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We study how firm characteristics are correlated with stock price levels by measuring
the long-term discount rates (defined as the internal rate of return) of anomaly portfolios
over a long horizon. We develop a simple, non-parametric methodology to estimate the
long-term equity discount rate from ex-post realized payouts and prices. Our estimates
show that the cross-sectional patterns in the long-term discount rates can be substantially
different from that of the average short-term holding period returns; and appealing to meanreversion in anomaly premia does not reconcile the wedge between the two for a group of
prominent anomalies. We argue that the long-term discount rate is a better measure of firm’s
equity financing cost than the premium from a dynamically-rebalanced trading strategy;
and we demonstrate with a representative example that structural models that interpret the
spreads in the latter as the differences in the former could generate counterfactual patterns
in the long-term discount rates. Our empirical exercise uncovers numerous new stylized
facts regarding firms’ equity financing cost; and these findings could shed new light on
the mechanisms underlying various asset pricing anomalies, and advance our understanding
about the determinants of stock price levels.
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Introduction

In this paper, we investigate the relation between firm characteristics and stock price levels.
Since the seminal work of Fama and French (1992, 1993), an extensive literature has formed
to study asset pricing factors/anomalies1 . However, the vast majority of the work in this field
has been focusing on the relation between firm characteristics and the expected short-term
stock returns. The expected short-term return of a stock captures how the price tends to
move shortly after portfolio formation, but little is understood regarding what determines
the level of stock price. We aim to contribute to this important and under-studied topic.
The goal of our exercise is to compare the valuation levels across different equity claims.
However, the prices of these claims are not directly comparable, because their cash flows
might have different patterns. To resolve this issue, we draw an analogy with the fixedincome literature: similar to quoting bond prices with the yield–to-maturity metric, we
normalize stock prices by quoting them with the internal rate of return (IRR) over the long
run:
T
∞
X
X
E0 (Dt )
E0 (PT )
E0 (Dt )
,
P0 =
t ≈
t +
(1 + y)
(1 + y)
(1 + y)T
t=1
t=1

where P0 is the stock price observed at time 0; Dt is the total net payout of the equity claim
in time t; T represents a long horizon; and y is the internal rate of return. Analogous to the
yield-to-maturity measure of a bond claim, the long-horizon IRR measures the expensiveness
of an equity claim. While equity discount rates can be different for different installments
within the cash flow stream, the IRR is a non-linear weighted average across all payouts over
different horizons and captures the overall equity financing cost of the firm. To reflect the
fact that the IRR metric summarizes firm’s cost of equity capital and to contrast it with the
short-term holding period returns generated by dynamic trading strategies, we refer to this
metric as the “long-term discount rate” for the rest of the paper.
Acknowledging that the long-term discount rate can be time-varying, we choose to focus
on its time average in our paper; and, in parallel to the anomaly literature, we study how
firm characteristics are correlated with the long-term discount rate in the cross section of
stocks. By developing a simple novel estimation methodology (detailed below), we show that
there are substantial differences between the patterns of the long-term discount rates and
1

In this paper, we use the term “anomaly” or “factor” to simply refer to the spread in the expected stock
return along a certain firm characteristic. We do not take a stand on whether such a spread is caused by
rational or behavioral forces. We thus use these two terms interchangeably.
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that of the short-term expected returns for a number of well-known anomalies. Therefore,
the lessons learned from studying the short-term returns cannot be automatically extended
to the price levels and the long-term discount rates.
The challenge of estimating the long-term discount rate from the data is that cash flow
expectations are not directly observable. The existing literature circumvents this issue by
using either analysts’ subjective forecasts as proxies for market expectations or by building
structural models to predict cash flows. Neither approach is satisfying as analysts’ forecasts
are known to be inaccurate and have limited coverage2 , and models are always mis-specified.
In this paper, we propose a simple non-parametric methodology that approximates cash flow
expectations and estimates the long-term discount rate with realized corporate payouts and
stock prices. Our estimation starts by replacing the ex-ante expectations of the cash flows
with their ex-post realizations and inferring the ex-post discount rate ỹ:
P0 =

T
X
t=1

PT
Dt
.
t +
(1 + ỹ)
(1 + ỹ)T

We then utilize the time series and measure ỹ repeatedly with portfolios formed at different
points in time.3 Naturally, the sample mean of the ex-post rate ỹ serves as an estimate of the
true ex-ante rate y. But it is also a biased estimate. Indeed, notice that, for a given price,
the true discount rate is a non-linear function of the cash flow expectations. To precisely
recover the discount rate, one needs to take the expectations of the cash flows inside the
non-linear IRR function. However, by taking the average after inferring the rates from the
realized cash flows, we essentially take the expectation outside of the IRR function. The
order of the expectation is changed, and as a result, a Jensen’s term would arise to bias the
estimated rate. And finally, we show how to non-parametrically estimate the Jensen’s term
and correct for such a bias with Taylor approximations. By conducting simulations within
canonical structural models and also non-parametrically with a block bootstrap approach,
we verify that our simple methodology indeed produces accurate estimates for our purposes.
In addition to the long-term discount rate, we also define and estimate the “relative
2

It is well-documented that analysts’ forecasts are overly optimistic and exhibit heterogenous biases for
different stocks in the cross section. See, for example, Das, Levine, and Sivaramakrishnan (1998), Clement
(1999), Lim (2001), Hong, Kubik, and Solomon (2000), Bradshaw, Richardson, and Sloan (2001), Hong and
Kubik (2003), etc. Moreover, long-term growth forecasts, which are important for recovering the long-term
discount rates, are only available for a small set of large firms.
3
We apply our methodology to portfolios instead of individual stocks because we intend to study the
discount rate over the long run and individual stocks might only exist for a short period in the sample.

3

discount factor” (or RDF ) with a similar strategy:
RDF ≡ PT

t=1

P0
E0 (Dt )
t

(1+rf,0,t )

+

,

E0 (PT )
T

(1+rf,0,T )

where rf,0,t is the t-year zero-coupon risk-free rate observed at time 0. The relative discount
factor is a ratio between two prices: the actual price of the stock, and its counterfactual
price if cash flows were priced with the risk-free rates. Therefore, the relative discount factor
measures the difference of the equity financing cost of a firm and the borrowing cost of the
US government. As a complement to the long-term discount rate, the relative discount factor
incorporates the impact of duration on firm’s equity financing cost.
We focus on a number of prominent anomalies in our paper and show how the pattern
of the association between firm characteristics and the long-term discount rates can be substantially different from that of the average short-term holding period returns. For example,
among the Fama-French five factors, gross profitability and investment show a strong Ushape instead of a slope in the long-term discount rates. In another interesting case, while
Ang et al. (2006) discovered the puzzling anomaly that high idiosyncratic volatility stocks
tend to regenerate lower returns than low idiosyncratic volatility stocks in the short term;
once we consider the long term, the pattern is inverted with the high idiosyncratic volatility stocks featuring significantly higher discount rates than the low idiosyncratic volatility
stocks. Moreover, the estimation of the long-term discount rate can also uncover firm characteristics that are important for equity pricing but were previously overlooked if one only
fixated on short-term stock returns. For example, the average short-term holding period
returns are almost flat across portfolios sorted by credit rating. However, as soon as we shift
the focus to the long term, we reveal that the high rating firms face much lower long-term
discount rates than the low rating firms. Therefore, the equity market is much more integrated to the credit market than one would previously conclude by only focusing on the
short-term holding period returns.
Our finding of the disconnect between the short term and the long term has important
implications for a large class of structural asset pricing models that aim to reconcile anomalies
with rational forces. By conducting a case study with Kogan and Papanikolaou (2013), we
highlight how the whole class of models interprets the spreads in the short-term expected
returns as manifestations of the differences in firms’ overall long-term discount rates or
stock price levels. We then demonstrate with our non-parametric methodology that such
a interpretation can be misleading when the patterns of the two diverge, and these models
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would mechanically produce counterfactual patterns of the long-term discount rates for such
anomalies.
Overall, our empirical findings illustrate two important insights. First, the patterns of
the long-term discount rates in the cross section can be very different from that of the average
short-term holding period returns. It is not always the case that the spread in the long-term
discount rates is even in the same direction as the short-term expected returns. Often times,
the spread is inverted, or the shape in the long-term discount rates is non-monotonic. In
these cases, simply assuming the short-term expected returns to be following mean-reversion
processes, as in Van Binsbergen and Opp (2019) for example, cannot reconcile the difference
between the patterns in the long-term discount rates and the short-term expected returns.
Second, even though the average short-term holding period return is an important metric that
informs the profitability of a dynamically-rebalanced trading strategy, it can be misleading
in representing the long-term equity financing cost of a firm. We argue that, compared with
the short-term expected returns, the long-term discount rate or discount factor serve as much
more appropriate measures of firm’s equity cost of capital.

Related Literature
Our paper belongs to the growing literature that studies stock price levels. Notable examples
in the literature include Cohen, Polk, and Vuolteenaho (2009), Van Binsbergen and Opp
(2019), Cho and Polk (2019). Compared to these earlier work, we present the novel finding
that there can be substantial differences between the patterns of the long-term discount
rates and that of the expected short-term returns, which cannot be generated by the simple
mean-reversion mechanism. Moreover, our paper takes a new perspective and proposes a
different methodology compared to the existing literature. Cohen, Polk, and Vuolteenaho
(2009) first proposed testing asset pricing models with price levels instead of short-term
returns, and argued that the CAPM cannot be rejected in price level tests when the bookto-market sorted portfolios are adopted as the test assets. Cho and Polk (2019) offered a
more accurate accounting identity than Cohen, Polk, and Vuolteenaho (2009) and arrived at
the same conclusion that the CAPM cannot be rejected. Van Binsbergen and Opp (2019)
built a structural model with endogenous firm production to estimate the cost to the real
economy due to asset price distortions with counterfactual analysis. Our paper adopts a
model-free approach. In a way, our methodology is the cross-sectional counterpart of Shiller
(1981). Shiller (1981) studied the time variations of stock prices by comparing the price levels
of the stock market with the ex-post realized dividends. Our focus is on the cross section,
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and we estimate the long-term discount rates of the anomaly portfolios with realized cash
flows, and document how stock price levels in the cross section are correlated with various
firm characteristics. Our simple, clean methodology produces numerous new stylized facts
that could advance our understanding about the determinants of stock price levels.
Our paper is also related to a large literature in finance and accounting that aims to
estimate cost of equity capital, including Botosan (1997), Fama and French (1997), Fama
and French (1999), Gebhardt, Lee, and Swaminathan (2001), Easton (2004), Easton and
Monahan (2005), Ohlson and Juettner-Nauroth (2005) Hou, Van Dijk, and Zhang (2012),
Lu (2016), Levi and Welch (2017) etc. The long-term discount rate studied in this paper
can be regarded as the average cost of capital of a firm’s equity claim. However, our paper
differs from the existing literature in a number of ways. First, we stress the distinction
between the long-term cost of equity capital and the average short-term holding period
return immediately after portfolio formation. In other words, we emphasize that the factor
premium of a dynamically-rebalanced trading strategy does not necessarily reflect the longterm equity financing cost of the firm. Also, the existing implied cost of capital literature
uses analyst subjective forecasts or model predictions as proxies for market expectations
of future cash flows. Such approaches suffer from issues of analyst bias or model misspecification. We avoid these issues by working with ex-post cash flow realizations and
leveraging repeated observations to make inference about the properties of the ex-ante cost
of capital. Last but not the least, the existing literature often computes cost of capital with
cash flow projections over a short horizon of three to five years. Our methodology, on the
other hand, takes advantage of the benefit of the hindsight and utilizes long realized payout
streams that stretch out by as far as 15 years.
Lastly, our paper belongs to the large literature of cross-sectional asset pricing. We
contribute to this literature by offering a new perspective. Structural models in this literature
often regard the spread in the short-term expected returns of firms as a manifestation of the
differences in the their equity cost of capital. Notable examples include Berk, Green, and
Naik (1999), Gomes, Kogan, and Zhang (2003), Zhang (2005), etc. However, this assumed
connection between the short-term expected returns and the long-term discount rates has
never been seriously examined. In other words, the models make statements on the longterm discount rates, yet produce tests on the short-term expected returns as evidence. We
show empirically that this assumed nexus between the short-term expected returns and the
long-term discount rates is not always reliable. The patterns found in one do not always
conform to the patterns in the other. And the simple mean-reversion mechanism does not
always reconcile the wedge between the two. Our paper is closely related to a recent growing
6

strand in this literature that studies the evolution of factor premia over a long horizon. Our
paper is consistent with Keloharju, Linnainmaa, and Nyberg (2019)’s finding that anomalies
based on high-frequency signals are usually transient and decay fast after portfolio formation.
Moreover, our paper echoes Baba Yara, Boons, and Tamoni (2020). They showed that for
a given firm-level characteristic, the long-short factor constructed from the newly sorted
portfolios does not always price the returns of the portfolios sorted years ago on the same
characteristic. Their findings suggest a mismatch between the speed of mean-reversion of
the characteristics and the characteristic premia out of sample. We confirm their findings
regarding the disconnect between the evolution of the characteristics and the characteristic
premia, and we further argue that the dynamics of the characteristic premia out of sample
might follow complicated processes that cannot be captured by mean-reversion at all.
The remaining of the paper is organized as the following. Section 2 explains our empirical
methodology in detail and presents the relevant derivations. Section 3 reports the empirical
findings. Section 4 conducts a case study with the Kogan and Papanikolaou (2013) model
to illustrate the implications of our findings for asset pricing theories. Section 5 concludes.

