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ABSTRACT
This study examines the predictive power of incident‐based Environmental, Social and Governance (ESG) risk on the Eurozone

stock market returns using a forecast combination method. We find that our constructed indicator shows significant return

predictability from both a statistical and economic perspective, with an out‐of‐sample CER gain of 4.55% and a Sharpe ratio of

0.43, consistently outperforming the mean benchmark. Moreover, we find that the predictive power is concentrated during non‐
expansion periods. We attribute this mechanism to the firm's fundamentals, cash flow and discount rate channels. Our findings

highlight the value of ESG information for investors.

JEL Classification: G11, G12, G17

1 | Introduction

Environmental, Social and Governance (ESG) has become an
attractive topic for financial investment1. Academics are
increasingly studying ESG's influence on financial markets,
particularly its relationship with firm performance (Aouadi and
Marsat 2018; Bansal et al. 2022; Bissoondoyal‐Bheenick
et al. 2023; Cheng et al. 2024), market reactions (Capelle‐
Blancard and Petit 2019; Serafeim and Yoon 2023), and market
efficiency (Bofinger et al. 2022; Zhang et al. 2023). However,
research exploring the predictive power of ESG information on
market excess returns remains limited. Only a few studies have
begun to investigate the relationship between ESG factors and
market returns, hinting at the untapped value of ESG as a
predictive variable (Maiti 2021).

The rationale for using ESG information in return predictability
stems from the growing recognition of ESG in investment
decision‐making. The inclusion of ESG criteria in predictive
models is gaining attention due to increasing evidence of their

relevance and impact on market performance. Research results
vary: some find a positive correlation between strong govern-
ance and return predictability (Gompers et al. 2003), while
others argue for lower expected returns from firms committed
to sustainability (Geczy et al. 2021). Additionally, some studies
find higher returns for ‘sin’ firms or those with higher CO2

emissions (Bolton and Kacperczyk 2021; Hong and
Kacperczyk 2009; Oestreich and Tsiakas 2015). ESG‐related
policy changes have also been highlighted for their relevance in
asset pricing (Ilhan et al. 2021; Kelly et al. 2016).

Most research focuses on stock performance based on ESG
characteristics, but Chu et al. (2024) are among the few who
demonstrate that aggregate ESG scores are associated with ex-
cess returns at the market‐level. However, their study relies on
internally disclosed ESG scores and focuses on the US market.
According to Wong and Zhang (2022), investors not only con-
sider ESG information reported by firms but also external ESG
news from social media and newspapers. This paper aims to fill
this gap by providing evidence from an external, incident‐based
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ESG risk perspective on aggregate market return predictability,
focusing on the Eurozone market ‐ a region characterised by
high levels of market integration (Abad et al. 2014; Allen and
Song 2005; Qin et al. 2023).

A recent report by Morningstar (2024) indicates that sustainable
fund flows in Europe have consistently experienced net inflows,
reflecting the potential of ESG as a factor in investment deci-
sions. However, to the best of our knowledge, the predictability
of Eurozone market returns using aggregate ESG information
remains largely unexplored. Therefore, this study examines
whether external ESG‐related negative news has significant
predictive ability for the Eurozone financial market returns,
offering investment insights for investors.

We introduce an incident‐based ESG risk indicator from Rep-
Risk, a third‐party specialising in negative ESG news. These
news releases are from print media and various online sources,
including but not limited to social media, blogs and government
bodies. For this purpose, we use the RepRisk Index (RRI ) da-
tabase from over 2000 firms within the Eurozone, with more
than 20,000 observations from 2007 to 2022, in response to Kelly
et al. (2024)'s recommendation to consider larger information
sets to improve predictability.

First, we examine the in‐sample predictability of the Eurozone
stock market excess returns using our ESG risk indicator. We
find that the incident‐based ESG risk indicator is statistically
significant, with an in‐sample R2 value of 2.79% for univariate
regressions, outperforming well‐established predictors identi-
fied by Welch and Goyal (2008). Bivariate regression, combining
the ESG risk indicator with popular predictors, further en-
hances the indicator's predictive power, yielding higher in‐
sample R2 values.

For out‐of‐sample forecasting, we apply the forecast combi-
nation method by Rapach et al. (2010). Our findings indicate
that our incident‐based ESG risk indicator significantly pre-
dicts market excess returns, with an out‐of‐sample Ros

2 value of
1.31%. We also explore the economic significance of the ESG
variable, finding that it generates an annualised certainty
equivalent return (CER) gain of 4.55% and a Sharpe ratio
of 0.43.

For robustness checks, we consider various conditions,
including higher levels of investor risk aversion, transaction
costs, different financial constraints, and alternative weighting
methods on return forecasts. We also use the MSCI EMU Total
Return Index and the Europe Portfolios Return Index as alter-
natives to the Eurozone market. All results withstand these
robustness checks, outperforming popular predictors identified
by Welch and Goyal (2008).

Additionally, we assess return predictability across business
cycles, building on studies that highlight the heterogeneity of
market excess return predictability under different economic
conditions. Our results show that the predictive power of the
ESG risk indicator is primarily evident during non‐expansion
periods. Furthermore, we find that the predictive power of our
indicator extends beyond the aggregate Eurozone market to
some member countries within the Eurozone.

We also explore the mechanism behind the ESG indicator's
predictive power through the firm fundamentals, cash flow and
discount rate channels. The evidence for the firm fundamentals
channel aligns with the theoretical framework proposed by
Pedersen et al. (2021), which suggests that a firm's ESG score
reflects its underlying fundamentals. Besides, our analysis
reveals that this predictability is also linked to the discount rate
and cash flows. As noted by Inard (2023), ESG predominantly
impacts a firm's market performance, and they highlight that
ESG considerations can influence a firm's revenue, creating
uncertainty about future cash flows. The discount rate channel
has also been studied by Bolton and Kacperczyk (2021) and
Pástor et al. (2021), who argue that negative ESG information
influences divestment, affecting a firm's cost of capital. If such
firms are avoided by investors, their cost of capital is likely to
increase, resulting in diminished firm values.

This paper aligns with existing research emphasising the
growing attention to ESG in stock market return predictability
(see, e.g., Cao et al. 2023; Chen et al. 2023; Chu et al. 2024;
Khan 2019; Serafeim and Yoon 2023). Compared to prior lit-
erature, the first contribution of this paper is that we are the
first to examine the predictive power of an incident‐based ESG
risk indicator for market excess returns in the Eurozone. Our
findings also complement Agoraki et al. (2023), who show that
European firms' ESG risk information impacts their market
performance. We also provide a detailed comparison with well‐
established predictors and find that the ESG risk indicator
remains powerful and useful in the presence of the widely used
predictors.

Our second contribution is that we are the first to apply purely
objective ESG information in the field of return prediction. Most
previous research has focused on corporate finance, particularly
on the effect of scandals involving customers and suppliers (Dai
et al. 2021), the impact of incidents on firms' participation in ESG
actions (Li and Wu 2020) and firms' financial performance
(Bansal et al. 2022). According to Cumming et al. (2024), the
implications of a universally accepted sustainable risk assessment
could be further explored. The application of the incident‐based
ESG risk in the asset pricing field, particularly in market return
prediction, is explored for the first time in this article.

We also contribute to the literature on the heterogeneity of
return predictability over the business cycle. While return pre-
dictability across business cycles has been widely studied
(Cujean and Hasler 2017; Pettenuzzo et al. 2014; Rapach and
Zhou 2013), the role of ESG information in this context has not
yet been explored. This study is the first to examine potential
patterns of return predictability by using our constructed ESG
risk indicator. By separating the business cycle into expansion
and non‐expansion periods based on the Eurozone Business
Cycle Clock classification, we find that return predictability
over the business cycle exhibits distinct patterns. Specifically,
the predictive power of the incident‐based ESG risk indicator is
primarily evident during non‐expansion periods in the Euro-
zone stock market. Our findings support the argument that in
periods of economic downturn, which are characterised by
uncertainty and high volatility, returns become more predicta-
ble due to divergent interpretation of ESG news (Cujean and
Hasler 2017).
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Furthermore, this article extends the application of machine
learning methods in asset pricing research. We employ the
forecast combination method to construct aggregate return
forecasts. Initially proposed by Bates and Granger (1969), this
method is widely used in financial markets (e.g., Chen and
Maung 2023; Gospodinov and Maasoumi 2021; Rapach
et al. 2010; Rapach and Zhou 2022a; Xie and Hong 2016). It
offers a strong shrinkage effect for high‐dimensional datasets,
effectively incorporating information and avoiding overfitting.
However, no previous study has applied this method to return
predictability using ESG information. We introduce this method
to address this gap by predicting the Eurozone market returns
using the incident‐based ESG risk indicator.

