are given in percent. The control variables are described in Table 1, winsorized
at 0.5% in both tails, and standardized. Newey and West (1987) adjusted t−statistics are reported in
parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.
The sample period is from August 1976 to December 2022.

6



IA3. Varying investors’ methods for return predic-

tion

In the second component of modeling investor-specific beliefs, each investor k uses

random forest regression. In this section, we vary how investors estimate gk(·) in Equa-

tion (1). Specifically, instead of using random forest regression for all investors, 50 in-

vestors k use a penalized linear model (Ridge), 100 investors use random forest regression,

and 100 investors apply gradient boosted regression trees. The dimension dk of each in-

vestor’s information set is 76 for all investors. For Ridge, the penalty term is set to 0.01.

For random forest, the hyperparameters are identical to the main specification in the

paper. For gradient boosted regression trees, the hyperparameters are as follows:

• Maximum tree depth: 4

• Number of estimators: 100

• Column sample by tree: 0.5

• Column sample by node: 0.25

• Column sample by level: 0.25

• L1 regularization (α): 0.04

• L2 regularization (λ): 0.02

• Learning rate (η): 0.01

• Sample: 0.25

Table IA3.1 shows univariate portfolio sorts, equal-weighted and value-weighted, on

MFD. Table IA3.2 reports results to Fama-MacBeth regressions.
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Table IA3.1: Univariate Portfolio Sorts on MFD - Varying Machine Learning Models for Return Prediction

Panel A: Equal-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 1.71*** (7.10) 1.02*** (7.06) 0.86*** (10.15) 0.84*** (8.37) 0.87*** (9.33) 1.15*** (8.32)
2 1.35*** (5.82) 0.65*** (5.06) 0.50*** (7.94) 0.53*** (7.60) 0.50*** (7.58) 0.79*** (6.42)
3 1.18*** (5.10) 0.48*** (4.11) 0.35*** (6.59) 0.40*** (6.20) 0.40*** (6.98) 0.63*** (5.58)
4 1.09*** (4.59) 0.37*** (3.08) 0.24*** (4.37) 0.31*** (4.88) 0.27*** (4.38) 0.51*** (4.16)
5 0.92*** (3.78) 0.18 (1.56) 0.10* (1.95) 0.22*** (3.52) 0.13** (2.22) 0.37*** (3.05)
6 0.82*** (3.42) 0.08 (0.70) 0.04 (0.93) 0.13** (2.29) 0.07 (1.36) 0.32*** (2.66)
7 0.66** (2.53) -0.12 (-0.98) -0.13** (-2.30) -0.01 (-0.09) -0.11* (-1.66) 0.17 (1.30)
8 0.49* (1.80) -0.32** (-2.49) -0.23*** (-4.14) -0.04 (-0.51) -0.20*** (-3.00) 0.07 (0.49)
9 0.08 (0.27) -0.75*** (-5.34) -0.54*** (-9.33) -0.34*** (-4.34) -0.53*** (-6.35) -0.20 (-1.35)
High -0.57* (-1.68) -1.45*** (-7.42) -1.04*** (-8.55) -0.91*** (-6.81) -1.15*** (-8.78) -0.70*** (-3.67)

H-L -2.28*** (-10.74) -2.47*** (-12.26) -1.91*** (-12.02) -1.75*** (-9.54) -2.02*** (-11.16) -1.84*** (-10.04)

Panel B: Value-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 1.21*** (5.05) 0.50*** (3.97) 0.52*** (4.69) 0.46*** (3.53) 0.48*** (3.30) 0.49*** (4.42)
2 0.98*** (4.70) 0.31*** (3.65) 0.25*** (2.85) 0.18* (1.92) 0.18* (1.77) 0.29*** (3.28)
3 0.65*** (3.35) 0.01 (0.18) -0.05 (-0.53) -0.05 (-0.63) 0.07 (0.73) 0.04 (0.48)
4 0.73*** (3.74) 0.09 (1.29) -0.02 (-0.34) -0.05 (-0.56) -0.06 (-0.80) 0.05 (0.60)
5 0.74*** (3.88) 0.06 (0.89) 0.04 (0.53) 0.06 (0.79) 0.17** (2.00) 0.06 (0.64)
6 0.68*** (3.50) 0.03 (0.40) -0.03 (-0.42) 0.10 (1.12) 0.05 (0.65) 0.08 (1.04)
7 0.60*** (2.67) -0.10 (-1.03) -0.11 (-1.04) 0.01 (0.05) -0.11 (-1.08) -0.09 (-0.78)
8 0.46** (1.99) -0.26*** (-2.86) -0.22*** (-2.59) -0.03 (-0.28) -0.15 (-1.64) -0.11 (-1.31)
9 0.24 (0.92) -0.54*** (-4.79) -0.37*** (-3.27) -0.15 (-1.05) -0.39*** (-3.00) -0.21* (-1.66)
High -0.29 (-0.97) -1.13*** (-7.05) -0.77*** (-5.11) -0.59*** (-3.59) -0.82*** (-5.05) -0.56*** (-3.61)

H-L -1.50*** (-6.77) -1.64*** (-7.85) -1.30*** (-6.04) -1.05*** (-4.29) -1.30*** (-5.21) -1.05*** (-5.12)

The table reports the average monthly excess returns and alphas on univariate portfolios of stocks sorted by MFD. Each month t, stocks are sorted into decile
portfolios by MFD constructed using data up to month t − 1. Panel A reports equal-weighted portfolio sorts whereas Panel B reports value-weighted portfolio
sorts. Excess Return is the return in excess of the risk-free rate. Alpha is the intercept from a time-series regression of monthly excess returns on the factors of
alternative models: the CAPM, Fama and French (2018) six-factor model (FF6), Stambaugh and Yuan (2017) mispricing factor model (SY), Hou et al. (2015)
q-factor model (HXZ), and the Daniel et al. (2020) behavioral factor model (DHS). t-stat denote Newey and West (1987) adjusted t-statistics. *, **, and ***
denote statistical significance at the 10%, 5%, and 1% level, respectively. The sample period is from August 1976 to December 2022 (December 2016 in case of
SY).
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Table IA3.2: Fama-MacBeth Cross-Sectional Regressions - Varying Machine Learning
Models for Return Prediction

Excess Return Excess Return Excess Return Industry-adj. Return DGTW-adj. Return

Const 0.83*** 0.80*** 0.79*** 0.05 -0.01

(3.58) (3.37) (3.50) (0.47) (-0.22)

MFD -0.67*** -0.65*** -0.55*** -0.52*** -0.50***

(-12.01) (-12.66) (-9.54) (-9.95) (-9.51)

