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Abstract

expectations play a central role in financial markets, yet investors often dis-
agree about the economy’s future. Such disagreement has long been regarded as
a potential driver of asset prices, but it remains uncertain whether it reflects mis-
pricing or a priced source of risk. This study addresses the issue by construct-
ing monthly disagreement indices from Consensus Economics forecasts across 24
OECD markets. Firm-level exposure to economic disagreement is estimated us-
ing return regressions. The results reveal pronounced cross-country heterogene-
ity. In developed markets, particularly the United States, greater exposure to dis-
agreement consistently predicts lower future returns, supporting the mispricing
hypothesis. In smaller markets, the evidence is mixed, with some cases indicating
positive risk premia and others showing no significant e Leck. Overall, the find-
ings provide new international evidence that the pricing of forecast disagreement
is context-dependent, shaped by market structure and institutional depth.

Keywords: Asset Pricing, Consensus Economics, Forecast Disagreement, Macroe-
conomic Forecasts.
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1 Introduction

Expectations about future macroeconomic conditions play a key role in both nan-
cial markets and the economy. A common assumption in theoretical models is that
agents form rational expectations, meaning that investors share the same view about
the future of the economy. This assumption allows researchers to work with a single
representative forecast. However, in practice, expectations di er, and forecasters often
disagree about the future of the economy. Since this disagreement in forecasts a ects
investors' decisions and consequently how assets are priced, it has become a relevant

concept in modern asset pricing research.

The potential e ect of forecast disagreement on asset prices has been discussed
from two perspectives. According to Miller (1977), in the presence of short-selling con-
straints, disagreement in economic forecasts leads to overvaluation. When investors
disagree and short-selling is limited, prices mainly re ect the views of optimistic in-
vestors, since pessimists cannot fully act on their expectations. Consequently, stocks
with high disagreement are often overpriced and are expected to have lower future re-
turns. In contrast, neoclassical asset pricing models interpret economic disagreement
as a form of uncertainty that can act as a systematic risk factor (Anderson et al., 2009;
Balietal., 2017; Bansal & Yaron, 2004). In this view, assets with higher exposure to dis-
agreement should have higher expected returns in the future. The central question is
therefore whether disagreement represents priced risk or instead leads to mispricing.

The empirical literature provides support for both views. Studies focusing on the
U.S. market and rm-level earnings forecasts (Diether et al., 2002; Johnson, 2004; Yu,
2011) nd that higher dispersion in forecasts predicts lower future returns, consistent
with the mispricing hypothesis. More recent research focuses on macroeconomic fore-
casts. Bali et al. (2017, 2023) nd that innovations in economic disagreement indexes
negatively predict stock returns in the U.S.

The existing literature on the topic faces several limitations. Most empirical re-

search is restricted to the U.S. market, limiting the ability to compare results across



di erent countries and regulatory settings. Moreover, the data used in these studies
are often at a quarterly frequency, which may not capture the dynamics of expecta-
tions and returns that evolve more rapidly. Furthermore, disagreement is typically

measured using the standard deviation of forecasts, which is sensitive to outliers.

These gaps leave open the question of whether the documented e ects generalize

to other markets and alternative methodological designs.

This study addresses whether macroeconomic forecast disagreement in uences the
cross-section of stock returns across international equity markets. It also examines
whether the e ect of disagreement is consistent with mispricing or with priced risk
theories. In addition, the study investigates the sensitivity of results to methodological
choices, such as the dispersion measure (standard deviation versus interquartile range)
and the construction of estimation windows (rolling versus expanding). Finally, it
explores whether developed and emerging economies exhibit di erent patterns in the

pricing of macroeconomic forecast disagreement.

The analysis is based on monthly forecasts from the Consensus Economics dataset,
which provides professional forecasts for a wide range of macroeconomic variables
across OECD and emerging economies. Forecast disagreement is measured using both
the standard deviation and the interquartile range of forecasts. The forecast disagree-
ment series is ltered through AR(1) models, and the resulting residuals are treated as
innovations in disagreement.

These innovations are aggregated at the country level using Principal Component
Analysis (PCA). Two di erent window constructions are applied: a rolling-window
approach, which captures short-term uctuations in disagreement, and an expanding-

window approach, which re ects longer-term accumulation of information.

Firm-level disagreement betas are calculated by regressing three-month-ahead over-
lapping excess returns on market returns and the country-level disagreement index.
Stocks are then sorted into tercile portfolios based on their disagreement betas, and
high-minus-low (HML) portfolio returns are calculated. This approach directly tests

whether sensitivity to disagreement is systematically related to future returns.



This study contributes to the literature in several ways. It extends the analysis of
macroeconomic forecast disagreement beyond the United States to a broad set of de-
veloped and emerging countries, allowing for direct cross-country comparisons. Fur-
thermore, the use of overlapping monthly forecast data provides higher-frequency ev-
idence than previous work based on quarterly surveys. Finally, the design allows a
comparison of results between two dispersion measures and two window construc-
tions.

The empirical results show that disagreement has di erent e ects across markets.
In developed economies, particularly in the United States, stocks with higher exposure
to disagreement earn lower subsequent returns. These ndings are consistent and
statistically signi cant across speci cations, supporting the mispricing interpretation
of Miller (1977). In contrast, results for emerging markets are often inconsistent. Some
show positive risk premia associated with disagreement exposure, consistent with the
risk-based explanation, while others show no signi cant relationship.

The remainder of the thesis is organized as follows. Chapter 2 describes the data
sources and ltering procedures. Chapter 3 presents the construction of disagreement
measures, the econometric framework, and the portfolio-sorting methodology. Chap-
ter 4 reports the empirical results, and the nal chapter concludes and discusses the

implications for theory and practice.



2 Literature Review

This section reviews the literature on the relationship between portfolio risk, return,
and macroeconomic factors, with emphasis on their e ects on stock prices and market
dynamics. It discusses how traditional asset-pricing models often understate the role
of uncertainty, surveys the in uence of macroeconomic variables on equity returns,
clari es de nitions of risk versus uncertainty, and summarizes theoretical and empir-
ical approaches to uncertainty in asset pricing. The section concludes by positioning

this study's contributions.

2.1 Portfolio Risk and Return

The theoretical relationship between risk and return is fundamental in nance. Al-
though organized stock and option markets date back centuries, it was not until Markowitz
(1952) that modern portfolio theory formally established the trade-o between risk
and expected return. In Markowitz's framework, rational investors seek to maximize
expected return while minimizing the variance of portfolio returns through diversi -
cation.

In the mid-1960s, Sharpe (1964), Lintner (1965), and Mossin (1966) developed
the Capital Asset Pricing Model (CAPM), reducing the complex covariance-estimation
problem to a single-index structure. CAPM links systematic risk (beta) to expected
returns and provides a tractable benchmark for investment decisions. However, the
general model relies on strong assumptions rarely met in practice. A critical assump-
tion is homogeneous beliefs: investors are assumed to process information identically
and thus share the same expectations for returns, volatilities, and correlations, imply-
ing a common market portfolio in equilibrium.

Merton (1973) introduced the Intertemporal CAPM (ICAPM), allowing multi-factor,
time-varying risk premia and laying the groundwork for models that incorporate macroe-
conomic and market uncertainties. French et al. (1987) documented a positive relation

between expected market risk premia and stock market volatility, a result reinforced

4



by Campbell and Hentschel (1992). Within an ICAPM-based empirical setting, Guo
and Whitelaw (2006) identi ed a risk component and a hedging-demand component
as key drivers of expected returns, with the risk component positively related to equity

returns.

2.2 Macroeconomic Variables and the Stock Market

Macroeconomic conditions exert a rst-order in uence on equity returns. The equity
risk premium is linked to the business cycle (Ferson & Merrick, 1987), and investors
demand higher premia for holding long-term assets near cyclical troughs (Fama &
French, 1989). Changes in production and output a ect consumption and, in turn, the
required rate of return (Balvers & Huang, 2007). Risk aversion tends to rise in reces-
sions as consumption approaches a habit level (Campbell & Cochrane, 1999). More-
over, consumption and dividend growth share a long-run component (Bansal & Yaron,

2004), implying that uncertainty about long-run growth a  ects equity valuations.

Empirical work has examined numerous macroeconomic predictors. Regarding in-
ation, Fama and Schwert (1977) and Bodie (1976) study the in ation—equity link,
while Fama (1981) interprets the negative stock—in ation relation as arising from real
economic determinants of stock prices. For aggregate output, Balvers et al. (1990)
show that output changes in uence investment and stock returns, and Marathe and
Shawky (1994) decompose output into permanent and transitory components, nding
that predictability resides in the permanent part. Interest rates are also central: Camp-
bell (1987) demonstrate that the term structure predicts excess stock returns, and Ang
and Bekaert (2007) show that short rates forecast returns, with e ects that diminish at
longer horizons. Labor-market conditions matter as well: Boyd et al. (2005) nd that
unemployment news can be “good” or “bad” for stocks depending on the state of the

economy.
Beginning with N. F. Chen et al. (1986), many studies examine a broad set of macro

variables. They test whether innovations in interest rates, expected/unexpected in-

ation, industrial production, and bond spreads are priced in equities. Subsequent



work, such as Chan et al. (1998), emphasizes a smaller set of robust factors (e.g., de-
fault and term premia). Chen (1991) report that expected market excess returns are
negatively correlated with indicators of recent and future economic growth. Lamont
(2001) show that an economic-tracking portfolio can forecast macro variables, and Pe-
saran and Timmerman (1995) document that the predictive power of macro variables

varies over time with return volatility.

2.3 Introduction of Uncertainty

A growing literature argues that, beyond risk, uncertainty itself is priced. It is crucial
to distinguish risk from uncertainty: an outcome is risky if its distribution is known
but its realization is not, whereas an outcome is uncertain if both the realization and
its distribution are unknown (Knight, 1921). In the presence of short-sale constraints,
Miller (1977) shows that disagreement under uncertainty leads to overvaluation: pes-
simists cannot fully act, so prices re ect optimists' views, implying lower subsequent

returns for high-disagreement stocks.

Because CAPM-like frameworks often understate real-world complexities, modern
theory incorporates model uncertainty and ambiguity. Hansen and Sargent (2001)
highlight model misspeci cation and robust control; agents and policymakers recog-
nize that their models are imperfect, and uncertainty about mean returns has rst-
order asset-pricing implications. Robust-control approaches introduce caution to hedge
model errors (Anderson et al., 2003; Hansen & Sargent, 2003, 2005). Building on this,
Z. Chen and Epstein (2002) incorporate ambiguity aversion in a continuous-time in-
tertemporal setting, relaxing the single-probability-measure paradigm. Ambiguity-
averse investors hedge worst-case scenarios and demand higher premia (Maenhout,
2004). Anderson et al. (2009) argues that uncertainty about mean returns—rather

than volatility—often dominates asset-pricing behavior.

Empirical measures of uncertainty follow two broad approaches: (i) estimating un-

certainty from the behavior of macro variables (e.g., identifying volatility regimes or



the unpredictable component of many series) and (ii) using forecast dispersion (dis-

agreement) as a proxy.

Ozoguz (2009) use proxies for conditional beliefs and aggregate-state uncertainty,
nding a negative relation between returns and uncertainty. Bekaert et al. (2009) mea-
sure uncertainty via conditional variances of consumption and dividend growth, link-
ing uncertainty and time-varying risk aversion to returns. Jurado et al. (2015) con-
struct an uncertainty index from the conditional volatility of the unpredictable com-
ponent across many macro series; Bali et al. (2017) show that low exposure (beta) to

this index is associated with higher risk-adjusted returns.

Studies using disagreement as uncertainty largely nd that higher dispersion pre-
dicts lower returns. Diether et al. (2002) show that greater dispersion in earnings fore-
casts leads to lower future returns, especially among small and past-loser stocks. John-
son (2004) con rms these ndings and argues that expected returns fall with higher
idiosyncratic risk. Yu (2011) documents that high market-wide disagreement (mea-
sured via analyst-earnings dispersion) associates with lower expected returns. Using
dispersion in forecasts of aggregate corporate prots, Anderson et al. (2009) nd a
signi cantly positive price of investor uncertainty. Bali et al. (2023) examine innova-
tions in macroeconomic disagreement indexes and show that lower disagreement risk
corresponds to higher expected returns, with results that remain informative out of

sample.

2.4 Contribution to the Literature

This study contributes to the asset-pricing literature on macroeconomic forecast dis-
agreement in several ways. First, whereas most prior work (including Bali.2020) fo-
cuses onthe U.S., this paper analyzes a broad international sample spanning developed
and emerging markets, enabling direct cross-country comparisons. Second, instead
of quarterly survey data, it employs monthly disagreement measures from Consensus
Economics, providing higher-frequency evidence. Third, it estimates disagreement

betas using both rolling-window and expanding-window methodologies, capturing



short-term versus persistent exposures. Finally, by comparing the standard deviation
and the interquartile range of forecasts, the study evaluates the in uence of extreme

forecasts and outliers on measured disagreement.



3 Data Preparation

This section describes the data sources, preprocessing steps, and Itering procedures
used to construct the datasets for the empirical analysis. Two main categories of data

are employed: stock market data and macroeconomic forecast data.

Macroeconomic forecasts are obtained from the Consensus Forecasts (CF) database,
which provides monthly projections for a wide range of economic indicators across
multiple countries and regions. These forecasts serve as the basis for the construction

of the macroeconomic forecast disagreement measures.

Risk-free rates are drawn from Re nitiv Datastream and Eurostat. For European
countries where short-term government bond yields are not consistently available in
Datastream, long-term euro area government bond yields from Eurostat are used as
substitutes. For all other countries, the shortest-maturity government bond yield avail-

able in Datastream is taken as the risk-free rate.

Stock market data, including stock prices and market capitalizations, are sourced
from Re nitiv Datastream. For each country, only common stocks listed on major
exchanges are included. Preferred shares, exchange-traded funds (ETFs), closed-end
funds, and other non-equity securities are excluded. To ensure data quality, only stocks
with complete information on prices and market capitalizations over the relevant esti-
mation windows are retained.