In the next section, we describe our ESG risk indicators and other
relevant variables. Section 3 outlines the methodology, and Sec-
tion 4 discusses the main empirical results. Section 5 presents
various additional tests, and Section 6 explains the mechanism of
return predictability. Finally, we conclude this article.

2 | Data Description

2.1 | Eurozone as a Single Unit

In this paper, we treat the Eurozone as a single unit to study the
predictability of the Eurozone stock market based on the ESG
risks of its firms. This is attributed to the region's high degree of
economic, regulatory, and financial integration.

The Eurozone represents the largest integrated economic area
outside the United States, characterised by harmonised finan-
cial regulations and ESG policies. These shared frameworks,
such as the EU Taxonomy and the Sustainable Finance Dis-
closure Regulation (SFDR), provide uniform standards for
assessing ESG risks across member states. This regulatory
alignment ensures consistent treatment of ESG risks, making
the Eurozone a suitable candidate for examining their impact
on asset returns.

Additionally, the Eurozone's economic and monetary integra-
tion further supports this unified approach. Member countries
share a single currency and a common monetary policy gov-
erned by the European Central Bank (ECB), eliminating cur-
rency risks and enhancing market coherence. This integration
facilitates the pooling of data across the region to analyse ESG
risk collectively.

The seamless cross‐border movement of goods, services, capital,
and labour within the Eurozone reduces market segmentation.
These factors create a cohesive financial ecosystem that mirrors
the characteristics of a single market. This unique level of
integration underpins our decision to treat the Eurozone as a
unified entity for this study.

2.2 | Incident‐Based ESG Risk Indicator

Although several agencies rate ESG performance at the firm
level, the ESG scores of the same firm are often inconsistent, or

even contradictory, across different agencies due to their vary-
ing definitions and criteria for specific categories. For example,
Sustainalytics rates Tesla with a medium score due to its sus-
tainable development effects but notes its poor governance.
Conversely, S&P argues that Tesla is not an ESG firm and re-
moved it from the S&P 500 ESG index in 2022, citing an unclear
lower‐carbon strategy and Elon Musk's negative attitude toward
ESG. Recent research papers also highlight the inconsistency of
ESG scores across different rating providers and the potential
issues this inconsistency may cause. Berg et al. (2021) investi-
gate the noise in ESG ratings among various raters, emphasising
the potential problem of score inconsistency due to revisions,
such as back‐filling past values when raters change their
methodology. Studies by Berg et al. (2021) and Berg et al. (2021)
indicate that ESG data from Refinitiv, MSCI, and Sustainalytics
may exhibit potential look‐ahead bias.

To address this issue, we consider RepRisk, a media‐oriented
index, in this study. We select this data set for three primary
reasons: First, RepRisk focuses on media‐driven incidents rather
than self‐reported data by the firms themselves. Relevant studies
have demonstrated that investors react more to ESG information
from external sources than to self‐disclosed data (e.g., Capelle‐
Blancard and Petit 2019). Second, RepRisk specifically targets
negative incidents. Krüger (2015) argues that investors react
more severely to negative corporate social responsibility news,
while their reaction to positive corporate social responsibility
news is relatively weak and neither statistically nor economically
significant. Hence, RepRisk is the ideal ESG rater for this study.
Third, compared to other ESG raters, RepRisk measures ratings
with high frequency, providing more detailed information and
allowing us to capture short‐term dynamics, thereby offering
crucial insights for short‐term investors. Therefore, the data set
has been widely applied in top journals by researchers (Bansal
et al. 2022; Li and Wu 2020) and stakeholders (Dai et al. 2021;
Raghunandan and Rajgopal 2022). This paper is the first to apply
the data set to the research on return predictability.

In this article, we use the ‘current RRI ’ from RepRisk to mea-
sure incident‐based ESG risk. RRI is a short‐term incident‐
based score reflecting a firm's short‐term exposure to media and
stakeholder attention regarding ESG issues. The score ranges
from 0 (lowest) to 100 (highest), with a higher value indicating a
higher rate of ESG incidents. The extent of this increase is in-
fluenced by factors such as the severity and novelty of the
incident, as well as the extent and intensity of the news cov-
erage surrounding it. The sample is from January 2007 to
December 2022.

We consider public firms headquartered in the Eurozone as our
sample, since this region is the third‐largest economy in the
world2, and the impact of ESG risk information on its market
return has not been investigated yet. We excluded firms without
any record of ESG incidents during our sample period, resulting
in a total of 2132 public firms. Since the raw RRI might have
different scales depending on factors such as firm size, industry,
or other characteristics as measured by RepRisk, we follow Chu
et al. (2024) to transform the raw RRI into its percentage level to
reduce these bias. We use IESGRI (Incident‐based ESG Risk
Indicator) to represent this variable. The IESGRI is calculated
as follows:
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IESGRI
RRI RRI

RRI
=

−
× 100%,i t

i t i t

i t
, +1

, +1 ,

,
(1)

where, IESGRIi t, +1 is the percentage change in RRI for firm i

from month t to t + 1, and RRIi t, +1 and RRIi t, denote the RRI for
the ith firm at months t + 1 and t , respectively. The monthly
RRI is calculated as the average of the daily RRI in that month.
For a firm with a missing observation in a given month, the
value is filled with the cross‐sectional average of the available
RRI for that month due to the requirement for non‐missing data
in our method.

Table 1 reports the descriptive statistics of the IESGRI
for individual firms headquartered in specific countries.
When a firm experiences an unforeseen negative event, its
IESGRI may initially spike but then gradually decline over
subsequent months unless another significant event or relevant
policy emerges. The number of observations for each country
depends on the count of publicly traded firms and the quanti-
tative assessment of ESG risk incidents related to firms head-
quartered in that country. Germany and France have more than
20,000 observations, as large firms are mostly headquartered in
developed countries within the Eurozone. In contrast, countries
like Croatia, Estonia, Latvia, Lithuania, Malta, Slovakia and
Slovenia only have hundreds of observations since they are still
developing.

2.3 | Market Returns and Other Variables

We collect the data of the Morningstar Eurozone Net Return
Index from Bloomberg, which measures the performance of
over 97% of stocks in the Eurozone's board regional markets
based on their market capitalisation. The monthly data spans
from January 2007 to December 2022. The market excess
returns are calculated by subtracting the risk‐free return from
the monthly market returns in the Morningstar Eurozone
Index. We use the EURIBOR 3‐month interest rate as the rep-
resentative risk‐free return, considering its stability3.

We also include a set of well‐established predictors identified in
Welch and Goyal (2008) as control variables. These predictors
encompass Eurozone stock market ratios, including dividend‐
price ratio (log), dividend yield (log), earnings‐price ratio (log),
dividend‐payout ratio (log), and book‐to‐market ratio, as well as
key Eurozone macroeconomic variables, including short‐term
returns, long‐term returns, yield spread, stock variance and
inflation. These control variables are obtained from Bloomberg,
Deutsche Bank, and Eurostat. Moreover, given the documented
influence of US stock market returns on European markets
(e.g., Rapach et al. 2013), we incorporate S&P 500 excess returns
as an additional control variable. The S&P 500 data are from
Amit Goyal's website4. The details of the variables employed in
this article are provided in Table A1 of Appendix.

TABLE 1 | Descriptive statistics of IESGRIi across countries in the Eurozone.

Country Num. Mean Min. Max. Std. Obs.

Austria 86 −0.30 −0.84 0.49 0.28 4957

Belgium 97 −0.29 −0.65 1.06 0.34 5782

Croatia 20 −0.43 −0.66 0.30 0.21 668

Cyprus 34 −0.37 −0.69 0.82 0.29 1422

Estonia 15 −0.27 −0.56 0.77 0.34 604

Finland 117 −0.26 −0.61 0.41 0.23 7058

France 401 −0.27 −0.85 1.47 0.31 25,599

Germany 358 −0.26 −0.74 1.50 0.32 23,374

Greece 52 −0.42 −0.71 0.66 0.27 2198

Ireland 86 −0.14 −0.85 1.48 0.43 6003

Italy 232 −0.23 −0.72 1.77 0.33 13,801

Latvia 12 −0.47 −0.56 −0.19 0.09 473

Lithuania 13 −0.36 −0.60 0.14 0.20 608

Luxembourg 88 −0.32 −0.84 0.90 0.31 4468

Malta 11 −0.47 −0.70 −0.09 0.16 300

Netherlands 219 −0.27 −0.84 1.84 0.36 12,955

Portugal 53 −0.23 −0.64 0.61 0.31 3517

Slovakia 13 −0.42 −0.56 −0.02 0.15 489

Slovenia 9 −0.45 −0.59 −0.10 0.16 298

Spain 216 −0.27 −0.70 1.72 0.33 14,180

All Eurozone 2132 — — — — —

Note: This table reports the number of firms and their mean, minimum, maximum, standard deviation and observations across countries in the Eurozone. Mean,
minimum, maximum and standard deviation are from IESGRI series calculated by Equation (1). Observations are the number of ESG risk incidents recorded by RepRisk.
The sample spans the period from January 2007 to December 2022.
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3 | Methodology

3.1 | Predictive Regression Model

We use a standard predictive regression model to assess the
time‐series predictive power of ESG risk for market excess
returns. The regression model is as follows:

r α β χ t T= + × + ϵ , for = 1, …, − 1t t t+1 +1 (2)

where rt+1 is the market excess return in month t χ+ 1, t is a
stock return predictor, and ϵt+1 is an error term.