BETA -0.00 0.02 0.05 0.06 0.04

(-0.02) (0.24) (0.88) (1.60) (0.90)

SIZE -0.05** -0.05** -0.06*** -0.04*** -0.04***

(-2.26) (-2.40) (-2.80) (-2.80) (-3.15)

BM 0.04 0.04 0.01 0.03 -0.09**

(0.74) (0.67) (0.28) (0.73) (-2.26)

MOM 0.12* 0.12** 0.15** 0.10** 0.03

(1.81) (2.11) (2.54) (2.05) (0.72)

AG -0.20*** -0.18*** -0.13*** -0.13***

(-4.06) (-3.16) (-3.05) (-2.92)

OP 0.07 0.06 0.05 0.07

(1.43) (1.36) (1.16) (1.34)

SUE 0.02 0.02 0.01

(0.95) (1.19) (0.49)

ILLIQ -0.00 0.06 0.01

(-0.18) (1.00) (0.15)

IVOL 0.03 -0.02 0.05

(0.43) (-0.27) (0.78)

MAX -0.10* -0.06 -0.08

(-1.91) (-1.31) (-1.47)

TURN -0.13*** -0.11*** -0.10**

(-3.30) (-2.66) (-2.55)

STR -0.18*** -0.26*** -0.24***

(-3.36) (-5.08) (-4.48)

Observations 1,167,280 1,102,119 978,110 934,973 934,973

The table reports Fama-MacBeth cross-sectional regressions for MFD. MFD and the control variables in
month t− 1 are matched to stock returns in month t. The dependent variable is the firm’s future excess
return in the first three columns (Excess Return), the firm’s future return over its value-weighted industry
peers’ return (Industry-adj. Return), or the firm’s DGTW adjusted return (DGTW-adj. Return). All
dependent variables are given in percent. The control variables are described in Table 1, winsorized
at 0.5% in both tails, and standardized. Newey and West (1987) adjusted t−statistics are reported in
parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.
The sample period is from August 1976 to December 2022.
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IA4. International Evidence

Table IA4.1: Fama-MacBeth Cross-Sectional Regressions for International Stocks

Developed ex USA Emerging Europe G10 ex USA G7 ex USA

Const 0.43 0.55 0.56 0.39 0.35

(1.37) (1.12) (1.59) (1.23) (1.08)

MFD -0.20*** -0.40*** -0.20*** -0.22*** -0.23***

(-3.70) (-5.03) (-3.04) (-3.39) (-3.27)

SUE 0.10*** 0.11*** 0.12*** 0.10*** 0.10***

(6.95) (4.36) (5.78) (6.86) (6.72)

AG 0.02 -0.12** 0.00 0.02 0.03

(0.55) (-2.20) (0.07) (0.60) (0.65)

MOM 0.44*** 0.50*** 0.53*** 0.42*** 0.41***

(5.77) (5.16) (10.45) (5.21) (4.94)

ILLIQ 0.09 0.04 0.04 0.09 0.08

(1.49) (0.35) (0.76) (1.59) (1.26)

OP 0.25*** 0.20*** 0.22*** 0.24*** 0.25***

(6.60) (4.32) (5.69) (5.82) (5.56)

IVOL -0.08 -0.19** -0.03 -0.08 -0.07

(-1.35) (-2.24) (-0.87) (-1.24) (-1.00)

BETA 0.03 -0.03 0.01 0.04 0.04

(0.71) (-0.57) (0.29) (0.80) (0.70)

SIZE -0.06 -0.32*** 0.00 -0.06 -0.08

(-1.12) (-2.88) (0.03) (-1.10) (-1.49)

BM 0.20*** 0.27*** 0.19*** 0.19*** 0.20***

(3.02) (3.13) (2.70) (2.80) (2.94)

MAX -0.11** -0.21*** -0.07 -0.10** -0.10**

(-2.43) (-3.08) (-1.58) (-2.25) (-2.15)

TURN 0.00 -0.09 0.03 -0.00 0.00

(0.01) (-0.66) (0.65) (-0.04) (0.07)

STR 0.01 0.14 -0.17*** -0.01 -0.02

(0.12) (1.52) (-3.80) (-0.29) (-0.31)

Observations 1,802,090 650,002 864,074 1,551,085 1,342,865

The table reports Fama-MacBeth cross-sectional regressions for MFD using international stocks. MFD
and the control variables in month t−1 are matched to stock returns in month t. The dependent variable
is the firm’s future excess return. All dependent variables are given in percent. The control variables
are described in Table 1. Control variables and returns are cross-sectionally winsorized at 0.5% in both
tails. Control variables are cross-sectionally standardized to have mean zero and unit standard deviation.
The international stock sample comprises 93 countries and is taken from Jensen et al. (2022b). Stocks
are classified into emerging and developing countries following the MSCI classification as of January 7th
2021 (see Table J.3 in Jensen et al., 2022b). Newey and West (1987) adjusted t−statistics are reported
in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.
The sample period is from February 1996 to December 2022.
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IA5. Constructing MFD with actual earnings

In the main paper, we construct MFD based on next-month realized excess returns. In

this section, we alter the construction of MFD by substituting next-month realized excess

returns with next-quarter actual earnings, i.e., computing an earnings-MFD. We source

next-quarter actual earnings from the I/B/E/S database using the unadjusted actual file.

We use the linking table provided by WRDS to match CRSP with I/B/E/S. As stock

splits can occur between forecast and actual earnings, we use the cumulative adjustment

factor from CRSP to adjust the forecast of earnings. Analyst forecast dispersion has

been constructed in different forms. In the main paper, we benchmark MFD with AFD

computed following Diether et al. (2002). However, Johnson (2004) constructs analyst

forecast dispersion by scaling dispersion in forecasts by total assets, whereas Banerjee

(2011) considers analyst forecast dispersion divided by lagged price. Hence, we consider

three earnings-based variables for constructing an earnings-MFD:

• Earnings-per-share (Section IA5.1),

• Earnings yield, i.e, earnings-per-share divided by the current stock price at time of

forecast (Section IA5.2),

• Earnings-per-share scaled by total assets-per-share (Section IA5.3).
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IA5.1. Earnings-per-share

Table IA5.1: Univariate Portfolio Sorts on MFD based on Earnings-per-share Prediction