2

Empirical Method

2.1

Data

We obtain stock returns from CRSP. We follow Boudoukh et al. (2007) to calculate the
total net payout of common stock for each firm every year using Compustat data. Total
net payout adds up dividend payments and share repurchases, and subtracts stock issuance.
Our sample is from 1970 to 2018. We start from 1970 because this is when share repurchase
and issuance data first became available in Compustat. The term structure of zero-coupon
risk-free rates are constructed from the data downloaded from the federal reserve website4 .
All rates and cash flows are in nominal terms.
When a firm exits the market, we treat its delisting market cap as its last payout.
Following Shumway (1997) and Shumway and Warther (1999), when the delisting return is
missing from CRSP, we assign a delisting return of -35%(-55%) for NYSE and AMEX stocks
(for Nasdaq stocks) if the delisting code is 500 or between 520 and 584, and zero otherwise.
Following Cohen, Polk, and Vuolteenaho (2009) and Cho and Polk (2019), we construct
a three-dimensional dataset to keep track of the performances and characteristics of the
anomaly portfolios. Each observation is identified with a triplet (c, t, i), where c denotes the
4

See https://www.federalreserve.gov/data/nominal-yield-curve.htm.
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cohort of the portfolio, i.e. the year of portfolio formation; t is the year of observation and
i
i is the portfolio ID. For example, Dc,t
refers to the total net payout in year t by portfolio i

formed in year c. We assume all payouts occur at fiscal year ends. As in Cohen, Polk, and
Vuolteenaho (2009) and Cho and Polk (2019), all portfolios are not rebalanced. We keep
track of the portfolios for 15 years, and construct a new cohort of value-weighted portfolios
by the end of every year (month) for each annual (monthly) frequency anomaly. By the end
of the 15-year period, we liquidate the portfolios and treat the liquidating market values of
the portfolios as their last payouts. Table 1 reports the list of well-known anomalies that
we study in this paper, which includes the Fama-French 5 factors, momentum, idiosyncratic
volatility, long-term reversal, etc.

2.2

Estimating the Long-Term Discount Rate

We define the long-term discount rate of an equity claim as the internal rate of return its
expected net payouts. An equity claim can, in theory, have an infinite horizon. For our
empirical exercises, we follow the literature and truncate the horizon at 15 years, and treat
the liquidating value of the portfolio by the end of the 15-year period as its last payout.
Therefore, the long-term discount rate of an equity claim, y, is defined by the following
equality:
T
X
E0 (PT )
E0 (Dt )
,
P0 =
t +
T
(1
+
y)
(1
+
y)
t=1

⇒ y ≡ f ({E0 (Dt )}t , E0 (PT ) , P0 )

(1)

where T is the horizon of the cash flows, which is specified as 15 years5 ; PT is the liquidating
value of the equity claim at T ; Dt is the total net payout of the stock, which incorporates
dividends, share repurchases and share issuance; and f (·) is the internal rate of return
function that recovers y from cash flows and prices.
The challenge of estimating the long-term discount rate y from Equation (1) is that the
expected payouts and liquidating value of a stock is not directly observable.6 The literature
has tried to circumvent this problem by proxying the market expectation with either analysts’
5

We also show the key results with 10-year and 5-year horizons in Appendix C.
The internal rate of return of an arbitrary cash flow stream might be non-unique in general. However,
it is unique when all cash flows are positive.
6
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subjective forecasts7 or predictions from parametric models8 . However, both approaches have
limitations. Analysts are known to be biased, and models can be mis-specified.
We propose a new methodology to estimate y non-parametrically by replacing the exante expectations with the ex-post realizations. Define the counterfactual price P̂0 as the
present value of the realized cash flows:
P̂0 ≡
=

T
X
t=1
T
X
t=1

PT
Dt
t +
(1 + y)
(1 + y)T
E0 (Dt ) + t E0 (PT ) + eT
+
(1 + y)t
(1 + y)T

= P0 +

T
X
t=1

eT
t
t +
(1 + y)
(1 + y)T

≡ P0 + ξ,

(2)

where t and eT are the innovations in payouts and liquidating value, respectively. ξ ≡
PT
eT
t
t=1 (1+y)t + (1+y)T , is the aggregated innovation term, which has zero expectation: E0 (ξ) =
0.
According to Equations (1) and (2), the discount rate y can be represented as either a
non-linear function of the true price or the counterfactual price:
y = f ({E0 (Dt )}t , E0 (PT ) , P0 )


= f {Dt }t , PT , P̂0 = f ({Dt }t , PT , P0 + ξ) ,

(3)

where f (·) is the internal rate of return function that recovers y from cash flows and prices.
Equation (3) shows that y can be recovered from either the true price and the expected
cash flows, or the counterfactual price and the realized cash flows. And in the second
representation, only the counterfactual price is not directly observable.
To illustrate the intuition of our methodology, let’s first take the first-order approxima7

See, for example, Gebhardt, Lee, and Swaminathan (2001), Easton and Monahan (2005), Easton and
Sommers (2007), Guay, Kothari, and Shu (2011), etc.
8
See, for example, Ohlson and Juettner-Nauroth (2005), Hou, Van Dijk, and Zhang (2012), Levi and
Welch (2017) etc.
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tion of Equation (3) around P0 :
y ≈ f ({Dt }t , PT , P0 ) + fP ({Dt }t , PT , P0 ) ξ

(4)

⇒ y ≈ E0 (f ({Dt }t , PT , P0 )) = E0 (ỹ) .
where the second line above takes the expectation on both sides of the first line and utilizes
E0 (ξ) = 0; and ỹ ≡ f ({Dt }t , PT , P0 ) is the ex-post discount rate inferred from the realized
cash flows for a given path.
Therefore, y and ξ can be approximated to the first order by:
ŷ

1st

J
 
 1 X
j
j
j
ỹ j ,
= Ê f {Dt }t , PT , P0
=
J j=1

ξ˜j =

ŷ

1st



{Dt }jt

, PTj , P0j

−f


fP {Dt }jt , PTj , P0j


.

(5)

where Ê (·) denotes the sample mean; j is the index of a specific trajectory of payouts and
prices; and J is the total number of trajectories.
Intuitively, ŷ 1st is the sample average of f ({Dt }t , PT , P0 ), which is the internal rate
of return of the realized cash flows. Therefore, as a first step, one can approximate y by
simply computing the internal rate of return of the realized cash flows for portfolios formed
at different points in time and then take an average.
However, the first-order approximation is biased because it approximates the discount
rate y ≡ f ({E0 (Dt )}t , E0 (PT ) , P0 ) with E0 (f ({Dt }t , PT , P0 )). Therefore, the first-order
approximation differs from the true discount by a Jensen’s term because it changes the
order of the expectation operator. And the Jensen’s term corresponds to the high-order
terms ignored by the first-order approximation of Equation (4). Therefore, one can better
approximate y and try to make up for the Jensen’s term by expanding Equation (3) to the
higher orders:

1
1
y = f ({Dt }t , PT , P0 )+fP ({Dt }t , PT , P0 ) ξ+ fP P ({Dt }t , PT , P0 ) ξ 2 + fP P P ({Dt }t , PT , P0 ) ξ 3 +· · · ,
2
6
(6)
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or
y = E0 (f ({Dt }t , PT , P0 )) + E0 (fP ({Dt }t , PT , P0 ) ξ)
 1

1
+ E0 fP P ({Dt }t , PT , P0 ) ξ 2 + E0 fP P P ({Dt }t , PT , P0 ) ξ 3 + · · ·
2
6

(7)

where fP (·), fP P (·) and fP P P (·) denote the first, second and third partial derivative of f (·)
with respect to P0 .
Motivated by Equation (7), we adopt the third-order approximation9 as the estimate of
y:

 

 
 
ŷ ≡ ŷ 3rd = Ê f {Dt }jt , PTj , P0j + Ê fP {Dt }jt , PTj , P0j ξ˜j

  2  1 
  3 


1
j
j
j
j
j
j
j
˜
ξ
ξ˜j
+ Ê fP P {Dt }t , PT , P0
+ Ê fP P P {Dt }t , PT , P0
2
6



  2  1 
  3 
1
j
j
j
j
j
j
1st
j
= ŷ + Ê fP P {Dt }t , PT , P0
ξ˜
ξ˜j
+ Ê fP P P {Dt }t , PT , P0
,
2
6
where Ê (·) denotes the sample mean; and ξ˜j =

ŷ 1st −f ({Dt }jt ,PTj ,P0j )
fP ({Dt }jt ,PTj ,P0j )

is from the first-order

approximation of Equation (5).10
We discuss the accuracy of our discount rate estimates in Section 2.3.
Once the long-term discount rate, ŷ, is estimated, we define its difference with the 15-year
zero-coupon risk-free rate, rf15 , as the long-term risk premium.

2.3

Accuracy of the Estimation Methodology

We provide two sets of analyses to evaluate the accuracy of our estimation methodology.
The first approach measures the magnitude of the biases of our discount rate estimates with
canonical structural cash flow processes. The second approach is model-free, and we nonparametrically evaluate the accuracy of our estimates with the realized cash flows in the data
using block bootstrap techniques. We show that these two approaches arrive at the same
conclusion that our estimation methodology is sufficiently accurate to study the patterns of
long-term discount rates in the cross section of stocks.
9

Simulations show that approximating y to the fourth order and beyond does not improve the accuracy
of estimation any more. n o
10
One could estimate ξ˜j recursively in each iteration of the Taylor approximations, but (untabulated)
simulations show that the difference is negligible.
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2.3.1

The Structural Approach

We study a number of parametric cash flow processes in this section, and show that the bias
of our estimation is sufficiently small across these models with parameters iterated over large
grids.
We run simulations with the following 6 cash flow specifications: 1) the original Fama
and Babiak (1968) process; 2) the adjusted Fama and Babiak (1968) process; 3) the original
Leary and Michaely (2011) process; 4) the adjusted Leary and Michaely (2011) process; 5)
the long-run risk process of Bansal and Yaron (2004); and 6) the rare disaster process of
Barro (2006).
For each model, we iterate parameters across large grids.11 For each set of parameters,
we measure the magnitude of the estimation bias by taking the difference between estimated
discount rate and the true discount rate in the simulation. Table 2 reports the statistics of
the biases across different models. The table shows that, in the most extreme case, the Barro
(2006) process only produces a bias of 46 bps, and the biases are much smaller than that in
most cases. Across all models and all parameter values, the average bias in the simulation
is 7 bps, the median is 3bps, and the 95th percentile is 29 bps. These biases are very small
compared to the spreads of discount rates in the data across anomaly portfolios as will be
presented in Section 3.
2.3.2

