DIGITAL ACCESS o0 HARVARD
SCHOLARSHIP sr HARVARD LIBRARY

DASH.HARVARD.EDU

Expected Stock Returns Worldwide:
A Log-Linear Present-Value
Approach

Citation

Chattopadhyay, Akash, Matthew R. Lyle, and Charles C.Y. Wang. "Expected Stock Returns
Worldwide: A Log-Linear Present-Value Approach." Accounting Review 97, no. 2 (March
2022): 107-133.

Published version
https://doi.org/10.2308/tar-2018-0289

Link
https://nrs.harvard.edu/URN-3:HUL.INSTREPOS:37373911

Terms of use

This article was downloaded from Harvard University’s DASH repository, and is made

available under the terms and conditions applicable to Open Access Policy Articles (OAP),

as set forth at
https://harvardwiki.atlassian.net/wiki/external/NGY5NDE4ZjgzNTc5NDQzMGIzZWZhMGFIOWI2ZM2EwYTg

Accessibility
https://accessibility.huit.harvard.edu/digital-accessibility-policy

Share Your Story
The Harvard community has made this article openly available.
Please share how this access benefits you.l Submit a story |



https://dash.harvard.edu/submit-story?publicationId=fcc86c1e-d480-4cc2-86d0-1c96bf38e793

HARVARD BUSINESS SCHOOL

Expected Stock Returns Worldwide:
A Log-Linear Present-Value
Approach

Akash Chattopadhyay
Matthew R. Lyle
Charles C.Y. Wang

Working Paper 18-079




Expected Stock Returns Worldwide:
A Log-Linear Present-Value Approach

Akash Chattopadhyay

University of Toronto

Matthew R. Lyle

Kellogg School of Management

Charles C.Y. Wang

Harvard Business School

Working Paper 18-079

Copyright © 2018, 2019, 2020, 2021 by Akash Chattopadhyay, Matthew R. Lyle, and Charles C.Y. Wang.

Working papers are in draft form. This working paper is distributed for purposes of comment and discussion only. It may
not be reproduced without permission of the copyright holder. Copies of working papers are available from the author.

Funding for this research was provided in part by Harvard Business School.



Expected Stock Returns Worldwide:
A Log-Linear Present-Value Approach

Akash Chattopadhyay

University of Toronto

Matthew R. Lyle
Kellogg School of Management

Charles C.Y. Wang*

Harvard Business School

January 2021

Abstract

This study provides the first large-scale study of the performance of expected-return prox-
ies (ERPs) internationally. Analyst-forecast-based ICCs are sparsely populated and not ro-
bustly associated with future returns. Earnings-model-forecast-based ICCs are well-populated,
but are unreliable outside the U.S. We adapt and extend the log-linear and present-value
(LPV) framework—combining an accounting valuation anchor, its expected growth, and mar-
ket prices—for estimating ERPs internationally, and implement a correction for the use of stale
accounting data. An LPV ERP anchored on the book value of equity is positively associated
with future returns in 26 of 29 equity markets, and largely subsumes the predictive ability of a
broad set of firm characteristics previously shown to be associated with expected returns.

Keywords: Expected returns; Discount rates; Fundamental valuation; Implied cost of capital,;
International equity markets; Present value.

JEL: D83, G12, G14, M41

*Chattopadhyay (akash.chattopadhyay@rotman.utoronto.ca) is an Assistant Professor of Accounting at Uni-
versity of Toronto. Lyle (m-lyle@kellogg.northwestern.edu) is an Associate Professor of Accounting Infor-
mation and Management and the Lawrence Revsine Research Fellow at Kellogg School of Management. Wang
(charles.cy.wang@hbs.edu) is the Glenn and Mary Jane Creamer Associate Professor of Business Administration
at Harvard Business School. We thank Rodrigo Verdi (editor) and two anonymous referees for valuable guidance
on the paper. For helpful comments and suggestions, we are grateful to Ryan Buell, Craig Chapman, Peter Easton,
Joseph Gerakos, lan Gow, Jeremiah Green, Paul Healy, Bob Magee, Daniel Malter, Jim Naughton, Scott Richardson,
Tatiana Sandino, Pian Shu, Richard Sloan, Eric So, Suraj Srinivasan, Phil Stocken, Tuomo Vuolteenaho, Beverly
Walther, Clare Wang, Teri Yohn, and Lu Zhang, and to workshop participants at University of Alberta, Arizona
State University, Citadel Quantitative Research, Duke University, Haskayne School of Business, Indiana University,
University of Illinois at Chicago, Kellogg School of Management, University of Miami, and National Chengchi Univer-
sity. We thank Kyle Thomas, James Zeitler, and Rishabh Aggarwal for excellent research assistance. Lyle is grateful
for generous funding provided through the Lawrence Revsine Research Fellowship.



1 Introduction

Scholars in accounting and finance have long been interested in how regulations and firm at-
tributes or policies affect expected equity returns. A well-known impediment to answering these
questions lies in the difficulty of measuring ez ante expected returns (e.g., Fama and French, 1997).
Researchers have thus devoted substantial attention to expected return estimation.

An important recent innovation is the development and refinements of a present-value-based
“implied cost of capital” (ICC) approach to measuring expected returns. ICC is the internal rate
of return that equates a firm’s market equity value with the present value of its expected future
cash flows. This approach originated in the accounting literature, beginning with Botosan (1997)
and followed by a body of methodological work (e.g., Claus and Thomas, 2001; Gebhardt, Lee, and
Swaminathan, 2001; Gode and Mohanram, 2003; Easton, 2004) that proposed and tested various
refinements. This foundational work engendered a burgeoning literature that studies the influence
of various policies on expected returns using ICCs as the dependent variable. From 2005 to 2016, 64
such (“non-methodological”) ICC papers were published in top-tier accounting and finance journals.

The methodological work on ICCs focused exclusively on the United States; by contrast, a
significant number of papers have applied ICCs in an international context. Specifically, 19 papers
(30% of the non-methodological ICC papers) published since 2005 (see Table 1) studied expected-
return variation in international contexts, largely by exploiting cross-sectional variation in ICCs.
However, researchers know relatively little about the reliability of ICCs, or ex ante expected-return
proxies (ERPs) more generally, across the world.!

The performance of ERPs such as ICCs in non-U.S. contexts is not obvious ex-ante. In general,
there are many economic, political, legal, social, and institutional differences between the U.S.
and other countries that motivate economic analyses of non-U.S. settings (Ball, 2016). Consistent
with these differences being significant, empirical findings in the U.S. often do not apply in other
countries. In the asset pricing literature, for example, Hou, Karolyi, and Kho (2011) and Fama and
French (2017) show that factors known to explain the in-sample variation of returns in the U.S. do

not necessarily explain returns in markets internationally.

'One exception is Lee, Ng, and Swaminathan (2009), which constructs ICCs in six countries outside the U.S.
and examines their cross-sectional associations with firm characteristics. This work does not separately examine the
performance of ICCs in any individual market (i.e., is mostly interested in analyzing the across-country variation in
ICCs) and does not examine how variation in ICCs is associated with future returns.



This paper’s main objectives are to assess and compare the performance of common ERP
alternatives in equity markets around the world. In doing so, we aim to offer researchers new
insights about the choice of ERPs for international studies.

Our empirical analyses begin by assessing the reliability of ICCs across equity markets in 29
countries. We show that analyst-forecast-based ICCs, used in nearly all non-methodological inter-
national ICC papers, have significant limitations to researchers interested in non-U.S. research for
two reasons. First, they are sparsely populated internationally due to limited analyst coverage of
firms. In our sample, on average, only 26% of the observations in a (non-U.S.) cross-section has suf-
ficient data from I/B/E/S to produce analyst-based ICCs, and this sparsity is persistent over time.
Second, analyst-forecast-based ICCs are not robustly associated with subsequent returns across
equity markets. These ICCs exhibit a positive and significant association with future stock returns
in less than half of the countries we examine (12 of 29), with nearly all of these belonging to the
Asia-Pacific region. In 85% of European countries (11 out of 13), where many non-methodological
ICC studies are based, we do not find a significant association. Like prior research, we do not
obtain a positive association between analyst-based ICCs and future returns in the United States.

We then analyze the performance of an alternative available to researchers: model-forecast-based
ICCs, computed using earnings forecasts from statistical earnings forecast models. These ICCs can
overcome the limitations of analyst-based ICCs. For example, prior studies show that model-
based earnings forecasts improve the performance of ICCs in the United States (Hou, Van Dijk,
and Zhang, 2012; Li and Mohanram, 2014). Also, model-forecast-based ICCs can be estimated
for a large sample of firms, as they do not require analyst coverage. We construct three model-
forecast-based ICC variants across 29 markets, using three state-of-the-art earnings-forecast models
proposed by the literature (Hou et al., 2012; Li and Mohanram, 2014), and show that the use of
model-based earnings forecasts significantly increases the availability of ICCs internationally (about
double that of analyst-forecast-based ICCs). Moreover, consistent with prior literature, all three
variants exhibit a positive and significant association with average future returns in the United
States. However, this significantly positive relation is largely absent internationally. In more than
80% of the countries outside the United States and 100% of the countries in Europe, we do not
find any of the model-forecast-based ICCs to be positively associated with future returns.

We also analyze the performance of ERPs based on popular factor-based models (i.e., Fama



and French, 2015), and show that they perform poorly—generally worse than ICCs. They often
exhibit a significantly negative association with future returns across equity markets worldwide. In
short, scholars interested in international research lack reliable proxies of expected returns that are
broadly available. Given the substantial prevailing interest in international research, this represents
a significant void in the literature.

We fill this void by offering an approach for estimating expected returns across international
markets. We leverage a log-linear present-value-based (LPV) framework, which prior literature
has shown (Lyle and Wang, 2015) can derive reliable ERPs in the U.S. Conceptually, LPV ERPs
are a general class of accounting-based ERPs, generated as a linear combination of an accounting
valuation anchor (e.g., the book value of equity), its expected growth (e.g., ROE), and market
prices (e.g., Chattopadhyay, Lyle, and Wang, 2021). The intuition for these ERPs is similar to that
of ICCs: the valuation anchor and its expected growth provide accounting estimates of expected
future cash flows; combining this information with market prices uncovers information about the
discount rate for these cash flows.

We also adapt the LPV framework to address a limitation of accounting-based models of ex-
pected returns—the input fundamental data’s staleness at the time of the expected return estima-
tion. This staleness problem is pronounced in international contexts due to across-country differ-
ences in reporting frequency. Standardizing the estimation procedure across countries necessitates
the use of accounting data that are updated only annually.? Estimating a model that uses inputs
whose staleness ranges from several months to over a year naturally introduces measurement error.
We show that this staleness problem is significant. As a correction, we borrow the intuition from
(Beaver, Lambert, and More, 1980; Collins, Kothari, Shanken, and Sloan, 1994; Guay, Kothari,
and Shu, 2011), that returns carry information about future accounting fundamentals, and apply a
straightforward solution using readily applicable data across markets: the inclusion of prior months’
returns. Consistent with this intuition, Chattopadhyay et al. (2021) shows that such a correction
can be analytically embedded within the LPV framework.

Our results show that the augmented LPV expected (log) returns, estimated within each coun-

try, are positively and significantly associated with future average (log) returns in 28 of 29 mar-

2 Annual financial reporting, but not interim reporting, is required in all countries in our sample and across the
entire analysis period.



kets. The inclusion of lagged returns improves the predictive R? of the resultant LPV ERPs
in 24 of the 28 countries. Using a subsample of observations with quarterly reporting to com-
pare annual-fundamentals-based LPV ERPs to quarterly-fundamentals-based LPV ERPs, we find
that the staleness correction significantly reduces the performance differences between the annual-
fundamentals-based and quarterly-fundamentals-based LPV ERPs. Moreover, we find that lagged
returns improve the performance of quarterly-fundamentals-based ERPs in significantly fewer coun-
tries relative to its efficacy for annual-fundamentals-based ERPs. These analyses suggest that the
inclusion of lagged returns is consistent with a correction for stale fundamental data.

Further, to facilitate a stricter comparison with ICCs and factor-based ERPs, which are es-
timates of expected simple returns (rather than log returns), we adapt the LPV framework to
estimate expected simple returns. We show that these latter ERPs also perform well internation-
ally. They are well-populated across equity markets and are positively and significantly associated
with future returns in 26 of 29 markets. Moreover, in pairwise common-sample comparisons, they
significantly outperform analyst-forecast-based and model-forecast-based ICCs.

As a test of the robustness of the LPV framework, we show that the LPV expected simple
return proxies largely subsume the predictive power of other characteristics (not included in the
main model we implement) that have also been shown to be related to future returns (see, e.g.,
Green, Hand, and Zhang, 2017, for a review). In particular, we examine the incremental utility
of the set of characteristics shown to have independent predictive power in the U.S. by Lewellen
(2015) and Green et al. (2017), as well as a much broader set of characteristics examined in these
papers. Adding these additional characteristics (more than 70 in our most exhaustive specification)
to our model does not systematically improve the predictive ability of LPV ERPs across equity
markets. Doing so often introduces more noise and reduces ERPs’ performance, consistent with
regression over-fitting.

We contribute to the literature by providing empirical evidence about the performance (and thus
guidance on the use) of ERPs to researchers interested in studying expected returns in international
settings. Our analyses offer a parsimonious solution for researchers: LPV ERPs can be estimated
for a large cross-section of firms and are positively associated with the cross-section of future
returns in stock markets worldwide. Our work not only extends the prior empirical evidence on the

efficacy of LPV ERPs (e.g., Lyle and Wang, 2015, which studies these ERPs in the U.S.) to the



international context, we also provide evidence on the utility of extensions to the LPV framework
aimed to correct for the staleness in the underlying accounting data (Chattopadhyay et al., 2021).