The sample period ends on December 31, 2019, to avoid distortions associated with
the COVID-19 pandemic and the extraordinary volatility it introduced. The starting
date is country-speci ¢ and corresponds to the earliest point at which both macroe-
conomic forecasts and nancial market variables are simultaneously available. As a

result, sample coverage di ers across countries depending on data availability.



3.1 Economic Forecast Data

The macroeconomic forecasts used in this study are obtained from the Consensus Fore-
casts (CF) database provided by Consensus Economics. The dataset is organized into
four regional groups: the Group of Seven (G7) and Western Europe, Eastern Europe,
Asia-Paci ¢, and Latin America. For each country, the CF database provides monthly
forecasts for the current year, with horizons extending to year-end, as well as separate
year-end projections for a range of key macroeconomic variables. The set of avail-
able variables varies across countries and regions depending on data availability and

reporting conventions.

3.1.1 Data Availability

The availability of economic forecasts di ers substantially across countries and re-
gions. While some regions o er extensive forecast coverage, others are characterized
by limited availability. Both the starting dates and the number of macroeconomic vari-

ables covered vary within and between regions.

Tables A.2, A.3, A4, and A.5 in the Appendix summarize the coverage across re-
gional groups. Table A.2 covers the G7 and Western European countries, Table A.3
presents Asia-Paci c coverage, Table A.4 reports on Latin America, and Table A.5 de-
scribes Eastern Europe. These tables highlight the large di erences in forecast avail-
ability across both regions and individual countries.

The G7 and Western Europe region includes several additional countries 1. Fore-
casts are provided for 16 macroeconomic indicators, including GDP, consumption, in-
vestment, in ation, employment, trade balances, and interest rates. For each country
and variable, the tables indicate whether forecast data are available from the beginning

of the dataset, introduced at a later date, or not available at all.

The United States, United Kingdom, Canada, Germany, France, Italy, and Japan

(the G7 countries) exhibit the most comprehensive data coverage. For these countries,

Austria, Belgium, Denmark, Finland, Greece, Ireland, Israel, and Portugal.
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most variables are available from January 1990. Core variables such as GDP, business
investment, industrial production, consumer and producer prices, unemployment, the
current account, the budget balance, and interest rates are consistently covered. Some
variables, such as car sales, housing starts, and corporate pro ts, are less consistently
available. Notably, the U.S. has forecasts for all 16 variables, with the budget balance
added in May 1992.

Countries such as the Netherlands, Norway, Spain, Sweden, and Switzerland also
show relatively comprehensive coverage, particularly for GDP, industrial production,
and unemployment. However, variables such as personal consumption, corporate
pro ts, producer prices, and employment costs are often missing. Forecasts for in-
terest rates and budget balances generally begin in 2009.

In contrast, Austria, Belgium, Denmark, Finland, Greece, Ireland, Portugal, and
Israel exhibit limited coverage. For most of these countries, only GDP and industrial
production forecasts are consistently available, while nancial, labor, and consump-
tion indicators are largely absent. These countries entered the dataset in February
2005, but their forecast coverage remains incomplete. Budget balances, interest rates,
and government bond yields are missing entirely.

The Asia-Paci c region includes only Australia and New Zealand, as they are the
only OECD members from this region with available forecast data. 2 Forecast coverage
for Australia begins in 1990 and for New Zealand in 1994. While both countries ex-
hibit broad availability, some gaps remain. For Australia, industrial production and
trade balance data are incomplete. For New Zealand, all variables are available from

the country's entry into the dataset, except new housing approvals and re-exports.

Latin America has the narrowest coverage in terms of available macroeconomic
variables. Forecasts for all included countries begin in 2002 and cover GDP, in a-
tion, industrial production, and trade balances. Financial indicators such as interest
rates and currency reserves are available only for some countries and often begin later.

Colombia, in particular, has notable gaps: while most variables are available from the

2Japan, though geographically part of the Asia-Paci ¢, is included in Table A.2 as a G7 member.
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start, nominal average wages are entirely missing, and budget balance and current
account forecasts begin only in March 2015. Despite these gaps, coverage of core indi-
cators is relatively complete.

Eastern Europe is covered for seven countries, with forecasts beginning in January
2008. Among these, the Czech Republic, Hungary, Poland, and Turkey have the most
comprehensive coverage, though Turkey's 10-year bond yield forecasts only begin in
December 2015. In contrast, Estonia, Slovakia, and Slovenia have several missing se-
ries, including forecasts for nominal earnings and money supply growth. Slovakia's
budget balance forecasts begin in March 2009, while Estonia and Slovenia lack both
short- and long-term interest rate forecasts from the outset. Despite these limitations,

core indicators are generally available.

3.1.2 Number of Forecasters by Country

The number of forecasters contributing to the survey is an important factor in uenc-
ing the measurement of forecast disagreement. Countries with fewer forecasters, or
greater variation in the number of contributors over time, are likely to exhibit more
volatile disagreement measures. This section examines the distribution of forecasters
across countries to assess the stability and robustness of the disagreement indexes.

The number of contributors uctuates over time and di  ers signi cantly across
countries. Developed economies tend to have more reported forecasters, while devel-
oping countries, especially in Eastern and parts of Western Europe, generally show
fewer forecasters and more variability.

Table 3.1 presents descriptive statistics on the number of forecasters for each coun-
try. In the G7 and Western Europe, the United States, United Kingdom, Germany,
France, and Japan record the highest average numbers of forecasts per month. For
these countries, the minimum number of forecasters consistently exceeds 15, re ect-
ing strong and stable coverage. Among them, Germany shows the lowest dispersion,

with a comparatively smaller standard deviation, suggesting greater stability than in

12



the UK or France. By contrast, Austria, Belgium, Denmark, Finland, Greece, Ireland,
Israel, and Portugal have lower coverage with higher variability.

In the Asia-Paci c region, Australia has the highest average number of forecasts
per month. New Zealand averages around 13 forecasts, with relatively low variability.

In Latin America, Mexico receives the highest average coverage, with a minimum
of 10 forecasts per month. Colombia has the lowest average coverage in the region and
a slightly higher standard deviation than Mexico and Chile.

In Eastern Europe, Poland and Hungary have the strongest coverage. Poland has
a minimum of 12 forecasters at all times, while Hungary shows slightly more uctu-
ation. Smaller economies such as Latvia and Lithuania experience signi cant periods
with fewer forecasts, with minima of 7 and 6, respectively.

Table 3.1 also records the rst appearance of each country in the CF dataset, re ect-
ing regional di erences in data availability. G7 and Western European countries have
been covered since 1990, while many Eastern European and developing economies
were added only in 2008. The earliest recorded forecasts belong to Canada, France,
Germany, Japan, the UK, and the US, all included since January 1990. The Nether-
lands, Spain, Sweden, and Switzerland were added later (1995-1998), while Austria,
Belgium, Denmark, Finland, and Portugal entered only in 2005. Forecasts for Aus-
tralia begin in 1990, New Zealand in 1994, Latin America in 2002, and most Eastern

European countries in 2008.

Overall, while the CF dataset provides su cient forecast coverage for major economies
such as the US, Germany, and France, coverage is less reliable for countries such as
Austria and Belgium, where the minimum number of forecasters occasionally drops to
zero. Including such countries in empirical analysis would compromise robustness, as

these gaps coincide with relatively short time series and fewer forecasted variables.
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Region Country Data Since Average Median Min Max StD
G7-WE Austria 02/2005 8.2 9 0 13 25
G7-WE Belgium 02/2005 9.1 11 0 14 3.1
G7-WE Canada 01/1990 15.9 16 11 20 21
G7-WE Denmark 02/2005 8.2 8 0 14 2.0
G7-WE Finland 02/2005 8.9 9 0 14 2.7
G7-WE France 01/1990 19.7 19 11 26 3.3
G7-WE Germany 01/1990 27.9 28 20 33 23
G7-WE Greece 02/2005 9.8 12 0 15 3.6
G7-WE Japan 01/1990 20.9 21 12 26 25
G7-WE Ireland 02/2005 9.2 10 0 14 3.2
G7-WE Israel 02/2005 9.5 10 0 14 34
G7-WE Italy 01/1990 15.5 15 6 26 3.9
G7-WE Netherlands 01/1995 10.6 10 7 16 2.3
G7-WE Norway 06/1998 9.5 10 6 13 14
G7-WE Portugal 02/2005 10.0 11 0 15 3.8
G7-WE Spain 01/1995 15.9 16 7 26 3.3
G7-WE Sweden 01/1995 13.6 14 7 18 2.0
G7-WE Switzerland 06/1998 14.2 15 6 21 2.9
G7-WE UK 01/1990 28.0 27 19 34 3.9
G7-WE USA 01/1990 26.7 27 19 33 2.7
AP Australia 11/1990 17.3 17 12 23 2.2
AP New Zealand 12/1994 13.3 13 8 17 14
AP South Korea 12/1994 16.5 17 9 22 2.2
LA Chile 01/2002 18.4 18 10 27 3.1
LA Colombia 01/2002 14.4 14 8 24 3.4
LA Mexico 01/2002 20.0 20 10 27 3.0
EE Czech Republic  01/2008 18.3 18 12 22 25
EE Estonia 01/2008 9.6 10 7 12 1.3
EE Hungary 01/2008 18.3 19 11 25 34
EE Latvia 01/2008 10.1 10 7 14 14
EE Lithuania 01/2008 8.8 9 6 12 1.4
EE Poland 01/2008 19.7 19 12 26 3.8
EE Slovakia 01/2008 12.7 13 8 18 2.2
EE Slovenia 01/2008 11.6 12 7 17 2.2
EE Turkey 01/2008 16.6 17 10 22 2.8

Table 3.1: Descriptive statistics for the number of available macroeconomic variable

forecasters for each country. G7-WE refers to the G7 and Western Europe dataset, AP

refers to Asia and Paci c, LA refers to Latin America, and EE refers to the Eastern
Europe dataset.
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3.2 Stock Market Data and Filters

Stock market data, including stock prices and market capitalizations, were obtained
from Re nitiv Datastream. The original dataset spans the period from January 1973
to April 2022. For the purposes of this study, the sample period is restricted to the end
of 2019 in order to avoid distortions introduced by the COVID-19 pandemic and its as-
sociated market volatility. The starting date for each country varies depending on data
availability: while some countries have stock market data extending back to the early
years of the dataset, others enter the sample only at later points. To ensure consistency
between stock market data and macroeconomic forecasts, the data for each country is
truncated to include only the period during which both datasets are simultaneously
available.

Empirical research in nancial markets requires accurate, comprehensive, and ro-
bust datasets. One of the most widely used sources for nancial and macroeconomic
data is Re nitiv Datastream (formerly Thomson Reuters Datastream). The platform
is known for its extensive international coverage of nancial markets, as well as eco-
nomic and environmental indicators. However, the raw data provided by Datastream
presents several challenges that require careful preprocessing before it can be reliably
employed in academic research.

In this study, the quality of the raw dataset from Datasteam was enhanced using a
series of lters developed by Landis and Skouras (2021), designed to correct data in-
consistencies, eliminate survivorship bias, and enhance the overall quality of interna-
tional stock market data. The resulting dataset includes only countries with su  cient
coverage of macroeconomic forecasts, stock market data, and risk-free interest rates,
thereby ensuring the robustness of the empirical analysis.

Firstly, a fundamental issue with raw data sourced from Datastream is the round-
ing applied to stock prices. The data downloaded from this source is rounded to two
decimals, which introduces inaccuracies for nancial research purposes. The problem

Is particularly severe for stocks with very low price levels, where rounding can lead
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to arti cially zeroed returns. This eliminates observed market uctuations and conse-
guently undermines the subsequent analysis. The issue is further exacerbated when
the data is extracted in a currency di erent from the actual trading currency. In some
cases, when the trading currency was much weaker than the reporting currency, the

distortion became even more pronounced Landis and Skouras, 2021.

Secondly, survivorship bias may exist in datasets extracted from Datastream, de-
pending on the extraction procedure. Survivorship bias occurs when the dataset in-
cludes only currently active stocks and excludes rms that have been delisted. Since
delistings are often the result of poor performance or bankruptcy, excluding these
rms tends to in ate estimated returns. To avoid this bias, it is recommended to ex-

tract data for both active and delisted stocks to ensure an unbiased dataset.

Thirdly, Datastream provides incomplete coverage of constituent lists. These lists,
which are available for individual countries or exchanges, often omit smaller or less
prominent stocks. Relying solely on these lists in nancial research biases the analysis
against smaller rms. To mitigate this issue, researchers are advised to download data
for all equities within an exchange or country manually, rather than depending on

pre-de ned constituent lists.

Additionally, datasets extracted from Datastream frequently include problematic
or irrelevant instruments, such as ETFs, unit trusts, depository receipts, and non-
domestic stocks traded locally. Including such instruments can distort the empirical
analysis of domestic common equities.

The overall quality and robustness of empirical research depend critically on accu-
rate ltering of Datastream data. Research shows that international factor returns de-
rived from a poorly Itered Datastream datasetdi  er signi cantly from those obtained
using more robust datasets such as CRSP-Compustat Landis and Skouras, 2021. Care-
ful ltering and preprocessing of Datastream data therefore substantially enhance the
reliability of the dataset and, consequently, the validity of empirical conclusions.

While the dataset provided by Datastream is extensive and o ers numerous -

nancial and economic indicators and time series, it requires speci ¢ procedures for
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data acquisition, comprehensive preprocessing, and ltering. These steps are essential
to address rounding errors, survivorship bias, incomplete stock coverage, problem-
atic instruments, and other fundamental inaccuracies. By implementing best-practice
guidelines, researchers can signi cantly improve data quality and ensure robust and
accurate empirical outcomes in international equity market studies.

To address the above-mentioned issues with Datastream, the following lters were
applied. These lters exclude entire stocks from the dataset based on prede ned con-
ditions for each country and market. This Itering framework is divided into three

subcategories: static information lIters, return index lters, and stockday lters.