Panel A: Equal-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 0.97*** (3.15) 0.22 (1.03) 0.22* (1.81) 0.27** (2.13) 0.20 (1.33) 0.46** (2.12)
2 1.28*** (4.16) 0.53*** (2.58) 0.47*** (4.85) 0.58*** (4.52) 0.54*** (3.88) 0.72*** (3.67)
3 1.20*** (3.91) 0.45** (2.19) 0.33*** (3.95) 0.48*** (4.17) 0.46*** (3.71) 0.61*** (3.10)
4 1.13*** (3.65) 0.38* (1.91) 0.27*** (3.32) 0.37*** (3.73) 0.38*** (3.42) 0.54*** (3.04)
5 0.95*** (2.99) 0.19 (1.06) 0.13 (1.41) 0.23** (1.97) 0.21* (1.93) 0.38** (2.36)
6 0.58* (1.74) -0.22 (-1.26) -0.22** (-2.38) -0.07 (-0.66) -0.07 (-0.66) 0.02 (0.16)
7 0.36 (1.00) -0.50*** (-3.07) -0.38*** (-5.02) -0.20** (-2.34) -0.28*** (-3.41) -0.12 (-0.75)
8 0.11 (0.28) -0.82*** (-4.40) -0.53*** (-6.70) -0.41*** (-4.57) -0.43*** (-3.65) -0.28* (-1.65)
9 0.19 (0.41) -0.78*** (-3.69) -0.41*** (-4.08) -0.24** (-2.11) -0.42*** (-2.81) -0.16 (-0.82)
High -0.21 (-0.51) -1.16*** (-6.25) -0.81*** (-6.98) -0.72*** (-4.83) -0.89*** (-5.02) -0.61*** (-4.04)

H-L -1.18*** (-4.43) -1.38*** (-5.30) -1.04*** (-5.31) -0.99*** (-4.25) -1.09*** (-3.94) -1.07*** (-5.15)

Panel B: Value-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 0.92*** (3.54) 0.23 (1.36) 0.10 (0.76) 0.14 (0.93) 0.10 (0.59) 0.33* (1.81)
2 0.83*** (3.43) 0.18 (1.14) 0.06 (0.40) 0.04 (0.28) 0.10 (0.63) 0.20 (1.31)
3 0.83*** (3.61) 0.20 (1.15) -0.02 (-0.17) -0.00 (-0.00) -0.04 (-0.19) 0.17 (1.08)
4 0.81*** (3.58) 0.19 (1.30) 0.06 (0.61) 0.01 (0.11) 0.01 (0.08) 0.17 (1.36)
5 0.81*** (3.37) 0.22 (1.53) 0.12 (0.89) 0.19 (1.26) 0.16 (0.98) 0.25* (1.66)
6 0.67*** (2.66) 0.06 (0.46) -0.06 (-0.45) -0.04 (-0.30) -0.03 (-0.19) 0.04 (0.35)
7 0.79*** (2.91) 0.13 (1.04) 0.04 (0.33) 0.07 (0.57) 0.11 (0.83) 0.18 (1.46)
8 0.57* (1.90) -0.15 (-1.30) -0.16 (-1.33) -0.14 (-1.13) -0.15 (-1.18) -0.07 (-0.60)
9 0.39 (0.96) -0.43* (-1.96) -0.26* (-1.80) -0.21 (-1.29) -0.22 (-1.31) -0.24 (-1.46)
High 0.10 (0.25) -0.78*** (-3.94) -0.39*** (-2.79) -0.30* (-1.93) -0.43** (-2.29) -0.43*** (-3.21)

H-L -0.82** (-2.52) -1.02*** (-3.10) -0.49** (-2.19) -0.44* (-1.75) -0.53* (-1.80) -0.76*** (-2.95)

The table reports the average monthly excess returns and alphas on univariate portfolios of stocks sorted by MFD based on earnings-per-share. Each month
t, stocks are sorted into decile portfolios by MFD constructed using data up to month t − 1 and based on earnings-per-share. Panel A reports equal-weighted
portfolio sorts whereas Panel B reports value-weighted portfolio sorts. Excess Return is the return in excess of the risk-free rate. Alpha is the intercept from a
time-series regression of monthly excess returns on the factors of alternative models: the CAPM, Fama and French (2018) six-factor model (FF6), Stambaugh
and Yuan (2017) mispricing factor model (SY), Hou et al. (2015) q-factor model (HXZ), and the Daniel et al. (2020) behavioral factor model (DHS). t-stat denote
Newey and West (1987) adjusted t-statistics. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively. The sample period is from
February 1994 to December 2022 (December 2016 in case of SY).
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Table IA5.2: Fama-MacBeth Cross-Sectional Regressions for MFD based on Earnings-
per-share Prediction

Excess Return Excess Return Excess Return Industry-adj. Return DGTW-adj. Return

Const 0.74** 0.70** 0.72** -0.03 -0.02

(2.31) (2.19) (2.26) (-0.18) (-0.36)

MFD -0.28*** -0.23*** -0.15*** -0.15*** -0.13***

(-3.81) (-3.54) (-2.76) (-3.37) (-2.59)

BETA 0.02 0.03 0.03 0.04 0.04

(0.16) (0.27) (0.39) (0.94) (0.62)

SIZE -0.02 -0.02 -0.03 -0.02 -0.02

(-0.77) (-0.75) (-0.86) (-0.77) (-1.14)

BM 0.08 0.08 0.04 0.07 -0.05

(1.08) (1.07) (0.57) (1.22) (-0.98)

MOM 0.29*** 0.30*** 0.30*** 0.25*** 0.19***

(3.67) (3.77) (3.17) (3.08) (2.63)

AG -0.28*** -0.23*** -0.18*** -0.21***

(-3.82) (-2.89) (-2.97) (-3.28)

OP 0.08 0.08 0.11* 0.13**

(1.51) (1.55) (1.94) (2.03)

SUE 0.02 0.02 0.01

(0.65) (0.87) (0.40)

ILLIQ -0.00 0.18 0.10

(-0.02) (0.78) (0.55)

IVOL 0.05 -0.01 0.09

(0.52) (-0.06) (1.05)

MAX -0.09 -0.07 -0.09

(-1.00) (-0.91) (-0.91)

TURN -0.13* -0.09 -0.09

(-1.74) (-1.14) (-1.13)

STR -0.22*** -0.24*** -0.25***

(-2.85) (-3.42) (-3.12)