We also contribute to the ICC literature in two ways. First, we provide the first large-scale
evidence on the performance of ICCs internationally and show that ICCs are of limited use to
researchers interested in international research either because of limited availability (in the case of
analyst-forecast-based ICCs) or lack of reliability. Neither analyst-forecast-based ICCs nor model-
forecast-based ICCs are systematically associated with future returns across markets. These find-
ings inform the literature that utilizes ICCs to study the economic effects of firm-level or regulatory
policies (see, e.g., Table 1). Second, our findings suggest that earnings forecasting models, nomi-
nated by recent literature (Hou et al., 2012; Li and Mohanram, 2014) to improve the performance
of ICCs in the U.S., do not generally produce ICCs that perform well in international contexts.
Moreover, contrary to the evidence based on U.S. data, we find that ICCs implemented using earn-
ings forecasts of Hou et al. (2012) tend to outperform ICCs implemented using the forecasts from
the two models proposed by Li and Mohanram (2014) in international markets. These findings
suggest that developing earnings forecast models for international contexts represents a significant
opportunity for future research.

Finally, we contribute to the cross-sectional asset-pricing literature that examines the relation
between expected returns and firm characteristics. Our results, across 29 markets worldwide, are
broadly consistent with the findings of Green et al. (2017), that only a small number of firm
characteristics provide independent information about expected returns. Specifically, we show that
adding a broad set of characteristics prior literature designates as associated with expected returns

to our book-value-based LPV ERPs does not generally improve their performance.

2 Evaluating ICCs and Factor-Based ERPs across Equity Markets

This section begins by reviewing the use of ICCs in accounting and finance research. We then
provide a comprehensive evaluation of the reliability of ICCs, and factor-based ERPs, across 29

markets around the world.



2.1 Use of ICCs in International Research Contexts

ICCs represent a significant innovation in the literature on estimating expected returns. Method-
ological work on ICCs in accounting (e.g., Claus and Thomas, 2001; Gebhardt et al., 2001; Gode
and Mohanram, 2003; Easton, 2004) has engendered a literature in both accounting and finance
that uses ICCs as dependent variables of interest. The bulk of the methodological work on ICCs was
published before 2005. During the ensuing decade, 64 non-methodological studies in top-tier ac-
counting and finance journals examined the impact of regulation, managerial decisions, and market
design on firm-level expected returns.?

We find, and report in Table 1, that 30% of these papers (19 of 64) apply ICCs in international
research contexts. Nearly all of these papers use ICCs computed using analyst-consensus forecasts
of earnings. The vast majority estimate the treatment effect on expected returns by leveraging the
cross-sectional variation in ICCs. Many of these papers estimate panel regressions using year- or
country-fixed effects, and some estimate country-level regressions with year-fixed effects or using
Fama and MacBeth (1973) regressions. Despite the prevalent use of ICCs in international stud-
ies, researchers know little about their reliability, or that of firm-level ex-ante ERPs in general,
across equity markets. Moreover, the methodological developments, and their evaluation, have
been specific to the U.S. context. Recent findings suggest that the cross-sectional variations of
model-forecast-based ICCs are informative about expected returns in the United States (e.g., Hou
et al., 2012; Li and Mohanram, 2014). However, the extent to which the cross-sectional variation
in ICCs is reliably associated with expected returns in other countries remains an open question.

We fill this void in the literature by providing the first systematic evaluation of ICCs across 29
international equity markets. We also assess the reliability of ex-ante ERPs derived from interna-

tional asset-pricing models in the finance literature.

3We culled from five accounting journals— The Accounting Review, Journal of Accounting and Economics, Journal
of Accounting Research, Review of Accounting Studies, and Contemporary Accounting Research—and from five finance
journals—Journal of Finance, Journal of Financial Economics, Review of Financial Studies, Journal of Financial
and Quantitative Analysis, and Journal of Corporate Finance—all non-methodological ICC papers published between
2005 and 2016. We then determined whether researchers applied ICCs in the U.S. or non-U.S. context and how they
identified the treatment effects of interest empirically (i.e., by leveraging the cross-sectional variation or the time-series
variation in ICCs).



2.2 Sample Selection

Estimating ICCs is a two step procedure: (1) forecasting future earnings and (2) solving the
internal rate of return that equates the current price to the present value of its expected fu-
ture profits based on a particular valuation model. We compute several ICC variants based on
analyst-consensus earnings forecasts, earnings forecasts from three earnings-forecast models, and
four valuation models.

To conduct our empirical analyses, we obtain all available accounting and price data before
the end of 2017 from Compustat (North America and Global) for firms in 29 countries: Australia,
Belgium, Canada, China, Denmark, Finland, France, Germany, Greece, Hong Kong, India, Indone-
sia, Israel, Italy, Japan, Malaysia, Netherlands, Norway, Pakistan, the Philippines, South Africa,
South Korea, Spain, Sweden, Switzerland, Taiwan, Thailand, the United Kingdom, and the United
States. This list represents a set of countries, spanning both developed and emerging markets,
whose capital markets and related institutions have been studied by the international literature in
accounting and finance (e.g., Leuz, Nanda, and Wysocki, 2003; Ang, Hodrick, Xing, and Zhang,
2009; Fama and French, 2012), and for which there is sufficient data—both in cross-section and in
time series—to estimate the set of ERPs considered in the paper.4

To ensure the integrity of our empirical analyses, we perform the following data-cleaning pro-
cedures before estimating ERPs. First, for each country and each month, we eliminate any firm
in the bottom 2 percent of the cross-section in either market capitalization or liquidity to limit
the influence of very small or illiquid firms.® Second, we exclude observations whose stock price
is in the bottom 5 percent of the cross-section or is trading below 1 unit of the home currency.
Third, to ensure the reliability of the cross-sectional estimations and analyses (e.g., the monthly
Fama-Macbeth regressions), we only include monthly cross-sections in each country with at least
100 observations. (In our analysis of analyst-forecast-based ICCs, which is sparsely populated, we
provide results with and without this constraint.) Finally, we convert all variables to U.S. dol-

lars using the reporting-date exchange rate, obtained from Compustat Global’s exchange rate file,

“To identify the country in which a firm’s stock is traded, we rely on the Compustat variables LOC and curcdd,
which specify the country where a company’s headquarters is located and the currency in which the firm reports. We
further verify that the exchange on which a firm is listed, exchg, is a stock exchange in the identified country.

®Following prior research (e.g., LaFond, Lang, and Skaife, 2007), we proxy for a stock’s liquidity using the pro-
portion of zero-return days over the preceding month.



before undertaking any computations.b

2.3 Performance of Analyst-Forecast-Based ICCs

We begin by assessing the performance of analyst-based ICCs—the most commonly used type
of ICCs in international research—across equity markets. We use the median of analysts’ earn-
ings forecasts (see the Appendix for more details) as the “consensus” to compute the four ICC
variants most commonly used in the literature: two based on residual-income model formulations
following Gebhardt et al. (2001) (ICCgrg) and Claus and Thomas (2001) (ICCcr), and two based
on abnormal-earnings model formulations following Easton and Monahan (2005) (ICCpgq) and
Ohlson and Juettner-Nauroth (2005) (ICCag).”

Following prior research (Lyle and Wang, 2015), we assess ERPs’ reliability by examining their
association with subsequent returns using regression-based tests. For each country, we estimate

Fama-Macbeth (FM) regressions of one-month-ahead realized returns on individual ERP estimates

A~

(Et[Rip41]):
Rigv1 = 00+ 01 E[Rigs1] + wiser. (1)

An ideal ERP would yield §; = 1. More generally, a positive and significant §; implies positive
return-sorting ability on average, or that the cross-sectional differences in the ERP are directionally
consistent with the differences in expected returns. It is a minimally sufficient criterion for a reliable
ERP that we focus on in this paper.®

To conduct these regression tests using ICCs, we convert each ICC (from model k) into an

SWe convert fundamental data using the fiscal-end-date exchange rate; for price data, we use the exchange rate
at the end of the month.

"The Appendix details the mathematical formulation for each valuation model. We follow Li and Mohanram
(2014) in the empirical implementation of the valuation models with one exception: in our implementation of the
GLS model for countries other than the United States and Canada, we allow each firm’s ROE to fade linearly to the
country-level median ROE instead of the industry-median ROE due to insufficient data for meaningful cross-industry
variation. For firms in the United States and Canada, we fade to the Fama-French-48 industry median ROE.

8Recently, Lee, So, and Wang (2020) proposed a measure of measurement error variance (MEV) for evaluating
ERPs. The main conclusions of our paper are similar when we use this measure. We note that having a positive slope
coefficient is a useful pre-condition for comparing ERPs’ MEVs. In theory, it is possible for ERPs with positive and
negative slopes to produce the same MEVs. Thus, given two ERPs with the same MEV, one would unambiguously
prefer the one with a positive slope. In this sense, having a positive association with future returns is a minimally
sufficient criterion for a reliable ERP.



expected monthly return estimate as follows:

ICCy, = (RECOY/12, (2)

where Ricc

is the annualized gross implied cost of capital. Following prior literature, we mitigate
potential measurement errors in ICCs in two ways. First, we truncate ICC values at 0 and 1.
Second, we construct composite ICCs by averaging the four ICC variants for each firm at the end
of each month (Mohanram and Gode, 2013). In cases where one or more of the four constituent
ICCs are unavailable, we follow Hou et al. (2012) and compute the composite ICC as the average
of those available.

Table 2 reports the results of these country-level FM regressions. We report (here and in subse-
quent analyses) ¢t-statistics based on Newey and West (1987) heteroskedasticity- and autocorrelation-
robust standard errors.” We make two key observations about the estimation results. First, analyst-
forecast-based ICCs are very sparsely populated internationally due to limited analyst coverage of
firms. In our sample, on average, only 26% of the observations in a (non-U.S.) cross-section have
sufficient data from I/B/E/S to produce analyst-based ICCs. The sparsity of analyst-based ICCs
persists over time: in 2017, the last year of our sample, on average, only 29% of the observations
in a (non-U.S.) cross-section has analyst-based ICCs. Second, the performance of analyst-forecast-
based ICCs is not robust across markets: Table 2, columns 2 and 3, show that they are positively
and significantly (at the 10% level) associated with subsequent returns in less than half of the
countries we examine (12 out of 29).

To increase FM coeflicients’ reliability, we also implement a version of the regression-based tests
that excludes very small cross-sections. To be included in the test, we require a cross-section to
have at least 100 observations (a requirement we impose on all subsequent tests of other ERPs).
Eight countries drop out entirely because they do not contain any cross-section with at least 100
observations of analyst-forecast-based ICCs, a symptom of the sparsity of these ERPs. Of the
remaining 21 countries, less than half of the countries (10 of 21) exhibit a positive and statistically

significant association with subsequent returns. Like prior research, we find that analyst-based

Following Newey and West (1994), we specify a maximum lag length to be m(T) = floor[4(T/100)*°]. As we
have a total of T'=407 months of data, our heteroskedasticity- and autocorrelation-robust standard errors specify a
5-month lag. Our inferences are virtually identical when we specify a 12-month lag as an alternative.



ICCs do not exhibit a positive association with subsequent returns in the United States.

Finally, we note that the association between analyst-forecast-based ICCs and subsequent re-
turns mainly come from countries in the Asia-Pacific region. Of the ten countries that exhibit a
positive and significant coefficient in column 5, 9 of them come from the Asia-Pacific. Switzerland
is the sole exception, with a slope coefficient that is positive and significant at the 10% level. Gen-
erally, in North American and European countries, where many non-methodological ICC papers
are based, analyst-forecast-based ICCs do not exhibit a systematic and positive association with

subsequent returns.°

2.4 Performance of Model-Forecast-Based ICCs

To overcome the sample-size and performance limitations of analyst-forecast-based ICCs, re-
searchers can compute ICCs using model-based forecasts of earnings. Recent studies show that
cross-sectional annual earnings-forecasting models (i.e., Hou et al., 2012; Li and Mohanram, 2014),
estimated using firm characteristics, improve the availability and reliability of ICCs in the U.S. (the
Appendix details the empirical formulation of each forecasting model.) These forecasting models
are especially attractive in international settings due to analyst earnings forecasts’ relative paucity
in the cross-section and time-series data for a given firm in markets outside the United States.

Thus, we complement the previous analyses by examining the performance of model-forecast-
based ICCs. We implement the model proposed in Hou et al. (2012) (“HVZ”) and the two models
introduced by Li and Mohanram (2014): the “EP” model based on the persistence of earnings and
the “RI” model derived from assumptions about residual-income dynamics.

The calibration of these earnings-forecast models requires historical firm-level financial data. In
June of each calendar year, we estimate each model using the prior four years’ data; we then make
out-of-sample earnings forecasts for three years. Consequently, seven years of historical data for

each country are required to generate the first set of three-years-ahead earnings forecasts.!!

10T the Online Appendix we separately examine the performance of individual analyst-forecast-based ICC models
across countries. Generally speaking, we find that the residual-income based models (ICCgrs and ICCecr) per-
form significantly better than the abnormal-earnings based models (ICCprc and ICCa¢q). For example, ICCqrs
(ICCcr) exhibit positive and significant slope coefficients for 15 (13) out of the 29 countries, whereas ICCag
(ICCpEc) exhibits positive and significant slope coefficients for only 7 (6) countries. As with our primary analyses,
the positive associations between individual analyst-forecast-based ICC variants and subsequent returns are mostly
in Asia-Pacific countries.

"1i and Mohanram (2014) uses a rolling ten-year window to estimate the regressions and create forecasts up to
five years ahead, requiring 15 years of historical data to generate the first set of projections. Given that some of the

10



We then use earnings per share forecasts from each model as inputs in the computation of
1CCqars, ICCor, ICCpEra, and ICCag. We truncate each ICC variant at 0 and 1 and com-
pute a composite ICC at the end of each month. Jointly, we examine three different composite
model-forecast-based ICC estimates, based on the three types of earnings forecasts used as inputs:
I1CCyhyvz, ICCRr, and ICCEp.

The model-forecast-based ICCs are available in equity markets worldwide for a significantly
more extensive set of firms than analyst-forecast-based ICCs. On average, across our sample, 60%
of the observations in a non-U.S. cross-section has sufficient data to produce model-forecast-based
ICCs, more than double that of analyst-based ICCs. In 2017, the most recent year of our data, on
average, 70% of the observations in a non-U.S. cross-section has a model-forecast-based ICC.