3.2.1 Static Filters

Static information-based lters rely on characteristics that remain constant during the
lifespan of each stock. These include descriptive attributes such as stock type, ge-
ographical location, currency, or listing exchange. The purpose of these lters is to

exclude instruments that do not match the characteristics required for this research.

1. Non-common stocks

This lter excludes securities that are not classi ed as common equities. In the
Datastream database, many securities are mistakenly included in the universe of
common equities. To address this issue, non-common stocks—such as preferred
shares, funds, depositary receipts, warrants, and other equity-like instruments—are
excluded. Since the de nitions of these instruments vary by country, Landis and
Skouras (2021) suggests using country-speci ¢ text strings in the extended stock

names to Iter out such securities.

2. Cross-listed stocks

Some companies are listed on multiple exchanges, which can result in duplicate re-
turn series. To avoid duplication, cross-listed stocks are excluded from the dataset.
A set of country-speci c identi ers is compared against the Expanded Name (ENAME)

eld to identify and remove stocks primarily listed on other exchanges.
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3. Duplicate local codes

Certain stocks in the dataset are identi ed by identical local codes, representing
multiple listings of the same underlying instrument. This Iter eliminates non-
primary listings by relying on Datastream indicators such as ISINID, thereby en-

suring unigue representation of each security.

4. Non-domestic currency

Stocks traded in currencies di erent from the o cial domestic currency are ex-
cluded. Exceptions are made for countries with multiple o cially recognized cur-
rencies, often due to historical transitions or market conditions. For example, Euro-
zone countries transitioned from national currencies to the euro, and pre-transition

data is retained in the original local currency.

5. Non-domestic headquarters

Stocks whose headquarters are located outside the country of listing are excluded.
This ensures that the analysis focuses on securities that represent domestic eco-

nomic exposure.

The application of static Iters enhances the robustness and reliability of the Datas-
tream dataset. Table 3.2 provides an overview of the number of stocks remaining for
each country after applying each of the static Iters described above.

The non-common stock lter addresses the misclassi cation of non-equity instru-
ments as common stocks in Datastream. Its application results in substantial stock
exclusions, particularly in Australia, Canada, France, Germany, and the United States.
The high exclusion percentages in these markets highlight signi cant classi cation is-
sues in the raw dataset.

The cross-listed stock lter is crucial for addressing duplication caused by rms
listed on multiple exchanges. This lter has the strongest e ect in countries with
highly integrated nancial markets. The United Kingdom shows the highest exclu-

sion rate, followed by Turkey and the Czech Republic.
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Initial . Non-Domestic Non-Domestic
Country Non-Common Cross-listed

Stocks Currency  Headquarters
Australia 5622 4490 4484 4484 4443
Canada 12321 10012 10012 9939 9886
Chile 633 604 604 604 604
Colombia 258 251 251 251 251
Czech Republic 403 400 369 369 369
France 3536 2653 2558 2184 2182
Germany 3158 2566 2442 2082 2080
Hungary 228 207 203 201 201
Italy 1277 1213 1190 992 992
Japan 5384 5352 5351 5351 5351
Latvia 154 154 154 154 126
Lithuania 228 228 228 222 222
Netherlands 643 590 574 567 566
New Zealand 551 487 480 480 478
Norway 1018 1001 990 989 988
Poland 1752 1746 1725 1725 1724
Slovenia 422 417 417 417 415
South Korea 4205 3844 3844 3840 3840
Spain 556 510 504 504 504
Sweden 3037 2733 2712 2707 2703
Switzerland 802 743 738 731 731
Turkey 970 943 866 846 845
United Kingdom 8589 8354 7392 7392 7383
United States 23891 19109 18971 18971 18919

Table 3.2: Number of stocks remaining in the dataset after static Iters for each
country . This table reports the number of remaining stocks after four static Itering
criteria: non-common stock status, cross-listing, non-domestic currency denomina-
tion, and non-domestic headquarters.
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Stocks traded in non-domestic currencies represent another important ltering cat-
egory. Italy, Germany, and France show notable exclusions, re ecting the presence of
foreign-currency trading in these markets. Such inconsistencies can bias empirical
results, underscoring the importance of maintaining currency consistency in market

return analysis.

The non-domestic headquarters Iter removes rms whose headquarters are lo-
cated outside their listing country. This mismatch can distort country-level analyses
by misrepresenting local economic exposure. Canada and Latvia are most a ected by
this Iter, with 58 and 28 exclusions, respectively, while most other countries were
only marginally impacted.

Finally, the order of Iter application determines the number of exclusions at-
tributed to each step. Since most problematic securities were already removed by the
rst four static Iters, the duplicate local codes Iter had little to no e ect on addi-

tional stock counts.

3.2.2 Return Index Filters

The second category of lters applied to the Datastream dataset is the return index-
based Iters. These Iters use the properties of historical return data to identify and

exclude stocks that display unusual or problematic return patterns. Such anomalies
are often caused by errors in data collection, corporate actions, or irregularities in
market trading. Common anomalies include persistently consistent returns, exces-
sive volatility, or the absence of volatility. Applying thresholds based on volatility,

frequency of zero returns, and completeness of return histories helps improve the ac-

curacy of the dataset.

These lIters also address the su ciency and reliability of the dataset for certain
stocks. Stocks with very few historical observations or limited price movements through-
out their history do not provide adequate information for empirical analysis. Exclud-

ing stocks with such characteristics enhances the overall accuracy of the dataset.

1. Return index data unavailable
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For a signi cant number of stocks, return index data is not available. Since no
further analysis is possible without this information, these stocks are removed from

the dataset.

. Implausibility Iter

This Iter removes stocks with implausible return patterns. Speci cally, it excludes
stocks for which 95% or more of non-zero daily returns are either all positive or
all negative, as such patterns are typically assumed to result from data recording

errors.

. Few non-zero observations

Stocks for which more than 95% of daily return observations are zero are excluded.
This issue may result from severe illiquidity, data padding, or extended periods of

missing prices. Each of these factors reduces the accuracy of the dataset.

. High volatility

Stocks exhibiting excessively high volatility are excluded from the dataset. The
threshold for exclusion is set at 40% daily volatility. Such extreme volatility is usu-

ally caused by errors in price adjustments following corporate actions.

. Low volatility

This Iter excludes stocks with extremely low volatility. The threshold is de ned as
a standard deviation below 0.01 for daily returns. These series generally indicate
arti cially stable returns due to data padding or infrequent trading, which can be

misleading for empirical research.

. Few observations

Stocks with fewer than 120 valid daily return observations are excluded from the
dataset, except for those that were only recently introduced to the market. This en-
sures that stocks retained in the dataset contain su cient data for reliable statistical

analysis.
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Country RI Not Implausibility Few FewNon-zero Low
Available Observations Observation  Volatility
Australia 4412 3818 3542 3532 3515
Canada 9775 8309 7821 7798 7659
Chile 583 335 306 290 279
Colombia 240 136 110 101 96
Czech Republic 368 242 237 237 237
France 2170 1817 1736 1722 1705
Germany 2049 1502 1449 1448 1428
Hungary 200 131 103 103 101
Italy 986 799 747 747 746
Japan 5336 5047 4916 4912 4910
Latvia 124 35 33 33 29
Lithuania 222 64 62 61 59
Netherlands 555 432 345 343 342
New Zealand 471 375 345 341 340
Norway 985 869 792 790 788
Poland 1712 1359 1164 1164 1162
Slovenia 407 89 84 82 76
South Korea 3835 2454 2393 2393 2386
Spain 492 373 355 345 345
Sweden 2687 1887 1712 1710 1700
Switzerland 731 504 486 484 483
Turkey 843 528 494 494 491
United Kindgdom 7285 6109 4413 4386 4362
United States 18775 14238 12049 12030 11924

Table 3.3: Number of stocks remaining in the dataset after return index lIters for
each country. This table reports the number of stocks excluded due to ve return
index lItering criteria: return index not available, implausibility, sparse observations,
few non-zero observations, and low volatility.
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Table 3.3 reports the percentage of stocks removed from each country by apply-
ing the return index lters described above. The Iters enhance the reliability of the
dataset by excluding problematic stocks. The results show higher removal percentages
in emerging markets such as Colombia, Chile, Latvia, and Lithuania, while developed
markets generally experienced lower exclusion rates. Exceptions were observed when
a large proportion of exclusions resulted from missing return index data or limited

return histories.

The absence of return index data is the rst Iter applied. Across all countries, a
signi cant number of stocks are removed at this stage. Countries particularly a  ected
include Slovenia, Colombia, Chile, Latvia, and Lithuania, re ecting structural data
limitations in these markets. However, this Iter also removed a considerable number
of stocks in developed markets such as the United States, Germany, and the United
Kingdom.

Table 3.3 also shows the number of stocks remaining in each country after all return
index lters were applied. The initial number of stocks corresponds to the surviving
stocks after the last static Iter (low volatility) reported in Table 3.2. Although fewer
stocks are eliminated by the implausibility Iter compared to the return index un-
availability lter, the results show that 140 Colombian stocks exhibited implausible
return patterns, with more than 95% of their non-zero returns being either positive or
negative. Similar cases were also observed in the Netherlands and Chile.

The few observations Iter, which excludes stocks with fewer than 120 valid daily
returns, had a considerable impact on datasets from the United Kingdom, New Zealand,
Hungary, and the United States. The relatively large number of exclusions in these de-
veloped markets suggests either data inaccuracies in Datastream or the presence of
numerous short-lived, illiquid stocks.

The few non-zero observations Iter primarilya  ected Colombia, Chile, and Spain,
where many stocks displayed excessively padded or incomplete data. In contrast, most

other countries were only marginally a ected.
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Finally, the low volatility Iter eliminated stocks with near-zero variability in re-
turns. While rarely triggered, this Iter had noticeable e  ects in Latvia, Colombia,
and Chile.

As with the static Iters, the order in which return index lters are applied deter-
mines the number of stocks eliminated at each step. Since most problematic stocks
were removed by the lters described above, the high volatility Iter did not exclude

any additional stocks in several countries.

3.2.3 Stockday Filters

The third category of Iters applied to the Datastream dataset is the stockday lters.
These lters are applied to the daily return series of individual stocks and address
issues arising on speci ¢ trading days throughout the lifetime of each stock. Unlike
index-level Iters, which focus on an entire security's life cycle or overall return struc-
ture, stockday Iters detect and correct inconsistencies that can corrupt the quality of
return measurements. Such problems include stale prices, padded observations, and

outliers in the return series.

Since daily nancial data is particularly susceptible to recording errors, holidays,
and trading suspensions, stockday lters act as a safeguard to preserve data accuracy.
By removing misleading data points, these Iters reduce noise and improve the relia-

bility of empirical inferences.

1. Stocks no longer traded

For delisted stocks, Datastream often reports padded values after trading has ceased.
This Iter removes returns following ten consecutive padded values, thereby align-

ing recorded data more closely with actual market events.

2. Staleness

For some stocks, return data remains unchanged for extended periods. This |-

ter removes observations where prices remain constant for 30 or more consecutive
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trading days, preventing misleading results in cumulative return or volatility cal-

culations.

3. Outlier errors

Observations with extreme return reversals are removed. Typically, these involve
a sudden highly positive return followed by a sharp negative return. Landis and
Skouras (2021) suggests a threshold of over 100% for a positive return immediately
followed by a —50% return. Such patterns usually re ect data misreporting or un-

adjusted corporate actions.

4. Holiday e ects

Daily observations from dates identi ed as public holidays or exceptionally low
trading-activity days are excluded. Speci cally, any trading day on which fewer

than 0.5% of stocks report valid returns is classi ed as a low-activity day.

5. Nonsense values

Observations containing zero or negative prices are eliminated, as these clearly rep-

resent erroneous or nonsensical data entries.

6. Penny stocks

In U.S. nancial research, it is common practice to remove stocks with market
prices below $1, as these tend to su er from extreme illiquidity, price manipula-
tion, and high return volatility. However, this approach may be problematic in
markets where typical price ranges di er from those in the U.S. To mitigate this,
stocks whose unadjusted closing price in month t 1 falls within the lowest quar-
tile of available stocks for that month are excluded from the investment universe in

month t.

These lters primarily improve the accuracy of the dataset by either excluding spe-
ci ¢ calendar days from each country's dataset or replacing implausible return se-

guences with missing values.

25



3.3 Exclusion of Countries

In constructing the nal dataset for this research, several OECD member countries
were excluded due to limitations in the quality and completeness of available time
series data. These exclusions were necessary to ensure the reliability and consistency of
the analysis and were based on six clearly de ned criteria. Each criterion is discussed
below, along with the countries excluded on that basis. Some countries fall under more

than one exclusion criterion.

1. Limited coverage in the Consensus Forecasts dataset

The Consensus Forecasts (CF) dataset does not comprehensively cover all OECD
member countries. Some countries are entirely absent, making it impossible to in-
clude them in the analysis. Consequently, Iceland, Costa Rica, Luxembourg, and
Portugal were excluded. A complete list of countries covered in the CF dataset is

presented in Table 3.1.

2. Missing forecasts for essential macroeconomic variables

In some cases, although a country is included in the CF dataset, it lacks forecasts
for critical macroeconomic variables necessary for this research. These include, but
are not limited to, short-term interest rates, government bond yields, in ation, and
unemployment. The absence of such data prevents a comprehensive assessment of
economic expectations and weakens the empirical foundation of the model. There-
fore, Austria, Belgium, Denmark, Finland, Greece, Ireland, and Israel were ex-
cluded. Detailed information on variable availability across countries is provided

in Tables A.2, A.3, A.4, and A.5.

3. Interrupted time series in forecast data

Several countries exhibited discontinuities in their macroeconomic forecast series.
For these countries, forecasts were not consistently reported over time, with entire
months missing or with fewer than ve contributing forecasters. Such interruptions

undermine the application of standard time series techniques to measure forecast
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dispersion. These countries were identi ed based on summary statistics showing
a minimum number of forecasters equal to zero or fewer than ve at one or more
points in the sample period. The corresponding data for this exclusion criterion can

be found in Table 3.1.