We will conduct both in‐sample and out‐of‐sample analyses
based on Equation (2). The in‐sample analysis focuses on es-
tablishing the statistical significance of the predictor. A suc-
cessful predictor's coefficient should be statistically different
from zero. Moreover, the in‐sample analysis provides insights
into the economic intuition and the underlying mechanisms
driving this predictability.

However, Welch and Goyal (2008) demonstrate that many well‐
known in‐sample predictors fail to outperform the prevailing
mean benchmark predictor (i.e., a random walk with drift) in
out‐of‐sample tests. These shortcomings often result from look‐
ahead bias, which arises when the entire sample is analysed at
once rather than incrementally, failing to capture real‐world
conditions. In actual practice, investors are more interested in
forward‐looking forecasting performance. Additionally, over-
fitting commonly plagues in‐sample forecasting. To address
these issues, we also perform out‐of‐sample analyses that
restrict the model's available information to 1 month ahead,
thereby mitigating look‐ahead bias and providing a more real-
istic evaluation of predictability.

3.2 | Combined Predictor and Forecast
Combination

To predict market‐level stock returns, we need to aggregate the
firm‐level IESGRIs to the market level, as individual IESGRIs
cannot fully capture overall market movements. We adopt two
approaches for this aggregation: (1) For the in‐sample analysis,
we use a simple cross‐sectional mean of IESGRIi t, as a market‐
level ESG risk indicator. Rigorously, the market‐level ESG risk
indicator is given as follows:

IESGRI
N

IESGRI=
1

,t
A

i

N

i t

=1

, (3)

where, IESGRIt
A represents the market‐level ESG risk indicator

at month t IESGRI, i t, represents the ESG risk of firm i at month
t , and N is the number of firms. This aggregated measure
retains the intuition underlying individual firms' IESGRIs while
mitigating their firm‐specific idiosyncratic risk, making it a
robust proxy for the overall market's ESG risk. (2) For the out‐
of‐sample analysis, we apply a forecast combination method,
which is widely recognised for improving forecast accuracy
(e.g., Wang et al. 2023; Rapach et al. 2010). The main ad-
vantages of this approach are its ability to integrate data from

various economic indicators while notably reducing the vola-
tility of forecasts and maintaining relevance to the real econ-
omy. Also, this method enables diversified forecasting by
balancing the performance of various predictors, similar to how
portfolio diversification mitigates risk (e.g., Gospodinov and
Maasoumi 2021; Rapach and Zhou 2022a)5.

To conduct the forecast combination for the out‐of‐sample
analysis, we first run the predictive model in Equation (2) to
predict rt , using each IESGRIi t, −1 as the explanatory variable,
restricting the data available to the model up to period t . This
process yields the OLS estimates α̂i t, and β̂

i t,
, representing the

intercept and the coefficient of IESGRIi t, −1, respectively. Using
these estimates along with IESGRIi t, , we forecast the future
market excess return as follows:

r α β IESGRI i Nˆ = ˆ + ˆ × , for = 1, …,t t
i i t i t

i t+1
( ) , ,

, (4)

where r̂ t t
i
+1
( ) is the forecasted market excess return for month

t + 1 based on firm i's ESG risk measures at month t . We apply
an expanding‐window approach, setting the initial period as the
first 6 years, with the subsequent sample serving as the out‐of‐
sample period.

We then calculate the market return forecast by taking a
weighted average of the market return forecasts based on each
firm i's ESG risk information (i.e., r̂ t t

i
+1
( ) ). The equation is as

follows:

  r ω rˆ = ˆ ,t t

i

N

i t t t t
i

+1

=1

, +1 +1
( ) (5)

where, ωi t t, +1 for i N= 1, …, are the weights allocated to r̂ t t
i
+1
( ) ,

and  ω = 1i
N

i t t=1 , +1 .

According to Rapach et al. (2010), a simple forecast combina-
tion often outperforms the benchmark models. Consistent with
this, we use the equal‐weighted average of a large number of
individual forecasts as our market return forecast, as it is dif-
ficult to beat in practice (Yuan and Zhou 2023). The equation
can be expressed as

 r
N

rˆ =
1

ˆ ,t t
i

N

t t
i

+1
Mean

=1
+1
( ) (6)

where, the market return forecast ( r̂ t t+1
Mean ) is formed by taking the

arithmetic mean of the univariate forecasts in Equation (4). We
also consider alternative weighting schemes, such as the dis-
counted mean squared prediction error (DMSPE) method used by
Rapach et al. (2010) and a nonlinear weighting method applied by
Yang (2004). Details of those methods are discussed in Section 5.

3.3 | Forecast Evaluation

3.3.1 | Statistical Performance Evaluation

To evaluate the out‐of‐sample statistical performance, we apply
the widely recognised and practical method proposed by
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Campbell and Thompson (2008), using the out‐of‐sample R2

statistic. This statistic is used to measure the proportional
reduction in mean squared forecast error (MSFE), comparing
the performance of the forecast combination with that of the
prevailing mean benchmark forecast:


R

r r

r r
= 1 −

( − ˆ )

( − ¯ )
,OS

t
T

t t

t
T

t t

2 =1
2

=1
2

(7)

where, r̂t denotes the fitted value from the forecast combination
over the out‐of‐sample period, and r̄t is the forecast from the
prevailing mean benchmark, both estimated from the first
observation to the last observation at month T .

We test the null hypothesis ≤H R: 0OS0
2 against the alternative

hypothesis H R: > 0A OS
2 via the Clark and West (2007) test

(CW‐test). The objective is to assess whether the forecast
combination, which incorporates the incident‐based ESG risk
information, yields a lower MSFE than the prevailing mean
forecast. If the forecast combination produces a lower MSFE,
there is evidence of out‐of‐sample return predictability,
reflected in a positive ROS

2 .

It is important to note that the ROS
2 statistic in Equation (7)

tends to be small due to the substantial unpredictable compo-
nent in returns. Conversely, a large ROS

2 may indicate overfitting
and should be interpreted cautiously. As suggested by Campbell
and Thompson (2008) and Dong et al. (2022), an ROS

2 of 0.5% is
considered statistically significant for out‐of‐sample forecasting.

3.3.2 | Economic Performance Evaluation

In addition to evaluating the accuracy of forecasts, it is crucial
to investigate if forecasts based on ESG risk information can
improve trading outcomes for investors. To determine the
economic benefits of using such an indicator, this analysis
considers a hypothetical mean‐variance investor who re-
allocates her portfolio between a risky market portfolio and a
risk‐free asset each month. Specifically, at the end of month t ,
the investor seeks to maximise the following objective function:

   

( )W r γW σargmax ˆ − 0.5 ˆ ,

W
t t M t t t t t t+1 , +1 +1

2
+1
2

t t+1

(8)

where, γ denotes the coefficient of the investor's relative risk
aversion, Wt t+1 represents the weight allocated to the risky
market portfolio. The remaining portion, ( W1 − t t+1 ), is
implicitly allocated to the risk‐free asset. In our analysis, we set
γ = 3, a value commonly used in the literature. We also con-
sider γ = 4 and 5 as alternative levels of risk aversion for
robustness checks. The investor's forecast of the market excess
return is denoted by r̂M t t, +1 , and the variance of the market
excess return for the same period is represented by σ̂ t t+1

2 . The
optimal weight allocation at the end of month t is expressed as:












W
γ

r

σ
* =

1 ˆ

ˆ
,t t

M t t

t t
+1

, +1

+1
2

(9)

where, the variance of the return σ̂ t t+1
2 is estimated using a

36‐month rolling‐window approach in this study. In line with

Dong et al. (2022), we consider scenarios that include short
selling and allow for up to 100% financial leverage, restricting

W *t t+1 to range between −1 and 2.

The average utility that the investor realises is expressed as:

U r γσ k= − 0.5 ˆ for = 0, 1,k k k
2 (10)

where, r0 (r1) and σ̂0
2 (σ̂1

2) denote the mean and variance of the
portfolio return when the investor applies the prevailing mean
benchmark forecast (forecast combination) of rM t t, +1 in Equa-
tion (9).

To assess the economic value of using the forecast combination
method over the prevailing mean forecast, we calculate the
utility gain, defined as the difference between U1 and U0. This
utility gain, also referred to as the increase in certainty‐
equivalent return gain (CER gain), is computed as:

U UΔ = −1 0 (11)

We annualise the monthly CER gain calculated in Equation (11)
by multiplying it by Equation (12). The utility gain can be
interpreted as the annualised portfolio management fee that the
investor would be willing to pay for the ESG risk information.