Table 3 reports the results of these country-level FM regressions on a sample for which all three
composite ICC estimates—constructed using the HVZ, RI, and EP earnings forecast models—are
available. Consistent with prior research (Hou et al., 2012; Li and Mohanram, 2014), we find that
all three ICC estimates are positively and significantly (at the 5% level) associated with realized
U.S. returns.

However, the predictive ability of ICCs diminishes dramatically outside of the United States.
Of the three ICC variants, HVZ performs best. However, it is positively and significantly associated
with future returns in only five non-U.S. countries, all of which are again in the Asia-Pacific region.
RI and EP perform significantly worse: each is positively and significantly associated with returns
in only one country (Malaysia in both cases). Moreover, all three ICC estimates exhibit negative
and significant associations with returns in several countries outside the U.S., further highlighting
the lack of reliability of this class of ERPs across equity markets.!?

Overall, our empirical analyses suggest that ICCs are not a generally useful class of ERPs for

researchers interested in international research. Analyst-forecast-based ICCs are sparsely populated

countries in our sample possess less than 15 years of data, we opt for a less stringent training sample.

12 As with the analyst-based ICCs, the Online Appendix reports the performance of individual mechanical-forecast-
based ICC models. Across the board, ICC variants based on HVZ generally perform better. RI and EP forecasts seem
to deteriorate performance for abnormal-earnings based ICCs in particular. Interestingly, within the HVZ-based ICC
variants, we do not observe a big difference in performance between residual-income based models and abnormal-
earnings based models. For example, GLSuvz (CTuvz) exhibit positive and significant slope coefficients for 10 (12)
countries outside the U.S., whereas AGuvz (PEGmvz) exhibits positive and significant slope coefficients for only
8 (11) countries outside the U.S. In summary, although mechanical-based ICCs can be computed for a significantly
more extensive set of firms internationally, mitigating the sparsity problem presented by analyst-based ICCs, at best
mechanical-based ICCs are reliable in only a third of the international markets we examine.
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due to limited analyst coverage and are not robustly associated with future returns across markets.
Model-forecast-based ICCs are well-populated for a significantly more extensive set of firms, but

they are also not robustly associated with future returns across markets.

2.5 Performance of Factor-Model-Based ERPs

Given the limitations of ICCs internationally, we also assess the performance of an alternative
available to researchers: ex-ante ERPs derived from factor-based international asset-pricing models
in the finance literature. In particular, we estimate firm-level ERPs based on the regional version
of the Fama and French (1993) three-factor model and the regional five-factor model examined in
Fama and French (2017). These models rely on regional factor returns formed using portfolios that
encompass 23 countries in four regions: North America (the United States and Canada), Japan,
Asia Pacific ex-Japan (Australia, New Zealand, Hong Kong, and Singapore), and Europe (Austria,
Belgium, Denmark, Finland, France, Germany, Greece, Ireland, Italy, the Netherlands, Norway,
Portugal, Spain, Sweden, Switzerland, and the U.K.).!3

Constructing factor-based ERPs requires the estimation of firm-specific factor loadings, using
factor returns from the relevant region (i.e., following the assignment of Fama and French, 2015),
and the estimation of expected future factor returns. Our implementation of the five-factor-based

ERPs is as follows:

~

EiRis+1] = Rfi+iprurrERMRFy 1] + 4ipsmpESM By 1] (3)

i p M LB HM Ly 1] + Yip e w B [ RM Wy 4 1] + Ao AB [CM Ay 4]

Here B [RMRF, 11, Bt[SM By sy1], Bt[HMLy;11], B([RMW, 1], and E[CMA, ;1] represent
the expected market, size, value, profitability, and investment factor returns, respectively, in region
p, which we estimate based on the trailing average 40-month realized factor returns. 4;, ; represents
the factor-j loadings for a firm in region p, estimated in time-series for each firm ¢ using monthly

stock and factor returns over the 40 months prior to the forecast date. U.S. treasury yields are used

13Regional monthly factor returns, denominated in U.S. dollars, are obtained from Ken French’s data library: http:
//mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. We assign China, India, Indonesia,
South Korea, Malaysia, Pakistan, the Philippines, Taiwan, and Thailand to Asia Pacific ex-Japan. We assign all
other countries examined in this paper to Europe.
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as a proxy for risk-free rates, Ry. The three-factor model uses the market (RMRF), size (SMB),
and value (HML) factors only. We winsorize all factor-based ERPs at the top and bottom 1% of
the cross-sectional distribution within each country.

We report the evaluation results for the three- and five-factor-based ERPs, using country-level
FM return regressions as before, in Table 4. None of the factor-based firm-level ERPs exhibit a
positive and significant association with subsequent returns in any of the 29 countries. In fact, in
many countries, the factor-based ERPs exhibit negative and significant associations with subsequent
returns. In untabulated results, we find very similar results when evaluating the performance of
ERPs constructed using global three- and five-factor models (Fama and French, 2015, 2017).

Overall, factor-based ERPs perform poorly and are unreliable across all of the markets we ex-
amine. These findings are consistent with the argument of Fama and French (2017) that estimation
challenges in factor models make them less amenable to yield reliable estimates of firm-level ex-
pected returns. Together with our analyses of ICCs, this section’s findings suggest that researchers
interested in international research cannot generally rely on the prevailing methods for estimating

expected returns offered by the accounting or finance literature.

3 Log-Linear Present-Value-Based ERPs Around the World

The lack of ERPs that perform reliably outside the United States represents a significant void
in the sizeable literature that seeks to examine the effects of economic and firm-level policies on
expected returns internationally. This section introduces the class of log-linear present-value-based
(LPV) ERPs (Lyle and Wang, 2015; Chattopadhyay et al., 2021) and adapts them for application
across equity markets around the world. We show that these ERPs offer a reliable alternative:
they are positively and significantly associated with future returns across all of the markets that
we examine and largely subsume the predictive ability of other characteristics considered in the

asset-pricing literature.

3.1 LPV ERPs: A Characteristics-Based Framework

LPV ERPs are derived using the (log-linear) present-value relation between a firm’s current

stock price and an accounting valuation anchor and its expected future growth. As shown in Chat-
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topadhyay et al. (2021), this relation can be derived from two plausible assumptions about the
accounting valuation anchor and about market prices: (1) that the anchor carries value-relevant
information, and (2) that the expected growth rates in market prices and the anchor are persistent
and mean-reverting.'* The first assumption is consistent with the design of accounting systems,
which are in place to provide stakeholders with value-relevant information. The second assumption
is broadly consistent with prior research showing that expected returns (Campbell, 1991; Van Bins-
bergen and Koijen, 2010; Péstor and Stambaugh, 2012) are mean-reverting and with the intuition
that growth in accounting values (e.g., the book value of equity or total assets) cannot be expected
to remain indefinitely high or low.

Using the book value of equity—a natural accounting counterpart of the market value of equity—
as a valuation anchor in the LPV analytical framework leads to the following expected (log) return

(Et [’f‘z‘ﬂg_’_l]) relation:

Ei[ritt1] = Aio + Ain X bmy s + A2 x Ei[roe; s41], (4)

where 7; ;41 represents firm ¢’s log of gross returns over ¢t + 1, bm;; is the log book-to-market ratio
at time ¢, and roe; 111 is the log of gross return on equity over ¢+ 1.1 The intercept and coefficients
(Ai1 and A; ) are constants whose values are functions of the persistence of expected growth rates
in market and book values; A;; and A; 5 are predicted to be positive (Chattopadhyay et al., 2021).
For purposes of this paper, we do not focus on the functional form of these coefficients.

The intuition for why such an accounting-based model might provide information about ex-
pected returns resides in the present-value relation between prices, expected future payoffs, and
expected returns. Accounting fundamentals and their expected growth (e.g., book values and ex-
pected profitability) provide information about expected future payoffs, while prices provide infor-

mation about how the market discounts these payoffs. Thus a combination of market values, book

4The log-linear present-value relation derived in Chattopadhyay et al. (2021) is similar to the derivation presented
in Vuolteenaho (1999), Vuolteenaho (2002), and Lyle and Wang (2015), with a valuation equation similar to the
popular residual income model of Ohlson (1995). However, it relies on a less restrictive set of assumptions and allows
for a variety of accounting valuation anchors. For example, Chattopadhyay et al. (2021) shows that LPV ERPs can
be formed as a linear combination of the price to sales multiple and expected growth in sales; it also explains how
the framework can be adapted for the expected returns on the enterprise, as a linear combination of Tobin’s Q and
expected growth in total assets.

5 Throughout the paper, we follow the common convention in the literature (e.g., Bansal and Yaron 2004; Campbell
1993; Cochrane 2001) of using lower case variables to log values and upper case variables to denote unlogged values.
For example, we denote gross simple returns in period ¢ + 1 as R;;+1 and log returns as r;¢+1 = log(Ri ¢141)-

14



values, and expected profitability helps to reveal expected returns. The coefficients {A; o, Ai 1, Ai2}
in Eq. (4) provide a (log-linear) mapping from market values and accounting data to expected re-
turns.

To translate Eq. (4) into a model that can be estimated to produce ERPs, following Lyle and
Wang (2015), we approximate E¢[r; ;11] with one-month-ahead realized returns (r; ;1) and assume
that expected roe follows an AR(1) process. These yield the following estimable equation relating

one-period-ahead realized returns to current bm ratios and roe:

Titt1 = Bi1 + Big X by + Biz X roe; s + Gyt (5)

Eq. (4) suggests that, conditional on bm, any variable that explains expected future roe should
also explain expected stock returns and should thus be included in the model. Therefore, Eq. (5)
in essence applies a simplifying assumption that expected future roe can be well approximated by

current roe.

3.2 Correcting for Stale Fundamentals in International LPV ERP Estimation

Estimating fundamentals-based ERPs (such as LPV ERPs) across equity markets entails signif-
icant empirical hurdles arising from differences in reporting standards and data availability. Within
our sample period, mandatory interim reporting is inconsistent across countries and even within
some countries (e.g., Link, 2012), but all markets require annual reporting. Thus, uniformity and
consistency in estimation (and comparison) of ERPs necessitate the use of fundamental data from
annual financial reports.'® One ramification of this approach is that expected returns estimated at
any point in time rely on stale fundamental data. In other words, econometricians interested in es-
timating E; [r; +11] using Eq. (5) lack the necessary data—>bm, ¢ or roe; ;—and instead must observe
approximations drawn from the most recent annual reports. Because markets tend to continuously
update their beliefs about firm fundamentals, estimating LPV ERPs in such a uniform way across
markets could create substantial measurement error.

We implement a simple correction for the use of stale fundamentals data: inclusion of lagged

monthly returns. The intuition for this correction is that any updates to a firm’s fundamentals,

8Tn our international sample, only 58% have quarterly reports.
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such as book value or expected profitability, would be reflected (at least in part) in its returns.
Inclusion of the firm’s lagged returns since its most recent annual report would, in effect, update
book value and expected roe to t, attenuating the measurement-error problem. Our approach here
is consistent with the well-established empirical observation from prior literature—that returns
tend to carry information about future accounting fundamentals (Beaver et al., 1980; Collins et al.,
1994; Guay et al., 2011).

Consistent with this intuition, Chattopadhyay et al. (2021) shows that the inclusion of lagged
returns can be analytically derived from the LPV framework. To provide a sketch of how this
correction arises in the LPV framework, note that if at time t the available accounting data were
issued at ¢t — 7 and expected returns followed an AR(1) process (41 = pi + Ki(fie — i) +&ie1),

next-period stock returns will be related to the available data as follows:

-
Pig1 = Ee[rior1] + i1 = pa + 5] (ig—r — p1s) + Z Kl € 1 i (6)
j=1

Here, pjt—r = E¢— 7 [T‘M,TH] is the expected return that investors can compute using t—7 accounting
data. p;, i, and & ; represent the long-run mean, persistence, and shocks to expected returns
respectively. Notably, the Z]T-Zl Rz—_j &it—j+1 term represents a weighted moving average, which can
be interpreted as autocorrelation in stock returns, conditional on p;;—,. A standard econometric
approach for removing autocorrelation in the data is to include lagged variables (Wooldridge, 2010).
More formally, Chattopadhyay et al. (2021) shows that the inclusion of lagged returns represents

an optimal solution to the stale-data problem in a Bayesian setting.
To apply this correction, we need to choose the number of lags in stock returns to include. Our
choice is based on the frequency with which firm fundamentals are updated, typically every 12
months for annual reporting. Thus the stock-return equation we use to estimate expected returns

takes the form:
12
ritr1 = Bi1 + Bia X bmyy + Bi3 X roe;y + Z QT t—j+1 + Cijt41- (7)

j=1

The fundamentals bm;; and roe;; at forecast time ¢ uses the most recently available accounting

values reported in Compustat, where we assume that accounting information becomes available
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four months after the fiscal-year end. In constructing bm;;, we measure market value at the end
of the same month when the latest accounting information becomes available.

Our expected monthly LPV ERPs are obtained by first estimating Eq. (7) via FM regressions
at the country level and then applying the FM coefficients available as of the forecast date on
contemporaneous firm characteristics. Technically, the measurement-error correction should differ
across firms, depending on the timing of financial reports, and across forecast dates. For example,
a forecast made k£ months after the accounting report is available should include k lags of realized
monthly log returns. However, allowing for dynamic firm-specific corrections in every country
would be infeasible. For tractability, therefore, we uniformly include 12 lags of realized log returns
in our baseline LPV ERP model at all forecasting dates. Finally, to ensure stability in the FM
coefficients, we use a training (or burn-in) sample consisting of 40 months in each country, after

which out-of-sample forecasting and testing begin.

3.3 International Performance of LPV ERPs

Following the approach described in Section 2, we evaluate these ERPs using the regression-
based framework of Eq. (1). For each country, we estimate FM regressions of one-month-ahead (log)
returns on the ERPs, which are winsorized at the top and bottom 1 percent of the within-country
cross-sectional distribution to reduce the influence of outliers.