4. Problematic nancial market data

Mexico was excluded due to concerns about the quality of its nancial data. The
return series for Mexican equities contained extreme outliers and irregular uctu-
ations, raising questions about accuracy and reliability. These anomalies may stem
from recording errors, unadjusted corporate actions, or other structural inconsis-
tencies. The problems persisted even after applying the Iters described above.
Because such issues signi cantly a ect empirical inference and the construction of

representative market indices, Mexico was excluded from the nal dataset.

5. Absence of reliable risk-free rate data

Estonia was excluded due to the lack of a su ciently long and consistent monthly
risk-free rate series. These data could not be obtained from either Eurostat or Re-
nitiv Datastream. Since the risk-free rate is essential for calculating excess returns,

Estonia could not be retained in the sample.

6. Substantial missing data in stock returns

Slovakia was excluded from the analysis due to extensive gaps in the available stock
return series. Since the rolling and expanding window methods require complete
data and automatically drop stocks with missing observations, the issue was partic-

ularly pronounced for Slovakia.

Countries were excluded from the dataset only when fundamental data limitations
made their inclusion methodologically unjusti able. These exclusions ensure that the
nal dataset is both reliable and suitable for the empirical analyses conducted in this

research.
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4 Methodology

This section outlines the empirical framework employed to examine the relationship
between macroeconomic forecast disagreement and cross-sectional equity returns across

OECD markets.

First, we describe the method used to adjust forecast horizons. Second, we present
the construction of the macroeconomic forecast dispersion index. Third, we explain
the processing and preparation of the market return variables. Fourth, we introduce
the time-series regression framework used to estimate rm-level exposures to macroe-
conomic disagreement shocks. Finally, we describe the portfolio sorting procedure and

return calculation.

4.1 Forecast Horizon Adjustment

The CF dataset provides forecasts for each country at two distinct horizons: until
the end of the current calendar year (CY) and for the next calendar year (NY). Con-
sequently, the publication date directly determines the e ective horizon. For exam-
ple, forecasts issued in January span nearly a full year for the current calendar year,
whereas forecasts made in November cover only a short remaining period. To ensure
comparability of disagreement measures across time, all forecasts are converted to a

standardized 12-month horizon through weighted interpolation.

The conversion method is based on a weighted average of the forecasts for the cur-

rent and next calendar year, as shown in Equation 1. For each raw forecast F' .,

(current year) and Fi'?‘v\;(c;t (next year) from forecaster i, the adjusted 12-month-ahead

forecast is computed as:

l:i;v;c;t—EFi;v;c;t"' 12 i;v;c;t; (1)

Here, i indexes individual professional forecasters in the CF dataset, v denotes the

macroeconomic variables of interest (GDP growth, CPI in ation, unemployment rate,
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etc.), c represents OECD member countries, andt indicates the monthly forecast pub-
lication dates. In addition, m =12 month(t) gives the number of months remaining
in the current calendar year at publication date t. This adjustment ensures that F;.,,.c.
consistently represents a 12-month-ahead forecast, regardless of the calendar month

in which the forecast was issued.

4.2 Macroeconomic Forecast Disagreement Measures

As described in Section 3.1, the Consensus Forecasts (CF) dataset provides monthly
forecasts for a range of macroeconomic variables in each country. To quantify dis-
agreement among forecasters, we compute two dispersion metrics for each variable-

country-month triplet ( v;c;t):

1. Cross-sectional standard deviation (StD)

The sample standard deviation of forecasts is calculated as:

2
StDy.ct =

1 X 2

Here, N denotes the number of forecasters in country c at time t, and F_V;C;t =

P N.. . .
Niﬂ i+ Fi-v:ct represents the mean forecast. This measure captures the total dis-

persion around the consensus mean.

2. Interquartile range (IQR)

To mitigate the sensitivity of the standard deviation to outliers and small sample

sizes, we also compute the interquartile range (IQR), de ned as:

IQRy:ct = QS(Fv;c;t) Ql(Fv;c;t);

Here, Q3(Fy.c.t) denotes the 75th percentile of forecasts for variable v in country ¢
attime t, and Q1 (F,.c.t) denotes the 25th percentile. The interquartile range (IQR),

therefore, captures the spread of the central 50% of forecasts and o ers two main
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advantages: (i) it is robust to outliers, and (ii) it remains well de ned even in rela-

tively small panels, requiring at least four forecasters.

4.3 Preprocessing Window Construction

To assess robustness, we construct two versions of each dispersion measure (StD and

IQR) based on alternative windowing schemes:

1. Rolling window : For each time t, we calculate StD,,...; and IQR,;.c.; using the most
recent 60 monthly observations. This speci cation adapts quickly to local changes
in forecast behavior and can capture structural breaks or short-term shifts.

2. Expanding window : We compute dispersion measures using the full sample of
available data up to time t, starting from 60 initial observations. This approach
incorporates early information and produces smoother, more persistent series, but

reacts more slowly to sudden changes.

The choice of window a ects the innovation-based indices because it alters the es-
timation samples for both the AR(1) parameters (! g.y.c;! 1.v:c) and the PCA loadings
W, (see Section 4.4). Rolling windows allow the index to adapt quickly to changing
forecasts but increase sensitivity to short-term noise. Expanding windows generate
smoother, longer-horizon disagreement indices but may lag in capturing abrupt shifts.
These di erences carry over to the innovations and, consequently, to the estimated

disagreement betas in Section 3.

4.4 Economic Forecast Disagreement Indices

Cross-sectional measures of forecast dispersion, such as St and IQRy...;, are typ-
ically highly persistent, re ecting gradual macroeconomic shifts. As shown by Bali
et al. (2023), this persistence often re ects long-term expectations-formation patterns

rather than short-term changes relevant for asset pricing.
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To isolate the idiosyncratic component of forecast disagreement, we apply an au-
toregressive lItering approach. For each window type and each variable-country pair
(v;c), we estimate a rst-order autoregressive process:

Zv;c;t: 0;v;c+! l;v;ch;c;t 1+ v;c;t;

where Z,,...; denotes the forecast disagreement measure (StD or IQR)! .,.c captures
the baseline level of disagreement, ! ;.,.. measures persistence, and ,...; represents the
innovation.

The standardized residuals res;.c.; from this regression are used as innovation-
based measures of forecast disagreement. By Itering out predictable persistence, this
approach produces stationary and comparable series across variables and countries.
The res;.c;; series thus capture short-term uctuations in disagreement not explained
by past observations.

To construct a composite measure of disagreement at the country level, we apply
Principal Component Analysis (PCA) to the set of standardized residuals. For each
country c, the index is de ned as:

| o0 = wiresey;

all variables, and w. is the eigenvector associated with the largest eigenvalue of the
covariance matrix .= Cov(res.). This procedure extracts the dominant latent factor
in forecast disagreement.

The indices | ¢.; capture unexpected shifts in forecast dispersion after controlling
for persistence, variable-speci ¢ scaling, and cross-country heterogeneity. Positive val-
ues indicate above-trend disagreement (interpreted as high uncertainty), while nega-
tive values re ect strong consensus among forecasters. Both rolling and expanding
window speci cations yield indices, with rolling measures adapting quickly to shocks

and expanding measures highlighting longer-term persistence.
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Figures 4.1 and 4.2 show the structural behavior of the macroeconomic forecast
disagreement indices for all the countries included in the research using rolling win-
dow speci cation. To explain the di  erences that the choice of window formation can
make on these indices, two gures were included for each speci cation. Figures 4.3
and 4.4 show the results for expanding window. All graphs are constructed to re ect
both cross-sectional disagreement measures, StD and IQR, for each country.

The disagreement index for the USA, the UK, and Canada (both the StD-based and
IQR-based indices) shows frequent reversals and high short-term volatility. These dy-
namics are natural given the construction of the indices from the residuals of an AR(1)
process. The magnitude of these uctuations, however, varies across countries and
shows di erences in the underlying volatility of macroeconomic expectations. The
same pattern exists for Germany, France, Italy, Australia, Spain, the Netherlands, Swe-
den, and Switzerland, with a smaller magnitude of uctuations than those mentioned

above.
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An exception to this pattern is South Korea, where the disagreement indices re-
main relatively stable for extended periods that are followed by isolated but substan-
tial spikes. This behavior suggests infrequent yet impactful episodes of forecast diver-
gence.

In contrast, the Eastern European countries (Czechia, Hungary, Poland, Turkey,
Latvia, Lithuania, and Slovenia) show comparatively smoother disagreement indices
in both rolling and expanding measures. This is also true for Chile and Colombia,
where the disagreement indices have fewer sudden changes and overall lower volatil-
ity. These patterns may re ect a lower degree of forecasting activity or lower sensitivity
to global markets.

Across all countries, the StD-based disagreement measures are more reactive and
prone to changes, which is caused by outlier forecasts. In the UK, for instance, the StD-
based disagreement index shows sharper reactions, which are particularly noticeable
during the 2008 nancial crisis and pre-Brexit. This is also evident in Japan during the
2008 nancial crisis, where the IQR-based index shows moderate reactions, while the
StD-based index is more pronounced. The same can be said about periods of smaller
changes in disagreement measures. An example of this can be seen in New Zealand,
the USA, Australia, Norway, Spain, France, Germany, and the Netherlands.

The IQR-based disagreement indices also show notable advantages in countries
with smaller or noisier forecasting panels. In Czechia, Chile, and South Korea, the StD-
based disagreement index exhibits sudden, non-economic reversals that are smoothed
out in the IQR-based measures.

Forecast disagreement indices constructed with rolling windows display a higher
sensitivity to recent economic conditions of countries. They react faster to shocks and
revert to the mean more quickly. On the other hand, the expanding window indices,

which include the full historical sample, tend to show greater persistence.
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4.5 Market Return Calculation

To compute the aggregate stock market return for each country, we construct a capitalization-
weighted index of stock prices at the monthly frequency. Let pc; denote the price of
stock j in country cat time t, and mg; its corresponding market capitalization. For
each country c=1;2;:::;25, and for stocks j = 1;2;:::; M., observed over time periods
t =1;:::;T, the capitalization-weighted average price level P is de ned as:

Pwm,

_ =1 Pejit Mejit
PC;t - P M ! (2)
Cc

where the denominator

represents the total market capitalization of country c at time t. Equation (2) there-
fore yields a market capitalization-weighted index of stock prices within each country.

Using this index, we calculate the aggregate market return.

4.6 Regression Equation

After constructing the macroeconomic forecast disagreement indexes | . as described
in Section 4.4, we estimate the sensitivity of individual stock returns to uctuations in
macro-level disagreement using a rolling regression framework. All macroeconomic
disagreement indexes are organized into rolling windows of 60 months (equivalent to
ve years of monthly data). Within each window, we estimate the following regression

for each stockj in country c:

excess— I MKT MKT 4 u .
Rc;j;t = it ¢ Lt cij Rt + cijits (3)

where Rg;’ﬁess denotes the three-month-ahead excess return of stockj, computed
monthly as the simple return from time t to t + 3. The key independent variable, | .,

represents the country-level macroeconomic forecast disagreement index, constructed
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as the rst principal component of the standardized AR(1) residuals of forecast dis-
agreement measures across all macroeconomic variables. Two versions of this index
are computed, one based on the standard deviation and the other on the interquartile

range, and the regression is estimated separately for each speci cation.

The variable R('\:’;'tKT is the three-month-ahead excess return on the aggregate market

index for country c. The coe cients (':.j and 2’.'1-KT capture, respectively, the exposure
of stock j to innovations in macroeconomic forecast disagreement and to broad market

movements, while "+ denotes the idiosyncratic error term.

The regression is estimated separately for each stock in each country using a 60-
month rolling window, with coe  cients updated monthly. At each step, the most re-
cent 60 observations of overlapping three-month-ahead excess returns are employed,
producing overlapping return windows. This rolling estimation framework allows dis-
agreement betas to evolve over time and capture shifts in economic regimes and fore-

casting behavior.

The entire estimation is repeated using disagreement indexes constructed from ex-
panding windows. In this case, the disagreement index at time t incorporates all avail-
able historical data up to t. The initial window is based on a minimum of 60 obser-
vations. Both rolling-window and expanding-window speci cations are applied inde-
pendently to the StD- and IQR-based indexes, resulting in four distinct time series of
disagreement betas (':;j for each stock. These betas are subsequently used in portfolio-
sorting procedures to analyze the pricing implications of exposure to macroeconomic
forecast disagreement.

To account for the autocorrelation and heteroskedasticity introduced by the use of
overlapping three-month returns, all standard errors are computed using the Newey
and West (1987) estimator with a lag length of two. This correction ensures valid

inference despite serial dependence in the residuals.
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4.7 Portfolio Formation Based on Disagreement Betas

Despite variation in the number of available stocks across countries and over time,

three portfolios are formed based on disagreement betas

T This approach preserves
the resolution of the cross-sectional analysis while ensuring that each portfolio in-

cludes a su cient number of stocks to mitigate idiosyncratic return variation.

For each country and month t, stocks are sorted into three portfolios according

to the distribution of their disagreement betas, estimated from the rolling-window

I
Cij

regressions described in Equation 3. Stocks with below the 33rd percentile are
assigned to the rst portfolio, those between the 33rd and 66th percentiles enter the
second portfolio, and those above the 66th percentile are allocated to the third portfo-
lio.

The portfolios are constructed using market-capitalization weights. The value of

each portfolio k in country cattime t, denoted by F..,., is computed as:

P
j%?c;k;t mC;j;t pC;j;t .

, (4)

Pe:k:t = _ o
j2Pct it

where k 2 f1,2;3gindexes the three portfolios, P.,.; denotes the set of stocks in the
k-th portfolio at time t, m¢;. is the market capitalization of stock j, and pc;: is the
return index of stock j. The index t spans from the end of the rst window (either

rolling or expanding) to the end of the sample period.