4 | Empirical Results

4.1 | In‐Sample Return Predictability

One of the most commonly used approaches for examining
return predictability is a simple linear regression, where market
returns are regressed against one lagged predictor of interest.
First, we predict market excess returns using the standard
predictive model (Equation 2), where χt is the IESGRI

A or any
of the predictors described in Table A1 in appendix at month t .
Our primary interest is in whether the coefficient β is signifi-
cantly different from zero. A significant β would provide evi-
dence that the market excess return is predictable within the
sample period. This straightforward approach offers several
insights relevant to existing research on market return
predictability.

Panel A of Table 2 presents the predictive power of each pre-
dictor over a 1‐month horizon. The results show that the
incident‐based ESG risk indicator, US market returns and risk‐
free rate are statistically significant at the 5% level across the
entire sample period. Notably, one standard deviation increase
in the incident‐based ESG risk indicator in the current month is
associated with a significant decrease of 6.38 in excess returns
in the following month, outperforming all traditional funda-
mental factors considered in this study. These findings highlight
the substantial predictive capability of the incident‐based ESG
risk indicator in forecasting market excess returns, exceeding
that of conventional predictors typically explored in the
literature.

To explore the extent to which the predictability of the incident‐
based ESG risk indicator aligns with that of other widely used
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predictors, we use an alternative regression model that inte-
grates two predictors: the incident‐based ESG risk indicator and
one of the popular predictors. The bivariate predictive regres-
sion model is expressed as

r α β IESGRI ψ Z= ′ + ′ × + × + ϵ′ ,t t
A

t t+1 +1 (12)

where, rt+1 represents the market excess returns in month
t IESGRI+ 1, t

A is the incident‐based ESG risk indicator, and Zt
denotes one of the predictors listed in Table A1 in Appendix. A
statistically significant β′ suggests that the incident‐based ESG
risk indicator continues to have predictive power for market
excess returns, even when the influence of the additional pre-
dictor is accounted for.

Panel B of Table 2 reports that even after controlling for other
widely‐used predictors, the incident‐based ESG risk indicator
remains statistically significant at the 5% level in predicting
market excess returns. This finding reinforces the notion that
incident‐based ESG risk indicator provides unique informa-
tion that is not captured by traditional financial predictors.
Furthermore, the inclusion of popular predictors in the
bivariate regression models results in variations in the R2

values, indicating the incremental explanatory power gained
by incorporating ESG risk information into the predictive
models. The observed increase in R2 upon adding the
incident‐based ESG risk indicator as a predictor suggests that
it offers additional explanatory value beyond what is pro-
vided by conventional financial predictors. This implies that
investors and financial analysts can benefit from considering
the incident‐based ESG risk indicator alongside conventional
financial indicators.

Additionally, we incorporate the information from all predic-
tors in our predictive regression analyses using two distinct
strategies. The first is the kitchen sink method, which includes
all available predictors in a single regression model without
applying variable selection or dimensionality reduction. While
this approach can face challenges such as overfitting or mul-
ticollinearity when predictors are highly correlated (Rapach
and Zhou 2022b), it is a straightforward and effective when the
number of predictors is small. The second strategy employs
principal component analysis (PCA) method to synthesise
information from all control variables. Specifically, we extract
the first principal component of the control variables and use
it as a predictor in univariate and bivariate predictive
regressions.

The results of these two approaches are presented in the last
two rows of Table 2. For the kitchen sink method, the
coefficient of our primary variable, IESGRI A, remains signifi-
cant at the 5% level, indicating its robustness in this specifica-
tion. In the PCA approach, the univariate regression shows that
the coefficient of the first principal component is not signifi-
cant, suggesting that this aggregated control variable does not
independently exhibit significant predictive power. However, in
the bivariate regression, which includes both the first principal
component and IESGRI A, the coefficient of IESGRI A remains
significant at the 5% level. This result further supports the
robustness of IESGRI A's predictive power.

4.2 | Out‐of‐Sample Return Predictability

While in‐sample return predictability has been established, it is
widely recognised that strong in‐sample results do not

TABLE 2 | Results for in‐sample univariate and bivariate predictive regressions.

Panel A: Univariate regressions Panel B: Bivariate regressions

Predictor β t‐Stat R (%)uni
2 β′ t‐Stat ψ t‐Stat R (%)bi

2

IESGRI A −6.38** −2.16 1.90 — — — — —
SP500 0.12 1.34 0.70 −6.38** −2.16 0.12 1.33 2.61

DP 0.60 0.08 −0.53 −6.41** −2.18 −0.40 −0.05 1.38

DY 2.84 0.38 −0.39 −6.29** −2.14 1.72 0.23 1.43

EP −0.04 −1.27 0.74 −6.31** −2.17 −0.04 −1.24 2.59

DE 6.47* 1.74 1.43 −5.97** −2.02 5.95 1.63 3.03

BM 0.04 0.98 0.27 −6.09** −2.12 0.04 0.83 1.93

RF −7.22* −1.96 2.08 −5.80** −2.02 −6.61* −1.81 3.55

LTY −9.02 −0.99 0.21 −6.44** −2.23 −9.27 −1.04 2.16

YS 9.10** 1.98 2.01 −5.62* −1.94 8.07* 1.79 3.35

SVAR −0.08 −0.08 −0.53 −6.51** −2.23 −0.29 −0.29 1.44

INF −0.45* −1.72 2.24 −5.62* −1.85 −0.40 −1.53 3.58

Kitchen Sink — — — −5.67** −2.00 — — 6.32

PCA −0.003 −1.47 1.81 −6.25** −2.17 −0.003 −1.42 4.12

Note: Panel A reports the univariate regression slope (β) and the Newey and West (1987) t ‐statistics (t ‐Stat), along with the in‐sample R (%)uni
2 . Panel B reports the results

of the bivariate regression models from Equation (12), including coefficients (β′ and ψ′) and their corresponding Newey and West (1987) t ‐statistics (t ‐Stat), along with
R (%)bi
2 . The results using the kitchen sink method are derived from a single regression model that includes all predictors. The principle component analysis (PCA)

approach synthesises information from all control variables and extracts the first principle component to use as a predictor in both univariate and bivariate predictive
regressions. The asterisks *, ** and *** denote significance at 10%, 5% and 1% levels, respectively. The sample period spans from January 2007 to December 2022.
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necessarily guarantee robust out‐of‐sample performance
(Guidolin et al. 2009; Timmermann 2008; Welch and
Goyal 2008). Welch and Goyal (2008) argue that many popular
in‐sample predictors fail to outperform the prevailing mean
benchmark forecast (i.e., random walk with drift) in out‐of‐
sample tests. This is primarily due to look‐ahead bias, which
occurs when the entire sample is applied at once and does not
reflect real‐world scenarios. In practice, investors are more in-
terested in real‐time forecasting performance. Additionally,
overfitting is another issue with in‐sample forecasting. To
address this concern, we evaluate out‐of‐sample predictability
using both statistical and economic metrics in this section.
More specifically, we apply the Clark and West (2007) test to
assess statistical significance, while economic significance is
evaluated using the CER gain and the Sharpe ratio.

Table 3 reports the out‐of‐sample ROS
2 and the CW‐test statistics

for out‐of‐sample forecasting from January 2013 to December
2022, with the initial training period spanning the first 6 years.
In Panel A, we measure out‐of‐sample predictability by apply-
ing univariate regressions with each individual predictor. We
find that none of the predictors, except for the incident‐based
ESG risk indicator, is statistical significant at the 5% level. The
incident‐based ESG risk indicator achieves an ROS

2 of 1.31% with
a CW‐test statistic of 1.66. Most of the other predictors' ROS

2

values are negative, and none of them significantly outperform
the benchmark model.

Next, we examine the out‐of‐sample predictability by applying
bivariate regressions, which include the incident‐based ESG
risk indicator and one of the traditional predictors, with the
results reported in Panel B of Table 3. When our incident‐based
ESG risk indicator is incorporated, the forecast accuracy for all
cases is significantly improved compared to the univariate
cases. In seven instances, the forecasts significantly outperform
the benchmark model at the 5% or 10% levels. For the cases of
EP, DE and YS, the forecasts are even better than the univariate
forecast of our incident‐based ESG risk indicator. These results
suggest that, although these predictors may not be individually
significant, they still provide complementary information to the
incident‐based ESG risk indicator. When included in the model,
this additional information enhances the explanation of market
return variability, leading to higher ROS

2 values.