The results of these FM return regressions are reported in Table 5. Columns 1 and 2 report
the performance of a “baseline” LPV ERP, derived from Eq. (5) similar to the original approach
of Lyle and Wang (2015). These ERPs are estimated using only bm and roe and do not apply
the measurement-error correction, and they are subject to the issues arising from the use of stale
accounting data. These ERPs generally perform well across markets. In 25 of the 29 countries, the
benchmark ERPs exhibit positive and significant coefficients at the 5% level. In 23 countries, the
slope coefficient’s statistical significance is at the 1% level. In three countries—Greece, Pakistan,
and South Africa, the slope coefficient is statistically indistinguishable from 0 at the 10% level.

Next, columns 3 and 4 report the performance of the “augmented” LPV ERPs, derived from
Eq. (7) and incorporating the staleness correction. These ERPs perform exceptionally well across
equity markets. The slope coefficients are positive and statistically significant at the 5% level for

28 of 29 countries and the 1% level for 26 countries. Greece is the only country where the slope
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coefficient is statistically indistinguishable from 0 at the 10% level. In general, not only are the
slope coefficients of the augmented ERPs statistically significant in a greater number of countries,
but they also yield larger t-statistics.

To further examine the extent to which the augmentation improves the performance of the
ERPs, Table 6 reports a comparison of the R? from FM return-regressions produced by the baseline
(columns 1 and 2) and augmented (columns 3 and 4) LPV ERPs.'7 Specifically, columns 5 and 6,
Table 6, show that the augmented LPV ERP yields R?s that are statistically significantly larger
for a vast majority (24 of 29) of countries.

These findings are consistent with the stale accounting information introducing measurement
errors and the correction mitigating those errors. To further understand the stale data issue and
the correction proposed in this paper, in Table 7 we analyze the differences between quarterly-
fundamentals-based and annual-fundamentals-based LPV ERPs. To do so, we create a baseline
and an augmented version of the LPV ERP using quarterly fundamentals, using a subsample of
our international firms with quarterly filings and meeting our sample requirements. Then, we
perform a common-sample pairwise comparison between these quarterly-based variants and their
annual-fundamentals-based counterparts.

We find that the baseline quarterly-fundamentals-based LPV ERP perform significantly better
than their annual-fundamentals-based counterparts. For example, quarterly-fundamentals-based
LPV ERPs produce R?s that are significantly larger in 76% of the countries in this subsample, sug-
gesting that stale accounting data have a significant impact on LPV ERP performance. Moreover,
we find that the degree of this improvement from the correction is positively associated with the
extent of the staleness problem, suggesting that the inclusion of lagged returns is consistent with a
correction for stale fundamental data. For example, within the quarterly-fundamentals subsample,
the staleness correction statistically significantly improves the performance of annual-fundamentals-
based LPV ERP in about 60% of the countries. In contrast, the staleness correction statistically
significantly improves the performance of quarterly-fundamentals-based LPV ERP in only about
20% of the countries. Finally, we find that augmenting the annual-fundamentals-based LPV ERPs

brings its performance close to the baseline quarterly-fundamentals-based LPV ERPs.

1"We thank an anonymous referee for suggesting the comparison of FM predictive regression R?s. Since our ERPs
are on average positively correlated with future returns, these results suggest that the augmented LPV ERPs exhibit
more positive correlations with future returns and, in this sense, exhibit greater predictive power.
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Overall, we show that LPV ERPs perform well across equity markets, particularly in comparison
to ICCs and factor-based ERPs. Our analyses also suggest that lagged returns lead to a significant
improvement over the Lyle and Wang (2015) benchmark and is consistent with a correction for the
use of stale accounting data. Although ours is not the first paper to document that prior returns are
related to future returns, we provide an analytically-grounded and internally consistent approach
to incorporating lagged returns in accounting-based expected returns. Moreover, we provide novel

evidence on the utility of lagged returns for forecasting returns across international markets.

4 LPV-Based Expected Simple Returns

Although highly suggestive, the findings of the prior section—based on expected log returns—
are not strictly comparable to the performance of ICCs and factor-based ERPs (Tables 2, 3, and
4), which are estimates of expected simple returns. More importantly, expected simple returns are
often the construct of interest in most research settings. This section describes how to apply the
LPV model to estimate expected simple returns and evaluates their empirical performance across
markets. It provides a pairwise common-sample comparison of LPV ERPs and ICCs as proxies
for expected simple returns. Finally, it examines the robustness of the LPV-based expected simple

returns by assessing the incremental importance of additional characteristics.

4.1 Estimating Expected Simple Returns within the LPV Framework

Using the LPV framework to derive expected simple returns proxies requires a higher moment
adjustment, because simple returns are a non-linear transformation of log returns. This issue is
well known, and a common adjustment is to add half of stock return variance to log returns.'®

Applying this adjustment to Eq. (4) yields the following equation for expected simple returns:

Ei[Ri41] = Aio+ Aix X by + Ao X Eifroe; 1] + Aiz X Vargr; 41], (8)

18This relation is exact in continuous time and can be derived in discrete time from a second-order Taylor expansion
of Riy1 = exp(ri41) around r¢441 = 0, or from assuming that simple returns are log-normally distributed; it is
commonly used in the finance literature to relate log returns to simple returns (e.g., Campbell, 1993; Bansal and
Yaron, 2004).
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where R; ;11 is simple returns over ¢ + 1 and Var[r; +1] is the variance of log returns. When we
combine this conversion with Eq. (5) and the staleness correction proposed in the prior section, the

stock return equation we use to estimate expected simple returns takes the form:

12
Ripyr = Bin + Biz X bmiy + Big X roeis + Bia X varig + Y irip—ji1 + Giort, (9)

j=1

where var;; is a proxy for Vary[r;s11], computed as the mean of firm i’s squared daily log returns
over month ¢. The remaining steps of expected return estimation are unchanged. We estimate
Eq. (9) via OLS for each cross-section to obtain the coefficients on firm characteristics. To form
expected simple returns at time ¢, we apply the time-series mean of each estimated coefficient,
averaging over all available estimated coefficients as of ¢, to a firm’s time-t characteristics.

Table 8 reports the performance of the LPV expected simple returns estimate. Columns 1 and
2 report the slope coefficients and their t-statistics from FM return regressions. Like the prior
section’s results using log returns, we find that the LPV ERPs are positively and significantly
associated with future simple returns for 26 of 29 countries. For 25 countries, the slope coefficient
is statistically significant at the 5% level, and for 22 countries, the slope coefficient is statistically
significant at the 1% level. Columns 3 and 4 report the R?s and their ¢-statistics from FM return
regressions. In all of the countries, R?’s are significantly different from zero. They suggest that the
LPV expected simple return estimates explain a significant proportion (between 1% to 3%) of the
cross-sectional variation in monthly realized returns. Overall, these findings show that the LPV
framework yields proxies for expected simple returns that are reliably associated with future simple

returns across equity markets.

4.2 Comparing LPV-based Expected Simple Returns and ICCs

Having derived LPV-based expected simple return, we now compare their performance to
analyst-forecast-based and model-forecast-based ICCs in a common-sample analysis. Table 9 re-
ports the country-level pairwise comparisons between the LPV-based expected simple return proxy
and each of the four ICC variants examined previously: the analyst-based ICC (ICC4) and the
three model-forecast-based ICCs (ICCpvyz, ICCRr, and ICCgp). Specifically, the table reports

the mean difference in FM return-regression R?s and their t-statistics, using the subsample with

20



non-missing ERPs values for each pairwise comparison.

Our findings show that the LPV-based expected simple return proxy systematically outperforms
ICCs. In 97% of cases (113 of 116), the LPV ERP produces R?s that are larger than those produced
by ICCs, and in 80% of those cases (90 of the 113), the positive R? differences are statistically
significant. Specifically, the LPV ERP significantly outperforms: 1CC4 in 19 countries, ICCryz
in 22 countries, IC'Cgy in 25 countries, and ICCgp in 24 countries.

In addition to its more robust association with future returns across equity markets, LPV-
based expected simple returns are also relatively well-populated in the international sample. For
the median non-U.S. cross-section in our sample, 62% of the observations have sufficient data to
produce LPV ERPs, a significant increase relative to the 29% with analyst-forecast-based ICCs.
This advantage of LPV ERPs seems to increase over time. In 2017, the most recent year of our
data, for the median non-U.S. cross-section, 68% of the observations have LPV ERPs compared to
28% with analyst-forecast-based ICCs. Together, our analyses suggest that LPV ERPs represent a
promising alternative to ICCs for researchers studying the impact of firm- or country-level policies

on expected returns in non-U.S. contexts.

4.3 The Roles of Additional Predictors

The above analyses suggest that a fundamentals-based ERP derived from the LPV framework,
based on bm and roe, is a reliable predictor of future returns across equity markets. Nevertheless,
these proxies may still contain significant measurement error, either because the model provides
an incomplete description of expected returns or because our implementation of the framework
neglects potentially essential characteristics (e.g., for forecasting future ROE). Indeed, many other
firm characteristics have been shown by the accounting and finance literature to be associated
with future returns on average (see, e.g., Green et al., 2017, for a review). To the extent that
substantial measurement error remains, enhancing the book-value-based LPV model with additional
characteristics should lead to a systematic improvement in LPV ERPs’ performance.

To complete our evaluation, we assess the extent to which incorporating other firm character-
istics improves the performance of LPV ERPs. To do so, we construct variants of the LPV-based
expected simple returns by incorporating additional characteristics to Eq. (9). Then, we analyze

how the R2s of these “characteristics-enhanced” LPV ERPs change relative to the prior LPV-based

21



expected simple returns (in Table 8). Table 10 reports the mean differences in FM return-regression
R?, and their t-statistics, between those produced by the original and the characteristics-enhanced
LPV-based expected simple returns. A negative and significant AR? suggests that the additional
characteristics improve the performance of the LPV ERP. In contrast, a positive and significant
AR? suggests that additional characteristics add noise to the LPV ERP.

We begin by incorporating the set of characteristics that Green et al. (2017) finds to be incremen-
tally informative of expected returns in the U.S. and for which we have data internationally. That
is, we add to the estimation of Eq. (9) an additional ten characteristics computed from Compus-
tat: CASH, CHMOM, CHNANALY ST, MOM1M, RD_MVE, RET VOL, STD_DOLVOL,
STD_TURN, TURN, and ZEROTRADE.' Columns 1 and 2 (GHZ), of Table 10 suggest that
the incorporation of these ten characteristics do not systematically improve the performance of our
LPV-based expected simple return. In 24 countries, we find that adding these characteristics de-
crease the FM return-regression R?s. In most countries (17 of 29), we find a statistically significant
deterioration from incorporating these additional characteristics. In only two countries (Malaysia
and Thailand), we find a statistically significant improvement from incorporating these additional
characteristics.

As an alternative, we incorporate into Eq. (9) five additional characteristics that Lewellen (2015)
uses for constructing ERPs and that are easily computed for our international sample: size, MOM,
ACCRUAL, ag, and ROA.2° Columns 3 and 4 (Lew), Table 10 suggest that the incorporation of
these five characteristics also does not systematically improve the performance of our LPV-based
expected simple returns. In 19 countries, we find that adding these characteristics lowered the
FM return-regression R?s. In five countries, we find the deterioration from incorporating these
additional characteristics to be statistically significant. In four countries (Greece, Hong Kong,
Malaysia, and the Philippines), we find a statistically significant improvement from incorporating
these additional characteristics. For the vast majority of countries (20 of 29), we do not find that the
inclusion of these five characteristics leads to statistically meaningful differences in the performance

of the LPV-based expected simple returns.

Y¥Two of the 12 variables that Green et al. (2017) documents to contain incremental information about expected
returns in the U.S. are not available for our international sample and are thus absent from this analysis. The Appendix
details all the additional characteristics we consider.

20These are the characteristics in the best-performing ERP variant Lewellen (2015) examines.
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Another alternative we consider incorporates into Eq. (9) the above two sets of characteristics
jointly: the 10 characteristics from Green et al. (2017) and the five characteristics from Lewellen
(2015). Columns 5 and 6 (Full), Table 10, finds that the incorporation of these 15 characteristics
does not systematically improve the performance of our LPV-based expected simple return. Instead,
it appears to systematically add noise, consistent with the notion that adding more variables to a
regression model leads to overfitting and hinders out-of-sample performance. In 25 countries, we
find that adding these characteristics lowers the FM return-regression R?s. In 17 countries, we find
the deterioration to be statistically significant. These additional variables statistically significantly
improve ERP performance in only one country (Malaysia).

A final alternative we consider takes a “kitchen sink” approach in incorporating characteristics.
Specifically, we add a total of 74 additional characteristics to the estimation of Eq. (9): in addition to
the 15 characteristics considered above, we collect an additional 59 characteristics that Green et al.
(2017) examines and are broadly available in Compustat Global’s annual fundamental database.?!

Columns 7 and 8 (Kitchen Sink), Table 10, finds that the incorporation of these additional 74
characteristics does not systematically improve the performance of our LPV-based expected simple
returns. Like the results in columns 5 and 6, incorporating a broad set of characteristics adds
noise. In 28 countries, we find that adding these characteristics lowered the FM return-regression
R?s. In 25 countries, this deterioration is statistically significant. These additional variables do not
significantly improve ERP performance in any country.??

In the aggregate, Table 10 shows that in 83% of cases (96 of 116), the LPV-based expected simple
returns produce R2s that are larger than those produced by the characteristics-enhanced variants.
In 67% of those cases (64 of the 96), the positive R? differences are statistically significant. In only
7% of cases (7 of 116), the inclusion of additional characteristics yields statistically significant R?
improvements.

To summarize, the LPV framework has the advantage of both specifying a linear functional-form

21'We identify and compute these variables by adapting the SAS code provided on Jeremiah Green’s website
(https://sites.google.com/site/jeremiahrgreenacctg/home) to Compustat Global’s annual fundamentals file.
We exclude all characteristics that: require variables that do not appear in Compustat Global’s annual file (the basis
of our LPV ERP estimation) or require earnings announcement dates, which are not available in the global sample.
We also exclude any characteristics that are entirely missing (have null values or a value of 0) for the global sample.
This process results in an additional 59 characteristics. Among these remaining characteristics, we replace missing
values with cross-sectional (country and year-month) averages, following Green et al. (2017).