The excess return of each portfolio is then calculated as:

Rkt = Pext R (5)

where RZ\7*°is the excess return of portfolio k in country c at time t, and Ry

denotes the risk-free rate.
Initially, quintile portfolios were considered. However, due to the limited number
of listed stocks in smaller economies, some portfolios would have remained empty or

contained too few observations. For instance, in countries such as the Czech Republic,
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the small size of the stock market does not allow for ve portfolios. As a result, the
number of portfolios was reduced to three to ensure meaningful formation across all
countries. The number of stocks allocated to each portfolio by country is reported in

Table A.1.

This procedure is applied separately for disagreement betas estimated from both
the StD and IQR disagreement measures. Furthermore, for each disagreement index,
portfolios are formed using betas obtained from both rolling-window and expanding-
window speci cations. This results in four distinct sets of portfolio returns for each
country, enabling a comprehensive evaluation of how disagreement index construction
a ects asset pricing implications.

Table 4.1 shows the distribution of disagreement betas used in portfolio formation
across countries under the rolling-window speci cation. These breakpoints are com-
puted from the rolling-window regressions of individual stock returns (Equation 3).
The table reports the median, mean, minimum, and maximum values of betas at the
two portfolio breakpoints.

Several insights emerge. To begin with, the rst portfolio typically has a negative
median disagreement beta, while the second portfolio's breakpoint is generally posi-
tive. In major developed markets such as Germany, France, the United Kingdom, and
the United States, beta distributions are narrower and breakpoints more stable. In
contrast, smaller or emerging markets such as Latvia, Colombia, and Slovenia exhibit
wider min—max spreads and more extreme values, re ecting thinner equity markets

and greater exposure to idiosyncratic shocks.
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Standard Deviation \ Interquartile Di  erence

Country Median Min Max | Median Min Max
1 2 1 2 1 2 1 2 1 2 1 2

Australia -0.90 0.67 -2.07 -0.49 1.03 3.11 -0.78 0.82 -2.33 -0.97 0.20 2.51
Canada -0.49 1.52 -3.78 -1.13 1.38 4.20 -0.48 1.31 -3.29 -1.38 1.14 3.68
Chile -0.48 0.27 -1.67 -0.67 0.22 1.32 0.01 0.62 -0.75 0.03 0.77 1.92
Colombia -0.91 -0.32 -1.41 -1.05 -0.34 0.58 -0.73 -0.30 -1.47 -0.63 0.08 0.60
Czechia -0.24 0.19 -0.99 -0.48 0.58 1.17 -0.08 0.43 -0.99 -0.31 0.22 1.09
France -1.10 -0.04 -2.98 -1.66 0.16 1.47 -0.85 0.16 -3.75 -2.04 0.61 1.77
Germany -1.27 -0.08 -3.28 -1.94 -0.00 1.30 -0.98 0.15 -3.15 -1.77 0.15 1.46
Hungary -0.73 0.11 -1.81 -0.48 -0.02 0.79 -0.86 0.04 -1.56 -0.40 -0.40 0.48
Italy -1.11 -0.22 -2.24 -1.42 -0.00 1.15 -1.37 -0.24 -2.73 -1.63 0.39 1.88
Japan -1.21 -0.14 -2.34 -1.14 0.54 1.55 -0.78 0.20 -2.39 -0.93 1.09 2.26
Latvia -0.40 0.19 -3.02 -1.27 0.64 1.53 -1.57 -0.39 -3.76 -2.51 2.97 5.69
Lithuania -0.29 0.15 -1.66 -0.79 0.13 0.89 -0.34 0.18 -3.26 -2.33 0.33 0.89

Netherlands -2.08 -0.75 -4.26 -2.66 0.62 2.14 -0.84 0.24 -3.44 -1.45 0.88 2.45
New Zealand -0.78 0.02 -2.30 -1.35 -0.12 0.66 -0.72 0.23 -2.11 -1.16 0.64 1.53

Norway -0.63 0.71 -2.49 -1.23 0.75 2.73 -0.88 0.16 -2.26 -0.62 0.50 2.08
Poland -1.34 -0.03 -1.90 -0.49 0.61 2.10 -0.76 0.39 -1.64 -0.39 0.65 2.27
Slovenia -1.44 -0.19 -2.39 -0.86 -0.66 0.40 -0.76 -0.02 -1.68 -1.37 0.29 0.93
South Korea -0.72 0.51 -4.17 -2.39 0.65 3.25 -0.88 0.55 -4.49 -2.76 1.21 4.40
Spain -1.22 -0.31 -2.70 -1.31 1.36 2.64 -0.60 0.23 -2.72 -1.42 0.98 2.36
Sweden -0.72 0.29 -5.09 -3.32 1.42 2.84 -0.33 0.69 -4.04 -2.75 1.38 2.94
Switzerland -0.84 -0.16 -2.47 -1.35 0.40 1.53 -0.99 -0.22 -2.52 -1.41 0.40 1.60
Turkey -1.15 0.01 -1.77 -0.74 -0.51 0.75 -0.93 0.11 -2.08 -0.83 -0.01 1.19
UK -1.23 0.17 -3.52 -1.81 0.24 1.61 -0.96 0.35 -4.00 -1.73 0.53 2.12
USA -0.82 0.21 -3.11 -1.19 0.08 1.10 -0.72 0.43 -2.82 -1.29 0.78 2.34
Table 4.1: Portfolio breakpoints by country constructed based on disagreement betas from rolling windows. The table reports,

for each country and for two portfolio breakpoints (1 and 2), the median, minimum, and maximum of disagreement betas, based on
two disagreement measures: standard deviation and interquartile range.



Second, although the sorting thresholds are broadly consistent across StD- and IQR-
based measures, their magnitudes di er. StD-based breakpoints are typically larger
in absolute value and more dispersed, particularly in Sweden, the Netherlands, and
Canada. This suggests that the standard deviation measure is more sensitive to tran-
sitory volatility and outliers. By contrast, IQR-based breakpoints are generally more
compressed and closer to zero, re ecting greater robustness to extreme forecasts.

Table 4.2 shows the corresponding results for the expanding-window speci cation.
Similar to the rolling-window case, the rst breakpoint is negative and the second
breakpoint positive or near zero. StD-based breakpoints again exhibit greater ab-
solute values than IQR-based ones. However, the expanding-window speci cation
produces smoother beta distributions, with less extreme values than in the rolling-
window results. For example, Canada's minimum beta under the IQR measure is
—3.04 in the expanding-window case, compared to —3.29 under the rolling window.
Similar compressions occur in Japan, Germany, and the Netherlands. This con rms
that expanding-window speci cations yield more stable long-term estimates of expo-
sure to forecast disagreement shocks by incorporating the full historical information

set.
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Standard Deviation \ Interquartile Di  erence

Country

Median Min Max | Median Min Max
1 2 1 2 1 2 1 2 1 2 1 2
Australia -0.90 0.59 -1.80 -0.52 0.64 2.56 -0.80 0.59 -2.25 -0.95 0.08 2.52
Canada -0.59 1.12 -4.49 -1.73 1.62 451 -0.78 1.11 -3.04 -1.02 1.36 3.92
Chile -0.39 0.28 -1.79 -0.67 0.21 1.26 -0.04 0.62 -0.73 0.08 0.70 1.86
Colombia -0.88 -0.32 -1.52 -1.06 -0.34 0.58 -0.72 -0.30 -1.77 -0.62 0.12 0.64
Czechia -0.21 0.33 -0.84 -0.63 0.58 1.17 -0.03 0.59 -0.81 -0.46 0.20 1.12
France -1.02 -0.03 -3.04 -1.52 0.21 1.71 -0.75 0.27 -3.35 -1.78 0.68 1.94
Germany -1.18 -0.05 -3.91 -2.26 -0.22 1.05 -0.87 0.14 -3.25 -1.85 0.24 1.41
Hungary -0.88 0.11 -1.77 -0.46 -0.03 0.82 -0.86 0.02 -1.39 -0.36 -0.43 0.44
Italy -1.07 -0.16 -1.96 -0.99 0.14 1.17 -1.11 -0.12 -2.42 -1.34 0.61 1.88
Japan -0.93 0.06 -2.41 -1.13 1.01 2.16 -0.71 0.21 -2.40 -0.94 1.30 2.54
Latvia -0.37 0.40 -2.97 -1.35 0.53 1.49 -1.51 -0.38 -4.41 -2.29 -0.15 0.72
Lithuania -0.37 0.04 -1.65 -0.75 0.12 0.78 -0.43 0.08 -3.30 -2.39 0.28 0.92

Netherlands -1.94 -0.66 -4.32 -2.77 0.49 1.69 -0.74 0.31 -3.42 -1.36 0.88 2.12
New Zealand -0.72 0.09 -2.34 -1.43 0.31 1.30 -0.61 0.14 -2.20 -1.12 0.79 1.56

Norway -0.71 0.55 -2.79 -1.29 0.77 2.52 -0.82 0.24 -2.12 -0.58 0.60 2.04
Poland -1.26 0.01 -1.73 -0.31 -0.37 0.84 -0.75 0.43 -1.55 -0.38 0.77 2.42
Slovenia -1.55 -0.31 -2.49 -0.82 -0.62 0.25 -0.90 -0.12 -2.06 -1.64 0.36 0.90
South Korea -0.60 0.61 -3.82 -2.11 0.65 3.40 -0.57 0.86 -3.58 -1.93 2.02 5.79
Spain -1.13 -0.23 -2.77 -1.63 1.24 2.74 -0.61 0.15 -2.95 -1.43 0.93 2.03
Sweden -0.85 0.11 -5.16 -3.31 1.21 2.38 -0.31 0.73 -4.23 -2.91 1.39 2.81
Switzerland -0.84 -0.18 -2.38 -1.28 0.50 1.55 -0.93 -0.22 -2.54 -1.40 0.36 1.46

Turkey -1.18 -0.05 -1.76 -0.69 -0.53 0.73 -0.93 0.07 -2.13 -0.81 -0.13 0.96

UK -1.32 0.04 -4.29 -2.13 -0.15 1.05 -1.01 0.30 -3.92 -1.83 0.67 1.70

USA -0.83 0.18 -2.83 -1.02 -0.05 1.00 -0.79 0.31 -2.86 -1.26 0.26 1.56

Table 4.2: Portfolio breakpoints by country constructed based on disagreement betas from expanding windows. The table reports,

for each country and for two portfolio breakpoints (1 and 2), the median, minimum, and maximum of disagreement betas, based on
two disagreement measures: standard deviation and interquartile range.



4.8 Alternative Speci cations and Robustness Designs

Several alternative paths of analysis were also implemented in the course of this re-
search. For example, a weighted average of GDP forecast disagreement across the G7
members was constructed to capture a global measure of macroeconomic uncertainty.
This index was built with the same procedures as in the main analysis, using autore-
gressive ltering and extracting the residuals as innovations. The global disagreement
index was then regressed on each country's market data to examine how it predicts
stock returns across di erent markets. A similar approach was applied using U.S. fore-
cast disagreement as a benchmark, re ecting the central role of the U.S. economy in
shaping global asset prices. In another speci cation, the next-year forecasts were used
instead of the xed twelve-month-ahead horizon. Furthermore, an alternative return
construction was considered by calculating non-overlapping monthly excess returns
instead of three-month-ahead overlapping returns. In this setting, the potential auto-
correlation in the dependent variable is avoided.

Including all of these methodological speci cations in detail would have made the
thesis unnecessarily long and di  cult to follow. Therefore, only the di  erent speci ca-
tions of the main methodology are reported in the main text, while the other variations

are left out to keep the analysis consistent and easier to follow.
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5 Empirical Results

This chapter outlines the empirical ndings on the relationship between macroeco-
nomic forecast disagreement and stock returns across OECD countries. Building on
the methodology explained in the previous chapter, we analyze how stock-level expo-
sure to innovations in country-level monthly forecast disagreement, which is measured
through a regression coe cient (disagreement beta), a ects future returns.

To provide a comprehensive view, we report portfolio return results across four
distinct speci cations. This re ects the two dimensions of our disagreement index
construction, which are the following: Windowing method which includes rolling and
expanding window formation and two cross-sectional disagreement measures, which
include standard deviation (StD) and interquartile range (IQR).

This leads to four sets of disagreement betas for each stock in each country: Rolling-
StD, Rolling-IQR, Expanding-StD, and Expanding-IQR. Portfolio formation and re-
turn evaluation are performed separately for each speci cation.

The chapter is separated into the following sections: Analysis of the results for the
rolling window, analysis of the results for the expanding window, comparison between
di erent speci cations, analysis of the cumulative returns, and discussion.

For each of the windowing format, we begin by analyzing value-weighted portfo-
lio returns sorted by disagreement betas within each country. Next, we evaluate the
performance of high-minus-low (HML) long-short portfolios to assess how macroeco-
nomic disagreement a ects stock market returns. Finally, we compare results across
countries and disagreement constructions, highlighting di  erences in return patterns,

statistical signi cance, and robustness between the four methodologies.

5.1 Rolling Window Results

This section presents the portfolio return results based on disagreement betas esti-

mated using rolling window regressions. Disagreement indexes are constructed using
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60-month rolling windows for both the StD and IQR as cross-sectional dispersion mea-
sures.

Table 5.1 reports the value-weighted portfolio returns for the StD-based disagree-
ment index, and Table 5.2 presents the results based on the IQR-based index. Stocks
are sorted into three portfolios based on their estimated disagreement betas, and HML
long—short portfolio returns are calculated to assess the pricing implications of expo-
sure to macroeconomic forecast disagreement.

The results in Table 5.1 show substantial cross-country variation. Across most de-
veloped markets (e.g., the United States, Australia, Germany, France, the United King-
dom, and Italy), HML returns are negative, implying that stocks with higher disagree-
ment betas earn lower subsequent returns over the overlapping three-month horizon.
For the United States, this e ect is statistically signi cant under Newey—West infer-
ence, whereas in other large developed markets the estimates are negative but not
statistically distinguishable from zero.

By contrast, several smaller developed and emerging markets display the opposite
sign. Countries such as Hungary, Latvia, the Czech Republic, Sweden, and Colombia
exhibit positive HML premia. However, with the exception of Latvia, these results
are statistically insigni cant. Overall, the positive ndings outside large developed
markets are suggestive but not uniform.