Subsequently, we evaluate the economic performance of market
return forecasts that utilise the incident‐based ESG risk indi-
cator. To achieve this, we explore the CER gain and Sharpe
ratio. Following the approach of Dong et al. (2022), the weight
in Equation (8) is constrained between −1 and 2, allowing for
short‐selling while capping maximum leverage at 100%. Various
investing scenarios, along with their corresponding CER gains
and Sharpe ratios, are presented in Table 4. Specifically, we
assess different investment strategies by considering risk

TABLE 3 | Results for out‐of‐sample univariate and bivariate pre-

dictive regressions.

Panel A: Univariate
regressions

Panel B: Bivariate
regressions

R (%)OS
2

CW‐
test R (%)OS

2
CW‐
test

IESGRI A 1.31** 1.66 — —
SP500 −5.09 −0.52 −0.91 0.09

DP −0.63 −0.70 0.54 1.07

DY −1.59 −0.59 0.19 0.42

EP −1.82 1.28 1.71** 1.67

DE −0.64 1.36 2.15** 1.72

BM 0.43 0.94 1.16** 2.13

RF −0.45 1.14 1.66* 1.58

LTY −7.50 0.94 −0.23 1.25

YS 0.28 0.99 1.40* 1.58

SVAR −2.98 −0.83 −0.39 0.06

INF −11.30 1.49 1.28** 1.69

PCA −4.93 1.32 1.30** 1.67

Note: This table reports the out‐of‐sample R (%)OS
2 and the Clark and West (2007)

test statistics applying well‐established predictors and incident‐based ESG
indicator. Statistical significance for ROS

2 is based on the Clark and West (2007)
test of the MSFE‐adjusted statistic for the hypothesis: ≤H R: 00 OS

2 versus
H R: > 0A OS

2 . The asterisks *, ** and *** denotes out‐of‐sample statistical
significance at the 10%, 5% and 1% levels, respectively. The whole sample period
spans from January 2007 to December 2022, with the first 6 years serving as the
training sample.
Abbreviations: ESG, Environmental, Social and Governance; MSFE, mean
squared forecast error; PCA, principal component analysis.

TABLE 4 | Results for asset allocation.

No transaction cost
10 bps

transaction cost

CER
gain
(%)

Sharpe
ratio

CER
gain
(%)

Sharpe
ratio

IESGRI A 4.55 0.43 4.20 0.32

SP500 −5.09 −0.14 −6.34 −0.28

DP −1.10 −0.17 −0.60 −0.22

DY −0.69 −0.08 −0.19 −0.13

EP 1.56 0.38 0.37 0.30

DE 3.20 0.46 2.13 0.39

BM 1.62 0.11 2.23 0.06

RF 0.94 0.37 −0.15 0.29

LTY 2.01 0.41 0.79 0.32

YS 1.98 0.30 1.31 0.21

SVAR −0.57 0.01 −0.88 −0.10

INF 7.26 0.60 6.75 0.53

PCA 2.35 0.45 1.07 0.37

Note: This table reports the out‐of‐sample economic performance (CER gain (%)
and Sharpe ratio) of various predictors. On a monthly basis, the investor, guided
by mean‐variance principles, reallocates her wealth between the stock market and
the risk‐free asset. The CER gain represents the annualised certainty equivalent
return differential between the utilisation of the individual predictor and the
application of the prevailing mean forecast, with the weight in the risky asset
constrained to be no less than −1 and no more than 2 (Dong et al. 2022). We use
36‐month rolling window volatility forecasts and use γ = 3. The Sharpe ratio is the
annualised average portfolio excess return over its standard deviation. Both
scenarios with no transaction costs and a 10 bps transaction cost are applied. The
whole sample period spans from January 2007 to December 2022, with the first
6 years serving as the training sample.
Abbreviations: CER, certainty equivalent return; PCA, principal component
analysis.
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aversion level of 3. In scenarios where transaction cost are ex-
cluded, the incident‐based ESG risk indicator achieves an an-
nualised CER gain of 4.55% and a Sharpe ratio of 0.43. This CER
gain surpasses the 2% benchmark suggested by Dong et al.
(2022) and Pástor and Stambaugh (2000), indicating substantial
economic returns for investors. These results surpass those
associated with most other variables, with the exception of the
dividend payout ratio, which, despite generating substantial
gains, does not reach statistical significance. This outcome
highlights the effectiveness of the incident‐based ESG risk
indicator in predicting market excess returns. Additionally,
when accounting for realistic transaction cost—set at 10 basis
points following Farmer et al. (2023) and Shynkevich (2012)—
the IESGRI A continues to deliver a positive annualised CER
gain of 4.20%.

We also examine varying levels of investor risk aversion, fo-
cusing on higher risk aversion (values of 4 and 5) to assess
whether conservative investors can achieve significant CER
gains using the incident‐based ESG risk indicator or other
predictors. Table B1 in Appendix shows that the ESG risk
indicator remains significant at higher risk aversion levels, with
CER gains exceeding the critical 2% threshold at Level 4 but
falling below it at Level 5. These findings, robust to transaction
costs (Tables B2 and B3 in Appendix), highlight the indicator's
predictive value.

We acknowledge the economic and cultural diversity among
Eurozone countries and address this by conducting in‐sample
and out‐of‐sample analyses on country portfolio returns using
individual country IESGRI data. Additionally, we use the
pooled regression and the panel data model, with the latter
controlling for country and time fixed effects. The in‐sample
analysis shows that not all country‐specific coefficients of
IESGRI As are significant, and the out‐of‐sample results indicate
that forecast combination methods do not consistently out-
perform the benchmark model. However, both pooled regres-
sion and panel data models reveal significant predictability at
the Eurozone market Level6.

4.3 | Forecasting Performance Over Business
Cycle

Numerous studies have examined market predictability across
different phases of the business cycle, showing that the pre-
dictive power varies in good times and bad times (e.g., Rapach
et al. 2010). In our analysis, we specifically investigate the sig-
nificance of the incident‐based ESG risk indicator for return
predictability during both expansion and non‐expansion peri-
ods. The equation is expressed as:


R

I r r

I r r
c= 1 −

( − ˆ )

( − )
for =

EXP, NON‐EXP ,

OS c
t
T

t
c

t t

t
T

t
c

t t
,

2 =1
2

=1
2 (13)

where, ( )I It
EXP

t
NON EXP− is a dummy variable that equals to 1

if month t falls within an expansion (non‐expansion) period,
and 0 otherwise.

In this paper, we use the Business Cycle Clock provided by
Eurostat to identify the phases of the business cycle. Eurostat
classifies the business cycle into six phases: expansion with
accelerating growth, expansion with decelerating growth, slow
down, recession with decelerating growth, recession with
accelerating growth and recovery. We simplify this classifica-
tion into two categories: expansion periods and non‐expansion
periods. The expansion periods include the expansion with
accelerating growth and with decelerating growth, spanning
from July 2013 to August 2014, December 2014 to November
2018, and August 2020 to February 2022. The remaining periods
are identified as the non‐expansion periods, including slow-
down, recession with decelerating growth and with accelerating
growth, as well as recovery.

Table 5 reports the performance of various predictors across
different phases of the business cycle. When analysing the
performance of the incident‐based ESG risk indicator, we find
that its predictive power is stronger during non‐expansion
periods compared to expansion periods. Specifically, the Ros

2

value of IESGRI A is 1.55% and is statistically significant at the
5% level during non‐expansion periods. In contrast, the pre-
dictive power of the incident‐based ESG risk indicator drops
during expansion periods, as indicated by a lower Ros

2 value.
Although the Ros

2 value remains positive in expansion periods, it
is not statistically significant according to the CW‐test, sug-
gesting that the indicator's predictability is primarily concen-
trated in non‐expansion periods. These findings are consistent
with the established literature, which indicates that return
predictability tends to be stronger during economic downturns
and weaker during periods of economic growth (e.g., Rapach

TABLE 5 | Predictability in expansion and non‐expansion periods.

Expansion Non‐expansion
Ros
2 (%) CW‐test Ros

2 (%) CW‐test

IESGRI A 1.09 1.07 1.55** 1.74

SP500 −4.66 −0.53 −5.48 −0.3

DP −1.41 −0.93 0.32 0.54

DY −4.03 −0.99 1.49** 1.87

EP −0.16* 1.61 −4.01 −0.58

DE 1.65** 1.75 −3.96 −0.25

BM −0.39 0.05 1.59** 1.81

RF 1.48 1.46 −3.23 −0.33

LTY −6.30 1.09 −8.95 −0.26

YS 1.39 1.18 −1.32 −0.25

SVAR −0.31 0.20 −6.20 −0.99

INF −2.18** 1.79 −22.41 0.45

Note: The table reports out‐of‐sample statistics of market return predictability
during expansion and non‐expansion periods. The phases of business cycle are
defined by the Business Cycle Clock. IESGRI A is the incident‐based ESG risk
indicator. Statistical significance for ROS

2 is based on the Clark and West (2007)
test of the MSFE‐adjusted statistic for the hypothesis: ≤H R: 00 OS

2 versus
H R: > 0A OS

2 . The asterisks *, ** and *** denotes out‐of‐sample statistical
significance at the 10%, 5% and 1% levels, respectively. The whole sample period
spans from January 2007 to December 2022, with the first 6 years serving as the
training sample.
Abbreviations: ESG, Environmental, Social and Governance; MSFE, mean
squared forecast error.
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et al. 2010; Rapach and Zhou 2013; Pettenuzzo et al. 2014;
Cujean and Hasler 2017).