The Model-Free Approach

In addition to the structural approach, we also estimate the bias non-parametrically with a
block bootstrap exercise using the realized cash flows in the data for each anomaly portfolio.
Figure 1 illustrates the block bootstrap procedure. For a given anomaly decile, we
construct a trajectory by forming a portfolio by the end of each year or month, and tracking
its cash flows for 15 years since formation. We then divide the trajectories into 5-year blocks,
and randomly draw the blocks across the trajectories of the same anomaly decile to form
new simulated trajectories.
To preserve the evolution of the characteristics of the portfolios, blocks are indexed by
levels. Levels 1, 2 and 3 represent the first, second and third 5-year nepisodes since
o portfolio
Pt
formation. Each block records the time series of capital appreciation Rxt ≡ Pt−1 and nett
n
o
Dt
payout-to-price ratio DPt ≡ Pt
of the original portfolio. When blocks are recombined
t

into simulated trajectories, the time series of prices and cash flows are constructed from
these two series within the blocks.
11

See Appendix A, for the details of the specifications of the models and parameter ranges.
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Once the cash flows of the simulated trajectories are constructed, their initial price P0
is determined by discounting the average cash flows across the simulated trajectories with
discount rate estimate, ŷ, from the true trajectories. In other words, the estimated discount
rate from the true trajectories acts as the true rate in the simulated environment and prices
the simulated trajectories.
The block bootstrap procedure preserves the evolution of portfolio characteristics precisely within each 5-year block. The indexing of the blocks also attempts to capture portfolio
evolution across 5-year episodes. However, the breaking points at every 5-year-end when one
block is stitched to another might introduce an inevitable wedge between the simulated trajectories and the true data generating process. To alleviate such a concern, Appendix B
shows that such a wedge is small across the structural cash flow processes that we consider
with parameters iterated over large grids.
To estimate the bias in ŷ, we take the difference between the discount rate estimate from
the simulated trajectories and the true rate in the simulation. Table 3 reports the estimated
biases for all the anomaly deciles. The table shows that the biases due to higher-order term
truncation are in general very small. In the worst case scenario, decile 2 of the book-leveragesorted portfolios has an estimated bias of -54 bps. The median absolute bias is much smaller
and is about 21 bps.
Therefore, the model-free approach and the structural approach reach the same conclusion that the biases of our estimation methodology is sufficiently small in order to detect the
patterns of the discount rates in the cross section.

2.4

Estimating the Relative Discount Factor

In addition to the long-term discount rate, we also define and estimate the relative discount
factors of the anomaly portfolios to capture the effects of cash flow duration on firm’s equity
financing cost. The relative discount factor, or RDF , is defined as:
RDF ≡ PT

t=1

P0
E0 (Dt )
t

(1+rf,0,t )

+

,

E0 (PT )
T

(1+rf,0,T )

where rf,0,t is the t-year zero-coupon risk-free rate extracted from the term structure of
interest rate observed at time 0.
The relative discount factor is a ratio between two prices: the actual price of the stock,
and its counterfactual price if the cash flows were priced with the risk-free rates. In other
words, the relative discount factor measures the wedge in funding cost between US govern13

ment and the firms in the anomaly portfolio.
Since the RDF is based on cash flow expectations, its empirical counterpart can be
easily estimated with:
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When the sample size increases, the sample mean Ê (·) converges to the expectation E0 (·).
Therefore, the estimate of the RDF is consistent. Its standard error is estimated simultaneously with the standard error of the long-term discount rate in the block bootstrap procedure
described below.

2.5

Estimating the Standard Errors

As standard in the literature, we keep track of our portfolios for 15 years, and construct a
new cohort of portfolios by the end of every year or month. As result, our sample feature
non-trivial overlap. Conceptually, the estimation of the long-term discount rates is not
necessarily less accurate than the short-term expected returns. On the one hand, since our
focus is on the long term, we naturally have fewer independent observations in the data
compared to the short-term returns. On the other hand, due to the amplification effect of
cash flow duration, the long-term discount rates are also much less volatile than the shortterm returns.12 Therefore, compared with the estimation of the short-term expected returns,
there are fewer observations to use in the estimation of the long-term discount rates, but
the long-term discount rates are also much less volatile than the short-term returns, which
makes them easier to estimate.
To correctly estimate the standard errors of our long-term discount rate and discount
factor estimates, we again perform the block bootstrap procedure presented in Section 2.3.2.
12

It is well documented that the long-horizon stock returns, which are closely related to our long-term
discount rates, are less volatile than the short-term returns. See, for example, Fama and French (1988),
Poterba and Summers (1988), Lo and MacKinlay (1988), Richardson and Stock (1989), Kim, Nelson, and
Startz (1991), Richardson (1993), Seigel (2020), etc.
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To estimate the standard error of ŷ, we construct batches of the simulated trajectories. Each
simulated batch contains the same number of trajectories as the true sample, and yields a
discount rate estimate ŷ b . And the standard error of ŷ is estimated as the standard deviation

of the discount rate estimates across batches, i.e. se (ŷ) = std ŷ b . The standard error of
RDF is estimated similarly.

3

Empirical Findings

Table 1 lists the set of well-known asset pricing anomalies that we study in this paper. We
broadly classify these anomalies into three groups: 1) anomalies motivated by models of
funding cost; 2) anomalies based on historical trading prices and volume; and 3) additional
anomalies. Our classification is not a systematic approach, but simply an arrangement for
the sake of exposition.

3.1

Anomalies Based on Funding Cost

We first consider a number of anomalies motivated by models of funding cost. They include
the five factors summarized by Fama and French (2015) and a credit rating factor that
sorts stocks by the credit rating of the firms. Table 4 presents our findings. Following
the convention in the literature, we form 10 value-weighted portfolios for each anomaly, and
calculate the difference between decile 10 and decile 1, i.e. HML. The indices of the portfolios
increase with the sorting characteristic. In order to identify the potential U-shape/humpshape across the portfolios, we also construct the extreme-minus-middle (EMM) portfolio,
which is the difference between the average of deciles 1, 2, 9, 10 and the average of deciles
5,6.
3.1.1

Fama-French Three Factors

Panels (a), (b) and (c) of Table 4 show that the shapes of the long-term discount rates of
the Fama-French three factors are consistent with the shapes of the factor premia.
As one of the most celebrated models in finance, the Capital Asset Pricing Model, or
CAPM, predicts that the cost of capital of a stock should be linear and increasing with
its market beta. Graham and Harvey (2001) also showed survey evidence that most CFOs
adopt the CAPM for capital budgeting. However, empirical studies generally found that
the average holding period returns of the stocks are too insensitive to their market betas
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according to the CAPM predictions.13 Panel (a) of Table 4 shows that the long-term discount
rate is also only slightly increasing with market beta with an insignificant high-minus-low
spread. Therefore, the long-term discount rate estimation does not revive the CAPM and
generate a steep security market line.
Banz (1981) and Bhandari (1988) first showed that the market capitalization and bookto-market ratio of a stock are positively correlated with its expected return. The size and
book-to-market factors were then included in the celebrated Fama and French (1992) threefactor model. Moreover, Berk, Green, and Naik (1999) proposed a production-based asset
pricing model and illustrated how size and book-to-market ratio can be connected to firm’s
cost of capital. Panels (b) and (c) of Table 4 confirm the large differences in the average
returns for stocks with different sizes and book-to-market ratios. The panels also show that
there are large spreads in the long-term discount rates and the relative discount factors along
these two dimensions, consistent with the spread in the average holding period returns.
Therefore, our exercise confirms that market capitalization and book-to-market ratio are
significantly correlated with firm’s equity financing cost. Interestingly, our estimates of the
relative discount factor show that firms in the smallest decile are only able to raise 41 cents
on a dollar, whereas firms in the largest decile are able raise 63 cents on a dollar. Similarly,
extreme value firms are only able to raise 36 cents on a dollar, and extreme growth firms
are able to raise 60 cents on a dollar. On average, the equity market in the US as a whole
is able to raise 57 cents on a dollar (untabulated).
3.1.2

Gross Profitability and Investment

Novy-Marx (2013) and Titman, Wei, and Xie (2004) showed, respectively, that gross profitability and investment rate are predictive of the expected short-term holding period returns
in the cross section. Fama and French (2015) incorporated these two findings into their fivefactor model on the grounds that these two factors can be justified by a discount-cash-flow
model and should be correlated with firm’s financing cost. Panels (d) and (e) show that,
indeed, the average short-term holding period return shows a strong gradient along gross
profitability and investment rate with the same sign as Novy-Marx (2013) and Titman, Wei,
and Xie (2004). However, the estimation of the long-term discount rate and the relative
discount factor reveals interesting and surprising findings. The panels show that, despite
the large spread in the average short-term holding period returns, these is little or no HML
spread in the long-term discount rates across the portfolios sorted by these two character13

See, for example, Black et al. (1972), Baker, Bradley, and Wurgler (2011), Frazzini and Pedersen (2014),

etc.
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istics. Instead, these two sets of portfolios show strong U-shape in the long-term discount
rates. Both the most profitable and least profitable firms tend to have higher equity financing
cost than others. And similarly for firms with extreme investment rate.
We do not attempt to reconcile the wedge between the shapes of the long-term discount
rates and the average short-term holding period returns in our study. We leave this important
question to future research. However, according to the following accounting identity, the
wedge has to be caused by either the term structure of the average holding period returns
or the co-movement between the holding period returns and corporate payouts:
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Co-movement between Payouts and Returns

where h̄s is the expected holding period return from period s − 1 to s.
Since the long-term discount rates show a different shape compared to the average shortterm holding period returns, our findings cannot be easily reconciled by the mean-reversion
of the expected short-term holding period return alone as the channel assumed in Van Binsbergen and Opp (2019). Our findings complement the work by Baba Yara, Boons, and
Tamoni (2020), where they showed that the most recent observable characteristics of a firm
are not sufficient statistics of its expected short-term return, and that there is a disconnect
between the evolution of characteristic premia and the mean-reversion of the characteristics
themselves. Our findings of the U-shape in the long-term discount rates for gross profitability and investment portfolios further suggest that the characteristic premia might not follow
mean-reversion processes at all.
3.1.3

Credit Rating

Numerous research show that a firm’s credit rating is strongly correlated with its borrowing
cost. High credit rating firms pay lower yields on their corporate bonds than low credit
rating firms. However, there is only very little evidence regarding the relation between a
firm’s credit rating and its equity financing cost. As one of the few exceptions, Avramov
et al. (2009) argued that, surprisingly, firms with high credit ratings also generate higher
average short-term holding period returns. Panel (f) of Table 4 replicates their work by
sorting stocks based on the S&P credit ratings of the firms. We confirm that firms with
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high credit ratings generate slightly higher average holding period returns than the low
credit rating firms during the first year since portfolio formation, although the difference is
small and insignificant in our sample. However, the investigation of the long-term discount
rate, again, reveals a striking finding that there is a large spread along firm’s credit rating.
According to our estimates, the high credit rating firms have much lower equity financing
costs than the low credit rating firms. On average, the highest credit rating firms are able
to raise 63 cents on a dollar, whereas the lowest credit rating firms are only able to raise 37
cents on a dollar.
This exercise demonstrates that our methodology is able to reveal important patterns
in firms’ equity financing cost or stock price levels that would have been overlooked if one
only fixated on the short-term holding period returns of dynamic trading strategies.