22We reach similar conclusions using the measurement-error variance measure recently proposed by Lee et al.
(2020).
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relation between expected returns and firm characteristics and providing theoretically-grounded
guidance on which characteristics could be informative about expected returns. To the extent that
the parsimony of the LPV framework results in measurement error, the results in Table 10 suggest
the inclusion of additional firm characteristics do not systematically resolve these measurement
errors. These findings favor the parsimonious approach of the LPV framework. Moreover, they
affirm the conclusion of Green et al. (2017) that, in a multivariate setting, only a small number of

characteristics provide incremental information about expected returns.

5 Conclusion

We provide the first large-scale assessment of ERPs across 29 markets around the world. Exist-
ing common proxies for expected returns—ICCs and factor-model-based ERPs—are not generally
useful to researchers either because they are sparsely populated or unreliable internationally. We
provide an alternative approach that is analytically grounded and empirically robust.

The LPV framework produces ERPs that are available for a broad section of firms and reliably
associated with future returns across markets. Our analyses not only point to the usefulness of
accounting characteristics in expected returns but also provide a framework for understanding which
characteristics should matter and how (i.e., their functional form).

The empirical findings of this paper open up several avenues for future research. For exam-
ple, researchers can examine how institutional or incentive differences across markets could explain
why analyst-based ICCs generally perform better in Asia-Pacific markets. The relatively poor per-
formance of model-forecast-based ICCs outside of the United States suggests an opportunity to
develop earnings-forecast models for international contexts. Finally, future research can build on
the LPV framework to better understand its performance in various economic contexts and develop
a more comprehensive theory for the appropriateness of alternative accounting valuation anchors.
Advancing understanding of these aspects of the longstanding expected-return measurement prob-
lem will offer novel insights into how market valuations and expected returns relate to accounting

data.
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Appendix: Description of Variables

This table describes and defines the variables used in the computation of various ERPs, including the variables
used in earnings-forecast models that produce inputs for the computation of ICCs. All variables are obtained from
Compustat North America or Compustat Global; non-U.S. fundamental data are converted to U.S. dollars using
Compustat’s exchange-rate file. The variables are listed by groups and in alphabetical order within group. We also
include descriptions of the valuation and earnings-forecast models used in computing ICCs.

Variable

Description

Computation

Al. Description of ICCs (Tables 2-3)

Valuation Models

L B[l 44-] — (Re — 1) X E¢[By 44r—1]

P;+ =B+ Z [ (Ro)"
ICCarLs R, computed using the model in T=1 €
Gebhardt et al. (2001) LB [Fi,e412] = (Re = 1) X Et[Bi,1411]
(Re — 1)(Re)*?
3. Ey[li t4r] — (Re — E¢[Bi tqr—
Pir=Bii+ e[l 4] — ( - ;ix t[Bi,t4r—1]
ICCer R. computed using the model in T=1 °
Claus and Thomas (2001) Eelliers]l = (Re = 1) X Ee[Biesal oy
((Re = 1) — g)(Re)?
ICCpec R. computed using the “PEG” R, =1+ I”“Pﬂ
model in Easton (2004) B
I Iip1(Tiq2 + (Re — 1)Dyq1 — (Re)ly41)
ICCoy R. computed using the model = 7z~ * (Ro — 1)(Ro 1) _ T8+ (Re—DDiya—Reliya
in Ohlson and Juettner-Nauroth T2t (Re=D D1 —Relii
(2005)
Earnings Forecasting Models
1CCa Composite ICC using analysts’ Median forecasts for one-year-ahead and two-years-ahead
earnings forecasts earnings as of the end of June each year. When three-years-
ahead earnings are missing, we assume it equals the two-
years-ahead forecast times the consensus long-term growth
forecast. When the long-term growth consensus forecast is
missing, we assume it equals the ratio of two-years-ahead
to the one-year-ahead consensus forecast
, _ E[li.14+] = Bo + B1Ais + BoDiy + BsDD; ¢ + Bal;
ICChvz Composite ICC using the earn- [Fiste4] 60N ﬂll bt 5?4632’R[][3;L it + Palie
ings forecasting model of Hou + s Neg-Lie + o it T €t
et al. (2012)
. . E[I; =Bo+ B1lit + B2Neg_I; + + BaNeg_I; + X I;
ICCry Composite ICC using the “RI” [Fi,t] ﬁOB Arlie Tféo 9-Lie + PsNeg-ie x I
earnings forecasting model of Li +BaBis +Ps it €t
and Mohanram (2014)
ICCEgp Composite ICC using the “EP”  E[l; 11| = Bo+ B1lit + B2Neg-L+ + BsNeg-Li s X It + € ¢

earnings forecasting model of Li
and Mohanram (2014)

A2. Characteristics Used in the Estimation of ICCs, Factor-Based, and LPV-Based ERPs (Tables 2-10)

ACCRUAL

bm

Working-capital accruals

Natural logarithm of book-to-
market ratio

Change in working capital — Depreciation

log(Common equity/ Market capitalization four
months after fiscal-end date)
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Variable Description Computation

R Monthly return Adjusted price/Prior month’s adjusted price
r Natural logarithm of gross log(Adjusted price /Prior month’s adjusted price)
monthly return
roe Natural logarithm of gross re- log(l + Income before extraordinary items/ Prior
turn on equity year’s common equity)
TACC Total accruals Change in common equity — Change in cash & cash
equivalents
N 2
7
var Average squared daily log gross M, where d denotes days and N denotes the

returns, computed over the cur-  ¢otal number of trading days in a particular month
rent month

A3. Additional Characteristics Used in GHZ (Table 10)

CASH Cash and cash equivalents Cash and cash equivalents /Average annual assets
scaled by assets

CHMOM Change in momentum Cumulative returns from months t — 6 to t — 1 — Cu-
mulative returns from months ¢t — 12 to t — 7

CHNANALY ST Change in analyst following Change in NANALY ST fromt—3tot—1

MOMIM 1-month cumulative return R

RD_MVE Scaled R&D expenses R&D expense / Fiscal-end market capitalization

RET_ VOL Return volatility Standard deviation of daily returns from month ¢ — 1

STD_DOLVOL Volatility of trading volume Standard deviation of daily dollar trading volume

STD_TURN Volatility of share turnover Standard deviation of daily share turnover

TURN Average share turnover (Average monthly trading volume from ¢ to t — 2) /
(Shares outstanding at t)

ZEROTRADE Zero trading days Turnover weighted number of zero trading days for ¢

A4. Additional Characteristics Used in Lew (Table 10)

ag Natural logarithm of asset log(Assets/Prior year’s assets)
growth
11
MOM Cumulative returns over the H(Rt*i) — 1, where i denotes months
preceding 12 months i=1
ROA Return on assets Income before extraordinary items / Average annual
assets
size Natural logarithm of monthly log(Price x Shares outstanding)

market capitalization

A5. Additional Characteristics Used in Kitchen Sink (Table 10)

ABSACC Absolute accruals Absolute value of ACCRUALS

AGE Firm age Number of years since first coverage in Compustat
Global

BETA Market beta Estimated market beta from monthly returns and re-
turns of the Fama-French regional market factor for
40 months

BETASQ Market beta squared BET A?
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Variable Description Computation
BM_IA Industry adjusted book-to- Book-to-market — Average book-to-market of the same
market ratio 2-digit SIC industry
CASHDEBT Earnings to liability ratio Income before depreciation and extraordinary items /
Average total liabilities
CASHPR Enterprise value to cash ratio (Fiscal year-end market capitalization + Long-term
debt - Total assets)/Cash and cash equivalents
CFP Cash flow to price Operating cash flow / Fiscal-end market capitalization
CFP_IA Industry adjusted cash flow to CFP — Average C'F P of firms in the same 2-digit SIC
price industry
CHATIOA Industry adjusted sales to total — 2-digit SIC - fiscal-year mean adjusted sales / Average
assets total assets
CHCSHO Percentage change in shares [(Shares outstanding/ Prior year’s shares outstanding)
outstanding - 1] x 100
CHEMPIA Industry adjusted change in Change in number of employees — Average change for
number of employees firms in the same 2-digit SIC industry
CHINV Change in inventory scaled by (Inventory - Prior year’s inventory)/ Average total as-
average total assets sets
CHPMIA Industry adjusted income to (2-digit SIC - fiscal-year mean adjusted change in in-
sales come before extraordinary items) / Sales
CURRAT Current ratio Current assets/ Current liabilities
DEPR Rate of depreciation Depreciation / Gross PP&E
DIVI Dividend payer Indicator equal to 1 if firm pays dividend in the current
year but prior year’s dividend is zero or missing
DIVO Prior dividend payer Indicator equal to 1 if firm paid dividend in the prior
year but current year’s dividend is zero or missing
dolvol Natural logarithm of trading log(Trading volume x Share price), measured in
volume month ¢ — 2
DY Payout to market-cap (Total dividends/ Fiscal-end market capitalization)
EGR Percentage change in book value  [(Current year’s book value/ Prior year’s book value)
- 1] x 100
EP Earnings to price (Income before extraordinary items,/ Fiscal-end mar-
ket capitalization)
GMA Gross profits (Revenue — Cost of goods sold) / Prior year’s total
assets
GRCAPX Percentage change in capital ex-  [(Current year’s capital expenditure/ Prior year’s cap-
penditures ital expenditure) - 1] x 100
GRGW Percentage change in goodwill [(Current year’s goodwill / Prior year’s goodwill) - 1]
x 100
GRLTNOA Growth in long-term net oper- (Current year’s net operating assets/ Prior year’s net
ating assets operating assets)
HERF Industry concentration Sum of squared percentage of total sales, in a 2-digit
SIC industry for a particular fiscal-year, for each firm
HIRE Percentage change in number of [(Current year’s number of employees/ Prior year’s
employees number of employees) - 1] x 100
INVEST Total investments [(Current year’s gross PP&E + Inventory) - (Prior

year’s gross PP&E + Inventory)]/ Total assets
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Variable Description Computation
LEV Debt to market capitalization Total liabilities / Fiscal-end market capitalization
LGR Percentage change in total lia- [(Current year’s total liabilities / Prior year’s total
bilities liabilities) - 1] x 100
MVE_TA Industry adjusted market capi- Fiscal-end market capitalization — Average market
talization capitalization of firms in the same 2-digit SIC industry
for the same fiscal year
NANALY ST Analyst coverage Number of analyst forecasts from most recently avail-
able IBES summary file prior to month of estimation
OPERPROF Operating profit to equity (Revenue — Cost of goods sold — Interest expense) /

PCHCAPX_ITA

PCHCURRAT

PCHDEPR

PCHGM_PCHSALE

PCHQUICK

PCHSALE_PCHINVT

PCHSALE_PCHRECT

PCHSALE_PCHXSGA

PCHSALEINV

PCTACC
PS

QUICK
RD

RD_MVE
RD_SALE
ROIC

RSUP

SALECASH
SALEINV
SALEREC
SGR

Industry adjusted percentage
change in capital expenditures

Percentage change in current ra-
tio

Percentage change in rate of de-
preciation

Difference between growth in
gross margin and sales

Percentage change in quick ratio

Difference between growth in
sales and inventory

Difference between growth in
sales and receivables

Difference between growth in
sales and SG&A

Percentage
SALEINV

change in

Accruals to income

Piotroski score

Quick ratio

Large R&D increase

R&D to market capitalization
R&D to sales

Return on invested capital

Scaled change in sales

Sales to cash
Sales to inventory
Sales to receivables

Percentage change in sales

Shareholder’s equity from prior year

[(Annual change in capital expenditures / Annual
change in average capital expenditure for 2-digit SIC
industry) - 1] x 100

[(Current year’s CURRAT / Prior year’'s CURRAT)
- 1] x 100

[(Current year’s current DEPR / Prior year’s DEPR)
1] x 100

Annual percentage change in gross margin (sale — cost
of goods sold) — Annual percentage change in sales

[(Current year’s current QUICK / Prior year’s
QUICK) - 1] x 100

Annual percentage change in sales — Annual percent-
age change in inventory

Annual percentage change in sales — Annual percent-
age change in receivables

Annual percentage change in sales — Annual percent-
age change in SG&A

[(Current year’s current SALEINV / Prior year’s
SALEINV) - 1] x 100

ACCRUAL / Income before extraordinary items

Sum of 9 indicator variables to form a fundamental
financial health score

(Current assets — inventory) / Current liabilities

Indicator variable equal to 1 if R&D expense as a per-
centage of total assets has increase greater than 5%

R&D expenses / Fiscal-end market capitalization
R&D expenses / Sales

(Annual earnings before interest and taxes — non-
operating income) / (Shareholder’s equity + Long-
term liabilities — Cash and cash equivalents)

(Current year’s sales - Prior year’s sales) / Fiscal-end
market capitalization

Annual sales / Cash and cash equivalents
Annual sales / Total inventory
Annual sales / Accounts receivables

[(Current year’s sales/ Prior year’s sales) - 1] x 100
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Variable Description Computation

SIN Sin Stock An indicator variable equal to 1 if a companys primary
industry classification is in smoke or tobacco, beer or
alcohol, or gaming

SP Sales to price Annual sales / Fiscal-end market capitalization

SPI Special items to total assets Special items / Total assets

TANG Tangible assets ratio (Cash holdings + 0.715 x receivables + 0.547 X in-

ventory + 0.535 x PP&E) / Total assets
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Table 1. Summary of Literature Using ICCs in International Contexts

This table summarizes the papers, published in top accounting and finance journals from 2005 to 2016, that study how managerial, firm, or regulatory policies affect expected
returns in an international context using ICCs. Panel A lists papers published in the following accounting journals: Contemporary Accounting Research, Journal of Accounting
and Economics, Journal of Accounting Research, Review of Accounting Studies, and The Accounting Review. Panel B lists papers published in the following finance journals:
Journal of Corporate Finance, Journal of Finance, Journal of Financial Economics, Journal of Financial and Quantitative Analysis, and Review of Financial Studies. The
rightmost column in Panels A and B describes the research setting, including a summary of the research design. Panel C quantifies international ICC papers as a percentage
of all papers (published since 2005 in the aforementioned accounting or finance journals) about the impact of managerial, firm, or regulatory policies on expected returns using
ICCs. These articles were collated by searching for keywords and citations. Keyword searching entails searching full texts and abstracts in ABI-Proquest, Business Source
Complete, and the archives of each journal for combinations of the terms “implied” and “ex ante” with variations on the term “cost of capital” (e.g., “cost of equity capital,”
“equity cost of capital,” and “risk premium”) and on the term “expected returns.” Citation searching uses Google Scholar to find papers in leading journals that cite the
following methodological papers in the implied-cost-of-capital literature: Botosan (1997), Claus and Thomas (2001), Easton (2004), Gebhardt et al. (2001), Gode and Mohanram
(2003), Ohlson and Juettner-Nauroth (2005).