Observations 602,163 559,462 548,028 531,470 531,470

The table reports Fama-MacBeth cross-sectional regressions for MFD. MFD is constructed using
earnings-per-share. MFD and the control variables in month t − 1 are matched to stock returns in
month t. The dependent variable is the firm’s future excess return in the first three columns (Excess
Return), the firm’s future return over its value-weighted industry peers’ return (Industry-adj. Return),
or the firm’s DGTW adjusted return (DGTW-adj. Return). All dependent variables are given in per-
cent. The control variables are described in Table 1, winsorized at 0.5% in both tails, and standardized.
Newey and West (1987) adjusted t−statistics are reported in parentheses. *, **, and *** denote statis-
tical significance at the 10%, 5%, and 1% level, respectively. The sample period is from February 1994
to December 2022.
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IA5.2. Earnings yield

Table IA5.3: Univariate Portfolio Sorts on MFD - Based on Earnings Yield Prediction

Panel A: Equal-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 0.87*** (3.88) 0.29* (1.93) -0.01 (-0.09) 0.03 (0.29) 0.01 (0.11) 0.14 (1.53)
2 0.97*** (4.14) 0.35** (2.52) 0.08 (1.38) 0.10 (1.37) 0.10 (1.08) 0.27*** (2.67)
3 0.98*** (3.83) 0.30* (1.94) 0.10* (1.67) 0.09 (1.37) 0.09 (0.95) 0.32** (2.41)
4 1.08*** (3.87) 0.35** (2.12) 0.22*** (3.07) 0.25*** (2.91) 0.24** (2.40) 0.47*** (3.16)
5 1.10*** (3.29) 0.30 (1.64) 0.25*** (2.78) 0.35*** (3.61) 0.36*** (3.07) 0.50*** (2.78)
6 1.02*** (3.05) 0.18 (0.96) 0.25** (2.14) 0.39** (2.44) 0.38** (2.47) 0.55*** (2.84)
7 0.99** (2.57) 0.08 (0.39) 0.20** (2.04) 0.44*** (3.05) 0.36*** (2.84) 0.48** (2.24)
8 0.64 (1.39) -0.36 (-1.39) 0.09 (0.60) 0.39*** (2.86) 0.28** (2.04) 0.34 (1.24)
9 -0.20 (-0.39) -1.24*** (-4.76) -0.81*** (-6.52) -0.57*** (-4.05) -0.68*** (-4.10) -0.48* (-1.93)
High -0.90* (-1.70) -1.94*** (-5.97) -1.30*** (-6.96) -1.18*** (-5.87) -1.46*** (-5.70) -1.02*** (-4.12)

H-L -1.77*** (-4.16) -2.22*** (-5.75) -1.29*** (-6.76) -1.21*** (-4.93) -1.48*** (-4.67) -1.16*** (-4.76)

Panel B: Value-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 0.79*** (4.30) 0.28*** (3.23) 0.01 (0.10) -0.04 (-0.57) -0.02 (-0.25) 0.08 (1.11)
2 0.85*** (3.65) 0.25*** (3.67) 0.02 (0.29) -0.02 (-0.24) -0.00 (-0.03) 0.10 (1.22)
3 0.79*** (2.93) 0.09 (0.90) 0.04 (0.43) -0.01 (-0.06) 0.08 (0.70) 0.14 (1.35)
4 0.71** (2.27) -0.04 (-0.27) 0.10 (0.83) 0.09 (0.83) -0.01 (-0.05) 0.14 (1.30)
5 0.88*** (2.66) 0.09 (0.59) 0.40** (2.16) 0.47** (2.21) 0.37 (1.57) 0.35** (2.02)
6 0.50 (1.41) -0.38** (-2.15) -0.10 (-0.61) 0.30 (1.61) 0.23 (1.18) 0.01 (0.06)
7 0.84** (2.16) -0.05 (-0.25) 0.34*** (2.62) 0.53*** (3.62) 0.37*** (2.78) 0.44*** (2.66)
8 0.15 (0.30) -0.87*** (-2.91) -0.29 (-1.35) 0.13 (0.55) -0.00 (-0.00) -0.22 (-0.85)
9 -0.29 (-0.58) -1.37*** (-5.38) -0.90*** (-4.60) -0.52** (-2.26) -0.66*** (-2.64) -0.64*** (-3.07)
High -0.84 (-1.49) -1.90*** (-5.36) -1.08*** (-4.81) -0.93*** (-3.63) -1.18*** (-3.61) -1.02*** (-4.30)

H-L -1.63*** (-3.50) -2.18*** (-5.30) -1.08*** (-4.77) -0.89*** (-3.32) -1.16*** (-3.39) -1.10*** (-4.21)

The table reports the average monthly excess returns and alphas on univariate portfolios of stocks sorted by MFD based on earnings yield. Each month t, stocks
are sorted into decile portfolios by MFD constructed using data up to month t − 1 and based on earnings yield. Panel A reports equal-weighted portfolio sorts
whereas Panel B reports value-weighted portfolio sorts. Excess Return is the return in excess of the risk-free rate. Alpha is the intercept from a time-series
regression of monthly excess returns on the factors of alternative models: the CAPM, Fama and French (2018) six-factor model (FF6), Stambaugh and Yuan
(2017) mispricing factor model (SY), Hou et al. (2015) q-factor model (HXZ), and the Daniel et al. (2020) behavioral factor model (DHS). t-stat denote Newey
and West (1987) adjusted t-statistics. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively. The sample period is from February
1994 to December 2022 (December 2016 in case of SY).
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Table IA5.4: Fama-MacBeth Cross-Sectional Regressions for MFD based on Earnings-
yield Prediction

Excess Return Excess Return Excess Return Industry-adj. Return DGTW-adj. Return

Const 0.74** 0.70** 0.72** -0.03 -0.02

(2.31) (2.19) (2.26) (-0.18) (-0.36)

MFD -0.28*** -0.23*** -0.15*** -0.15*** -0.13***

(-3.81) (-3.54) (-2.76) (-3.37) (-2.59)

BETA 0.02 0.03 0.03 0.04 0.04

(0.16) (0.27) (0.39) (0.94) (0.62)

SIZE -0.02 -0.02 -0.03 -0.02 -0.02

(-0.77) (-0.75) (-0.86) (-0.77) (-1.14)

BM 0.08 0.08 0.04 0.07 -0.05

(1.08) (1.07) (0.57) (1.22) (-0.98)

MOM 0.29*** 0.30*** 0.30*** 0.25*** 0.19***

(3.67) (3.77) (3.17) (3.08) (2.63)

AG -0.28*** -0.23*** -0.18*** -0.21***

(-3.82) (-2.89) (-2.97) (-3.28)

OP 0.08 0.08 0.11* 0.13**

(1.51) (1.55) (1.94) (2.03)

SUE 0.02 0.02 0.01

(0.65) (0.87) (0.40)

ILLIQ -0.00 0.18 0.10

(-0.02) (0.78) (0.55)