3.2

Anomalies Based on Historical Trading Prices and Volume

Table 5 presents the findings regarding anomalies based on historical trading prices and
volume. The panels in the table reveal an interesting pattern that low-frequency signals are
more informative about the long-term discount rate than high-frequency signals. The shape
of the long-term discount rates is, again, not necessarily consistent with the shape of the
average short-term holding period returns.
3.2.1

Short-Term Momentum and Long-Term Reversal

Jegadeesh and Titman (1993) showed that stock return momentum is a salient anomaly that
features large spread in the holding period returns of the stocks that have recently performed
well compared to the stocks that have performed poorly. Panel (a) of Table 5 confirms the
large momentum premium in our sample. The momentum anomaly has received significant
amount of attention in the literature not only because of its striking magnitude, but also
because it is difficult for structural models to generate a sizable momentum effect in firm’s
equity financing cost. Panel (a) shows that the long-term discount rates across momentum
portfolios are almost flat. The shape is slightly non-monotonic with the discount rates of
both the winning and losing stocks being higher than the stocks in the middle. The losing
stocks also have a slightly higher a long-term discount rate than the winning stocks, by about
78 bps.
Again, our findings cannot be explained by the mean-reversion mechanism in the expected short-term holding period returns, but imply a reversal in the momentum premium.
Figure 2 plots the term structure of the momentum premium. Consistent with the empir18

ical findings regarding the reversal of momentum premium such as Lee and Swaminathan
(2000) and Jegadeesh and Titman (2001), the figure shows that winning stocks generate
significantly higher returns during the first year since portfolio formation than losing stocks,
but they also generate significantly lower returns during the second year. Such a finding
echoes the accounting identity of Equation (8) in the sense that it illustrates how the term
structure in the expected holding period returns can drive a wedge between the shape of
the long-term discount rates and the shape of the expected short-term returns. The almost flat long-term discount rates across momentum portfolios combined with the reversal
in momentum premium is inconsistent with the mechanical channel proposed by Conrad
and Kaul (1998) where the momentum effect arises mostly due to the cross-sectional heterogeneity in expected returns. Our findings are consistent with the overreaction channel
proposed in the behavioral models by Barberis, Shleifer, and Vishny (1998), Daniel, Hirshleifer, and Subrahmanyam (1998), Hong and Stein (1999), etc, in that these models suggest
that the momentum effect is caused by investors’ temporary overreaction and the prices will
eventually revert.
De Bondt and Thaler (1985) argued that the prices of the stocks with poor performances
over the most recent 5 years are too depressed compared to the long-term winning stocks and
showed that the long-term historical performance of a stock negatively predicts its short-term
holding period return going forward. Panel (b) of Table 5 confirms their findings regarding
the average short-term returns and also shows the presence of large spread in the long-term
discount rates in the same direction as the long-term reversal premium. Thus, the shape of
the long-term discount rates is consistent with the behavioral channel proposed by De Bondt
and Thaler (1985).
3.2.2

Idiosyncratic Volatility

Ang et al. (2006) presented the striking finding that stocks with high idiosyncratic volatility
tend to perform poorly compared to stocks with low idiosyncratic volatility. The premium
of the idiosyncratic volatility anomaly is large and surprising as the more volatile stocks
generate much lower returns the less volatile returns. Panel (c) of Table 5 replicates their
exercise and confirms that indeed high idiosyncratic volatility stocks tend to underperform
significantly compared low idiosyncratic volatility stocks short after portfolio formation.
However, the pattern in the long-term discount rates is opposite to the average short-term
holding period returns. Our estimates show that firms with more volatile stocks face about
2% higher equity financing cost than firms with less volatile stocks. Figure 3 suggests that
the idiosyncratic volatility premium tends to revert after 10 years since portfolio formation.
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But the finding is inconclusive as the coefficients in the figure are insignificant. We leave it to
future research to precisely pinpoint the cause of the wedge between the long-term discount
rates and the average short-term returns across the idiosyncratic volatility portfolios. While
we do not resolve the Ang et al. (2006) anomaly by providing the explanation of the patterns
in the short-term expected returns, we clarify that the idiosyncratic volatility anomaly is not
a statement about firm’s equity financing cost, but rather a effect in the short-term returns.
3.2.3

Abnormal Volume

Gervais, Kaniel, and Mingelgrin (2001) found that stocks experiencing unusually high (low)
trading volume over a day or a week tend to appreciate (depreciate) over the course of the
following month. Panel (d) of Table 5 confirms their finding of the significant high-volume
premium. While Gervais, Kaniel, and Mingelgrin (2001) shows that a substantive highvolume-premium spread persists for at least 6 months, the panel shows the effect dissipates
over longer horizons. The long-term discount rates across abnormal volume portfolios are almost flat; and although the 46 bps spread between deciles 10 and 1 is statistically significant,
the economic magnitude is small. Consequently, the impact on long-term equity financing
costs is modest.

3.3

Additional Anomalies

Campbell, Hilscher, and Szilagyi (2008) estimated the firm-level probability of financial
distress with a dynamic logit model and produced the puzzling finding that the average
short-term holding period returns in cross section of stocks decrease with the probability of
distress. Panel (a) of Table 6 confirms their finding regarding the surprising gradient in the
average short-term holding period returns. However, the panel also shows that the longterm discount rates are flat across portfolios sorted by fail probability. Therefore, similar to
the Ang et al. (2006) idiosyncratic volatility anomaly, the Campbell, Hilscher, and Szilagyi
(2008)’s distress risk anomaly is mostly a short-term phenomenon and it does not have
surprising implications for firm’s long-term equity financing cost.
Panels (b) and (c) of Table 6 studies how leverage is correlated with firm’s equity financing cost. Consistent with Fama and French (1992) and Gomes and Schmid (2010), book
leverage does not seem to be correlated with the expected stock return, whereas market
leverage positively predicts the expected stock return in the cross section. The pattern of
the long-term discount rates across the leverage sorted portfolios is consistent with that of
the average short-term holding period returns.
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Balakrishnan, Bartov, and Faurel (2010) reported that the return on asset (ROA) metric
positively predicts stock returns in the cross section shortly after quarterly announcements.
Panel (d) of Table 6 confirms their finding regarding the pattern of the average short-term
holding period returns, but the panel also shows that the pattern of the long-term discount
rates is inverted. Therefore, high ROA firms tend to generate lower holding period returns
shortly after announcements, but they also have higher long-term discount rates at the same
time. Also, interestingly, the exercise shows that, as the two signals both related to firm’s
profitability, gross profitability and ROA generate similar patterns in the average short-term
holding period returns, but different patterns in the long-term discount rates. We leave the
reconciliation of such a difference to future research.

4

Implication for Asset Pricing Theories, A Case Study
with Kogan and Papanikolaou (2013)

To illustrate the implication of our empirical findings for asset pricing theories, we conduct
a case study with Kogan and Papanikolaou (2013), which is representative of a large class
of models, by applying our methodology to their production-based asset pricing model.
Kogan and Papanikolaou (2013) proposed a relatively simple channel that is able to
quantitatively match multiple anomalies in the cross section of short-term expected returns
including: idiosyncratic volatility, investment rate, gross profitability, etc.14 The mechanism
of their model can be summarized as the following. According to their theory, the value of
each firm has two components – the value of asset in place (V APf ) and the present value of
growth opportunities (P V GOf ):
Vf = V APf + P V GOf .
The value of asset in place is the present value of the cash flows generated by all existing
projects that have already been installed in the firm; and the present value of growth opportunities reflects the total NPV of the investment opportunities of the firm, which is the
present value of all cash flows coming from potential future projects that have not yet been
adopted by the firm.
14

Kogan and Papanikolaou (2013) is also able to match patterns along Tobin’s Q, earnings-to-price ratio
and market beta. We only focus on these three anomalies because we identified inconsistent patterns between
short-term expected returns and the long-term discount rates in the data.
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Kogan and Papanikolaou (2013) argued that with the existence of investment specific
technology shocks, the cash flows generated by these two components might have different
risk profiles and would be discounted with different rates. Since the firm is a portfolio
of asset in place and growth opportunities, the overall discount rate of the firm is thus
determined by the ratio between P V GOf and V APf . They further showed that, under
certain assumptions, the ratio between P V GOf and V APf is monotonically related to various
observable characteristics.
Therefore, in their model, firm characteristics reflect the ratio between P V GOf and
V APf , which, in turn, determines the overall cash flow discount rate of the firm. The
heterogeneity in firms’ the overall discount rates in the cross section then generates the
spreads in the short-term expected returns along various characteristics.15
Kogan and Papanikolaou (2013) showed that a calibrated model is able to quantitatively
match numerous anomalies in the short-term expected returns. However, the mechanism of
their model relies crucially on the nexus between the long-term cash flow discount rates and
the short-term expected returns. In the model, firms have different short-term expected
returns because they have different long-term discount rates. In other words, Kogan and
Papanikolaou (2013) interpreted the spreads in the short-term expected returns as a manifestation of the differences in the long-term discount rates, and then proposed a mechanism to
generate the heterogeneity in the long-term discount rates in order to match the short-term
expected returns. Therefore, an important implication of their model is that the long-term
discount rates must have the same pattern as the short-term expected returns in the cross
section.
Table 7 replicates Kogan and Papanikolaou (2013) and shows that their model is indeed
able to closely match the spreads in the short-term expected returns along portfolios sorted
by idiosyncratic volatility, investment rate and gross profitability. However, the table also
shows that the long-term discount rates in the model always take the same shape as the
short-term expected returns, which is evidently counterfactual. In the data, the shape of
long-term discount rates is inverted for idiosyncratic volatility and exhibits strong U-shape
for investment and gross profitability.
Kogan and Papanikolaou (2013) is not a lone example, but rather it represents the view
regarding asset pricing anomalies of a very large class of structural models including: Berk,
Green, and Naik (1999), Gomes, Kogan, and Zhang (2003), Carlson, Fisher, and Giammarino
(2004), Zhang (2005), Li, Livdan, and Zhang (2009), Liu, Whited, and Zhang (2009), Li and
Zhang (2010), Papanikolaou (2011), Belo, Lin, and Bazdresch (2014), Kogan and Papaniko15

We refer the reader to their paper for the details of model specification and calibration.
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laou (2014), Belo et al. (2017), Belo, Lin, and Yang (2019), Gofman, Segal, and Wu (2020),
Dou, Ji, and Wu (2021), etc. The whole class of models interprets the observed spreads
in the average returns of dynamically-rebalanced trading strategies as manifestations of the
differences in firms’ long-term discount rates and valuation levels. However, such a connection between the short-term expected returns and the long-term discount rates, which such
serves as the crucial premise for all of these models, has not yet been rigorously examined.
Our simple, non-parametric methodology fills this void. And our findings regarding the disconnect between the short term and the long term for a number of well-known anomalies
present a challenge for this line of thinking.

5

Conclusion

In this paper, we propose a simple, non-parametric methodology to estimate firms’ long-term
discount rates/discount factors with ex-post realized cash flows. Compared to the existing
implied cost of capital (ICC) literature, our methodology has the advantage of being totally
objective and model-free. Therefore, our methodology produces “clean” results that are not
contaminated by analyst subjective biases or model mis-specifications.
By applying our methodology to the cross section of the stocks, we discover that the patterns in the long-term discount rates are substantially different from the short-term expected
returns for multiple well-known anomalies. The empirical findings of our paper provide a
number of key implications for the cross-sectional asset pricing literature. First, our findings shed new light on the interpretation of several famous puzzles such as the idiosyncratic
volatility anomaly by Ang et al. (2006) or the distress risk anomaly by Campbell, Hilscher,
and Szilagyi (2008). For example, while high idiosyncratic volatility stocks do tend to generate much lower returns than low volatility stocks shortly after portfolio formation, we show
that the long-term discount rates of the high volatility stocks are actually significantly higher
than the low volatility stocks. Therefore, the idiosyncratic volatility anomaly is not a statement about firms’ equity financing cost, but rather a short-term effect in the stock returns.
Granted that we do not fully resolve the puzzle by explaining the cause of the pattern in
the short-term average returns, the new refined interpretation of this puzzle makes it arguably less puzzling. Second, our methodology enables us to identify new characteristics are
that important for firm’s equity financing cost but were previsouly overlooked by financial
economists who only focus on short-term returns. For example, while an annually rebalanced
trading strategy on firm’s credit rating does not generate significant trading profits, we show
that firms with low credit ratings do indeed face much higher long-term discount rates than
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high credit rating firms. Last but not the least, our findings provide a new insight for a large
class of structural models that aims to explain anomalies with rational forces. The whole
class of models interprets the spreads in the short-term average returns as manifestations
of the differences in firms’ equity financing cost, and proposes various mechanisms relying
on the nexus between the short-term expected returns and the long-term discount rates.
However, we find that this assumed link between the short term and the long term is not
always tenable, as we identify a group of prominent anomalies whose long-term discount
rates exhibit substantially different patterns compared to the short-term expected returns.
Therefore, reconciling the short term and the long term for these inconsistent anomalies
would be a new challenge for this class of models.
Overall, our paper aims to stress that the average returns generated by dynamicallyrebalanced trading strategies do not necessarily reflect the equity financing costs faced by
the firms in the cross section. The short term and the long term are both important, but in
different ways. The short-term expected returns inform the profitability of dynamic trading
strategies, whereas the long-term discount rates reflect firms’ equity financing costs and
valuation levels. And contrary to common beliefs, the patterns in the short term do not
always coincide with the long term. As a methodological contribution, our non-parametric
estimation can be regarded as the long-term counterpart of the Fama-French approach for
investigating the long-term discount rates in the cross section of stocks. With its help, we are
able to uncover a whole host of new stylized facts regarding firms’ equity financing cost. And
these new findings can further inspire future research to better understand the mechanisms
underlying various asset pricing anomalies as well as the determinants of stock price levels.
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Figures
Figure 1: Block Bootstrap Illustration
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This figure demonstrates how the block bootstrap sample is generated from the original
sample. A trajectory tracks the cash flows of a portfolio formed at a particular point in
time for 15 years since formation. Each trajectory is then split into three 5-year blocks. The
blocks are indexed by levels 1, 2 and 3, representing the first, second and third 5-year episodes
since portfolio formation. The bootstrap sample has the same number of trajectories as the
original sample. Each trajectory within the34bootstrap sample is simulated by randomly
drawing blocks with the same levels from the original sample.