Panel A: International ICC Papers in Accounting Journals (2005—2016)

Paper Title Journal Citation Setting
Effects of Audit Quality on Earnings Management and Cost of  Contemporary  Accounting Chen, Chen, Lobo, and Wang China; panel regressions with year and industry-fixed
Equity Capital: Evidence from China Research (2011) effects

Does Information Risk Affect the Implied Cost of Equity Capi-  Journal of Accounting and Hwang, Lee, Lim, and Park (2013)  Korea; panel regressions with year-fixed effects.

tal? An Analysis of PIN and Adjusted PIN Economics

International Differences in the Cost of Equity Capital: Do Legal ~ Journal of Accounting Re- Hail and Leuz (2006) 40 countries; panel regressions with year-fixed effects.

Institutions and Securities Regulation Matter? search

Mandatory IFRS Reporting around the World: Early Evidence  Journal of Accounting Re- Daske, Hail, Leuz, and Verdi (2008) 26 IFRS-adopting countries (21 in Europe);

on the Economic Consequences search difference-in-differences  regressions  with  firm-
and industry-year-fixed effects.

The Political Determinants of the Cost of Equity: Evidence from  Journal of Accounting Re- Ben-nasr, Boubakri, and Cosset 289 newly privatized firms in 38 countries; panel re-

Newly Privatized Firms search (2012) gressions with year- and industry-fixed effects.

Transparency, Liquidity, and Valuation: International Evidence Journal of Accounting Re- Lang, Lins, and Maffett (2012) 46 countries; panel regressions with country and

on When Transparency Matters Most search industry-fixed effects, country-year-fixed effects, or
firm-fixed effects.

Adopting a Label: Heterogeneity in the Economic Consequences  Journal of Accounting Re- Daske, Hail, Leuz, and Verdi (2013) 30 countries; panel regression with country-, year-,

Around TAS/IFRS Adoptions

search

and industry-fixed effects.

Disclosure Incentives and Effects on Cost of Capital around the — The Accounting Review Francis, Khurana, and Pereira 42 countries; panel regression with country-fixed ef-
World (2005) fects.
Does Mandatory Adoption of International Financial Reporting — The Accounting Review Li (2010) 28 European Union countries; difference-in-

Standards in the European Union Reduce the Cost of Equity
Capital

differences regressions with country- and industry-
fixed effects.
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Table 1. Continued

Panel B: International ICC Papers in Finance Journals (2005-2016)

Paper Title

Journal

Citation

Setting

Capital Market Governance: How Do Securities Laws Affect
Market Performance?

Multiple Large Shareholders, Control Contests, and Implied
Cost of Equity

Legal Protection of Investors, Corporate Governance, and the
Cost of Equity Capital

Political Connections and the Cost of Equity Capital
Political Rights and Equity Pricing
The Value of Firms’ Voluntary Commitment to Improve Trans-

parency: The Case of Special Segments on Euronext

Estimating the Intertemporal Risk Return Tradeoff Using the
Implied Cost of Capital

Cost of Capital Effects and Changes in Growth Expectations
Around US Cross-Listings

The World Price of Home Bias

Testing International Asset Pricing Models Using Implied Costs
of Capital

Journal of Corporate
Finance

Journal of Corporate
Finance

Journal of Corporate
Finance

Journal of Corporate
Finance

Journal of Corporate
Finance

Journal of Corporate
Finance

Journal of Finance
Journal of Financial
Economics

Journal of Financial
Economics

Journal of Financial
and Quantitative
Analysis

Daouk, Lee, and Ng (2006)

Attig, and Mishra

(2008)

Guedhami,

Chen, Chen, and Wei (2009)

Boubakri, Guedhami, Mishra, and
Saffar (2012)

Boubakri, El Ghoul, and Saffar
(2014)

Kim (2014)

Pastor, Sinha, and Swaminathan
(2008)

Hail and Leuz (2009)

Lau, Ng, and Zhang (2010)

Lee et al. (2009)

32 countries; panel regression with country-fixed effects.
21 countries; panel regressions with year-fixed effects.
25 emerging market countries; panel regressions with

country-, year-, and industry-fixed effects.

panel regressions with country-, year-, and industry-fixed ef-
fects.

44 countries; panel regressions with year- and industry-fixed
effects.

Firms trading on Euronext stock exchange; panel regressions
with country-, year-, and industry-fixed effects.

7 countries; country-level time-series regressions.
cross-listings from 45 countries; panel regressions with year-,
country-, and industry-fixed effects or firm-fixed effects.

38 countries; panel regressions with year-fixed effects and
Fama-MacBeth regressions.

G-7 countries; country-level Fama-MacBeth regressions.

Panel C: Number of ICC Papers (2005-2016)

# Published papers using ICCs as a dependent variable of interest

# Published papers using ICCs as a dependent variable of interest in an international context

64
19

% Papers using ICCs in an international context

29.7%




(1987)

Table 2. Performance of Analyst-Forecast-Based Implied-Cost-of-Capital Measures

This table reports the slope coefficients and t-statistics from country-level FM regressions of realized one-month-ahead
returns on an ICC constructed using analyst consensus earnings forecasts from 1/B/E/S. Columns 1, 2, and 3 report
results using all available data. Columns 4, 5, and 6 report results that exclude small cross-sections, i.e., those with
fewer than 100 observations. The ICC measure is a composite computed as the simple average of four constituent
ICCs: GLS (Gebhardt et al., 2001), CT (Claus and Thomas, 2001), PEG (Easton, 2004), and OJ (Ohlson and
Juettner-Nauroth, 2005), each derived from analyst consensus earnings forecasts. The composite ICC is calculated
after truncating each constituent ICC at 0 and 1. T-statistics are reported in brackets and based on Newey and West
heteroskedasticity- and autocorrelation-robust standard errors. Levels of significance are indicated by *,
and *** representing 10 percent, 5 percent, and 1 percent respectively.

kx
’

All Ezxclude Small Cross-Sections
(1) (2) (3) (4) (5) (6)

Country N Sclgsf(; t-stat N SCI§£§ t-stat
Australia 54,268  0.61%* [2.59] 53,152 0.57% [2.36]
Belgium 6,734 0.29 [0.95]

Canada 109,339 -0.01 [-0.06] 108,371 0.01 [0.11]
China 117,690 0.73%** [3.42] 116,130 0.79%** [3.10]
Denmark 11,127 -0.00 [-0.00]

Finland 6,107 -0.28 [-0.76]

France 78,745 0.09 [0.62] 78,745 0.09 [0.62]
Germany 73,669 -0.01 [-0.08] 73,669 -0.01 [-0.08]
Greece 4,971 0.74%** [2.33]

Hong Kong 41,306 0.62% [2.45] 30,532 0.62%% [2.69]
India 69,079 0.70%** [2.65] 67,761 0.59%* [2.29]
Indonesia 15,236 0.79%%x [3.02] 8,442 0.84% [2.51]
Israel 3,775 -0.09 [-0.38]

Ttaly 27,782 0.13 [0.78] 25,687 0.09 [0.51]
Japan 309,462 0.49%** [3.70] 309,450 0.51%** [3.72]
Malaysia 44,622 0.14 [0.67] 43,200 0.05 0.21
Netherlands 15,909 -0.04 [-0.10] 9,038 -0.15 [-0.26]
Norway 16,738 0.12 [0.66] 14,660 -0.09 [-0.44
Pakistan 4,568  0.86%* [2.10]

Philippines 4,134 0.34 [0.67]

South Africa 26,385 0.25 [1.27] 26,385 0.25 [1.27]
South Korea 63,159  0.52%% [3.25] 62,460  0.46%%* 3.16
Spain 14,038 0.17 (0.86]

Sweden 37,786 -0.02 [-0.12] 37,786 -0.02 [-0.12]
Switzerland 30,597 0.35% [1.75] 30,597 0.35* [1.75]
Taiwan 53,262 0.57%** [2.82] 51,497 0.43%** [2.89]
Thailand 27,488 0.59** [2.55] 23,973 0.44* [1.93]
UK 123,968 0.12 [0.79] 123,968 0.12 [0.79]
USA 447,105 -0.16 [-1.53] 446,172 0.11 [-1.08]
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Table 3. Performance of Model-Forecast-Based Implied-Cost-of-Capital Measures

This table reports the slope coefficients and t-statistics from country-level FM regressions of realized one-month-ahead
returns on an ICC. The table reports the results for three ICC variants, which vary by the earnings-forecasting model
used in the implementation of the ICC. Columns 1 and 2 report the results using ICCrv z, columns 3 and 4 report the
results using /CCRry, and columns 5 and 6 report the results using ICCgp. HVZ refers to the cross-sectional model
presented in Hou et al. (2012); RI and EP refer to the two models introduced by Li and Mohanram (2014). Each ICC
variant is a composite ICC computed as the simple average of four constituent ICCs: GLS (Gebhardt et al., 2001),
CT (Claus and Thomas, 2001), PEG (Easton, 2004), and OJ (Ohlson and Juettner-Nauroth, 2005), each derived
from expected earnings in the respective earnings-forecast model. The composite ICC is calculated after truncating
each constituent ICC at 0 and 1. The results are produced using the subsample with non-missing values for all three
composite ICCs. T-statistics are reported in brackets and based on Newey and West (1987) heteroskedasticity- and
autocorrelation-robust standard errors. Levels of significance are indicated by *, ** and ***, representing 10 percent,
5 percent, and 1 percent respectively.

Country

Australia
Belgium
Canada
China
Denmark
Finland
France
Germany
Greece
Hong Kong
India
Indonesia
Israel

Ttaly

Japan
Malaysia
Netherlands
Norway
Pakistan
Philippines
South Africa
South Korea
Spain
Sweden
Switzerland
Taiwan
Thailand
UK

USA

N

71,051
7,075
207,076
230,367
21,713
5,379
120,404
125,848
9,729
67,578
246,291
41,150
21,226
34,411
652,917
81,324
16,071
19,765
21,766
9,008
35,484
131,631
14,925
54,291
41,580
192,324
68,400
182,129
1,131,228

ICCHVZ ICCRI ICCEP

(1) (2) 3) (4) (5) (6)
%lggg, t-stat %1251; t-stat %lco)gfe; t-stat
0.11 [1.17] -0.14 [-0.95] -0.18 [-1.13]
-0.25%* [-2.50] -0.02 [-0.29] -0.00 [-0.01]
0.02 [0.44] -0.11 [-1.26] -0.03 [-0.32]
-0.05 [-0.56] 0.27 [0.66] 0.73 [1.40]
-0.09 [-1.33] -0.07 [-1.43] -0.15%** [-2.65]
0.09 [1.17] 0.27 [0.71] 0.06 [0.26]
-0.10%** [-2.61] -0.05 [-0.50] -0.03 [-0.42]
-0.11%%* [-2.99] -0.08 [-1.07] -0.14* [-1.83]
-0.20 [-1.34] -0.29%* [-2.34] -0.42%* [-1.87]
0.51%** [3.47] 0.23 [1.59] 0.25 [1.38]
0.11 [1.34] -0.16 [-1.63] -0.20* [-1.93]
0.35* [1.93] 0.15 [0.61] 0.11 [0.39]
0.00 [0.04] -0.15 [-1.43] -0.14 [-1.03]
-0.07 [-1.25] -0.09 [-0.88] -0.23** [-2.07]
0.35 [1.27] -0.06 [-0.51] 0.01 [0.03]
0.06 [0.53] 0.20* [1.71] 0.31%* [1.77]
-0.11 [-1.26] -0.38 [-1.46] -0.57** [-2.55]
-0.16 [-0.92] -0.14 [-0.93] -0.01 [-0.04]
0.32 [1.06] 0.06 [0.32] 0.10 [0.43]
0.54** [2.17] -0.18 [-0.95] 0.17 [1.17]
0.05 [0.78] -0.18** [-2.23] -0.12 [-1.38]
0.16 [1.59] -0.08 [-0.68] 0.09 [0.66]
-0.08 [-1.02] -0.07 [-0.96] -0.04 [-0.30]
-0.07 [-0.99] -0.04 [-0.34] -0.04 [-0.27]
-0.03 [-0.41] -0.09 [-1.29] 0.00 [0.03]
0.21%* [2.10] 0.32 [1.35] 0.54 [1.55]
0.22%* [1.97] 0.19 [1.10] 0.13 [0.80]
0.09 [1.24] -0.03 [-0.20] 0.07 [0.43]
0.13** [2.55] 0.29*** [3.60] 0.34** [2.13]
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Table 4. Performance of Factor-Based ERPs