IVOL 0.05 -0.01 0.09

(0.52) (-0.06) (1.05)

MAX -0.09 -0.07 -0.09

(-1.00) (-0.91) (-0.91)

TURN -0.13* -0.09 -0.09

(-1.74) (-1.14) (-1.13)

STR -0.22*** -0.24*** -0.25***

(-2.85) (-3.42) (-3.12)

Observations 602,163 559,462 548,028 531,470 531,470

The table reports Fama-MacBeth cross-sectional regressions for MFD. MFD is constructed using
earnings-yields. MFD and the control variables in month t− 1 are matched to stock returns in month t.
The dependent variable is the firm’s future excess return in the first three columns (Excess Return), the
firm’s future return over its value-weighted industry peers’ return (Industry-adj. Return), or the firm’s
DGTW adjusted return (DGTW-adj. Return). All dependent variables are given in percent. The control
variables are described in Table 1, winsorized at 0.5% in both tails, and standardized. Newey and West
(1987) adjusted t−statistics are reported in parentheses. *, **, and *** denote statistical significance at
the 10%, 5%, and 1% level, respectively. The sample period is from February 1994 to December 2022.
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IA5.3. Earnings-to-assets

Table IA5.5: Univariate Portfolio Sorts on MFD based on Earnings-to-Assets

Panel A: Equal-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 0.80*** (3.10) 0.16 (0.90) -0.14* (-1.80) -0.09 (-0.76) -0.08 (-0.66) 0.07 (0.67)
2 0.93*** (3.68) 0.30* (1.68) 0.04 (0.59) 0.10 (0.98) 0.10 (0.83) 0.24* (1.86)
3 1.06*** (4.01) 0.39** (2.22) 0.18*** (2.65) 0.22** (2.25) 0.28** (2.43) 0.41*** (2.90)
4 1.11*** (4.00) 0.40** (2.51) 0.24*** (2.87) 0.25*** (2.85) 0.27** (2.20) 0.47*** (3.36)
5 1.11*** (3.65) 0.34** (2.15) 0.30*** (3.70) 0.39*** (4.34) 0.35*** (3.19) 0.53*** (3.32)
6 1.27*** (3.81) 0.43** (2.48) 0.47*** (5.24) 0.60*** (4.99) 0.53*** (4.37) 0.72*** (3.88)
7 1.11*** (2.93) 0.17 (0.91) 0.37*** (3.11) 0.52*** (3.38) 0.50*** (3.19) 0.62*** (2.88)
8 0.47 (1.03) -0.52** (-2.29) -0.33** (-2.05) -0.04 (-0.28) -0.12 (-0.85) -0.02 (-0.08)
9 -0.92* (-1.78) -1.93*** (-6.10) -1.35*** (-9.77) -1.06*** (-7.56) -1.31*** (-6.92) -1.03*** (-4.12)
High -0.35 (-0.61) -1.41*** (-3.73) -0.67*** (-3.55) -0.62** (-2.25) -0.83*** (-2.58) -0.41 (-1.47)

H-L -1.14** (-2.35) -1.57*** (-3.37) -0.54*** (-2.64) -0.53 (-1.53) -0.75* (-1.87) -0.49* (-1.74)

Panel B: Value-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 0.64*** (2.89) 0.08 (0.77) -0.14 (-1.48) -0.09 (-0.95) -0.11 (-1.04) -0.06 (-0.69)
2 0.69*** (3.29) 0.11 (1.29) -0.07 (-1.11) 0.01 (0.07) 0.01 (0.16) -0.02 (-0.29)
3 0.92*** (4.31) 0.35*** (3.31) 0.13 (1.37) 0.10 (0.89) 0.09 (0.80) 0.22** (2.10)
4 0.62** (2.45) 0.00 (0.01) -0.15 (-1.59) -0.16* (-1.71) -0.17 (-1.58) -0.04 (-0.36)
5 0.84*** (2.88) 0.14 (1.04) 0.11 (0.93) 0.08 (0.59) 0.14 (1.09) 0.20 (1.63)
6 0.87** (2.56) 0.03 (0.18) 0.33* (1.89) 0.42* (1.95) 0.41* (1.66) 0.24 (1.36)
7 0.78* (1.88) -0.17 (-0.75) 0.39* (1.93) 0.48** (2.35) 0.52** (2.09) 0.34* (1.77)
8 0.38 (0.87) -0.60*** (-2.73) -0.28 (-1.40) 0.11 (0.65) -0.08 (-0.45) -0.13 (-0.62)
9 -0.71 (-1.32) -1.74*** (-5.05) -1.06*** (-5.73) -0.67*** (-2.64) -0.87*** (-3.20) -0.92*** (-3.82)
High -0.52 (-0.86) -1.64*** (-3.85) -0.74*** (-2.87) -0.57 (-1.59) -0.78* (-1.96) -0.58** (-2.22)

H-L -1.16** (-2.26) -1.72*** (-3.53) -0.60** (-2.33) -0.48 (-1.21) -0.67 (-1.57) -0.52* (-1.91)

The table reports the average monthly excess returns and alphas on univariate portfolios of stocks sorted by MFD based on earnings-to-assets. Each month
t, stocks are sorted into decile portfolios by MFD constructed using data up to month t − 1 and based on earnings-to-assets. Panel A reports equal-weighted
portfolio sorts whereas Panel B reports value-weighted portfolio sorts. Excess Return is the return in excess of the risk-free rate. Alpha is the intercept from a
time-series regression of monthly excess returns on the factors of alternative models: the CAPM, Fama and French (2018) six-factor model (FF6), Stambaugh
and Yuan (2017) mispricing factor model (SY), Hou et al. (2015) q-factor model (HXZ), and the Daniel et al. (2020) behavioral factor model (DHS). t-stat denote
Newey and West (1987) adjusted t-statistics. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively. The sample period is from
February 1994 to December 2022 (December 2016 in case of SY).
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Table IA5.6: Fama-MacBeth Cross-Sectional Regressions for MFD based on Earnings-
to-Assets

Excess Return Excess Return Excess Return Industry-adj. Return DGTW-adj. Return

Const 0.74** 0.70** 0.72** -0.03 -0.02

(2.31) (2.19) (2.27) (-0.20) (-0.40)

MFD -0.28*** -0.23*** -0.15*** -0.15*** -0.13***

(-3.80) (-3.54) (-2.76) (-3.37) (-2.59)

BETA 0.02 0.03 0.03 0.04 0.04

(0.16) (0.27) (0.39) (0.94) (0.62)