Overall, the rolling window regressions using the standard deviation disagreement
measure suggest that macroeconomic uncertainty is not uniformly priced across in-
ternational equity markets. While there is some evidence of an uncertainty premium
in select markets, particularly among smaller economies, the pricing of uncertainty

exposure appears limited or even inverse in many developed markets.
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Table 5.1: Portfolio returns and t-statistics based on rolling-window disagreement
betas constructed from standard deviation disagreement measure.  Summary statis-
tics for portfolios 1-3 and high-minus-low (HML) returns across countries. Returns
are reported as three-month overlapping percentage changes, with Newey—\West ad-
justed t-statistics displayed below each return. Stars represent statistical signi cance
levels: *p <0.1, * p <0.05, ** p <0.01.

Country Portfolio 1 Portfolio 2 Portfolio 3 HML
Australia 1.005% 0.441% 0.390% -0.615%
2.47 1.45 0.92 -1.43
Canada 0.614% -0.171% -0.412% -1.026%
0.98 -0.31 -0.67 -1.44
Chile 0.843% -0.267% -0.171% -1.014%
1.15 -0.70 -0.34 -1.37
Colombia -0.915% -0.082% -0.568% 0.347%
-1.72 -0.16 -1.14 0.78
Czechia 0.359% 0.488% 1.932% 1.573%
0.72 0.79 1.83 1.56
France 0.795% 0.715% 0.643% -0.152%
2.16 1.95 1.82 -0.44
Germany 0.860% 0.442% 0.559% -0.300%
1.79 1.18 151 -0.77
Hungary 0.118% 1.609% 1.691% 1.573%
0.21 2.87 2.99 1.96
Italy 0.509% -0.148% -0.015% -0.524%
0.99 -0.32 -0.03 -1.48
Japan 0.193% 0.132% 0.154% -0.039%
0.41 0.36 0.38 -0.12
Latvia -0.630% 3.136% 1.038% 1.669%
-1.22 1.55 1.29 1.79
Lithuania 0.742% 0.321% 0.620% -0.122%
1.69 0.53 1.48 -0.29
Netherlands 0.138% 0.278% 0.163% 0.026%
0.29 0.66 0.42 0.06
New Zealand 0.715% 0.470% 0.581% -0.134%
2.34 1.73 1.75 -0.38
Norway 0.963% 0.962% 1.182% 0.219%
1.86 1.91 1.96 0.49
Poland 0.515% 0.510% -0.213% -0.728%
0.84 1.02 -0.34 -0.86
Slovenia 1.480% 0.649% 0.422% -1.059%
2.21 1.00 0.97 -1.50
South Korea 0.363% 1.430% 0.632% 0.269%
0.74 3.55 1.30 0.54
Spain 0.131% 0.127% -0.306% -0.437%
0.34 0.34 -0.87 -1.33
Sweden -0.195% 0.533% 0.718% 0.913%
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Table 5.1 — continued from previous page

Country Portfolio 1 Portfolio 2 Portfolio 3 HML
-0.32 1.29 2.05 1.85
Switzerland 0.646% 0.624% 0.726% 0.081%
2.02 1.85 2.16 0.24
Turkey 0.137% 0.007% 0.323% 0.185%
0.14 0.01 0.37 0.19
UK 0.486% 0.154% 0.331% -0.154%
1.56 0.47 1.38 -0.63
USA 1.217% 0.592% 0.393% -0.825%
3.90 1.85 1.05 -2.41

Table 5.2 shows the portfolio return results based on rolling window disagreement
betas estimated using IQR as the forecast disagreement measure. The portfolio con-
struction follows the same approach as for the StD-based results, sorting stocks within
each country into portfolios based on their disagreement betas, and evaluating the

corresponding HML long—short returns.

Similar to the StD-based ndings, the IQR-based results show considerable cross-
country variation. In several developed markets—including the United States, Canada,
France, and Italy—the HML premium is negative. For the United States this e ectis
statistically signi cant, while Italy also shows a signi cant negative premium. France
and Canada remain negative but do not reach conventional signi cance thresholds.

These results support the earlier evidence that, in developed markets, higher expo-
sure to macroeconomic forecast disagreement is associated with lower future returns.
This pattern is consistent with theoretical frameworks such as Miller (1977), where dis-
agreement, in the presence of short-selling limitations, leads to overpricing of stocks
held by optimistic investors, followed by subsequent price corrections.

In contrast, results in several smaller developed and emerging markets remain
mixed. Some countries, such as South Korea, Lithuania, and Norway, exhibit mod-
estly positive HML returns, while others display negative but insigni cant estimates.
The HML returns are generally smaller when using the IQR-based measure compared

to the StD-based measure. This likely re ects the fact that IQR is less a ected by ex-
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treme or unusual forecasts, making the estimated disagreement betas and portfolio
sorting more stable.

In summary, the IQR-based rolling window results are broadly consistent with the
StD-based ndings but with less pronounced extremes. Cross-country variation per-
sists under both measures. This suggests that the pricing of forecast disagreement
depends on country-speci ¢ factors such as market structure, investor behavior, and

macroeconomic conditions.

Table 5.2: Portfolio returns and t-statistics based on rolling-window disagreement
betas constructed from the interquartile range (IQR) measure. Summary statistics
for portfolios 1-3 and high-minus-low (HML) returns across countries. Returns are
reported as three-month overlapping percentage changes, with Newey—West adjusted
t-statistics displayed below each return. Stars represent statistical signi cance levels:
*p<0.1,*p<0.05, **p<0.01.

Country Portfolio 1 Portfolio 2 Portfolio 3 HML
Australia 0.515% 0.413% 0.715% 0.199%
1.43 1.34 1.71 0.51
Canada 0.918% -0.748% -0.144% -1.062%
1.51 -1.18 -0.28 -1.55
Chile 0.699% -0.162% -0.383% -1.082%
1.19 -0.41 -0.68 -1.66
Colombia -0.725% -0.427% -0.390% 0.335%
-1.59 -0.80 -0.76 0.79
Czechia 1.760% 1.247% 0.421% -1.339%
1.32 1.97 0.84 -0.88
France 1.041% 0.811% 0.456% -0.585%
2.42 2.10 1.34 -1.67
Germany 0.715% 0.460% 0.496% -0.218%
1.56 1.28 1.25 -0.60
Hungary 0.769% 1.914% 1.122% 0.353%
1.11 2.63 2.71 0.49
Italy 0.630% 0.015% -0.080% -0.710%
1.28 0.03 -0.18 -2.08
Japan 0.243% 0.321% 0.118% -0.125%
0.59 0.83 0.26 -0.35
Latvia 1.710% 3.187% 0.364% -1.345%
1.93 1.26 0.56 -1.34
Lithuania 0.483% 0.108% 0.904% 0.421%
0.80 0.25 1.64 0.74
Netherlands 0.514% 0.231% 0.054% -0.460%
1.17 0.59 0.14 -1.50
New Zealand 0.713% 0.321% 0.741% 0.028%
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Table 5.2 — continued from previous page

Country Portfolio 1 Portfolio 2 Portfolio 3 HML
2.30 1.05 2.31 0.09
Norway 0.498% 1.145% 1.043% 0.545%
1.07 2.02 1.94 1.32
Poland 0.956% 0.215% -0.258% -1.214%
1.65 0.35 -0.34 -1.40
Slovenia 1.603% -0.312% 0.728% -0.875%
2.94 -0.51 1.46 -1.59
South Korea 0.551% 0.819% 0.982% 0.431%
1.26 1.83 2.08 0.91
Spain 0.409% 0.126% -0.062% -0.472%
1.15 0.31 -0.17 -1.28
Sweden 0.583% -0.155% 0.585% 0.002%
1.13 -0.37 1.33 0.00
Switzerland 0.829% 0.676% 0.579% -0.250%
2.41 1.89 1.80 -0.78
Turkey 1.387% -0.332% 0.315% -1.072%
1.57 -0.36 0.37 -1.32
UK 0.343% 0.242% 0.554% 0.210%
0.88 0.95 1.95 0.59
USA 1.317% 0.383% 0.364% -0.953%
3.84 1.26 0.97 -2.73

5.2 Expanding Window Results

Table 5.3 presents the portfolio return results based on expanding window disagree-
ment betas estimated using the cross-sectional standard deviation as the forecast dis-
agreement measure. Unlike the rolling window formation, the expanding window
incorporates all available data up to each point in time. This produces smoother dis-
agreement beta estimates that are less sensitive to temporary uctuations in macroeco-
nomic uncertainty, and re ects persistent exposure of stocks to forecast disagreement

shocks over the entire sample period.

The cross-country pattern under the expanding window remains broadly consis-
tent with the rolling results. Several developed markets exhibit negative HML premia,
indicating that stocks with higher disagreement betas tend to earn lower subsequent
returns. The e ect is most evident for the United States, Germany, and Poland, where

the negative HML returns are statistically signi cant at the 5% level. Italy and Poland

51



also display negative premia that are signi cant at the 10% level. Although magni-
tudes di er slightly from the rolling speci cation, the direction of e ects is robust,
particularly among the large developed economies.

In contrast, for smaller and emerging markets, the return patterns for the estimated
HML mean returns are more diverse. Some countries show positive HML returns,
while others show negative or insigni cant e ects. Colombia, Lithuania, and South
Korea, for example, exhibit positive HML returns, though these estimates are generally
small and statistically insigni cant. Latvia represents an exception, with a positive and

signi cant HML portfolio return at the 10% level.

Table 5.3: Portfolio returns and t-statistics based on expanding-window disagree-
ment betas constructed from the standard deviation (StD) measure. Summary
statistics for portfolios 1-3 and high-minus-low (HML) returns across countries. Re-
turns are reported as monthly percentage changes, with Newey—West adjusted t-
statistics displayed below each return. Stars represent statistical signi cance levels:
*p<0.1,**p<0.05, **p<0.01.

Country Portfolio 1 Portfolio 2 Portfolio 3 HML
Australia 0.764% 0.452% 0.487% -0.277%
2.00 1.48 1.13 -0.67
Canada 0.704% -0.271% -0.045% -0.749%
1.11 -0.48 -0.08 -1.04
Chile 0.883% -0.301% -0.179% -1.061%
1.22 -0.85 -0.35 -1.51
Colombia -0.944% -0.097% -0.477% 0.467%
-1.80 -0.19 -0.95 1.11
Czechia 0.692% 0.459% 1.148% 0.457%
1.29 0.76 2.64 0.80
France 0.810% 0.728% 0.719% -0.091%
2.16 2.09 2.02 -0.25
Germany 0.983% 0.590% 0.219% -0.764%
2.18 1.59 0.56 -2.20
Hungary 0.746% 0.944% 1.151% 0.405%
1.27 1.64 2.85 0.62
Italy 0.551% -0.215% -0.101% -0.652%
1.08 -0.48 -0.21 -1.82
Japan 0.146% 0.179% 0.156% 0.010%
0.31 0.50 0.38 0.03
Latvia -0.385% 3.398% 0.946% 1.331%
-0.65 1.70 1.32 1.84
Lithuania 0.567% 0.235% 0.511% -0.056%
1.27 0.42 1.17 -0.13
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Table 5.3 — continued from previous page

Country Portfolio 1 Portfolio 2 Portfolio 3 HML
Netherlands 0.081% 0.443% 0.046% -0.035%
0.17 1.16 0.12 -0.08
New Zealand 0.718% 0.637% 0.545% -0.173%
2.44 2.31 1.72 -0.52
Norway 1.097% 0.624% 1.265% 0.167%
2.18 1.21 2.17 0.38
Poland 0.941% 0.508% -0.577% -1.519%
1.65 0.89 -0.91 -1.98
Slovenia 1.382% 0.319% 0.465% -0.917%
2.33 0.43 1.06 -1.47
South Korea 0.305% 1.289% 0.684% 0.379%
0.63 3.20 1.44 0.84
Spain 0.217% 0.193% -0.370% -0.587%
0.57 0.51 -1.09 -1.67
Sweden 0.084% 0.635% 0.606% 0.522%
0.14 1.55 1.62 1.02
Switzerland 0.655% 0.726% 0.745% 0.090%
2.11 2.16 2.27 0.29
Turkey 0.142% -0.018% 0.354% 0.213%
0.16 -0.02 0.40 0.24
UK 0.416% 0.135% 0.375% -0.041%
1.10 0.42 1.63 -0.13
USA 1.161% 0.519% 0.479% -0.682%
3.86 1.61 1.36 -2.20

Table 5.4 presents the portfolio return results based on expanding window dis-
agreement betas estimated using the IQR as the measure of forecast disagreement.
Since both the expanding window and the interquartile range are expected to be less
in uenced by extreme forecast values compared to the StD and rolling window spec-
| cations, this combination was expected to produce smoother and more stable dis-
agreement beta estimates. The results show that the dispersion of the estimated mean
portfolio returns tends to be narrower, and the estimated HML return di  erentials are

generally more compressed.

The overall cross-country pattern under the expanding-window IQR speci cation
remains consistent with the earlier ndings. In many developed markets, stocks with
higher sensitivity to forecast disagreement tend to earn lower subsequent returns. The

United States continues to exhibit statistically signi cant negative HML portfolio re-
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turns. Germany, France, and Italy are also negative, but the estimates are not statisti-
cally distinguishable from zero. Across other developed markets (e.g., Switzerland, the

Netherlands, the UK), estimated HML portfolio returns are small and insigni cant.

By contrast, results for smaller and emerging markets are more varied. Latvia and
Turkey display negative but statistically insigni cant HML portfolio returns. Others,
including Lithuania, South Korea, and Norway, show positive premia that are moder-
ate in size and statistically weak. Taken together, these outcomes underscore persistent

cross-country di erences in how macroeconomic uncertainty is priced.