This table reports the slope coefficients and t-statistics from country-level FM regressions of realized one-month-ahead
returns on a factor-based ERP. Columns 1 and 2 report the results using a Fama-French regional three-factor-model-
based ERP; columns 3 and 4 report the results using a Fama-French regional five-factor-model-based ERP. Realized
factor returns are obtained from Ken French’s data library; expected factor returns are estimated based on trailing
40-month average factor returns; and factor loadings are estimated using data available in the 40 months prior to
the forecast date. ERPs are winsorized at the top and bottom 1% of the monthly distribution for a given country.
The results are produced using the subsample with non-missing values for both factor-based ERPs. T-statistics are
reported in brackets and based on Newey and West (1987) heteroskedasticity- and autocorrelation-robust standard
errors. Levels of significance are indicated by *, ** and *** representing 10 percent, 5 percent, and 1 percent

respectively.
3 Factor 5 Factor
(1) (2) (3) (4)
Country N Sclggg t-stat %lggf? t-stat
Australia 74,050 -0.28 [-0.96] -0.25 [-1.52]
Belgium 9,409 S1.91%% [-1.99] -0.33%* -2.02]
Canada 173,077 ~0.60%* [-2.75] -0.34% [-2.40]
China 241,408 L0.47* [-1.95] 1036+ [-3.06]
Denmark 92,813 1.5 [-3.01] 0.18 [1.23]
Finland 9,204 9,124 [-2.58] 0.00 [0.03]
France 122,877 -0.90%* [-2.28] -0.09 0.85]
Germany 127,092 -0.88%** [-2.14] -0.06 [-0.57]
Greece 10,820 1.51% [-1.91] 0.19 [-1.06]
Hong Kong 62,954 -0.27 [-0.93] -0.24%* [-1.65]
India 257,724 -0.26 [-1.17] -0.26* [-1.70]
Indonesia 39,774 -0.92 [-0.98] -0.03 [-0.06]
Israel 20,779 11.39% [-2.02] 0.09 [0.72]
Ttaly 37,012 L0.97%* [-2.17] 0.08 [0.58]
Japan 645,602 -1.00 -0.99] 0.28 [0.68]
Malaysia 84,709 -0.50% [-2.04] 10,267 [-2.70]
Netherlands 19,167 -1.89% [-1.90] -0.10 [-0.48]
Norway 18,002 “1.50% [-1.96] 0.11 [0.51]
Pakistan 28,931 -0.01 :0.03] 0.00 [0.01]
Philippines 13,607 0.58 -0.96] 0.01 [0.03]
South Africa 41,131 0,93 [-3.01] -0.01 [0.11]
South Korea 126,412 0.38 [-1.56] 0.17 [1.24]
Spain 17,313 1435 [-2.46] -0.09 [0.62]
Sweden 57,651 -1.34%* [-2.52] -0.05 [-0.42]
Switzerland 40,779 -0.67 [1.49] 0.06 [0.40]
Taiwan 198,121 0.33 [-1.05] 0.37% [-2.34]
Thailand 73,138 -0.40 [1.21] -0.34% [-2.26]
UK 180,365 0817 [-2.24] 0.17 [-1.48]
USA 1,104,125 -0.72%%* [-3.14] L0.41%% [-4.53]
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Table 5. Performance of LPV ERPs

This table reports the slope coefficients and t-statistics from country-level FM regressions of realized one-month-ahead
(log) returns on an LPV ERP. Columns 1 and 2 report the results using a baseline variant derived by estimating at
the country level Eq. (5) which does not include the correction for the use of stale fundamental data. Columns 3 and
4 report the results using a variant derived by estimating at the country level Eq. (7), which includes a correction
for the use of stale fundamental data. The results are produced using the subsample with non-missing values for
both LPV ERPs. T-statistics are reported in brackets and based on Newey and West (1987) heteroskedasticity- and
autocorrelation-robust standard errors. Levels of significance are indicated by *, ** and *** representing 10 percent,
5 percent, and 1 percent respectively.

Baseline Augmented
(1) (2) (3) (4)
Country N Sclggé t-stat Sclggf(; t-stat
Australia 81,152 0.43%* [1.99] 0.874%% [9.34]
Belgium 8,63 1,135 [2.70] 0.71%% [5.25]
Canada 221,355 1.05%+* [5.43] 0.88%+ [9.5]
China 248,884 0.55%%* [2.76] 0.73%5+ [6.01]
Denmark 20,898 1,677 [3.46] 0.81%%x [6.41]
Finland 5,330 0.89* 1.92] 0.58%%* [3.89]
France 130,814 1.05%# [3.41] 0.89%* [11.69]
Germany 136,557 1,197 [6.34] 0.91%5 [11.31]
Greece 9,447 0.25 [1.41] 0.39 [1.37]
Hong Kong 81,332 0,684 [6.18] 0.69%+ [4.81]
India 276,978 1.13%% [3.96] 0.40%%% 3.83]
Indonesia 44,251 1.16%% [5.18] 0.45%%% [4.18]
Tsrael 25,681 164755 [7.26] 0.92%5% [6.96]
Ttaly 35,779 0,904 [6.67] 0,824 [8.05]
Japan 697,862 0.80%%* [6.27] 0.59%%* [9.23]
Malaysia 89,687 1307 [4.90] 0.80%* [4.96]
Netherlands 17,103 0.70%%* [3.01] 0.88%+ [4.87]
Norway 21,230 1.29%*%* [4.33] 0.89%** [5.16]
Pakistan 26,586 0.47 [1.19] 0.49%* [2.39]
Philippines 9,268 0.63%%% [3.03] 0.44%* [2.41]
South Africa 40,963 0.03 [0.15] 0.69%** [6.09]
South Korea 139,174 0.92%%* [7.99] 0.81%** [8.68]
Spain 17,275 0.7 [4.82] 0.76%% [5.29]
Sweden 57,414 1.00%** [7.23] 0.86%** [8.19]
Switzerland 43,111 145+ [3.95] 0.83%%+ [6.75]
Taiwan 209,093 0.72%** [6.58] 0.74%** [6.95]
Thailand 72,650 0.62%%% [5.00] 0.60%%* [5.52]
UK 208,399 1.07#%* [4.31] 0.89%** [8.70]
USA 1,201,416 0.81%%* [3.31] 0.61%%% [7.94]
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Table 6. Performance of LPV ERPs: Comparing R’s

This table reports the difference in R%s and t-statistics from country-level FM regressions of realized one-month-ahead
(log) returns on an LPV ERP. Columns 1 and 2 report the results using a baseline LPV ERP variant—derived by
estimating Eq. (5) at the country level—which does not include the correction for the use of stale fundamental data.
The FM R? in columns 1 and 2 correspond to the slope coefficient estimates reported in columns 1 and 2 of Table
5. Columns 3 and 4 report the results using an augmented LPV ERP variant—derived by estimating Eq. (7) at the
country level —which includes a correction for the use of stale fundamental data. The FM R? in columns 3 and 4
correspond to the slope coefficient estimates reported in columns 3 and 4 of Table 5. Columns 5 and 6 report the
difference in FM R?s and their t-statistics. The results are produced using the subsample with non-missing values
for both LPV ERPs. T-statistics are reported in brackets and based on Newey and West (1987) heteroskedasticity-

and autocorrelation-robust standard errors. Levels of significance are indicated by *, ** and *** representing 10
percent, 5 percent, and 1 percent respectively.
Baseline Augmented Augmented — Baseline
(1) (2) (3) (4) (5) (6)
Country N R? t-stat R? t-stat AR? t-stat
Australia 256 0.0155%** [9.61] 0.0274*%%%  [10.34] 0.0120%** [5.10]
Belgium 80 0.0273*** [7.16] 0.0316*** [7.14] -0.0043 [-1.24]
Canada 364 0.0287FFF  [11.57]  0.0141***  [10.10] 0.0146*** [6.03]
China 150  0.0168*** [8.09] 0.0105*** [6.59] 0.0063*** [3.31]
Denmark 151 0.0313%** [9.57] 0.0215%** [8.91] 0.0098*** [3.18]
Finland 50 0.0229*** [6.32] 0.0206*** [5.63] 0.0023 [0.72]
France 280  0.0208*** [8.88] 0.0125*** [9.72] 0.0083*** [3.97]
Germany 280  0.0216*** [7.86] 0.0095%** [6.94] 0.0121%** [5.16]
Greece 60  0.0238***  [517]  0.0113***  [5.23] 0.0125%** [3.17]
Hong Kong 224 0.0171%** [8.83] 0.0148*** [8.77] 0.0023 [1.37]
India 174 0.0129%** [5.74] 0.0068*** [6.38] 0.0061*** [3.20]
Indonesia 152 0.0110%** [5.86] 0.0094***  [10.29] 0.0016 [0.92]
Israel 88 0.0184***  [10.40]  0.0143*** [9.48] 0.0041** [2.08]
Italy 196  0.0353%** [8.79] 0.0224*** [7.12] 0.0129%** [3.49]
Japan 305  0.0165*** [7.25] 0.0099***  [10.75] 0.0066*** [2.69]
Malaysia 249  0.0143%** [8.29] 0.0112%** [8.81] 0.0031%* [1.84]
Netherlands 135 0.0476%** [5.75] 0.0260*** [7.18] 0.0216*** [3.17]
Norway 130 0.0327***  [10.14]  0.0188*** [6.38] 0.0139*** [3.86]
Pakistan 90 0.0229*** [6.96] 0.0169*** [6.07] 0.0060** [2.48]
Philippines 54 0.0202*** [4.71] 0.0096*** [7.92] 0.0106** [2.45]
South Africa 202  0.0197%**  [11.74]  0.0106*** [7.85] 0.0090*** [4.51]
South Korea 215  0.0171%** [8.95] 0.0129*%**  [11.30] 0.0041%** [2.66]
Spain 155  0.0292%** [9.60] 0.0213*** [7.79] 0.0079*** [3.34]
Sweden 196  0.0279%** [5.12] 0.0183*** [9.30] 0.0096** [2.15]
Switzerland 210  0.0306*** [7.67] 0.0186*** [7.77] 0.0120%*** [3.85]
Taiwan 172 0.0118%%F  [11.45]  0.0100*** [8.71] 0.0018** [2.07]
Thailand 184  0.0173%** [7.14] 0.0103*** [8.80] 0.0070%*** [3.47]
UK 291 0.0241%** [7.37] 0.0071%** [8.00] 0.0170%** [5.90]
USA 366  0.0105*** [7.49] 0.0097*** [6.07] 0.0008 [0.64]
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Table 7. Comparing the Performance of LPV ERPs:
Annual vs. Quarterly Data Estimation

This table reports the difference in R%s and the corresponding t-statistics from country-level FM regressions of realized one-month-ahead log returns on an LPV
ERP estimated using either quarterly (Q) or annual (A) data. Columns 1 and 2 report the difference in FM R%s of the quarterly and annual versions of a
baseline LPV ERP variant — derived by estimating Eq. (5) at the country level. This variant of the LPV ERP does not include the correction for the use of stale
fundamental data. Columns 3 and 4 report the difference in FM R?s and the corresponding t-statistics of an annual version of an augmented LPV ERP variant
with the annual version of the baseline LPV ERP. The augmented LPV ERP is derived by estimating Eq. (7) at the country level and includes a correction
for the use of stale fundamental data. Columns 5 and 6 report the difference in FM R%s and the corresponding t-statistics of the augmented and baseline LPV
ERPs estimated using quarterly data. Finally, columns 7 and 8 report the difference in FM R?s and the corresponding t-statistics of the augmented LPV ERP
estimated using annual data with the baseline ERP estimated using quarterly data. The results in this table are produced using the subsample with non-missing
values for all four variants of the LPV ERPs examined. T-statistics are reported in brackets and based on Newey and West (1987) heteroskedasticity- and
autocorrelation-robust standard errors. Levels of significance are indicated by *, ** and ***  representing 10 percent, 5 percent, and 1 percent respectively.

Baseline(Q) Augmented(A) Augmented(Q) Augmented(A)

—Baseline(A) —Baseline(A) —Baseline(Q) —Baseline(Q)

(1) (2) (3) (4) (5) (6) (7) (8)
Country T AR? t-stat AR? t-stat AR? t-stat AR? t-stat
Australia 112 0.0030 [1.23] 0.0101%* [2.62] 0.0084*** [2.83] 0.0014 [0.40]
Canada 276 0.00847** [4.21] 0.01447%* [4.5] 0.0026 [1.37] -0.0034 -1.32]
China 142 0.01247% [3.41] 0.0057%#* [3.06] -0.0017* [1.84] 0.0050* [1.81]
France 106 0.0015 0.74] 0.0033 [1.36] -0.0008 [0.73] -0.0026* -1.76]
Germany 118 0.0048%** [2.63] 0.0079%* [4.26] 0.0004 [0.34] -0.0028* [-1.76]
Hong Kong 100 0.0075%%* (3.39] 0.0020 0.92] -0.0005 [:0.12] 0.0050 [1.15]
Indonesia 118 0.0012 [0.50] 0.0007 [0.29] 0.0016 [0.66] 0.0021 [0.63]
Israel 64 0.0101%* [2.28] 0.0022 [0.99] -0.0008 [0.62] 0.0070 [1.66]
Ttaly 100 0.0092%* [2.26] 0.0160%** [3.35] 0.0028 [0.86] -0.0041 -0.85)]
Malaysia 124 0.0074%% [3.52] 0.0045%#* [3.25] 0.0075%* [2.54] 0.0104** [2.51]
Norway 91 0.0167%* [2.42] 0.0146%%* [2.88] 0.0022 [0.74] 0.0044 [0.96]
Pakistan 52 -0.0052* -1.79] -0.0010 :0.30] 0.0004 [0.19] -0.0037* -1.91]
Philippines 40 0.0172%* [2.33] 0.0103 [1.24] 0.0027 [0.78] 0.0096* [1.79]
South Africa 107 0.0121 %% [2.76] 0.0070** [2.40] -0.0062** [-2.35] -0.0011 -0.28]
South Korea 34 0.0102%* [2.23] -0.0005 :0.43] -0.0004 -0.28] 0.0102* [1.94]
Sweden 112 0.00947%* 3.73] 0.0055%* [2.19] 0.0028%** [2.70] 0.0067+* [2.38]
Switzerland 106 0.00947%* [3.43] 0.0132%%* [2.66] 0.0012 [0.62] -0.0026 -0.57]
Taiwan 70 0.0025%* [2.02] 0.0007 [1.14] 0.0021%%* [3.18] 0.0039%* [2.43]
Thailand 118 0.0052 [1.62] 0.0050%%* 2.79] 0.0028 [0.88] 0.0030 0.97]
UK 112 0.0082%** [4.56] 0.0118%** [4.30] 0.0008 [0.56] -0.0028 0.93]
USA 366 0.0087*** [6.30] 0.0006 [0.46] -0.0044%** [-4.80] 0.0038*** [2.81]




Table 8. Performance of LPV-Based Expected Simple Returns

This table, columns 1 and 2, report the slope coefficients and t-statistics from country-level FM regressions of realized
one-month-ahead simple returns on an augmented LPV ERP variant—derived by estimating Eq. (9) at the country
level —which includes a correction for the use of stale fundamental data.. Columns 3 and 4 report the R? and
t-statistics from the FM regressions. T-statistics are reported in brackets and based on Newey and West (1987)
heteroskedasticity- and autocorrelation-robust standard errors. Levels of significance are indicated by *, ** and ***,
representing 10 percent, 5 percent, and 1 percent respectively.