SIZE -0.02 -0.02 -0.02 -0.02 -0.02

(-0.76) (-0.75) (-0.85) (-0.77) (-1.14)

BM 0.08 0.08 0.04 0.07 -0.05

(1.08) (1.07) (0.57) (1.22) (-0.98)

MOM 0.29*** 0.30*** 0.30*** 0.25*** 0.19***

(3.67) (3.77) (3.16) (3.08) (2.63)

AG -0.28*** -0.23*** -0.18*** -0.21***

(-3.82) (-2.89) (-2.98) (-3.28)

OP 0.08 0.08 0.11* 0.13**

(1.51) (1.55) (1.94) (2.03)

SUE 0.02 0.02 0.01

(0.65) (0.87) (0.40)

ILLIQ -0.00 0.16 0.09

(-0.02) (0.73) (0.52)

IVOL 0.05 -0.00 0.09

(0.54) (-0.05) (1.06)

MAX -0.09 -0.08 -0.09

(-1.02) (-0.93) (-0.93)

TURN -0.13* -0.09 -0.09

(-1.75) (-1.15) (-1.14)

STR -0.22*** -0.24*** -0.25***

(-2.86) (-3.43) (-3.13)

Observations 602,163 559,462 548,028 531,470 531,470

The table reports Fama-MacBeth cross-sectional regressions for MFD. MFD is constructed using earnings
scaled by assets. MFD and the control variables in month t− 1 are matched to stock returns in month t.
The dependent variable is the firm’s future excess return in the first three columns (Excess Return), the
firm’s future return over its value-weighted industry peers’ return (Industry-adj. Return), or the firm’s
DGTW adjusted return (DGTW-adj. Return). All dependent variables are given in percent. The control
variables are described in Table 1, winsorized at 0.5% in both tails, and standardized. Newey and West
(1987) adjusted t−statistics are reported in parentheses. *, **, and *** denote statistical significance at
the 10%, 5%, and 1% level, respectively. The sample period is from February 1994 to December 2022.
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IA6. Analyst forecast dispersion

Table IA6.1: Univariate Portfolio Sorts on AFD

Panel A: Equal-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 1.11*** (5.14) 0.37*** (3.29) 0.26*** (4.14) 0.26*** (3.48) 0.32*** (4.38) 0.40*** (3.92)
2 0.73*** (3.38) -0.03 (-0.31) -0.12* (-1.70) -0.08 (-0.87) -0.08 (-0.92) 0.10 (1.01)
3 0.74*** (3.18) -0.06 (-0.58) -0.05 (-0.80) -0.03 (-0.32) -0.01 (-0.18) 0.13 (1.23)
4 0.69*** (2.70) -0.16 (-1.48) -0.08 (-1.28) -0.03 (-0.31) -0.06 (-0.79) 0.15 (1.30)
5 0.73*** (2.74) -0.16 (-1.34) -0.07 (-1.17) -0.06 (-1.01) -0.07 (-1.01) 0.20* (1.70)
6 0.72*** (2.61) -0.18 (-1.39) -0.03 (-0.44) -0.01 (-0.14) -0.06 (-0.77) 0.24* (1.77)
7 0.61** (2.05) -0.34** (-2.54) -0.11* (-1.65) -0.02 (-0.26) -0.10 (-1.21) 0.21 (1.48)
8 0.63* (1.93) -0.34** (-2.19) -0.04 (-0.54) 0.05 (0.68) -0.12 (-1.14) 0.28* (1.73)
9 0.41 (1.21) -0.59*** (-3.25) -0.29*** (-3.48) -0.11 (-1.26) -0.33*** (-2.71) 0.08 (0.40)
High 0.31 (0.88) -0.71*** (-3.70) -0.34*** (-3.31) -0.19* (-1.95) -0.35** (-2.55) -0.01 (-0.03)

H-L -0.79*** (-3.75) -1.08*** (-5.88) -0.60*** (-4.73) -0.45*** (-3.80) -0.67*** (-4.02) -0.40** (-2.23)

Panel B: Value-Weighted Portfolios

Excess Return t-stat CAPM t-stat FF6 t-stat HXZ t-stat SY t-stat DHS t-stat

Low 0.88*** (5.27) 0.29*** (3.51) 0.01 (0.26) -0.03 (-0.41) 0.04 (0.63) 0.02 (0.32)
2 0.73*** (3.91) 0.08 (1.16) -0.07 (-0.96) -0.04 (-0.43) 0.02 (0.20) -0.00 (-0.00)
3 0.68*** (3.06) -0.04 (-0.42) 0.01 (0.15) -0.04 (-0.47) -0.03 (-0.29) -0.06 (-0.79)
4 0.61** (2.46) -0.17 (-1.47) -0.05 (-0.65) -0.08 (-1.03) -0.05 (-0.55) -0.10 (-1.17)
5 0.74*** (2.91) -0.04 (-0.31) 0.15 (1.31) 0.05 (0.50) 0.04 (0.39) 0.16 (1.47)
6 0.74*** (3.17) -0.06 (-0.53) 0.10 (0.87) 0.07 (0.51) 0.08 (0.56) 0.10 (0.81)
7 0.74*** (2.99) -0.05 (-0.45) 0.07 (0.60) 0.05 (0.40) 0.12 (1.02) 0.08 (0.65)
8 0.67** (2.25) -0.22 (-1.53) 0.06 (0.43) 0.15 (1.10) 0.08 (0.56) 0.21 (1.31)
9 0.73** (2.32) -0.19 (-1.16) 0.04 (0.26) 0.37** (2.18) 0.05 (0.28) 0.24 (1.42)
High 0.46 (1.35) -0.55*** (-2.91) -0.12 (-0.74) 0.12 (0.66) -0.06 (-0.33) 0.05 (0.25)

H-L -0.42 (-1.58) -0.83*** (-3.66) -0.14 (-0.75) 0.15 (0.70) -0.10 (-0.47) 0.03 (0.11)

The table reports the average monthly excess returns and alphas on univariate portfolios of stocks sorted by AFD. Each month t, stocks are sorted into decile
portfolios by month t− 1’s AFD. Panel A reports equal-weight portfolio sorts whereas Panel B reports value-weight portfolio sorts. Excess Return is the return
in excess of the risk-free rate. Alpha is the intercept from a time-series regression of monthly excess returns on the factors of alternative models: the CAPM,
Fama and French (2018) six-factor model (FF6), Stambaugh and Yuan (2017) mispricing factor model (SY), Hou et al. (2015) q-factor model (HXZ), and the
Daniel et al. (2020) behavioral factor model (DHS). t-stat denote Newey and West (1987) adjusted t-statistics. *, **, and *** denote statistical significance at
the 10%, 5%, and 1% level, respectively. The sample period is from January 1983 to December 2022.
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Table IA6.2: Fama-MacBeth Cross-Sectional Regressions on MFD Controlling for AFD