Similar to the rolling window results, the IQR's resistance to outlier forecasts pro-
duces smoother disagreement betas and narrower return spreads between high- and
low-disagreement beta portfolios. Thise ectis most apparent in countries where StD-
based HML returns were highly sensitive to shocks in forecast disagreement. In such
markets (e.g., Czechia, Latvia, Hungary, and Sweden), the absolute magnitude of esti-
mated HML returns is substantially smaller when using the IQR-based measure. This
suggests that extreme forecaster disagreement may have disproportionately in ated

StD-based estimates in these countries.

Table 5.4: Portfolio returns and t-statistics based on expanding-window disagree-
ment betas constructed from the interquartile range (IQR) measure. Summary
statistics for portfolios 1-3 and high-minus-low (HML) returns across countries. Re-
turns are reported as monthly percentage changes, with Newey—West adjusted t-
statistics displayed below each return. Stars represent statistical signi cance levels:
*p<0.1,**p<0.05, **p<0.01.

Country Portfolio 1 Portfolio 2 Portfolio 3 HML
Australia 0.641% 0.366% 0.792% 0.151%
1.68 1.27 1.99 0.39
Canada 0.998% -0.901% 0.233% -0.765%
1.81 -1.40 0.45 -1.21
Chile 0.555% -0.167% -0.219% -0.774%
1.03 -0.41 -0.40 -1.22
Colombia -0.849% -0.239% -0.496% 0.353%
-1.77 -0.44 -1.08 0.89
Czechia 1.489% 1.543% 0.435% -1.054%
1.10 2.34 0.83 -0.68
France 0.849% 0.915% 0.482% -0.367%
2.19 2.27 1.50 -1.21

Continued on next page
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Table 5.4 — continued from previous page

Country Portfolio 1 Portfolio 2 Portfolio 3 HML
Germany 0.706% 0.542% 0.412% -0.294%
1.58 1.60 0.92 -0.78
Hungary 0.672% 1.846% 1.077% 0.405%
0.96 2.54 2.79 0.56
Italy 0.318% 0.144% 0.028% -0.290%
0.64 0.35 0.06 -0.80
Japan 0.301% 0.224% 0.137% -0.164%
0.70 0.60 0.31 -0.47
Latvia 1.562% 3.351% 0.483% -1.079%
1.70 1.32 0.83 -1.04
Lithuania 0.621% 0.075% 1.066% 0.445%
1.05 0.17 1.97 0.79
Netherlands 0.600% 0.053% 0.232% -0.368%
1.37 0.14 0.60 -1.25
New Zealand 0.569% 0.329% 0.824% 0.255%
1.87 1.07 2.86 0.85
Norway 0.755% 1.096% 1.238% 0.483%
1.64 1.89 2.39 1.13
Poland 1.030% 0.379% -0.163% -1.193%
2.02 0.61 -0.21 -1.40
Slovenia 1.445% -0.255% 0.676% -0.769%
2.59 -0.39 1.39 -1.39
South Korea 0.509% 1.037% 0.932% 0.424%
1.14 2.41 2.19 1.06
Spain 0.103% 0.157% -0.021% -0.124%
0.28 0.39 -0.06 -0.36
Sweden 0.401% -0.039% 0.740% 0.339%
0.77 -0.09 1.70 0.70
Switzerland 0.865% 0.524% 0.567% -0.298%
2.60 1.41 1.74 -0.90
Turkey 1.315% -0.436% 0.342% -0.973%
1.46 -0.47 0.40 -1.21
UK 0.324% 0.351% 0.325% 0.001%
0.86 1.31 1.22 0.00
USA 1.241% 0.538% 0.404% -0.837%
3.81 1.71 1.11 -2.99

5.3 Sensitivity of Results to Alternative Disagreement Measures

To assess the robustness of the pricing e ects of macroeconomic forecast disagreement,

portfolio returns are compared using two alternative disagreement measures (StD and
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IQR). Both measures are applied within rolling- and expanding-window frameworks

to capture time-varying exposures to disagreement shocks.

The analysis reveals several patterns across the two disagreement measures. In
both StD- and IQR-based speci cations, developed equity markets such as the United
States, Germany, France, and Italy show negative HML returns. The United States re-
sults are particularly robust: HML returns remain statistically signi cant and negative
across both disagreement measures. However, statistical signi cance depends on the
disagreement measure for some developed markets such as Germany and Italy. For
France, HML returns remain negative but generally fail to reach conventional levels
of statistical signi cance across speci cations. These ndings suggest that while the
pricing of disagreement is robust in some large developed markets, the magnitude
and signi cance of estimated returns can be sensitive to the choice of disagreement
measure.

Cross-country results for smaller and emerging markets are more sensitive to the
choice of disagreement measure. Under StD-based speci cations, several smaller de-
veloped and emerging markets (e.g., Hungary, Latvia, Czechia, and Sweden) exhibit
positive HML returns, suggesting possible compensation for bearing higher economic
uncertainty. However, when using the IQR measure—which is less in uenced by ex-
treme or outlier forecasts—the magnitude of these positive HML returns diminishes
substantially, and several lose statistical signi cance or even change sign. This pat-
tern is particularly evident in the rolling-window framework, where short-term uc-
tuations and transitory disagreement spikes have a stronger in uence on StD-based
estimates.

The use of the IQR measure generally produces more stable and conservative es-
timates, especially in smaller markets where forecast samples are limited and more
prone to outliers. In the expanding-window speci cations, which already smooth
time-series uctuations, the di erences between StD- and IQR-based estimates nar-

row further, reinforcing the stability of the core conclusions.
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5.4 Sensitivity of Results to Estimation Window Speci cation

To evaluate the in uence of the windowing speci cation on the estimation of disagree-
ment betas and portfolio returns, results from rolling-window regressions are com-
pared with those from expanding-window regressions. The rolling-window approach
captures short-term variation and shocks by estimating betas over a xed-length mov-
ing sample, while the expanding window accumulates all available historical data up

to each point in time, thereby smoothing transitory uctuations.

The comparison reveals several systematic patterns. In developed markets such
as the United States, Germany, and Italy, both rolling and expanding windows con-
sistently produce negative HML returns for both standard deviation and interquartile
range disagreement measures. The United States exhibits highly stable and statisti-
cally signi cant negative HML returns in all speci cations. For Germany, expanding-
window estimation strengthens statistical signi cance, particularly when using the
standard deviation measure. In Italy, the e ect of the window speci cation depends
on the disagreement measure: under the standard deviation, expanding-window esti-
mates yield slightly larger HML mean returns and are signi cant only at the 10% level,
whereas under the interquartile range, statistical signi cance observed in the rolling-
window framework diminishes when moving to expanding-window estimation.

In smaller developed and emerging markets, the choice of windowing speci cation
exerts a stronger in uence, particularly when using the StD measure. Rolling-window
estimates often display larger and sometimes signi cant positive HML returns in mar-
kets such as Hungary, Latvia, Czechia, and Sweden. This suggests a potential positive
pricing of economic uncertainty. However, these positive return di  erentials weaken
substantially or become statistically insigni cant under expanding-window speci ca-
tions, implying that some e ects observed in rolling windows may be driven by tem-
porary shocks or short-lived periods of heightened uncertainty.

The di erences between rolling and expanding windows are generally smaller when

using the IQR measure. The IQR's resistance to extreme forecast values produces more
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conservative beta estimates even in the rolling-window framework, and the additional
smoothing provided by the expanding window has only a limited incremental e  ect.
This results in more stable, though generally smaller, HML mean return estimates

across both developed and emerging markets.

5.5 Analysis of Cumulative HML Returns

Analyzing the cumulative returns of HML portfolios provides valuable insights into
the persistence, magnitude, and patterns of portfolio returns sorted by the disagree-
ment beta. The cumulative return plots capture the compounding e  ect of long-short
strategies and reveal whether disagreement-related return di erentials translate into
sustained performance advantages or exhibit mean-reverting behavior. By visualizing
the evolution of portfolio performance across di  erent countries, window speci ca-
tions, and disagreement measures, the cumulative analysis enables a richer under-
standing of the underlying economic mechanisms linking macroeconomic uncertainty
to asset returns.

Figures 5.1 and 5.2 show the cumulative returns of the HML portfolios across 24
countries based on the rolling window standard deviation disagreement index. The
cumulative return trajectories reveal considerable cross-country variation, which re-
ects di erences in the size of the accumulated returns and in the durability of the
underlying patterns.

In some of the emerging markets such as Latvia, Hungary, and Colombia, cumula-
tive HML returns display a consistently positive trajectory over time. The nal cumu-
lative returns in these countries range approximately between 0.18% and 3.6% over
the sample horizon, which indicate economically meaningful e ects. These patterns
suggest that in markets with stronger trading frictions, less e  cient information ow,
or more diverse investor opinions, macroeconomic uncertainty may act as a priced risk
factor or increase the likelihood of abnormal returns.

Conversely, in larger and more developed equity markets such as the United States,

Germany, France, Canada, Australia, Japan, and the United Kingdom, the cumulative
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HML returns are generally negative or exhibit declining trends over time. This pattern
suggests that in developed markets, which are characterized by greater institutional
investor participation and more e  cient information processing, macroeconomic un-
certainty is less likely to be priced as a risk premium. Instead, periods of elevated
uncertainty often coincide with increased risk aversion and short-sale limitations. In
such periods, optimistic investors may dominate valuations for disagreement-sensitive
stocks, leading to overpricing and subsequent underperformance. This pattern is con-
sistent with mispricing mechanisms such as those described by Miller (1977).

The cumulative return patterns are not always steadily increasing or decreasing
across all countries. For example, Norway and Switzerland have several periods where
cumulative returns approach temporary local maxima before reversing substantially.
Similarly, South Korea and New Zealand show short-term upward trends followed by
drawdowns. These uctuations suggest that the performance of disagreement-based
strategies in these markets is highly time-varying, with returns clustering in distinct
episodes rather than following stable long-run trends.

Figures B.1 and B.2 in Appendix B plot the cumulative HML return pro les con-
structed from rolling window regressions using the IQR as the disagreement measure.
The results reveal substantial cross-country heterogeneity in the return dynamics.

As with the StD measures, in a broad set of developed and highly integrated mar-
kets, including Canada, France, Germany, Italy, Japan, Latvia, the Netherlands, New
Zealand, Poland, Slovenia, Spain, Sweden, Switzerland, Turkey, and the United States,
cumulative HML returns exhibit a persistent downward trend. This downward trend
in cumulative HML returns leads to negative cumulative performance over the sample
period in these markets. These results are consistent with the idea that in times of high
uncertainty, stocks with higher disagreement beta are expected to have lower returns
than their lower disagreement beta counterparts.

In contrast, markets such as South Korea, Norway, Australia, Lithuania, the United
Kingdom, and Colombia show positive and often increasing cumulative returns. The

observed positive cumulative returns in these markets suggest that macroeconomic
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uncertainty is priced as a risk factor, with investors requiring compensation for bearing

exposure to uncertainty.

The analysis based on expanding window estimations yields mostly similar pat-
terns to those observed in the rolling window framework. The cumulative HML return
plots based on expanding window estimations are presented in Figures B.3 and B.4
for the IQR-based disagreement index, and in Figures B.5 and B.6 for the standard
deviation-based index. These plots replicate the cumulative return analysis using the
IQR and StD disagreement measures, respectively, and are split into two panels each

to accommodate the full set of countries.

In addition to the HML portfolio analyses, cumulative return trends for the indi-
vidual tercile portfolios are also provided in the Appendix. These gures display the
cumulative returns of the three portfolios formed by sorting stocks into terciles based
on their disagreement betas. This allows for a more detailed examination of the return
behavior. The corresponding gures for the rolling window framework using IQR and
StD-based disagreement measures are presented in Figures B.13, B.14, and B.11, B.12,
respectively. Similarly, the cumulative returns based on the expanding window frame-
work are provided in Figures B.9, B.10, and B.7, B.8. These additional plots extend
the analysis beyond the extreme HML spread to the full spectrum of disagreement
exposure.

The 3-portfolio analysis allows for a more nuanced examination of return dynamics
based on rm size. Larger market-capitalization stocks are more likely to fall into
the middle portfolio. This re ects the idea that such companies are less sensitive to
uctuations in macroeconomic forecast disagreement, and hence have disagreement
betas that are neither strongly positive nor strongly negative.

The cumulative return plots of the individual portfolios reveal that, in cases where
the HML portfolio exhibits signi cantly negative returns, the middle portfolio gener-
ally lies between the rst and third portfolios. This suggests a monotonic relationship

between disagreement beta and returns in those instances. However, beyond this spe-
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ci c pattern, no consistent or generalizable trends can be observed in the cumulative

return behavior of the individual portfolios across countries or speci cations.

5.6 Discussion

The empirical ndings of this study provide insights into the pricing of macroeco-
nomic uncertainty in international equity markets. The results address the research
question of whether forecast disagreement serves as a priced risk factor or re ects
mispricing caused by market frictions such as short-sale limitations, as hypothesized
by Miller (1977). The analysis is also closely related to recent empirical work, partic-
ularly Bali et al. (2023), but extends the investigation beyond U.S. markets to a broad
international sample, using monthly data instead of quarterly, applying both rolling
and expanding window frameworks, and incorporating two alternative disagreement

measures.

The ndings suggest a clear distinction between developed and emerging markets.
In developed markets such as the United States, Germany, France, Italy, the United
Kingdom, and Japan, stocks that are more sensitive to economic uncertainty gener-
ally exhibit negative HML portfolio returns. This pattern holds consistently in terms
of sign across both StD and IQR measures and under both rolling- and expanding-
window speci cations. Importantly, while the United States exhibits highly stable and
statistically signi cant negative HML returns across all speci cations, in other devel-
oped markets the results are less consistent: negative HML returns are not always
statistically signi cant, with signi cance levels depending on the estimation window
and disagreement measure.