Figure 2: Term Structure of the Momentum Premium

This figure plots the evolution of the average returns of the momentum strategy since portfolio formation. The solid line is the
difference in the value-weighted average returns between
 10
the top decile and bottom decile h̄t − h̄1t t . The shaded area is the 95% confidence internal.
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Figure 3: Term Structure of the Idiosyncratic Volatility Premium

This figure plots the evolution of the average returns of the trading strategy that longs high
idiosyncratic volatility stocks and shorts low idiosyncratic volatility stocks. The solid line
is the 
difference in the value-weighted average returns between the top decile and bottom
1
decile h̄10
t − h̄t t . The shaded area is the 95% confidence internal.
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Tables
Table 1: List of Anomalies

Name
Market Beta
Size
Book-to-Market
Gross Profitability
Investment
Credit Rating
Momentum
Long-Term Reversal
Idiosyncratic Volatility
Abnormal Volume
Fail Probability
Return on Asset
Book Leverage
Market Leverage

Literature
Lintner (1965), Sharpe (1964), Fama and French (1992)
Banz (1981), Fama and French (1992)
Chan and Chen (1991), Fama and French (1992)
Novy-Marx (2013), Fama and French (2015)
Titman, Wei, and Xie (2004), Fama and French (2015)
Avramov et al. (2009)
Jegadeesh and Titman (1993)
De Bondt and Thaler (1985)
Ang et al. (2006)
Gervais, Kaniel, and Mingelgrin (2001)
Campbell, Hilscher, and Szilagyi (2008)
Balakrishnan, Bartov, and Faurel (2010)
Fama and French (1992), Gomes and Schmid (2010)
Fama and French (1992), Gomes and Schmid (2010)

Sample Period
1970-2018
1970-2018
1970-2018
1970-2018
1970-2018
1985-2018
1970-2018
1970-2018
1970-2018
1970-2018
1975-2018
1970-2018
1970-2018
1970-2018

Frequency
Y
Y
Y
Y
Y
Y
M
M
M
M
M
M
Y
Y

This table reports the anomalies studied in this paper. “Frequency” denotes the rebalancing
frequency of the anomaly portfolios.
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Table 2: Estimated Biases in Discount Rate Estimates (Structural Approach)

mean
min
25%
50%
75%
max

FB

FB ADJ

LM

LM ADJ

BY

RD

0.003
0.0
0.0002
0.001
0.003
0.03

0.03
0.001
0.01
0.02
0.04
0.14

0.03
0.0002
0.02
0.02
0.04
0.06

0.04
0.001
0.02
0.03
0.06
0.15

0.13
0.01
0.06
0.12
0.16
0.34

0.26
0.11
0.19
0.25
0.31
0.46

This table reports the estimated biases in discount rate estimates with the structural approach. The biases for each model are estimated as the differences between the estimated
discount rates and the specified discount rates across large parameter grids as detailed in
Appendix A. We simulate across a wide range of discount rates with y ∈ [8%, 20%]. “FB”
denotes the Fama and Babiak (1968) process. “FB ADJ” denotes the adjusted Fama and
Babiak (1968) process where earnings growth follows geometric random walk. “LM” denotes
the Leary and Michaely (2011) process. “LM ADJ” denotes the adjusted Leary and Michaely
(2011) process where earnings growth follows geometric random walk. “BY” denotes the longrun risk process in Bansal and Yaron (2004). “RD” denotes the rare disaster process in Barro
(2006). The reported statistics are from large grids of parameter specifications. The biases
are recorded in absolute values. All units are in percentage points.
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Table 3: Estimated Biases in Discount Rate Estimates (Bootstrap Approach)

Anomaly

D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

EMM

Market Beta
Book-to-Market
Size
Gross Profitability
Investment
Credit Rating
Momentum
idiosyncratic Volatility
Long-Term Reversal
Abnormal Volume
Fail Probability
Return on Asset
Book Leverage
Market Leverage

0.13
-0.03
0.22
0.46
0.06
0.38
-0.02
0.16
0.05
0.31
-0.22
0.25
0.21
-0.16

0.23
0.18
0.20
0.21
0.29
0.12
-0.13
0.27
0.10
0.24
0.11
0.34
-0.54
0.09

0.33
0.12
0.22
0.10
0.33
-0.54
0.05
0.24
0.15
0.23
0.36
0.39
0.12
0.15

0.23
0.18
0.29
0.38
0.26
-0.04
0.09
0.06
0.10
0.28
0.19
0.26
0.19
0.14

0.29
0.20
0.29
0.21
0.22
0.11
0.15
0.01
0.12
0.27
0.15
0.12
0.29
0.28

0.21
0.22
0.24
0.17
0.32
-0.03
0.17
0.12
0.19
0.32
0.16
0.31
0.37
0.15

0.18
0.25
0.17
0.28
0.27
0.29
0.20
0.19
0.17
0.27
0.10
0.17
0.31
0.10

0.29
0.18
0.29
0.39
0.05
0.25
0.32
0.20
0.19
0.29
0.10
0.16
0.35
0.26

0.12
0.28
0.18
0.47
0.06
0.12
0.48
0.23
0.23
0.28
-0.11
0.08
0.30
0.22

0.44
-0.01
0.21
0.29
0.00
0.01
0.39
-0.15
-0.18
0.35
-0.26
-0.11
0.16
-0.25

0.30
0.02
-0.01
-0.17
-0.06
-0.36
0.41
-0.31
-0.23
0.04
-0.04
-0.37
-0.05
-0.09

-0.02
-0.11
-0.07
0.17
-0.17
0.12
0.02
0.06
-0.11
-0.01
-0.28
-0.07
-0.30
-0.24

This table reports the estimated biases in discount rate estimates with the block bootstrap
approach. The bias for each portfolio is estimated in block bootstrap simulations as the
difference between the estimated discount rate in the simulations and the specified discount
rate. The specified discount rates in the simulations adopt the estimates in the true data.
All units are in percentage points.
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Table 4: Anomalies Based on Funding Cost

D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

t-stat

EMM

t-stat

y − rf15 5.76 6.19 6.44 6.67 6.66 6.51 5.98 6.37 7.06 8.01
2.25
1.59
RDF 59.95 58.72 57.56 55.28 55.79 55.85 58.35 56.98 51.36 47.44 -12.52∗∗ -2.15
h̄1 − rf 7.53 8.07 8.37 9.38 9.72 9.98 10.1 9.87 9.71 11.28
3.75
1.25

0.16
-1.45
4.22∗∗∗

0.33
-0.67
3.23

-0.7∗∗
3.12∗
5.85∗∗∗

-2.32
1.85
4.45

0.49
0.5
4.23∗∗∗

1.2
0.27
2.75

Panel (a): Market Beta

Panel (b): Size
y−
9.33 9.67 9.73 9.71 9.0
8.2 7.62 7.27 7.27 5.33 -4.0∗∗∗ -3.22
RDF 41.41 42.08 42.35 42.74 45.43 47.4 49.98 51.57 51.3 63.35 21.94∗∗∗ 4.41
h̄1 − rf 15.24 13.82 12.82 12.6 11.57 11.58 10.92 10.55 9.65 7.84 -7.41∗∗∗ -2.76
rf15

Panel (c): Book-to-Market
y − rf15 5.37 5.3 6.32 6.51 7.22 8.36 7.87 8.28 9.95 12.5 7.13∗∗∗
4.6
RDF 59.78 60.97 55.46 55.29 52.31 46.88 50.51 48.2 43.88 35.75 -24.02∗∗∗ -3.04
h̄1 − rf 5.43 4.9 6.57 6.26 6.2 8.43 8.2 9.26 9.55 11.67 6.24∗∗
2.13
Panel (d): Gross Profitability
y − rf15 10.4 8.88 4.81 5.45 6.01 6.06 6.14 6.63 6.94 8.81
RDF 40.9 47.38 64.6 62.09 57.02 57.33 57.5 56.56 53.71 45.71
h̄1 − rf 3.32 5.47 5.47 4.43 5.97 6.79 6.7 7.12 8.1 8.94

-1.59∗∗
4.81
5.62∗∗∗

-1.96 2.73∗∗∗ 4.92
1.48 -10.25∗∗∗ -4.35
2.9
3.27∗∗∗ 2.61

Panel (e): Investment
-0.98 1.28∗∗
0.62 -6.97∗∗∗
-3.48
2.49

2.51
-2.85
1.42

y − rf15 11.71 8.21 7.74 7.99 6.5 5.84 6.07 5.73 7.19 5.32 -6.39∗∗∗ -4.23 1.94∗∗∗
RDF 36.66 45.41 48.78 49.9 59.76 59.57 61.54 62.5 54.18 62.92 26.25∗∗∗ 3.71 -9.87∗∗∗
h̄1 − rf 5.41 6.18 8.87 6.79 7.81 7.55 7.7 7.81 9.37 7.63
2.22
0.57
3.31

3.27
-4.0
1.53

y − rf15 8.57 7.88 7.47 6.7 6.54 6.45 6.16 6.35 7.28 7.39
-1.18
RDF 45.71 50.7 53.06 55.52 55.89 56.7 58.03 55.51 51.46 49.42
3.71
h̄1 − rf 7.6 9.82 9.02 6.9 6.14 6.92 6.08 8.06 4.56 1.02 -6.59∗∗∗
Panel (f): Credit Rating

This table documents the anomalies motivated by models of funding cost. “y − rf15 ” is the
the difference between the estimated long-term discount rate and the 15-year zero-coupon
rate. “RDF” is the relative discount factor. “ h̄1 − rf ” is the annualized average short-term
return of the trading strategy over the 3-month T-bill rate. “HML” is the difference between
decile 10 and decile 1. “EMM” is the difference between the average of deciles 1, 2, 9, 10 and
the average of deciles 5, 6. All units are in percentage points. The t-stats for “y − rf15 ” and
“RDF” are based on the standard errors estimated from block bootstrap simulations. The
t-stats for “ h̄1 − rf ” are the standard OLS t-stats.
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Table 5: Anomalies Based on Trading Prices and Volume

D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

t-stat

EMM

t-stat

Panel (a): Momentum
y − rf15 7.6 7.45 7.2 6.69 6.34 6.41 6.48 6.36 6.67 6.82 -0.78∗∗
RDF 47.78 48.83 51.46 55.13 56.99 56.55 56.7 57.93 56.43 55.68 7.9∗∗∗
h̄1 − rf -1.44 3.59 4.07 7.34 7.47 7.77 9.19 10.34 11.18 15.31 16.76∗∗∗