Excess Return Industry-adj. Return DGTW-adj. Return

Const 0.35 -0.35* -0.26

(0.98) (-1.67) (-1.57)

MFD -0.12*** -0.10*** -0.10**

(-2.69) (-2.74) (-2.56)

SUE 0.01 0.01 -0.00

(0.37) (0.71) (-0.07)

AG -0.31*** -0.26*** -0.27***

(-4.08) (-4.24) (-4.55)

MOM 0.36*** 0.30*** 0.24***

(4.67) (5.19) (4.49)

ILLIQ -2.08 -1.71 -1.77

(-1.59) (-1.45) (-1.54)

OP 0.14** 0.12** 0.16***

(2.56) (2.56) (3.05)

IVOL 0.01 -0.03 0.11

(0.07) (-0.40) (1.64)

BETA 0.03 0.05 0.03

(0.45) (1.23) (0.54)

SIZE -0.03 -0.02 -0.02**

(-1.33) (-1.34) (-2.00)

BM 0.07 0.09* -0.00

(0.97) (1.88) (-0.09)

MAX -0.11 -0.09 -0.10

(-1.33) (-1.27) (-1.32)

TURN -0.08 -0.06 -0.09

(-1.43) (-1.11) (-1.63)

STR -0.32*** -0.37*** -0.35***

(-4.41) (-5.91) (-4.98)

AFD -0.07*** -0.06*** -0.07***

(-2.73) (-2.69) (-2.84)

Observations 602,622 591,261 591,261

The table reports Fama-MacBeth cross-sectional regressions for MFD while additionally controlling for
AFD. MFD, AFD and the control variables in month t − 1 are matched to stock returns in month
t. The dependent variable is the firm’s future excess return in the first column (Excess Return), the
firm’s future return over its value-weighted industry peers’ return (Industry-adj. Return), or the firm’s
DGTW adjusted return (DGTW-adj. Return). All dependent variables are given in percent. The control
variables are described in Table 1, winsorized at 0.5% in both tails, and cross-sectionally standardized
each month to have zero mean and unit standard deviation. Newey and West (1987) adjusted t−statistics
are reported in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level,
respectively. The sample period is from January 1983 to March 2022.
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IA7. Investor disagreement

IA7.1. Construction of aggregate disagreement proxies

Volatility-of-volatility We follow Agarwal et al. (2017) and construct volatility of

aggregate volatility as the difference between the highest and lowest value of the VIX

index in a month.

Aggregate IVOL Boehme et al. (2006) and Berkman et al. (2009) propose to proxy

disagreement at the stock level by idiosyncratic volatility. We follow Huang et al. (2021)

and construct an aggregate, value-weighted idiosyncratic volatility measure. Idiosyncratic

volatility at the stock-level is the standard deviation of the daily residuals estimated

from the regression of the daily excess stock returns on the daily market return over

the previous year. We use all common-stocks in the CRSP universe trading at NYSE,

NASDAQ or AMEX with stock prices above USD 5.

Unexplained stock trading volume We follow Garfinkel (2009) in constructing un-

explained aggregate stock trading volume. Aggregate volume is computed as the residuals

of an AR(4)-process of aggregate log turnover. We use all common-stocks in the CRSP

universe trading at NYSE, NASDAQ or AMEX with stock prices above USD 5. Subse-

quently, volume is regressed on positive and negative market returns, i.e.,

volumet = α + βr+t + γr−t + ϵt,

where r+t and r−t denote the positive and negative aggregate market returns, respectively.

Finally, unexplained standardized stock trading volume in month t, SUVt, is defined as

SUVt =
ϵt
σϵ,t

,

where σϵ,t denotes the standard deviation of the regression residuals. We construct SUVt

using a rolling window of 60 months.

Option disagreement We construct an aggregate disagreement proxy from the options

market using signed open-close volume data from CBOE for S&P 500 index options.

The sample period ranges from 1990 to May 2020. S&P 500 index options solely trade

at CBOE and hence, we capture 100% of the trading volume over our sample period.

Open-close volume data aggregats daily option volume by market participant (customer,

professional customer, broker-dealer, and firm), buying or selling, and opening or closing

positions. Consequently, positive and negative exposure/views to the S&P 500 index are

given by the following volume categories, respectively:
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• Positive exposure/views (POS): open-buy call, open-sell put, close-buy call, and

close-sell put volume,

• Negative exposure/views (NEG): open-sell call, open-buy put, close-sell call, and

close-buy put volume.

We sum up volumes across all trading days in a month and across all types of market

participants. We consider only volumes of option contracts between 10 and 180 days.

We deliberately disregard lower levels of time-to-maturity to be robust against rolling

positions. Subsequently, we construct the disagreement index as

option disagreement = 1− |POS −NEG|
POS +NEG

.

Option disagreement ranges between 0 and 1. It is low, if volume is one-sided, i.e., there

are only positive or negative exposures. In this case, option investors all agree on their

exposure/views. On the contrary, option disagreement reaches its maximum, 1, if POS

and NEG completely offset each other.
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IA7.2. Bivariate portfolio sorts

Table IA7.1: IVOL and MFD

Panel A: Average IVOL in MFD Quintile Portfolio

Low 2 3 4 High H-L t-stat

IVOL 0.02 0.02 0.03 0.03 0.04 0.02*** 13.08

Panel B: Bivariate Portfolio Sort on IVOL

Low 2 3 4 High H-L t-stat FF6 t-stat

IVOL Low 1.08 0.98 0.92 0.83 0.70 -0.38*** -4.96 -0.35*** -4.59

IVOL 2 1.21 1.14 0.97 0.85 0.56 -0.65*** -4.95 -0.57*** -4.44

IVOL High 0.94 0.70 0.54 0.35 -0.37 -1.32*** -6.87 -1.14*** -5.24

IVOL H-L -0.13 -0.28 -0.38 -0.49 -1.07 -0.94*** -5.13 -0.78*** -3.73

Panel A reports the time-series averages of the monthly cross-sectional median of the stock-level idiosyn-
cratic volatility (IVOL) for each of MFD-sorted univariate quintile portfolios. Low (high) IVOL indicates
a lower (higher) idiosyncratic volatility. Panel B reports 3x5 dependent bivariate equal-weight portfolio
sorts. First, tercile portfolios are formed every month using IVOL. Next, quintile portfolios are formed
based on MFD within each firm-specific IVOL tercile. Newey and West (1987) adjusted t−statistics are
reported in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level,
respectively. The sample period is from August 1976 to December 2022.
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Table IA7.2: Monthly Turnover and MFD