Regarding the performance of other predictors, we find that
dividend yields can predict market returns during non‐
expansion periods, with an Ros

2 value of 1.49%, which is also
significant at the 5% level. This result extends the findings of
Golez and Koudijs (2018), which show that dividend yields
consistently predict market returns in the Netherlands, the UK
and the United States, especially during recessions. We also find
that the book‐to‐market ratio, dividend payout ratio, and
inflation are significant predictors in certain scenarios, though
none of them is consistently significant across the entire out‐of‐
sample forecasting period.

5 | Additional Analysis

5.1 | Forecasting Country Portfolio Returns

In this section, we extend our analysis to examine whether the
incident‐based ESG risk indicator can effectively predict excess
market returns for individual member countries within the
Eurozone. Our study focuses on nine major Eurozone coun-
tries: Austria, Belgium, Finland, France, Germany, Ireland,
Italy, the Netherlands and Spain. We use the Eurozone
Country Portfolios Index data from the Kenneth French Data
Library7.

Table 6 presents both the in‐sample and out‐of‐sample
forecasting results for each country in the Eurozone. The in‐
sample analysis covers the period from January 2007 to
December 2022, while the out‐of‐sample analysis uses the
first 6 years as the training sample. The results indicate that
the incident‐based ESG risk indicator significantly predicts
portfolio returns for most countries at the 5% or 10% sig-
nificance levels. Specifically, Belgium, Italy and Spain ex-
hibit ROS

2 values exceeding 1%, with statistical significance
at the 5% level, indicating strong predictive power of the
incident‐based ESG risk indicator in these markets. In

contrast, the portfolio returns for Finland and Ireland do not
demonstrate statistical significance, while Austria, France,
Germany, and the Netherlands show significance only at the
10% level.

These findings suggest that while the incident‐based ESG risk
indicator offers valuable insights into return predictability for
certain regional markets within the Eurozone, its effectiveness
is not consistent across all countries. This heterogeneity may be
attributed to differences in market structures, economic con-
ditions, or the varying impact of ESG incidents across these
countries.

5.2 | Alternative Market Portfolios in the
Eurozone

In this section, we extend our investigation to examine whether
the incident‐based ESG risk indicator can be applied to predict
alternative market indices in the Eurozone. For this purpose,
we use the MSCI EMU Total Return Index from Datastream
and the Europe Portfolios Return Index from the Kenneth
French Library for robustness checks.

Table 7 reports the out‐of‐sample forecasting results of the
MSCI EMU Total Return Index and the Europe Portfolios
Return Index in Panel A and Panel B, respectively. In Panel A,
the ROS

2 value for the incident‐based ESG risk indicator is
1.33%, which is statistically significant at the 5% level ac-
cording to the CW‐test. The annualised CER gain without
transaction costs (with a 10 bps transaction cost) is 4.78%
(4.22%), and the Sharpe ratio is 0.50 (0.45) for a risk aversion
level of 3. Alternative risk aversion levels of 4 and 5 also
support our main findings (see Table B2 in Appendix). The
evidence reported in Panel B suggests that, even after ac-
counting for a 10 bps transaction fee, the incident‐based ESG
risk indicator remains robust, with a CER gain of 4.33%.
Overall, our findings confirm that the incident‐based ESG risk
indicator also predicts excess returns in other alternative
markets.

TABLE 6 | In‐sample and out‐of‐sample results of country portfolio returns.

β NW‐test R (%)2 R (%)OS
2 CW‐test

Austria −7.87** −2.27 2.67 0.97* 1.36

Belgium −5.18* −1.83 1.74 1.17** 1.75

Finland −6.22* −1.97 2.02 0.54 1.07

France −6.11** −2.14 2.37 1.07* 1.49

Germany −5.61* −1.93 1.94 0.82* 1.35

Ireland −8.13* −1.97 2.01 0.16 0.43

Italy −6.66** −1.98 2.05 1.52** 1.78

Netherlands −6.21** −2.12 2.34 1.02* 1.35

Spain −7.80** −2.48 3.17 1.87** 1.99

Note: This table reports in‐sample and out‐of‐sample statistical performance of the incident‐based ESG risk indicator on return predictability across the main countries in
the Eurozone. Statistical significance for R2 and ROS

2 are based on the Newey and West (1987) test, and Clark and West (2007) test of the MSFE‐adjusted statistic for the
hypothesis: ≤H R: 00 OS

2 versus H R: > 0A OS
2 , respectively. The asterisks *, **, and *** denote in‐sample and out‐of‐sample statistical significance at the 10%, 5% and 1%

levels, respectively. The whole sample period spans from January 2007 to December 2022, with the first 6 years serving as the training sample.
Abbreviations: ESG, Environmental, Social and Governance; MSFE, mean squared forecast error.
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5.3 | Stricter Financial Constraints

This section explores alternative investing constraints in out‐of‐
sample forecasting by imposing two additional financial
restrictions on asset allocation weights. The first restriction,
following Campbell and Thompson (2008) and Wang et al.
(2019), sets the range from 0 to 1.5, prohibiting short selling and
limiting maximum financial leverage to 50%. Furthermore,
similar to Pettenuzzo et al. (2014), we consider a more stringent
scenario where weight constraint is set between 0 and 1, dis-
allowing both short selling and leverage.

Table 8 reports the out‐of‐sample economic performance of the
incident‐based ESG risk indicator and traditional predictors

under two alternative financial restrictions. The analysis shows
that the incident‐based ESG risk indicator achieves an an-
nualised CER gain of 3.34% and Sharpe ratio of 0.40 behind the
constraint of 50% financial leverage. Additionally, the dividend
payout ratio exhibits notable economic gains, generating a CER
gain of 6.20% and a Sharpe ratio of 0.57 under the 0–1.5 port-
folio weight constraint. This economic benefit remains signifi-
cant, yielding CER gain of 3.72% even when both short selling
and leverage are prohibited for each trade. Overall, these results
suggest that the incident‐based ESG risk indicator demonstrates
substantial gains under various conditions. Even when the
financial constraints become stricter, the ESG risk indicator still
performs well, highlighting its capability to enhance portfolio
performance.

TABLE 7 | Out‐of‐sample results of alternative market portfolios.

R (%)OS
2 CW‐Test

CER gain (%) Sharpe ratio

No cost 10 bps cost No cost 10 bps cost

Panel A: MSCI EMU Total Return Index

IESGRI A 1.33** 1.67 4.78 4.22 0.50 0.45

SP500 −4.99 −0.57 −5.53 −6.92 −0.10 −0.19

DP −0.64 −0.64 −1.21 −1.22 −0.01 −0.02

DY −1.55 −0.54 −0.85 −1.05 0.03 0.00

EP −1.81 1.17 2.34 2.25 0.45 0.44

DE −0.75* 1.30 4.07 4.05 0.53 0.53

BM 0.39 0.88 1.65 1.51 0.23 0.20

RF −0.44 1.09 1.82 1.84 0.44 0.44

LTY −7.20 0.87 2.82 2.81 0.48 0.47

YS 0.34 1.00 2.68 2.58 0.40 0.39

SVAR −2.74 −0.80 −0.19 −0.64 0.13 0.09

INF −10.84* 1.43 7.01 6.80 0.62 0.61

Panel B: Europe Portfolios Return Index

IESGRI A 1.35** 1.69 4.98 4.33 0.56 0.51

SP500 −5.74 −0.48 −4.35 −5.84 0.01 −0.08

DP −0.54 −0.71 −0.90 −0.90 0.11 0.11

DY −1.49 0.61 −1.13 −1.34 0.09 0.07

EP −1.70* 1.55 7.04 7.07 0.66 0.65

DE −0.05* 1.59 8.41 8.43 0.71 0.71

BM 0.17 0.54 0.84 0.71 0.23 0.21

RF 0.08* 1.38 5.72 5.76 0.60 0.60

LTY −7.91 1.21 6.61 6.65 0.64 0.64

YS 0.78 1.26 5.08 5.04 0.55 0.55

SVAR −3.03 −0.81 0.56 0.07 0.26 0.22

INF −10.31* 1.61 8.83 8.63 0.73 0.72

Note: This table reports the out‐of‐sample statistical and economic performance (CER gain (%) and Sharpe ratio) of the incident‐based ESG risk indicator on return
predictability for the MSCI EMU Total Return Index and the Europe Portfolios Return Index. Statistical significance for ROS