-2.12 0.76∗∗∗ 5.13
4.11 -4.59∗∗∗ -6.38
5.21 3.35∗∗ 2.04

Panel (b): Long-Term Reversal
y − rf15 9.1 8.36 8.06 7.52 7.17 6.63 6.34 5.85 5.37 4.87 -4.22∗∗∗ -11.55 0.03
0.21
RDF 40.71 45.18 47.59 50.48 52.69 55.52 56.6 59.85 62.56 65.02 24.32∗∗∗ 10.85 -0.74 -1.02
h̄1 − rf 12.76 11.64 10.66 9.63 9.03 9.42 9.2 8.57 7.45 7.47 -5.29∗∗ -2.11 5.22∗∗∗ 3.43
Panel (c): Idiosyncratic Volatility
y − rf15 5.27 6.58 7.24 7.24 7.91 8.07 7.91 7.29 6.85 7.32 2.06∗∗∗ 3.98 -1.49∗∗∗ -8.96
RDF 62.91 56.68 53.19 52.27 49.77 47.82 47.98 50.24 51.84 48.04 -14.87∗∗∗ -6.47 6.07∗∗∗ 7.52
h̄1 − rf 8.06 8.32 8.91 9.26 9.59 9.84 7.88 5.76 3.86 -2.84 -10.9∗∗∗ -3.48 -0.51
-0.4
Panel (d): Abnormal Volume
y − rf15 6.42 6.15 6.09 6.3 6.07 6.23 6.21 6.31 6.41 6.88
RDF 58.17 59.08 59.73 58.77 59.56 58.79 59.04 58.51 58.33 56.34
h̄1 − rf 4.47 4.9 3.92 7.21 6.51 7.2
8.1 7.77 10.44 9.57

0.46∗∗∗
-1.83∗∗
5.1∗∗∗

2.72
-2.22
3.47

0.31∗∗∗ 3.74
-1.2∗∗∗ -2.81
3.92∗∗∗ 3.08

This table documents the anomalies based on historical trading prices and volume. “y−rf15 ” is
the the difference between the estimated long-term discount rate and the 15-year zero-coupon
rate. “RDF” is the relative discount factor. “ h̄1 − rf ” is the annualized average short-term
return of the trading strategy over the 3-month T-bill rate. “HML” is the difference between
decile 10 and decile 1. “EMM” is the difference between the average of deciles 1, 2, 9, 10 and
the average of deciles 5, 6. All units are in percentage points. The t-stats for “y − rf15 ” and
“RDF” are based on the standard errors estimated from block bootstrap simulations. The
t-stats for “ h̄1 − rf ” are the standard OLS t-stats.
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Table 6: Additional Anomalies

D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

t-stat

EMM

t-stat

Panel (a): Fail Probability
y − rf15 6.29 6.53 6.16 5.59 5.63 5.79 5.7 5.81 6.17 6.2
-0.09
RDF 56.15 57.25 59.99 61.46 61.25 60.1 60.48 60.28 57.03 54.75
-1.4
h̄1 − rf 12.69 9.52 8.53 7.23 8.82 7.48 7.75 8.31 6.65 3.11 -9.58∗∗

-0.21 0.58∗∗∗ 3.55
-0.58 -4.37∗∗∗ -4.54
-2.38 3.92∗
1.71

Panel (b): Book Leverage
y − rf15 5.91 5.71 5.63 5.74 5.84 6.27 6.11 6.84 6.93 6.5
RDF 56.3 58.92 60.71 57.22 58.13 57.99 57.74 54.04 52.62 54.4
h̄1 − rf 4.87 6.44 5.39 6.54 5.55 6.46 6.7
7.3 8.25 7.35

0.59
-1.9
2.49

0.81
-0.39
1.21

0.21
-2.5
3.73∗∗

0.5
-1.15
2.3

2.25
-1.9
1.96

-0.05
-0.78
3.5∗∗

-0.12
-0.28
2.2

Panel (c): Market Leverage
y − rf15 5.03 5.64 5.88 6.58 6.62 6.97 7.2 7.46 8.11 8.2
3.17∗∗
RDF 61.66 58.78 58.04 55.02 55.11 53.26 51.54 48.89 48.27 44.9 -16.76∗
h̄1 − rf 5.26 5.5 5.83 6.11 8.01 7.93 10.11 10.14 8.33 10.86
5.6∗
Panel (d): Return on Asset
y − rf15 7.4 8.72 8.15 9.48 6.48 5.68 6.07 6.01 5.78 5.19 -2.21∗∗∗ -6.15 0.69∗∗∗ 4.41
RDF 50.99 47.87 50.02 45.69 55.89 61.03 57.57 57.28 57.48 61.95 10.95∗∗∗ 5.52 -3.89∗∗∗ -4.83
h̄1 − rf -4.13 1.74 2.16 4.7 5.96 6.86 6.81 7.36 6.74 8.36 12.49∗∗∗ 4.07
-0.03 -0.01

This table documents several additional anomalies. “y −rf15 ” is the the difference between the
estimated long-term discount rate and the 15-year zero-coupon rate. “RDF” is the relative
discount factor. “ h̄1 − rf ” is the annualized average short-term return of the trading strategy
over the 3-month T-bill rate. “HML” is the difference between decile 10 and decile 1. “EMM”
is the difference between the average of deciles 1, 2, 9, 10 and the average of deciles 5, 6.
All units are in percentage points. The t-stats for “y − rf15 ” and “RDF” are based on the
standard errors estimated from block bootstrap simulations. The t-stats for “ h̄1 − rf ” are
the standard OLS t-stats.
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Table 7: Case Study with Kogan and Papanikolaou (2013)

Panel (a): Idiosyncratic Volatility
Data
D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

t-stat

EMM

t-stat

h̄1 − rf 8.06
y − rf15 5.27

8.32
6.58

8.91
7.24

9.26
7.24

9.59
7.91

9.84
8.07

7.88
7.91

5.76
7.29

3.86 -2.84 -10.9∗∗∗ -3.48 -0.51
-0.4
6.85 7.32 2.06∗∗∗ 3.98 -1.49∗∗∗ -8.96

Model
D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

h̄1 − rf 14.01 12.93 12.08 11.25 10.45 9.67
y − rf 13.56 12.56 11.75 11.01 10.3 9.66

8.96
9.12

8.33
8.75

7.89
8.67

7.88
9.48

-6.13
-4.08

HML

t-stat

EMM

t-stat

0.61
1.09

Panel (b): Investment
Data
D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

t-stat

EMM

t-stat

h̄1 − rf 7.6
y − rf15 8.57

9.82
7.88

9.02
7.47

6.9
6.7

6.14
6.54

6.92
6.45

6.08
6.16

8.06
6.35

4.56
7.28

1.02 -6.59∗∗∗ -3.48
7.39 -1.18 -0.98

2.49
1.28∗∗

1.42
2.51

D9

D10

HML

EMM

t-stat

h̄1 − rf 13.47 13.09 12.83 12.24 11.45 10.61 9.79 9.33 8.72 7.57
y − rf 12.72 12.95 13.08 12.67 12.08 11.49 11.05 10.87 10.73 10.57

-5.9
-2.15

Model
D1

D2

D3

D4

D5

D6

D7

D8

t-stat

-0.32
-0.04

Panel (c): Gross Profitability
Data
D1
h̄1 − rf 3.32
y − rf15 10.4

D2
5.47
8.88

D3
5.47
4.81

D4
4.43
5.45

D5
5.97
6.01

D6
6.79
6.06

D7
6.7
6.14

D8
7.12
6.63

D9

D10

HML

t-stat

∗∗∗

8.1
6.94

8.94
8.81

D9

D10

HML

h̄1 − rf 7.67 10.15 11.2 11.7 11.83 11.82 11.53 11.21 10.88 10.54
y − rf 8.7 10.58 11.47 11.81 11.85 11.68 11.36 11.0 10.59 10.27

2.87
1.56

EMM
∗∗∗

5.62
2.9 3.27
-1.59∗∗ -1.96 2.73∗∗∗

t-stat
2.61
4.92

Model
D1

D2

D3

D4

D5

D6

D7

D8

t-stat

EMM

t-stat

-2.02
-1.73

This table compares the estimates of the short-term expected returns and the long-term discount rates between the data and the Kogan and Papanikolaou (2013) model for idiosyncratic
volatility, investment and gross profitability anomalies.
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Appendix A. Specifications of the Structural Cash Flow
Processes
Section 2.3.1 evaluates the biases of discount rate estimates using 6 structural cash flow processes across large parameter grids. The details of the cash flow specifications and parameter
ranges are described below.

A1. The Fama and Babiak (1968) Process
Fama and Babiak (1968) estimated a payout model where a firm’s dividend process is cointegrated with its earnings process. We adopt this model in our simulations to understand
how the auto-correlation in dividends affects the bootstrap exercise.
According to Fama and Babiak (1968), the firm’s earnings follow:
Et+1 = (1 + λ) Et + et+1 ,
and its dividends are co-integrated with the earnings:
∆Dt+1 = β1 Dt + β2 Et + ut+1
where


et ∼ N 0, σe2 , ut ∼ N 0, σu2 , Corr (et , ut ) = 0
We adopt the following parameter ranges in our simulations: β1 ∈ [−0.45 − 2 × 0.15, −0.45 + 2 × 0.15],
β2 = [0.15 − 2 × 0.05, 0.15 + 2 × 0.05], λ = 5%, σu =

1
,
0.6745

σe =

0.21
,
0.6745

E0 = 100, D0 = 33,

y ∈ [8%, 20%]. The ranges for β1 and β2 are 95% confidence interval reported by Table 2 of
the paper. The values of σe , σu and the ratio between D0 and E0 are from page 1143 of the
paper.

A2. The Adjusted Fama and Babiak (1968) Process
Fama and Babiak (1968) aimed to study the properties of corporate payouts. The model
assumes random shocks to the level of the earnings process, or an arithmetic random walk.
To better suit our purposes, we adjusted the earnings process to a geometric random walk
so that the shocks affect the growth rate of the earnings:
Et+1 = exp (gt+1 ) Et
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gt+1 = λ + σ · et+1
The co-integration between the dividend process and the earnings process remains the
same. For the volatility of earnings growth, we adopt the range: σ ∈ [7.5%, 15.5%], which is
the 95% confidence interval of dividend growth volatility documented in Table II of Bansal,
Kiku, and Yaron (2009). λ is assumed to be 5%.

A3. The Leary and Michaely (2011) Process
Similar to Fama and Babiak (1968), Leary and Michaely (2011) also proposed a model of
corporate payout where earnings and dividends are co-integrated. The processes are specified
as:
∆Et+1 = δ + γ × ∆Et + ωt+1
∆Dt+1 = β × (T P R × Et+1 − Dt ) + t+1 ,
where


ωt ∼ N 0, σω2 , t ∼ N 0, σ2 , Corr (ωt , t ) = 0
We adopt the following parameter ranges in our simulations: β ∈ [0.1, 0.5], T P R = 0.3,
δ = 0.1, γ = −0.2, σω = 0.7, σ = 0.1, E0 = 10, D0 = 3, y ∈ [8%, 20%]. The range of β and
the values for T P R, δ, γ, σω are from page 3245 of Leary and Michaely (2011); the value of
σ is from Figure 2 of the working paper version of the paper; and the ratio between D0 and
E0 are determined by the steady state of the dividend equation, i.e. D0 /E0 = T P R.

A4. The Adjusted Leary and Michaely (2011) Process
Similar to the adjusted Fama and Babiak (1968) process, we consider a variant of the Leary
and Michaely (2011) process where the earnings growth follows a geometric random walk:
Et+1 = exp (gt+1 ) Et
gt+1 = λ + σ · et+1
with λ = 5% and σ ∈ [7.5%, 15.5%].
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A5. The Bansal and Yaron (2004) Process
We consider the long-run risk process as specified in Bansal and Yaron (2004):
Dt+1 = Dt · exp (gd,t+1 )
xt+1 = ρxt + φe σet+1
gd,t+1 = µd + φxt + φd σut+1
et+1 , ut+1 ∼ N i.i.d (0, 1) .
We adopt the following parameter ranges in our simulations: ρ = 0.979, φe = 0.044,
σ = 0.0078, µd = 0.004, φ = {0, 3}, φd = [3.5, 5.5], y ∈ [8%, 20%]. The values of ρ, φe
and σ adopt the calibration in Bansal and Yaron (2004). The specification of the model
is of monthly frequency. We adopt µd = 0.004 so that the annualized average dividend
growth rate is close to 5%. We adopt φd = [3.5, 5.5] so that the annualized dividend growth
volatility is in the range of [7.5%, 15.5%], which is the 95% confidence interval estimated by
Bansal, Kiku, and Yaron (2009). We consider two values of φ. When φ = 0, the long-run
risk component is switched off, and the dividend process follows a geometric random walk.
When φ = 3, the long-run risk component is present in the dividend growth rate and the
parameter value is provided by Bansal and Yaron (2004).