Panel A: Average TURNOVER in MFD Quintile Portfolio

Low 2 3 4 High H-L t-stat

TURNOVER 8.86 10.06 11.36 13.19 24.13 15.27*** 6.02

Panel B: Bivariate Portfolio Sort on TURNOVER

Low 2 3 4 High H-L t-stat FF6 t-stat

TURNOVER Low 0.96 0.96 0.84 0.61 0.06 -0.90*** -5.50 -0.73*** -4.86

TURNOVER 2 1.18 1.06 0.95 0.74 0.30 -0.88*** -4.64 -0.68*** -3.71

TURNOVER High 1.30 1.11 0.84 0.66 -0.04 -1.33*** -6.12 -1.10*** -4.87

TURNOVER H-L 0.34 0.16 0.00 0.05 -0.10 -0.44*** -2.84 -0.38** -2.15

Panel A reports the time-series averages of the monthly cross-sectional median of the stock-level turnover
(TURNOVER) for each of MFD-sorted univariate quintile portfolios. Low (high) TURNOVER indicates
a lower (higher) monthly turnover. Panel B reports 3x5 dependent bivariate equal-weight portfolio
sorts. First, tercile portfolios are formed every month using TURNOVER. Next, quintile portfolios are
formed based on MFD within each firm-specific TURNOVER tercile. Newey and West (1987) adjusted
t−statistics are reported in parentheses. *, **, and *** denote statistical significance at the 10%, 5%,
and 1% level, respectively. The sample period is from August 1976 to December 2022.
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Table IA7.3: StockTwits Disagreement and MFD

Panel A: Average STOCKTWITS in MFD Quintile Portfolio

Low 2 3 4 High H-L t-stat

STOCKTWITS 0.12 0.12 0.13 0.14 0.21 0.10*** 9.53

Panel B: Bivariate Portfolio Sort on STOCKTWITS

Low 2 3 4 High H-L t-stat FF6 t-stat

STOCKTWITS Low 1.22 1.30 1.27 1.18 1.03 -0.19 -0.75 -0.20 -0.76

STOCKTWITS 2 1.22 1.28 1.10 1.22 0.78 -0.44 -1.31 -0.29 -0.76

STOCKTWITS High 1.04 1.18 1.14 0.85 -0.20 -1.23** -2.36 -1.04* -1.87

STOCKTWITS H-L -0.18 -0.12 -0.13 -0.33 -1.23 -1.05*** -2.67 -0.84** -2.01

Panel A reports the time-series averages of the monthly cross-sectional median of the stock-level Stock-
wits overall disagreement (Cookson and Niessner, 2020, 2023, STOCKTWITS) for each of MFD-sorted
univariate quintile portfolios. Low (high) STOCKTWITS indicates a lower (higher) overall Stocktwits
disagreement. Panel B reports 3x5 dependent bivariate equal-weight portfolio sorts. First, tercile port-
folios are formed every month using STOCKTWITS. Next, quintile portfolios are formed based on MFD
within each firm-specific STOCKTWITS tercile. Newey and West (1987) adjusted t−statistics are re-
ported in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level,
respectively. The sample period is from January 2010 to December 2021.

24



References

Agarwal, V., Arisoy, Y. E., and Naik, N. Y. (2017). Volatility of aggregate volatility and

hedge fund returns. Journal of Financial Economics, 125(3):491–510.

Berkman, H., Dimitrov, V., Jain, P. C., Koch, P. D., and Tice, S. (2009). Sell on

the news: Differences of opinion, short-sales constraints, and returns around earnings

announcements. Journal of Financial Economics, 92(3):376–399.

Boehme, R. D., Danielsen, B. R., and Sorescu, S. M. (2006). Short-sale constraints, dif-

ferences of opinion, and overvaluation. Journal of Financial and Quantitative Analysis,

41:455–487.

Cookson, J. A. and Niessner, M. (2020). Why don’t we agree? evidence from a social

network of investors. Journal of Finance, 75(1):173–228.

Cookson, J. A. and Niessner, M. (2023). Investor disagreement: Daily measures from

social media. Working paper.

Daniel, K., Hirshleifer, D., and Sun, L. (2020). Short-and long-horizon behavioral factors.

Review of Financial Studies, 33:1673–1736.

Fama, E. F. and French, K. R. (2018). Choosing factors. Journal of Financial Economics,

128:234–252.

Garfinkel, J. A. (2009). Measuring investors’ opinion divergence. Journal of Accounting

Research, 47(5):1317–1348.

Hou, K., Xue, C., and Zhang, L. (2015). Digesting anomalies: An investment approach.

Review of Financial Studies, 28:650–705.

Huang, D., Li, J., and Wang, L. (2021). Are disagreements agreeable? evidence from

information aggregation. Journal of Financial Economics.

Jensen, T. I., Kelly, B. T., and Pedersen, L. H. (2022). Is there a replication crisis in

finance?, forthcoming. Journal of Finance.

Newey, W. K. and West, K. D. (1987). A simple, positive semi-definite, heteroskedasticity

and autocorrelation consistent covariance matrix. Econometrica, 55:703–708.

Stambaugh, R. F. and Yuan, Y. (2017). Mispricing factors. Review of Financial Studies,

30:1270–1315.

25


	Introduction
	An empirical model of disagreement
	Data and variables
	MFD construction
	Control variables
	Descriptive statistics

	Empirical results
	Univariate portfolio-level analysis
	Average portfolio characteristics
	Bivariate portfolio-level analysis
	Fama-MacBeth cross-sectional regressions

	Robustness checks
	Different measures of MFD
	International evidence
	Constructing MFD with actual earnings
	MFD as a measure of disagreement
	Comparing MFD to analyst-based disagreement
	Correlation to additional disagreement proxies
	Evidence from different market phases

	Sources of return predictability
	Mispricing versus risk
	Short-selling costs
	Limits to arbitrage
	Conclusion
	Univariate portfolio sorts for different measures of MFD

	Varying the dimension of investors' information sets

	Varying investors' methods for return prediction
	International Evidence
	Constructing MFD with actual earnings
	Earnings-per-share
	Earnings yield
	Earnings-to-assets
	Analyst forecast dispersion
	Investor disagreement
	Construction of aggregate disagreement proxies
	Bivariate portfolio sorts