2 is based on the Clark and West (2007) test of
the MSFE‐adjusted statistic for the hypothesis: ≤H R: 00 OS

2 versus H R: > 0A OS
2 . For economic gains, we assume a risk aversion level of 3, and the portfolio weight in

equities lies between −1 to 2. The CER gain represents the annualised certainty equivalent return differential between the incident‐based ESG risk indicator and the
prevailing mean forecast. The Sharpe ratio is the annualised average portfolio excess return over its standard deviation. Both scenarios with no transaction costs and a 10
bps transaction cost are applied. The asterisks *, ** and *** denotes out‐of‐sample statistical significance at the 10%, 5% and 1% levels, respectively. The whole sample
period spans from January 2007 to December 2022, with the first 6 years serving as the training sample.
Abbreviations: CER, certainty equivalent return; ESG, Environmental, Social and Governance; MSFE, mean squared forecast error.
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5.4 | More Complicated Weights on Forecasts

In our main analysis, we equally allocate weights to individual
forecasts when constructing aggregate forecasts. To evaluate the
influence of different weighting strategies on forecasting per-
formance, we explore forecast combination by applying dis-
counted mean squared prediction error (DMSPE) method
proposed by Stock and Watson (2004), and a non‐linear weight
method suggested by Yang (2004). The DMSPE method calcu-
lates combination weights based on the historical forecasting
performance of each individual forecast. The weight assigned to
the i‐th forecast at time t , denoted by ωi t, , is given by:

ω
ϕ

ϕ
= ,i t

i t

k
n

k t

,
,
−1

=1 ,
−1

(14)

where

ϕ θ r r= ( − ˆ ) ,i t
s m

t
t s

s i s,
= +1

−1
−

,
2 (15)

with ϕi t, representing the DMSPE for forecast i at time t m, is
the length of the in‐sample period, s indexes past time periods
starting from m + 1, which is the beginning of the out‐of‐
sample period, k is used to sum the inverse DMSPE values of all
forecasts, and θ is the discount factor. In this method, individ-
ual forecasts with lower DMSPE values (i.e., those with better
recent performance) receive higher weights in the combination.
When the discount factor θ = 1, all past forecast errors are
weighted equally without discounting. In a smaller θ, such as
0.9, higher weights are given to more accurate forecasts. We use
discount factors θ of 1 and 0.9, following Rapach et al. (2010),

Zhang et al. (2019) and Zhu and Zhu (2013), to denote these as
DMSPE (1) and DMSPE (0.9), respectively.

Additionally, Yang (2004) argues that linear forecast combina-
tion can lead to poor performance due to their high variability
in the ex‐ante estimates of combination weights. To address this
issue, the literature suggests using a nonlinear weighting
scheme for updating the combination weights. In accordance
with Wang et al. (2019) and Yang (2004), we employ a simpli-
fied exponential transformation of MSPE as a nonlinear weight
approach, expressed as:


 

( )
( )

ω
π λ r r

π λ r r
=

exp − ( − ˆ )

exp − ( − ˆ )
,i t

i s
t
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k s
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,
2
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,
2

(16)

where, λ is the weighting parameter that determines the sen-
sitivity of the exponential transformation to past forecast errors,
and π is the scaling parameter for each forecast. We follow
Wang et al. (2019) to set the weighting parameter λ and π to be
1 for simplicity.

Table 9 reports the results of alternative weighting approaches
for forecast combinations. All methods exhibit similar out‐of‐
sample performance compared to the simple forecast combi-
nation. The DMSPE (1) and DMSPE (0.9) methods achieve ROS

2

value of 1.64% and 1.84%, respectively, compared to 1.31% ROS
2

for the simple forecast combination. The nonlinear weight
method yields an ROS

2 value of 1.26%. The CER gains and
Sharpe ratios obtained using different estimation approaches
also align closely with the main analysis. The results suggest
that while different weighting approaches on forecasts can
affect forecast performance, the impact is not substantial in our

TABLE 8 | Out‐of‐sample results of stricter financial constraints.

Weight constraint [0, 1.5] Weight constraint [0, 1]

CER gain (%) Sharpe ratio CER gain (%) Sharpe ratio

No cost 10 bps cost No cost 10 bps cost No cost 10 bps cost No cost 10 bps cost

IESGRI A 3.34 2.94 0.40 0.35 3.72 3.45 0.45 0.42

SP500 1.13 0.30 0.21 0.13 1.06 0.51 0.16 0.09

DP −0.32 −0.32 0.03 0.02 −0.21 −0.20 0.03 0.02

DY 1.86 1.75 0.25 0.23 1.43 1.36 0.20 0.18

EP 4.57 4.57 0.49 0.49 5.09 5.13 0.51 0.51

DE 6.20 6.22 0.57 0.57 6.22 6.27 0.59 0.59

BM 2.40 2.32 0.33 0.31 2.29 2.21 0.32 0.30

RF 3.86 3.89 0.46 0.46 4.91 4.97 0.50 0.50

LTY 4.19 4.20 0.47 0.47 5.00 5.05 0.51 0.50

YS 3.17 3.13 0.39 0.39 3.03 3.03 0.37 0.36

SVAR 0.86 0.55 0.18 0.15 1.73 1.52 0.24 0.21

INF 6.33 6.22 0.58 0.57 5.64 5.59 0.56 0.56

Note: This table reports the economic performance (CER gain (%) and Sharpe ratio) of the incident‐based ESG risk indicator and other well‐known predictors on return
predictability for the Morningstar Eurozone Index Return. For economic gains, we assume risk aversion of 3, and the portfolio weight in equities lies between 0 to 1.5 and
0 to 1, respectively. The CER gain represents the annualised certainty equivalent return differential between the incident‐based ESG risk indicator and the prevailing mean
forecast. The Sharpe ratio is the annualised average portfolio excess return over its standard deviation. Both scenarios with no transaction costs and a 10 bps transaction
cost are applied. The whole sample period spans from January 2007 to December 2022, with the first 6 years serving as the training sample.
Abbreviations: CER, certainty equivalent return; ESG, Environmental, Social and Governance.
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context. This underscores the robustness of our main analysis
and the broad applicability of the the equal‐weight average
measurement (Claeskens et al. 2016; Rapach et al. 2010).

6 | Explanations

6.1 | Firm Fundamentals

A potential explanation for return predictability is that ESG
information is linked to the future fundamentals of firms
(Pedersen et al. 2021). This section explores the relationship
between the incident‐based ESG risk indicator and firms' future
fundamentals. We consider two variables as proxies for firm per-
formance: return on equity (ROE) (Chu et al. 2024) and return on
assets (ROA) (Pedersen et al. 2021). The regression is expressed as:

Y α β IESGRI Y ROE ROA= + × + ϵ , = , ,t t
A

t+1 +1 (17)

where, Yt+1 denotes aggregate firm performance at month t + 1,
and IESGRIt

A represents the incident‐based ESG risk indicator
at month t . Consistent with the main analysis, we use the
Newey and West (1987) test to address issues arising from
autocorrelation and heteroskedasticity.

Panel A in Table 10 reports the regression results on firm per-
formance using the incident‐based ESG risk indicator. The
findings indicate that the incident‐based ESG risk indicator sig-
nificantly predicts ROE and ROA at the 1% level, with t‐statistics
of 7.39 and 7.51, respectively. These results are associated with
the findings of Pedersen et al. (2021), who showed that positive
evaluation criteria of the ESG score are related to firm's funda-
mentals. However, our analysis extends their understanding by
demonstrating that negative evaluation criteria, such as the
incident‐based ESG risk indicator, are also informative. This
underscores the importance of considering not only positive ESG
scores but also potential risks and incidents‐related indicators in
assessing firms' performance and market predictability.

6.2 | Cash Flow and Discount Rate Channels

According to Cochrane (2011), if a variable can predict market
returns, it must do so through the cash flow channel, the dis-
count rate channel, or both. To explore this perspective, we test

whether the market return predictability of the incident‐based
ESG risk indicator arises from either the cash flow channel, the
discount rate channel, or both (Campbell et al. 2010). Following
Wang et al. (2019), we use the earnings growth rate (EARN) as a
proxy for the cash flow and dividend price ratio (DP) as a proxy
for the discount rate. The regression is expressed as:

Y α β IESGRI Y EARN DP= + × + ϵ , = , ,t t
A

t+1 +1 (18)

where, Y represents either the cash flow (EARN) or the dis-
count rate (DP).