A6. The Barro (2006) Process
We consider the rare disaster risk process as specified in Barro (2006):
Dt+1 = Dt · exp (gt+1 )
gt+1 = µ + σut+1 + νt+1
ut+1 ∼ N i.i.d (0, 1)

e−p
0
νt+1 ∼
,
1 − e−p log (1 − b)
where b is the random disaster loss following the empirical distribution provided by Barro
(2006) page 832 Panel B.
We adopt the following parameter ranges in our simulations: µ = 5%, σ ∈ [7.5%, 15.5%],
p ∈ [0.01, 0.05], y ∈ [8%, 20%]. The range of dividend growth volatility, σ ∈ [7.5%, 15.5%],
adopts the 95% confidence interval estimated by Bansal, Kiku, and Yaron (2009). Our
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range of disaster probability, p ∈ [0.01, 0.05], covers the parameter choices in Barro (2006)
(p = 0.017) and Gabaix (2012) (p = 0.0363).

Appendix B. Robustness of the Block Bootstrap Procedure
Section 2.3.2 explains that one concern regarding the block bootstrap procedure might arise
due to the possible wedge between the simulated trajectories and the true data generating
process. To alleviate such a concern, we reuse the structural cash flow processes presented
in Appendix A to show that our block bootstrap procedure is reliable across these models
with parameters iterated over large grids.
Specifically, for each model, we iterate parameters across large grids. For each set of
parameters, we generate two samples of cash flows: one from the true data generating
process and the other from the block bootstrap simulations. We then compare the biases and
standard errors estimated from these two samples, respectively, and record their differences.
Finally, we adopt a different set of parameters from the grid and repeat the process.
Table 8 reports the differences between the estimated biases and standard errors from
the model generated samples and the bootstrap simulated samples. In the most extreme
case, bootstrap bias differs from the true value by 38 bps, and the bootstrap standard error
differs from the true value by 26 bps. The median differences are even much smaller. The
table shows that the block bootstrap procedure does a great job simulating the true data
generating processes and produces bias and standard error estimates that are close to the
true values.
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Table 8: Accuracy of the Block Bootstrap Simulations

mean
min
25%
50%
75%
max

FB

FB ADJ

LM

LM ADJ

BY

RD

0.001
0.0
0.0002
0.0005
0.001
0.01

0.04
0.0001
0.01
0.02
0.05
0.26

0.01
0.001
0.01
0.01
0.01
0.03

0.06
0.001
0.01
0.03
0.07
0.24

0.08
0.002
0.02
0.08
0.1
0.22

0.11
0.02
0.06
0.11
0.16
0.38

(a) Differences in Biases

mean
min
25%
50%
75%
max

FB

FB ADJ

LM

LM ADJ

BY

RD

0.004
0.0
0.001
0.002
0.004
0.03

0.04
0.0003
0.02
0.03
0.04
0.22

0.05
0.002
0.01
0.03
0.08
0.12

0.06
0.001
0.02
0.03
0.08
0.18

0.09
0.02
0.05
0.07
0.12
0.26

0.09
0.02
0.04
0.08
0.12
0.26

(b) Differences in Standard Errors

This table reports the absolute differences in discount rate estimates biases and standard
errors between the sample generated by the block bootstrap procedure and the true data
generating process across several dividend processes. “FB” denotes the Fama and Babiak
(1968) process. “FB ADJ” denotes the adjusted Fama and Babiak (1968) process where
earnings growth follows geometric random walk. “LM” denotes the Leary and Michaely
(2011) process. “LM ADJ” denotes the adjusted Leary and Michaely (2011) process where
earnings growth follows geometric random walk. “BY” denotes the long-run risk process
in Bansal and Yaron (2004). “RD” denotes the rare disaster process in Barro (2006). The
reported statistics are from large grids of parameter specifications. All units are in percentage
points.
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Appendix C. Key Results for 10-Year and 5-Year Horizons
C.1 Key Results for the 10-Year Horizon
Table 9: Anomalies Based on Funding Cost

D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

t-stat

EMM

t-stat

Panel (a): Market Beta
y − rf15 6.07 6.96 6.77 7.13 7.04 7.37 6.96 7.5 8.57 10.15 4.07∗∗
2.22
0.74
1.15
RDF 67.2 64.47 65.03 62.45 62.98 61.75 63.04 60.94 54.8 49.77 -17.43∗∗∗ -2.95 -3.31 -1.53
h̄1 − rf 7.53 8.07 8.37 9.38 9.72 9.98 10.1 9.87 9.71 11.28
3.75
1.25 4.22∗∗∗ 3.23
Panel (b): Size
y − rf15 10.8 11.05 10.84 10.84 10.1 8.82 8.42 8.09 8.18 6.02 -4.78∗∗∗
RDF 45.75 46.73 48.07 48.31 51.17 54.75 56.69 57.96 57.42 68.55 22.8∗∗∗
h̄1 − rf 15.24 13.82 12.82 12.6 11.57 11.58 10.92 10.55 9.65 7.84 -7.41∗∗∗

-3.02 -0.45 -1.16
4.27
1.65
0.98
-2.76 5.85∗∗∗ 4.45

Panel (c): Book-to-Market
y − rf15 6.39 5.89 7.0 7.33 8.16 9.38 8.64 8.98 11.35 14.71 8.32∗∗∗ 4.42
RDF 64.19 66.73 61.93 60.9 57.92 52.87 56.72 54.93 48.28 38.74 -25.45∗∗∗ -3.4
h̄1 − rf 5.43 4.9 6.57 6.26 6.2 8.43 8.2 9.26 9.55 11.67 6.24∗∗
2.13

0.81∗
1.81
-0.91 -0.53
4.23∗∗∗ 2.75

Panel (d): Gross Profitability
-0.66
1.15
5.62∗∗∗

-0.72 2.88∗∗∗ 4.21
0.39 -9.0∗∗∗ -3.88
2.9 3.27∗∗∗ 2.61

y − rf15 8.53 9.07 8.42 7.38 6.87 7.39 6.99 6.99 8.52 9.06
0.53
RDF 55.31 55.11 58.28 61.74 63.29 61.97 63.87 62.37 56.12 53.37 -1.94
h̄1 − rf 7.6 9.82 9.02 6.9 6.14 6.92 6.08 8.06 4.56 1.02 -6.59∗∗∗

0.36 1.66∗∗∗ 2.64
-0.32 -7.65∗∗∗ -3.05
-3.48
2.49
1.42

rf15

y−
10.82 9.99 5.52 5.95 6.85 6.81 6.84 8.11 7.89 10.16
RDF 51.42 51.57 68.66 68.06 62.82 63.45 63.42 60.11 61.0 52.57
h̄1 − rf 3.32 5.47 5.47 4.43 5.97 6.79 6.7 7.12 8.1 8.94
Panel (e): Investment

Panel (f): Credit Rating
y − rf15 14.08 8.3 10.49 10.24 7.25 6.93 7.36 6.6 9.45 7.59 -6.48∗∗∗ -3.58 2.76∗∗∗ 3.8
RDF 43.0 57.62 46.57 51.61 63.78 62.87 63.95 66.14 55.17 61.51 18.51∗∗∗ 2.78 -9.0∗∗∗ -4.39
h̄1 − rf 5.41 6.18 8.87 6.79 7.81 7.55 7.7 7.81 9.37 7.63
2.22
0.57
3.31
1.53

This table documents the anomalies motivated by models of funding cost. “y − rf10 ” is the
the difference between the estimated long-term discount rate and the 10-year zero-coupon
rate. “RDF” is the relative discount factor. “ h̄1 − rf ” is the annualized average short-term
return of the trading strategy over the 3-month T-bill rate. “HML” is the difference between
decile 10 and decile 1. “EMM” is the difference between the average of deciles 1, 2, 9, 10 and
the average of deciles 5, 6. All units are in percentage points. The t-stats for “y − rf10 ” and
“RDF” are based on the standard errors estimated from block bootstrap simulations. The
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t-stats for “ h̄1 − rf ” are the standard OLS t-stats.

Table 10: Anomalies Based on Trading Prices and Volume

D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

t-stat

EMM

t-stat

Panel (a): Momentum
y − rf15 8.63 8.15 7.68 7.36 6.94 6.99 7.22 7.26 7.96 8.25
-0.38
-0.84 1.28∗∗∗ 7.22
∗∗∗
RDF 52.67 54.22 58.78 61.26 63.29 63.04 62.72 63.39 61.13 58.86 6.19
3.31 -6.44∗∗∗ -9.05
∗∗∗
h̄1 − rf -1.44 3.59 4.07 7.34 7.47 7.77 9.19 10.34 11.18 15.31 16.76
5.21 3.35∗∗ 2.04
Panel (b): Long-Term Reversal
y − rf15 10.79 9.59 9.12 8.34 7.92 7.28 6.96 6.53 6.32 5.8 -4.99∗∗∗ -11.02 0.53∗∗∗ 3.25
RDF 45.75 50.44 53.13 56.59 59.13 61.91 62.96 65.25 66.51 69.02 23.26∗∗∗ 10.6 -2.59∗∗∗ -3.66
h̄1 − rf 12.76 11.64 10.66 9.63 9.03 9.42 9.2 8.57 7.45 7.47 -5.29∗∗ -2.11 5.22∗∗∗ 3.43
Panel (c): Idiosyncratic Volatility
y − rf15 5.81 7.31 8.17 8.54 8.98 9.53 9.33 8.66 7.73 8.19 2.38∗∗∗ 3.88
RDF 68.73 62.87 58.61 56.16 55.22 51.79 50.75 54.05 56.67 49.03 -19.7∗∗∗ -7.05
h̄1 − rf 8.06 8.32 8.91 9.26 9.59 9.84 7.88 5.76 3.86 -2.84 -10.9∗∗∗ -3.48

-2.0∗∗∗ -10.55
5.82∗∗∗ 6.73
-0.51
-0.4

Panel (d): Abnormal Volume
y − rf15 7.39 7.22 7.01 7.34 7.04 7.15 7.24 7.45 7.41 7.93 0.54∗∗∗
2.7 0.39∗∗∗ 4.0
∗∗∗
RDF 62.88 63.15 64.05 63.03 64.09 63.67 63.28 62.24 62.53 60.73 -2.15
-2.68 -1.56∗∗∗ -3.96
∗∗∗
h̄1 − rf 4.47 4.9 3.92 7.21 6.51 7.2
8.1 7.77 10.44 9.57 5.1
3.47 3.92∗∗∗ 3.08

This table documents the anomalies based on historical trading prices and volume. “y−rf10 ” is
the the difference between the estimated long-term discount rate and the 10-year zero-coupon
rate. “RDF” is the relative discount factor. “ h̄1 − rf ” is the annualized average short-term
return of the trading strategy over the 3-month T-bill rate. “HML” is the difference between
decile 10 and decile 1. “EMM” is the difference between the average of deciles 1, 2, 9, 10 and
the average of deciles 5, 6. All units are in percentage points. The t-stats for “y − rf10 ” and
“RDF” are based on the standard errors estimated from block bootstrap simulations. The
t-stats for “ h̄1 − rf ” are the standard OLS t-stats.
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Table 11: Additional Anomalies

D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

t-stat

EMM

t-stat

Panel (a): Fail Probability
y − rf15 8.01 8.72 7.67 6.79 6.98 6.96 6.69 6.62 7.18 6.96 -1.05∗∗
RDF 54.13 58.5 62.53 64.75 63.23 63.19 64.38 64.58 61.15 59.39 5.27∗∗
h̄1 − rf 12.69 9.52 8.53 7.23 8.82 7.48 7.75 8.31 6.65 3.11 -9.58∗∗

-2.29 0.75∗∗∗ 3.92
2.35 -4.92∗∗∗ -5.38
-2.38 3.92∗
1.71

Panel (b): Book Leverage
y − rf15 6.42 7.56 6.51 6.31 6.68 6.92 6.81 7.19 7.93 7.81
RDF 62.22 59.17 66.21 64.08 63.7 64.08 64.13 62.71 58.42 58.04
h̄1 − rf 4.87 6.44 5.39 6.54 5.55 6.46 6.7
7.3 8.25 7.35