(1) (2) (3) (4)
Country N Slope Coeff t-stat R? t-stat
Australia 81,152 0.8350%%* [8.45] 0.0277%% [9.64]
Belgium 8,963 0.3628* [1.67] 0.0325%** [5.42]
Canada 221,355 0.7386%%* [7.47] 0.0244%% 11.39]
China 248,884 0.4168*** [3.28] 0.0176%** [6.61]
Denmark 20,898 0.8270%%* (6.39] 0.0283 %% [8.88]
Finland 5,330 0.4220%* [2.15] 0.0210%%* [5.72]
France 130,814 0.7362%+* [9.52] 0.0186*** (8.87]
Germany 136,557 0.6415%** [10.62 0.0210%** [6.51]
Greece 9,447 0.4505%* [2.01] 0.0255%%% [5.98]
Hong Kong 81,332 0.7312%%x (3.03] 0.0227%% [7.64]
India 276,978 0.3811%#* [4.08] 0.0107*** [5.67]
Indonesia 44,251 0.3312%* [2.39] 0.0106%** [6.33]
Israel 25,681 0.5097*** [2.67] 0.0160*** [7.56]
Ttaly 35,779 0.6451%% [5.12] 0.0347%% [8.85]
Japan 697,862 0.3827%%* [4.41] 0.0156%** [7.68]
Malaysia 89,687 0.7693*+* [5.43] 0.0194*** [8.57]
Netherlands 17,103 0.7359%** [3.78] 0.0419%** [5.73]
Norway 21,230 0.4148 [1.64] 0.0309%* 9.62]
Pakistan 26,586 0.1088 [0.61] 0.0174%%* [5.84]
Philippines 9,268 0.3176 [1.40] 0.0181%** [5.13]
South Africa 40,963 0.6242%** [6.13] 0.0180*** [9.74]
South Korea 139,174 0.6335%** [5.86] 0.0179%*** [10.21]
Spain 17,275 0.5836%%* (3.98] 0.0322%%x 0.11]
Sweden 57,414 0.5601*** [5.60] 0.0250%** [4.90]
Switzerland 43,111 0.8309*** [6.09] 0.0348*** [8.27]
Taiwan 209,093 0.5520%** [3.84] 0.0125%** [8.55]
Thailand 72,650 0.6808*** [5.94] 0.0186%** (6.69]
UK 208,399 0.8471 %% [7.72] 0.0218%%* [7.25]
USA 1,201,416 0.4589%*+* [5.98] 0.0096%*** [7.51]
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Table 9. Comparison of Predictive Ability of LPV-Based Expected Simple Returns and ICCs

This table reports the country-level comparisons between the LPV-based expected simple return proxy, examined in
Table 8, and each of the ICC variants examined in Tables 2 and 3. The table reports the changes in FM return-
regression R%s (and their t-statistics) from comparing the LPV-based expected simple return to: analyst-based ICCs
(columns 1 and 2), ICCxvz (columns 3 and 4), ICCg; (columns 5 and 6), and ICCgp (columns 7 and 8). HVZ refers
to the cross-sectional model presented in Hou et al. (2012); RI and EP refer to the two models introduced by Li and
Mohanram (2014). Each ICC variant is a composite ICC computed as the simple average of four constituent ICCs:
GLS (Gebhardt et al., 2001), CT (Claus and Thomas, 2001), PEG (Easton, 2004), and OJ (Ohlson and Juettner-
Nauroth, 2005). The composite ICC is calculated after truncating each constituent ICC at 0 and 1. The LPV-based
expected simple return estimate is winsorized at the top and bottom 1% of the monthly distribution for a country,
and the results are produced using the subsample with non-missing values for each pairwise comparison. A positive
(negative) AR? indicates that the LPV-based expected simple return estimate contains more (less) explanatory power
for future returns compared to the ICC alternative. T-statistics are reported in brackets and based on Newey and
West (1987) heteroskedasticity- and autocorrelation-robust standard errors. Levels of significance are indicated by *,
**and *** representing 10 percent, 5 percent, and 1 percent respectively.

I1CCy I1ICChxvz ICCRy I1CCgp
(1) (2) (3) (4) (5) (6) (7) (8)
Country AR? t-stat AR? t-stat AR? t-stat AR? t-stat
Australia 0.0139%%*  [4.47) 0.0193***  [5.91] 0.0179%%*  [5.76] 0.0184***  [5.92]
Belgium -0.0019 [-0.14] 0.0309* [1.81] 0.0192%*  [2.54] 0.0248*%*  [2.80]
Canada 0.0231%**  [5.68] 0.0188***  [8.44] 0.0169%**  [7.44] 0.0171%**  [7.87]
China 0.0130***  [4.03] 0.0112*%**  [4.08] 0.0059**  [2.02] 0.0031 [0.93]
Denmark 0.0074 [1.01] 0.0159%**  [4.01] 0.0185%**  [4.38] 0.0150%**  [3.69)
Finland 0.0023 [0.35] -0.0024  [-0.31] 0.0025 [0.50] 0.0058 [1.27]
France 0.0084**  [2.35] 0.0084***  [3.60] 0.0095%**  [4.35] 0.0078***  [3.16]
Germany 0.0142%**  [3.74] 0.0134%**  [4.35] 0.0134%**  [4.80] 0.0140***  [4.55]
Greece 0.0250%**  [4.41] 0.0166***  [3.37] 0.0165%**  [3.84] 0.0177*%*  [3.79)
Hong Kong 0.0099%**  [3.27] 0.0108***  [3.23] 0.0136***  [3.96] 0.0161%**  [2.67]
India 0.0035 [0.72] 0.0024* [1.90] 0.0025* [1.67] 0.0015 [0.89]
Indonesia 0.0002 [0.04] 0.0030 [1.10] 0.0035 [1.59] 0.0028 [1.53]
Israel 0.0087 [0.71] 0.0054 [1.24] 0.0096***  [3.10] 0.0116%*  [2.48]
Italy 0.0226***  [4.55] 0.0219%%*  [4.85] 0.0203***  [5.17) 0.0177%%*  [4.32]
Japan 0.0097*%*  [3.75] 0.0105%%*  [5.17] 0.0113%%*  [5.83] 0.0114%%*  [5.78]
Malaysia 0.0062**  [2.12] 0.0025 [0.81] 0.0086***  [3.79] 0.0061%**  [3.16]
Netherlands 0.0151%*  [1.99] 0.0210%*  [2.42] 0.0139* [1.82] 0.0207***  [2.64]
Norway 0.0233*%*  [3.97] 0.0174*%*  [4.53] 0.0191%%*  [5.63) 0.0213***  [7.03]
Pakistan 0.0062 [0.72] 0.0036 [0.86] -0.0004 [-0.09] 0.0021 [0.44]
Philippines 0.0105 [0.82] 0.0051 [1.33] 0.0077 [1.40] 0.0086* [1.68]
South Africa 0.0121%**  [3.37] 0.0039 [1.33] 0.0114%**  [3.99] 0.0100%**  [3.31]
South Korea 0.0051**  [2.05] 0.0101%%*  [5.24] 0.0096***  [5.30] 0.0080***  [4.16]
Spain 0.0073 [1.59] 0.0099%*  [2.43] 0.0188***  [4.66] 0.0199%**  [5.63]
Sweden 0.0120* [1.72] 0.0149%**  [2.68] 0.0103* [1.89] 0.0093* [1.91]
Switzerland 0.0227%**  [4.70] 0.0200%**  [4.49] 0.0231%**  [5.79] 0.0233***  [5.63]
Taiwan 0.0070%**  [2.91] 0.0047* [1.76] 0.0059***  [2.97] 0.0053**  [2.10]
Thailand 0.0094*%*  [2.99) 0.0118***  [3.97] 0.0094*%*  [2.67) 0.0068**  [2.02]
UK 0.0135%%*  [4.70] 0.0150%**  [4.97] 0.0168***  [5.59] 0.0168***  [5.64]
USA 0.0052 [1.31] 0.0055%**  [4.31] 0.0052%**  [4.49] 0.0033***  [2.86]
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Table 10. Impact of Additional Characteristics on LPV-Based Expected Simple Returns

This table reports the comparisons of LPV-based estimates of expected simple returns, examined in Table 8, to
alternatives that augment the book-value-based LPV model with additional characteristics examined by Green et al.
(2017) and Lewellen (2015). The table reports the changes in FM return-regression R%s (and their t-statistics) from
comparisons to alternative variants that add to the estimation (Eq. (7)) additional characteristics. Columns 1 and
2 (GHZ) adds 10 characteristics that Green et al. (2017) shows to possess independent information for expected
returns: CASH, CHMOM, CHNANALY ST, MOM1M, RD_-MVE, RET_-VOL, STD_DOLVOL, STDrURN,
TURN, and ZEROTRADE. Columns 2 and 3 (Lew) adds 5 characteristics considered by Lewellen (2015): size,
MOM, ACCRUAL, ag, and ROA. Columns 4 and 5 (Full) adds the 15 characteristics covered in columns 1-4.
Columns 5 and 6 (Kitchen Sink) adds 74 characteristics: in addition to the 15 characteristics covered in previous
columns, this variant adds an additional 59 characteristics considered in Green et al. (2017) that can be computed
in Compustat Global. (Characteristics are enumerated and defined in the Appendix.) Each ERP is winsorized at
the top and bottom 1% of the monthly distribution for a country, and each pairwise comparison is made using the
subsample with non-missing values for each candidate ERP. A positive (negative) AR? indicates that the additional
characteristics worsens (improves) FM return-regression R”s. T-statistics are reported in brackets and based on
Newey and West (1987) heteroskedasticity- and autocorrelation-robust standard errors. Levels of significance are
indicated by *, ** and *** representing 10 percent, 5 percent, and 1 percent respectively.

GHZ Lew Full Kitchen Sink
(1) (2) (3) (4) (5) (6) (7) (8)
Country T AR? t-stat AR? t-stat AR? t-stat AR? t-stat
Australia 256 0.0128***  [5.90] -0.0007 [-0.44] 0.0107*%*  [4.66] 0.0202***  [7.09]
Belgium 80 0.0069 [1.13] 0.0009 [0.42] 0.0068 [1.13] 0.0113* [1.86]
Canada 364 0.0060*%**  [4.80] 0.0007 [1.36] 0.0077*%%  [5.34] 0.0161%%%  [7.94]
China 150  0.0099***  [5.09] -0.0004 [-0.28] 0.0093***  [4.70] 0.0148***  [5.50]
Denmark 151 0.0129%%*  [4.30] 0.0005  [0.41]  0.0141%** [4.48]  0.0151%*  [4.29]
Finland 50 -0.0016 [-0.23] -0.0012 [-0.30] -0.0017 [-0.26] 0.0015 [0.25]
France 280 0.0003 [0.49] 0.0010**  [2.09] 0.0014* [1.84] 0.0123*%%*  [5.59]
Germany 280  0.0025* [1.84] 0.0004 [0.57] 0.0025 [1.35] 0.0126***  [5.21]
Greece 60 0.0007 [0.14] -0.0061*%*  [-2.65] 0.0005 [0.10] 0.0067 [1.01]
Hong Kong 224 0.0155%%¢  [5.11] -0.0026*%*  [-2.04] 0.0145%%*%  [4.84] 0.0168***  [5.82]
India 174 -0.0011 [-0.42] -0.0017 [-1.35] -0.0026 [-1.07] 0.0079*%**  [4.05]
Indonesia 152 0.0011 [0.50] 0.0004 [0.78] 0.0010 [0.48] 0.0013 [0.58]
Israel 88  0.0044**F*  [2.88] 0.0018**  [2.45] 0.0050%*%*  [2.94] 0.0107***  [4.65]
Ttaly 196 0.0141%**  [4.72] 0.0017**  [2.26] 0.0144**%*  [4.86] 0.0264***  [6.15]
Japan 305 0.0041***  [3.89] 0.0002 [0.73] 0.0037*%*  [3.67] 0.0134***  [7.07]
Malaysia 249 -0.0063***  [-2.66] -0.0020**  [-1.98]  -0.0063*** [-2.67] -0.0026 [-0.96]
Netherlands 135  0.0073**  [2.3§] -0.0005 [-0.38] 0.0113***  [2.99] 0.0244***  [3.42]
Norway 130 0.0166%**  [4.38] 0.0007 [0.61] 0.0164***  [4.30] 0.0157***  [3.25]
Pakistan 90 0.0047 [1.31] -0.0001 [-0.08] 0.0038 [1.63] 0.0098***  [3.83]
Philippines 54 -0.0007 [-0.20] -0.0017**  [-2.60] -0.0019 [-0.54] 0.0139%%*  [3.71]
South Africa 202 0.0025 [1.21] 0.0003 [0.53] 0.0016 [0.92] 0.0090***  [4.81]
South Korea 215 0.0138%%*  [7.49] 0.0013 [1.11] 0.0139*%**  [7.54] 0.0133***  [7.52]
Spain 155 0.0099***  [2.79] 0.0024 [1.65] 0.0101%%*  [2.77] 0.0235***  [5.81]
Sweden 196  0.0099***  [3.26] 0.0018%*  [2.44] 0.0124***  [3.30] 0.0138%*%*  [4.25]
Switzerland 210 0.0225***  [5.24] 0.0029*%**  [3.33] 0.0225%**  [5.29] 0.0240%**  [5.64]
Taiwan 172 0.0052*%**  [3.75] -0.0000 [-0.02] 0.0047**%*  [3.74] 0.0074***  [5.05]
Thailand 184 -0.0035**  [-2.50] 0.0006 [0.52] -0.0023 [-1.46] 0.0130%**  [4.27]
UK 291 0.0024* [1.67] 0.0007 [1.63] 0.0024**  [2.47] 0.0187***  [6.37]
USA 366 0.0009 [1.33] -0.0003 [-1.32] 0.0005 [0.84] 0.0030*%**  [3.67]
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