The negative HML mean return estimates in developed markets align with the the-
ory proposed by Miller (1977). In the presence of short-sale limitations, optimistic
investors push prices higher for stocks with greater sensitivity to uncertainty, while
pessimistic investors are restricted from o setting these valuations through short sell-
ing. Consequently, stocks with higher sensitivity to uncertainty become overvalued

and therefore earn lower returns when prices correct. This mispricing mechanism ap-

63



pears to operate strongly in some developed markets. This is particularly evident in
the United States, where negative and statistically signi cant HML returns are robust
across all speci cations. However, a few developed markets, such as Sweden and Nor-
way, exhibit marginally positive HML returns under certain speci cations, suggesting
that even within developed economies, the pricing e ects of disagreement may vary

depending on market structure and institutional features.

The results for smaller and emerging markets show considerable cross-country
variation. Under rolling-window StD-based speci cations, several emerging markets
(such as Hungary, Latvia, and Czechia) display positive and sometimes statistically
signi cant HML returns, indicating that stocks more exposed to disagreement shocks
may command higher risk premia. However, when applying the IQR-based measure
or switching to expanding-window speci cations, these positive e  ects weaken or lose
statistical signi cance. This lack of robustness in smaller markets may be explained
by shorter time series of forecasts, a limited number of forecasters, a small equity uni-

verse, or the presence of forecast outliers.

In smaller or less developed markets, where market frictions are higher, informa-
tion ows are lesse cient, and institutional investor participation is lower, macroeco-
nomic uncertainty may act as a risk factor for which investors demand compensation.
Conversely, in developed markets, stronger arbitrage capacity, greater transparency,
and more robust institutional structures may limit the persistence of risk premia asso-
ciated with economic uncertainty, leaving mispricing dynamics as the dominant chan-
nel.

The results also relate to the ndings of Bali et al. (2023). Their study empha-
sizes the mispricing channel, showing that stocks with higher disagreement betas are
systematically overpriced and earn lower future returns, even after controlling for
conventional risk factors. The present study con rms these ndings for the United
States and extends them internationally, identifying similar patterns in other devel-
oped markets while emphasizing greater heterogeneity in emerging markets. How-

ever, the strength and signi cance of these ndings depend on model speci cation.
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Overall, the results suggest that macroeconomic uncertainty can a ect market re-
turns through two distinct channels. In developed markets, mispricing appears to
dominate, consistent with short-sale constraints and heterogeneous beliefs. In emerg-
ing markets, forecast disagreement may also re ect a priced systematic risk. The em-
pirical ndings support the theoretical view that macroeconomic forecast disagree-
ment contains valuable information for explaining cross-sectional variation in equity
returns. However, the underlying mechanisms di er across markets. In developed
economies with high informationale  ciency, disagreement primarily re ects mispric-
ing. In emerging markets with higher macroeconomic risks and weaker nancial in-
frastructure, disagreement may re ect a genuine risk premium (Bansal & Yaron, 2004)

or, in some cases, may exert only limited in uence.
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6 Conclusion

This research has examined the e ect of macroeconomic forecast disagreement on eq-
uity returns across OECD member countries. The implementation of innovation-based
disagreement indexes using both the standard deviation (StD) and the interquartile
range (IQR) of macroeconomic forecasts, combined with overlapping monthly equity
returns and two alternative windowing formats, allowed us to comprehensively assess
this relationship.

The study contributes to the literature in three main ways. It extends the analysis of
forecast disagreement beyond the U.S. to a broad set of international markets. This al-
lows for studying cross-country variation in the pricing of disagreement. Furthermore,
the research measures the sensitivity of results to alternative dispersion measures (StD
versus IQR) and window constructions (rolling versus expanding), which highlights
the methodological implications of these design choices. Lastly, it employs overlap-
ping monthly macroeconomic forecasts, which allows for higher-frequency analysis.
This increase in the frequency of variables improves the identi cation of short-term
disagreement shocks.

The ndings show clear di erences between developed and emerging economies.

In developed markets, particularly the United States, stocks with higher exposure to
forecast disagreement earn lower subsequent returns. In the case of the U.S., these
ndings are partly consistent across di erent speci cations and signi cant. This pat-
tern is in line with theoretical frameworks such as Miller (1977), which suggest that
short-sale constraints and optimistic views can lead to the overpricing of stocks that
are more sensitive to uncertainty, resulting in their subsequent underperformance.

In contrast, the research shows mixed results for emerging and smaller markets.
While for some model speci cations the results show positive and occasionally signif-
icant HML premia, the results are sensitive to the choice of disagreement measure and

windowing. This instability can be caused by limited market depth in the mentioned
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countries and shorter data histories, which a ect both the disagreementindex and how

successfully the model prices these indexes in the market.

The analysis of accumulated returns over time through the cumulative returns of
the HML portfolios is also consistent with the mentioned ndings. Although monthly
HML returns may be small in magnitude for some of the countries, their cumulative
behavior shows underperformance of high-disagreement portfolios in developed mar-
kets. This is more pronounced for the case of the United States. By contrast, cumu-
lative results in smaller and emerging markets remain unstable and fail to produce
consistent patterns, highlighting the weaker role of forecast disagreement in these

markets.

The ndings of the research also highlight the importance of the measurement
choices. StD-based disagreement indexes are more responsive to short-term shocks
but are more prone to outliers. This results in slightly noisier estimates in smaller
markets. On the other hand, the IQR-based disagreement measures show more stable
results and appear to be less a ected by extreme forecasts. Similarly, rolling-window
construction allows for quicker adaptation to local shifts in disagreement, but expand-

ing windows generate smoother results.

Overall, the results suggest a case-specic e ect of macroeconomic forecast dis-
agreement on stock market returns. In developed markets, disagreement is more con-
sistent with mispricing dynamics, whereas in smaller and emerging economies, it occa-
sionally resembles a priced source of risk. However, since the ndings of the research
are dependent on the choice of the model and often statistically non-signi cant, the

results for emerging economies remain inconclusive.
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Appendix

A Tables
Count Standard Deviation
ountry Median Min Max

2 1 2 3 1 2 3
Australia 153 154 153 85 84 85 203 203 203
Canada 250 250 250 218 219 218 288 287 288
Chile 18 18 18 17 17 17 19 20 19
Colombia 6 6 6 5 5 5 6 7 6
Czechia 2 1 2 2 1 2 2 2 2
France 123 124 123 71 71 71 142 142 142
Germany 115 116 115 48 47 48 141 142 141
Hungary 5 6 5 5 4 5 6 7 6
Italy 49 49 49 35 36 35 56 56 56
Japan 884 884 885 639 638 639 1030 1030 1030
Latvia 2 3 2 2 2 2 3 3 3
Lithuania 5 4 5 4 3 4 5 5 5
Netherlands 26 26 26 18 18 18 33 34 33
New Zealand 19 19 19 14 13 14 21 21 21
Norway 28 28 28 19 20 19 34 35 34
Poland 99 99 99 67 68 67 120 120 120
Slovenia 4 3 4 3 2 3 5 5 5
South Korea 167 167 167 142 142 142 311 311 311
Spain 23 23 23 22 22 22 26 27 26
Sweden 72 73 72 42 41 42 86 86 86
Switzerland 53 53 53 41 41 41 55 55 55
Turkey 62 62 62 59 59 59 81 82 81
UK 167 167 167 138 139 138 184 185 184
USA 606 607 606 484 483 484 723 723 723

Table A.1: Number of stocks in portfolios 1 to 3, based on standard deviation betas
from rolling window regressions.
minimum, and maximum number of stocks allocated to each of the three portfolios

across time.
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v

Country Data Since GDP PC BI CP P CP PP EE CS HS UR CA BB IR GB

Austria 02/05 FB NA NA NA FB FB NA NA NA NA NA FB NA NA NA
Belgium 02/05 FB NA NA NA FB FB NA NA NA NA NA FB NA NA NA
Canada 01/90 FB FB FB FBE FB FB FB 08/03 NA FB FB FB 05/92 FB FB
Denmark 02/05 FB NA NA NA FB FB NA NA NA NA NA FB NA 07/19 NA
Finland 02/05 FB NA NA NA FB FB NA NA NA NA NA FB NA NA NA
France 01/90 FB FB FB NA FB FB NA FB NA NA FB FB  05/92 FB FB
Germany 01/90 FB FB FBE NA FB FB FB 12/90 NA NA FB FB  05/92 FB FB
Greece 02/05 FB NA NA NA FB FB NA NA NA NA NA FB NA NA NA
Ireland 02/05 FB NA NA NA FB FB NA NA NA NA NA FB NA NA NA
Israel 02/05 FB NA NA NA FB FB NA NA NA NA NA FB NA 07/19 NA
Italy 01/90 FB FB FBE NA FB FB FB 03/92 NA NA FB FB  05/92 FB FB
Japan 01/90 FB FB FBE NA FB FB FB 12/90 12/90 12/90 FB FB 05/92 FB FB
Netherlands 01/95 FB FB FBE NA FB FB NA FB NA NA NA FB 03/09 FB FB
Norway 06/98 FB FB FBE NA FB FB NA FB NA NA NA FB 03/09 FB FB
Portugal 02/05 FB NA NA NA FB FB NA NA NA NA NA FB NA NA NA
Spain 01/95 FB FB FBE NA FB FB NA FB NA NA NA FB 03/09 FB FB
Sweden 01/95 FB FB FBE NA FB FB NA FB NA NA NA FB 03/09 FB FB
Switzerland 06/98 FB FB FBE NA FB FB NA NA NA NA NA FB 03/09 FB FB
UK 01/90 FB FB FB FB FB FB FB FB NA NA FB  FB 05/92 FB FB
USA 01/90 FB FB FB FBE FB FB FB FB FB FB FB FB 05/92 FB FB
Table A.2: Availability of forecasts of macroeconomic variables in each country in the G7 and Western Europe dataset. The

macroeconomic variables in this dataset are Gross Domestic Product (GDP), Personal consumption (PC), Business Investment (Bl),
Corporate Prot (CP), Industrial Production (IP), Consumer Prices (CP), Producer Prices (PP), Employment Costs (EC), Car Sales
(CS), Housing Starts (HS), Unemployment Rate (UR), Current Account (CA), Budget Balance (BB), Three-month Interest Rate (IR),
10 year Government Bond Yield (GB). The acronym "FB" (From Beginning) refers to when the series is available since the country
appeared in the dataset, NA (Not Available) refers to when the variable is missing for the country, and when a date is provided (e.g.
08/20) the series is available since August of 2020.
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Country Data Since GDP HC BI P CP WCI MS NHA UR RE ME MI B CA BB IR GB

Australia 11/90 FB FB FB 01/90 FB FB NA FB FB NA NA NA 12/93 FB 0592 FB FB
New Zealand 12/94 FB FB FB FB FB FB FB NA FB NA FB FB FB FB FB FB FB

Table A.3: Availability of forecasts of macroeconomic variables in each country in the Asia and Paci ¢ dataset. The macroe-
conomic variables in this dataset are Gross Domestic Product (GDP), Household Consumption (HC), Business Investment (Bl), In-
dustrial Production (IP), Consumer Prices (CP), Wage Cost Index (WCI), M2 Money Supply Growth (MS), New Housing Approvals
(NHA), Unemployment Rate (UR), Re-Export (RE), Merchandise Export (ME), Merchandise Imports (Ml), Trade Balance (TB), Cur-
rent Account (CA), Budget Balance (BB), Three-month Interest Rate (IR), 10 year Government Bond Yield (GB). The acronym "FB"
(From Beginning) refers to when the series is available since the country appeared in the dataset, NA (Not Available) refers to when
the variable is missing for the country, and when a date is provided (e.g. 08/20) the series is available since August of 2020.
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Country Data Since GDP FC Fi P CP NAW BB ME MI B CA IR CR

Chile 01/02 FB FB FB FB FB FB FB FB FB FB FB FB 01/06
Colombia 01/02 FB FB FB FB FB NA 03/15 FB FB FB FB 03/15 FB
Mexico 01/02 FB FB FB FB FB FB FB FB FB FB FB FB 01/06

Table A.4: Availability of forecasts of macroeconomic variables in each country in the Latin America Dataset. The macroeconomic
variables in this dataset are Gross Domestic Product (GDP), Final Consumption (FC), Fixed Investment (FI), Industrial Production
(IP), Consumer Prices (CP), Nominal Average Wage (NAW), Budget Balance (BB), Merchandise Export (ME), Merchandise Imports
(MI), Trade Balance (TB), Current Account (CA), Short term Interest Rate (IR), Currency reserve (CR). The acronym "FB" (From
Beginning) refers to when the series is available since the country appeared in the dataset, NA (Not Available) refers to when the
variable is missing for the country, and when a date is provided (e.g. 08/20) the series is available since August of 2020.
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Country DataSince GDP HC FI IP CP NE MS BB ME MI TB CA Thill GB

Czech Republic 01/08 FB FBE FB FB FB FB FB FB FBE FB FB FB FB FB
Estonia 01/08 FB FBE FB FB FB NA NA FB FBE FB FB FB NA NA
Hungary 01/08 FB FBE FB FB FB FB FB FB FBE FB FB FB FB FB
Poland 01/08 FB FBE FB FB FB FB FB FB FBE FB FB FB FB FB
Slovakia 01/08 FB FB FB FB FB NA NA 0309 FB FB FB FB FB FB
Slovenia 01/08 FB FBE FB FB FB NA NA FB FBE FB FB FB NA NA
Turkey 01/08 FB FB FB FB FB FB FB FB FBE FB FB FB FB 12/15
Table A.5: Availability of forecasts of macroeconomic variables in each country in the Eastern Europe dataset. The macroeconomic

variables in this dataset are Gross Domestic Product (GDP), Household Consumption (HC), Fixed Investment (FI), Industrial Produc-
tion (IP), Consumer Prices (CP), Nominal Earning (NE), Money Supply Growth (MS), Budget Balance (BB), Merchandise Export (ME),
Merchandise Imports (MI), Trade Balance (TB), Current Account (CA), 90 Days T-bill Rate (Thill), 10 year Government Bond Yield
(GB). The acronym "FB" (From Beginning) refers to when the series is available since the country appeared in the dataset, NA (Not

Available) refers to when the variable is missing for the country, and when a date is provided (e.g. 08/20) the series is available since
August of 2020.
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