1.39
-4.18
2.49

1.63
0.63
1.2
-0.91 -4.43∗∗ -2.11
1.21 3.73∗∗
2.3

Panel (c): Market Leverage
y − rf15 6.1
6.4 6.52 7.1
7.3 7.69 8.39 9.01 9.48 9.69 3.59∗∗
RDF 65.44 64.17 64.1 62.01 61.67 59.64 55.59 54.01 53.14 49.18 -16.26∗
h̄1 − rf 5.26 5.5 5.83 6.11 8.01 7.93 10.11 10.14 8.33 10.86
5.6∗

2.03
-1.82
1.96

0.42
-2.68
3.5∗∗

0.84
-1.08
2.2

-0.2
-0.46
y − rf15 6.74 8.4 8.94 10.56 7.35 6.47 6.46 6.51 6.46 6.54
RDF 65.7 58.35 57.51 51.21 61.21 66.36 65.33 64.82 64.39 63.82 -1.88 -1.01
h̄1 − rf -4.13 1.74 2.16 4.7 5.96 6.86 6.81 7.36 6.74 8.36 12.49∗∗∗ 4.07

0.13
-0.72
-0.03

0.72
-0.92
-0.01

Panel (d): Return on Asset

This table documents several additional anomalies. “y −rf10 ” is the the difference between the
estimated long-term discount rate and the 10-year zero-coupon rate. “RDF” is the relative
discount factor. “ h̄1 − rf ” is the annualized average short-term return of the trading strategy
over the 3-month T-bill rate. “HML” is the difference between decile 10 and decile 1. “EMM”
is the difference between the average of deciles 1, 2, 9, 10 and the average of deciles 5, 6.
All units are in percentage points. The t-stats for “y − rf10 ” and “RDF” are based on the
standard errors estimated from block bootstrap simulations. The t-stats for “ h̄1 − rf ” are
the standard OLS t-stats.
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C.2 Key Results for the 5-Year Horizon
Table 12: Anomalies Based on Funding Cost

D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

y − rf5 6.16 7.42 7.36 7.67 7.68 7.86 7.39 7.85 9.76 11.62
RDF 79.66 76.51 76.6 75.14 74.98 74.01 75.17 74.81 68.36 65.65
h̄1 − rf 7.53 8.07 8.37 9.38 9.72 9.98 10.1 9.87 9.71 11.28

5.46∗∗
-14.0∗∗
3.75

t-stat

EMM

t-stat

Panel (a): Market Beta
2.12
0.97
1.19
-2.12 -1.95 -0.95
1.25 4.22∗∗∗ 3.23

Panel (b): Size
y − rf5 14.18 13.12 11.94 12.26 10.69 9.84 9.57 9.23 8.64 6.34 -7.84∗∗∗ -4.43
0.31
0.66
RDF 58.75 61.41 64.15 63.47 67.44 69.0 69.44 70.54 71.72 78.69 19.94∗∗∗ 5.19
-0.58 -0.52
h̄1 − rf 15.24 13.82 12.82 12.6 11.57 11.58 10.92 10.55 9.65 7.84 -7.41∗∗∗ -2.76 5.85∗∗∗ 4.45
Panel (c): Book-to-Market
y − rf5 6.16 6.48 8.3 8.46 8.85 10.54 9.56 10.2 13.34 17.91 11.75∗∗∗ 5.06 1.27∗
1.95
RDF 78.77 77.53 72.57 71.89 71.1 67.04 69.65 67.43 61.02 50.65 -28.12∗∗∗ -4.72 -2.08 -1.26
h̄1 − rf 5.43 4.9 6.57 6.26 6.2 8.43 8.2 9.26 9.55 11.67 6.24∗∗
2.13 4.23∗∗∗ 2.75
Panel (d): Gross Profitability
0.31
-1.91
5.62∗∗∗

0.22 3.09∗∗∗ 3.76
-0.58 -6.69∗∗∗ -3.11
2.9 3.27∗∗∗ 2.61

y − rf5 10.36 9.67 9.48 8.32 7.16 7.59 7.89 7.9 8.76 9.34
-1.02
RDF 67.68 70.72 70.46 73.01 76.33 74.98 73.9 72.91 71.19 68.84
1.16
h̄1 − rf 7.6 9.82 9.02 6.9 6.14 6.92 6.08 8.06 4.56 1.02 -6.59∗∗∗

-0.59 2.16∗∗∗ 2.6
0.25 -6.05∗∗∗ -2.9
-3.48
2.49
1.42

y − rf5 10.54 10.74 6.51 6.63 7.2 7.23 6.71 8.83 9.09 10.85
RDF 69.31 66.91 77.36 77.8 75.69 75.71 78.13 72.85 72.43 67.41
h̄1 − rf 3.32 5.47 5.47 4.43 5.97 6.79 6.7 7.12 8.1 8.94
Panel (e): Investment

Panel (f): Credit Rating
rf5

y−
16.25 8.73 14.51 11.32 8.94 7.73 8.19 8.03 10.73 9.14
RDF 56.59 72.94 55.1 64.49 71.29 73.88 73.24 73.76 66.51 70.26
h̄1 − rf 5.41 6.18 8.87 6.79 7.81 7.55 7.7 7.81 9.37 7.63

-7.12∗
13.68
2.22

-1.85
1.46
0.57

2.88∗∗
-6.01∗
3.31

1.99
-1.67
1.53

This table documents the anomalies motivated by models of funding cost. “y − rf5 ” is the the
difference between the estimated long-term discount rate and the 5-year zero-coupon rate.
“RDF” is the relative discount factor. “ h̄1 − rf ” is the annualized average short-term return
of the trading strategy over the 3-month T-bill rate. “HML” is the difference between decile
10 and decile 1. “EMM” is the difference between the average of deciles 1, 2, 9, 10 and the
average of deciles 5, 6. All units are in percentage points. The t-stats for “y − rf5 ” and “RDF”
are based on the standard errors estimated from block bootstrap simulations. The t-stats
for “ h̄1 − rf ” are the standard OLS t-stats.
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Table 13: Anomalies Based on Trading Prices and Volume

D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

t-stat

EMM

t-stat

Panel (a): Momentum
y − rf5 9.36 8.5 8.11 7.71 7.33 7.54 8.08 8.4 9.55 9.81
0.45
0.67 1.87∗∗∗ 6.25
RDF 69.09 71.39 72.94 74.34 75.62 75.08 73.75 73.46 70.74 68.4
-0.7
-0.39 -5.45∗∗∗ -7.12
∗∗∗
h̄1 − rf -1.44 3.59 4.07 7.34 7.47 7.77 9.19 10.34 11.18 15.31 16.76
5.21 3.35∗∗ 2.04
Panel (b): Long-Term Reversal
y − rf5 12.65 11.95 11.08 9.69 8.69 8.26 7.86 7.35 7.22 7.1 -5.56∗∗∗ -8.99 1.26∗∗∗ 4.86
RDF 60.73 62.3 65.06 68.66 71.89 72.94 74.09 75.61 75.87 73.13 12.41∗∗∗ 7.62 -4.41∗∗∗ -6.61
h̄1 − rf 12.76 11.64 10.66 9.63 9.03 9.42 9.2 8.57 7.45 7.47 -5.29∗∗ -2.11 5.22∗∗∗ 3.43
Panel (c): Idiosyncratic Volatility
y − rf5 6.21 8.08 9.08 9.39 10.21 11.27 11.55 9.56 8.71 8.04 1.83∗∗∗ 2.75 -2.98∗∗∗ -9.85
RDF 78.93 73.88 70.88 70.04 67.04 64.78 65.58 71.18 71.93 73.37 -5.57∗∗ -2.44 8.62∗∗∗ 11.67
h̄1 − rf 8.06 8.32 8.91 9.26 9.59 9.84 7.88 5.76 3.86 -2.84 -10.9∗∗∗ -3.48 -0.51
-0.4
Panel (d): Abnormal Volume
y − rf5 8.01 7.87 7.67 7.96 7.92 8.04 7.79 8.12 8.22 8.74 0.73∗∗
RDF 74.27 74.38 75.03 74.35 74.25 74.14 74.72 73.8 73.59 72.45 -1.82∗∗
h̄1 − rf 4.47 4.9 3.92 7.21 6.51 7.2
8.1 7.77 10.44 9.57 5.1∗∗∗

2.57 0.23∗
1.68
-2.37 -0.52 -1.41
3.47 3.92∗∗∗ 3.08

This table documents the anomalies based on historical trading prices and volume. “y −rf5 ” is
the the difference between the estimated long-term discount rate and the 5-year zero-coupon
rate. “RDF” is the relative discount factor. “ h̄1 − rf ” is the annualized average short-term
return of the trading strategy over the 3-month T-bill rate. “HML” is the difference between
decile 10 and decile 1. “EMM” is the difference between the average of deciles 1, 2, 9, 10 and
the average of deciles 5, 6. All units are in percentage points. The t-stats for “y − rf5 ” and
“RDF” are based on the standard errors estimated from block bootstrap simulations. The
t-stats for “ h̄1 − rf ” are the standard OLS t-stats.
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Table 14: Additional Anomalies

D1

D2

D3

D4

D5

D6

D7

D8

D9

D10

HML

t-stat

EMM

t-stat

Panel (a): Fail Probability
y − rf5 9.7 11.17 9.13 8.13 8.22 8.21 7.52 7.95 8.04 8.15 -1.55∗∗
RDF 66.69 63.56 72.04 73.74 72.85 72.91 74.8 73.89 72.56 71.26 4.57∗∗
h̄1 − rf 12.69 9.52 8.53 7.23 8.82 7.48 7.75 8.31 6.65 3.11 -9.58∗∗

-2.24 1.05∗∗∗ 3.13
2.41 -4.36∗∗∗ -4.77
-2.38 3.92∗
1.71

Panel (b): Book Leverage
y − rf5 6.68 7.18 8.0 6.02 7.36 7.5 7.81 8.42 9.56 8.98
RDF 77.27 70.98 72.9 79.65 75.38 76.04 74.68 73.01 70.15 71.22
h̄1 − rf 4.87 6.44 5.39 6.54 5.55 6.46 6.7
7.3 8.25 7.35

2.3
-6.05
2.49

1.34
-1.13
1.21

0.67
-3.3
3.73∗∗

0.89
-1.53
2.3

y − rf5 6.11 7.22 7.09 7.73 8.22 9.24 8.94 11.65 11.77 12.36 6.25∗∗∗ 2.74
RDF 76.33 75.33 76.1 73.74 73.05 70.12 70.39 64.84 63.64 61.96 -14.36∗∗ -2.22
h̄1 − rf 5.26 5.5 5.83 6.11 8.01 7.93 10.11 10.14 8.33 10.86
5.6∗
1.96

0.64
-2.27
3.5∗∗

0.93
-1.2
2.2

Panel (c): Market Leverage

Panel (d): Return on Asset
6.9 6.86 7.15 7.01 7.54 1.76∗∗∗ 3.05 -0.69∗∗ -2.07
y − rf5 5.78 8.12 9.5 11.0 8.7
RDF 80.92 73.67 71.02 66.49 71.23 77.15 76.89 75.94 76.53 73.78 -7.14∗∗∗ -3.22 2.04∗
1.83
h̄1 − rf -4.13 1.74 2.16 4.7 5.96 6.86 6.81 7.36 6.74 8.36 12.49∗∗∗ 4.07
-0.03 -0.01

This table documents several additional anomalies. “y − rf5 ” is the the difference between the
estimated long-term discount rate and the 5-year zero-coupon rate. “RDF” is the relative
discount factor. “ h̄1 − rf ” is the annualized average short-term return of the trading strategy
over the 3-month T-bill rate. “HML” is the difference between decile 10 and decile 1. “EMM”
is the difference between the average of deciles 1, 2, 9, 10 and the average of deciles 5, 6. All
units are in percentage points. The t-stats for “y − rf5 ” and “RDF” are based on the standard
errors estimated from block bootstrap simulations. The t-stats for “ h̄1 − rf ” are the standard
OLS t-stats.

54