Panel B in Table 10 reports the predictive performance of the
incident‐based ESG risk indicator on the cash flow and discount
rate variables. The results suggest that the ESG indicator is
significantly related to the cash flow channel under the 5%
significance level. This finding is consistent with the argument
made by Derrien et al. (2022) that if a firm's ESG information
can predict future earnings, it may affect the firm's stock market
values. Additionally, Inard (2023) indicates that ESG factors can
impact a firm's revenues, thereby creating uncertainty about its
cash flow. On the other hand, the incident‐based ESG risk
indicator also predicts the discount rate channel at the 1% sig-
nificance level. One explanation for this is that ESG incidents
reported in the media are associated with investors' perceptions
of risk about the firm's operations. This explanation aligns with
Bolton and Kacperczyk (2021)'s example of carbon risk, where

TABLE 9 | Out‐of‐sample results of alternative weights on forecasts.

R (%)OS
2 CW‐Test CER gain (%) Sharpe ratio

No cost 10 bps cost No cost 10 bps cost

DMSPE (1) 1.64** 1.91 5.50 4.93 0.53 0.48

DMSPE (0.9) 1.84** 2.07 5.92 5.35 0.57 0.51

Yang (2004) 1.26** 1.69 4.47 3.97 0.45 0.41

Note: This table reports the out‐of‐sample statistical and economic performance of the incident‐based ESG risk indicator on return predictability using various weighting
methods on forecasts. Statistical significance for ROS

2 is based on the Clark and West (2007) test of the MSFE‐adjusted statistic for the hypothesis: ≤H R: 00 OS
2 versus

H R: > 0A OS
2 . For economic gains, we assume a risk aversion level of 3, and the portfolio weight in equities lies between −1 to 2. The CER gain represents the annualised

certainty equivalent return differential between the incident‐based ESG risk indicator and the prevailing mean forecast. The Sharpe ratio is the annualised average
portfolio excess return over its standard deviation. Both scenarios with no transaction costs and a 10 bps transaction cost are applied. The asterisks *, ** and *** denotes
out‐of‐sample statistical significance at the 10%, 5% and 1% levels, respectively. The whole sample period spans from January 2007 to December 2022, with the first 6 years
serving as the training sample.
Abbreviations: CER, certainty equivalent return; DMSPE, discounted mean squared prediction error; ESG, Environmental, Social and Governance.

TABLE 10 | Results of the firm fundamentals, cash flow and dis-

count rate channels with the incident‐based ESG risk indicator.

β t‐Stat R (%)2

Panel A: Firm's fundamentals

ROE 3.86*** 7.39 22.51

ROA 3.95*** 7.51 23.07

Panel B: Cash flow and discount rate channels

EARN −0.36** −4.10 8.20

DP 0.49*** 3.87 7.37

Note: This table reports results of regressions on return on equity (ROE), return on
assets (ROA), earnings growth rate (EARN), and dividend price ratio (DP) with
the incident‐based Environmental, Social and Governance (ESG) risk indicator.
t ‐Stat and R2 are calculated by Newey and West (1987) two‐sided test. The
asterisks *, ** and *** denote significance at 10%, 5% and 1% levels, respectively.
The sample period spans from January 2007 to December 2022.
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investors may demand excess returns to compensate for per-
ceived risks.

7 | Conclusion

In this article, we study the evidence of return predictability in
the Eurozone stock market by constructing an incident‐based
ESG risk indicator, both in‐sample and out‐of‐sample, covering
the period from the beginning of 2007 to the end of 2022. Our
motivation stems from the growing interest in sustainable
investments. Europe continues to maintains a dominant posi-
tion in sustainable fund, representing 84% of global sustainable
fund assets (Morningstar 2024). Furthermore, in the Larry
Fink's Annual Letters in 2024, BlackRock has invested 138
billion dollars to sustainable investment strategies8. Despite
this, ESG‐related variables have not yet been integrated into the
established ‘factor zoo’, as discussed by Feng et al. (2020).
Nonetheless, Rapach and Zhou (2022a) suggest that ESG factors
could serve as a novel variable for return predictability. This
raises our interest in exploring the relationship between market
returns and an incident‐based ESG risk indicator.

Our study is the first to use purely objective ESG information in
the context of return prediction. By collecting a comprehensive
data set from RepRisk, which covers public firms in the Euro-
zone, we find that the Eurozone market returns can be pre-
dicted using ESG information, both in‐sample and out‐of‐
sample. Specifically, the predictive power of the incident‐based
ESG risk indicator is statistically significant at the 5% level, with
an out‐of‐sample ROS

2 of 1.31%. We further access its economic
significance and find that investors can benefit from this indi-
cator, achieving a CER gain of 4.55% and a Sharpe ratio of 0.43.
Moreover, our analysis extends to several individual markets
within the Eurozone, with notable predictive power observed in
Belgium, Italy, and Spain, both in‐sample and out‐of‐sample.
This highlights the potential for broader application of the
incident‐based ESG risk indicator in these markets.

Additionally, our study investigates the heterogeneity of return
predictability across expansion and non‐expansion periods. We
find the predictability is concentrated in non‐expansion periods.
A weaker economy tends to increase investor disagreement
regarding ESG news, causing returns to react to past incidents
(Cujean and Hasler 2017). This finding aligns with existing
literature suggesting that returns are more predictable during
recessions and periods of high volatility (e.g., Bouri et al. 2023;
Rapach et al. 2010; Wang et al. 2019; Zhang et al. 2019).

Our empirical results are robust across various robustness
checks. Specifically, we incorporate several popular predictors
from the literature into our regression models and apply alter-
native representative market indices, such as MSCI EMU Index
and Kenneth French's Europe Portfolios Return Index. Fur-
thermore, the results remain robust under conditions of higher
risk aversion, stricter financial constraints, the inclusion of
transaction costs, and different weighting methods for return
forecasts.

Moreover, we explain the predictability through the firm fun-
damentals, cash flow, and discount rate channels. Our findings

suggest that firms are significantly impacted by the incident‐
based ESG risk indicator, linking their performance to ESG‐
related information. ESG incidents can affect the measurement
of firm revenues, highlighting the presence of a cash flow
channel. Simultaneously, investor perceptions of risk are in-
fluenced by the uncertainty surrounding ESG incidents, indi-
cating the relevant of a discount rate channel.

In practical terms, our findings suggest that investors should
pay close attention to the incident‐based ESG risk indicator to
enhance their portfolio performance. By incorporating such
ESG considerations into their investment strategies, investors
not only align their portfolios with their values but also gain a
competitive advantage in an increasingly sustainability‐focused
market environment.
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Endnotes
1According to the Financial Times, in 2022, exchange traded funds
(ETF) focused on ESG goals constituted 65% of the total net inflows
into European ETFs. European quarterly flows into ESG funds keep
increasing from 2020.

2https://www.ecb.europa.eu/mopo/eaec/html/index.en.html.

3We also consider Germany 3 month government bond return as the
risk‐free rate, the results are similar.

4https://sites.google.com/view/agoyal145.

5We adopt different aggregation approaches for in‐sample and out‐of‐
sample analysis because (1) the forecast combination method pro-
duces only a forecast of future returns, which cannot be directly used
for further economic analysis of the underlying mechanisms. In
contrast, the cross‐sectional mean of the predictors provides an
intuitive measure that can be employed in economic interpretations.
(2) For out‐of‐sample analysis, it is well established that forecast
combination significantly enhances out‐of‐sample forecast accuracy
as mentioned above, whereas relying solely on the cross‐sectional
mean may lead to a loss of complementary information contained
within individual predictors.

6Detailed results are available upon request.

7https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_
library.html.

8https://www.blackrock.com/corporate/investor-relations/larry-fink-
annual-chairmans-letter.
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Appendix A

Variable Description

Table A1 shows the descriptions and data sources for the control vari-
ables used in this article.

TABLE A1 | Variable description.

Name Abbr. Brief Description Source Cited by

US Market Excess
Return

SP 500 Percent change of S&P 500 return index. Amit Goyal's website Rapach et al. (2013)

Dividend Price Ratio DP The difference between the log of dividends
and the log of market prices.

Bloomberg Charles et al. (2017); Jordan
et al. (2014)

Dividend Yield DY The difference between the log of dividends
and the log of lagged prices.

Bloomberg Ang and Bekaert (2007); Charles
et al. (2017); Jordan et al. (2014)

Earnings Price Ratio EP The difference between the log of earnings
and the log of market prices.

Bloomberg Charles et al. (2017); Jordan
et al. (2014)

Dividend Payout Ratio DE The difference between the log of dividends
and the log of earnings.

Bloomberg Charles et al. (2017); Jordan
et al. (2014)

Book‐to‐Market Ratio BM The ratio of book value to market value. Bloomberg Baba Yara et al. (2021)

Short‐term Return RF EURIBOR 3‐month interest rates. Eurostat Rapach and Wohar (2009)

Long‐term Return LTY EURIBOR 10‐year interest rates. Eurostat Rapach and Wohar (2009)

Yield Spread YS The difference between short‐term return
and long‐term return.

Author's calculation Schrimpf (2010)

Stock Variance SVAR Sum of squared monthly returns on the
Morningstar Eurozone index.

Bloomberg Jordan et al. (2014)

Inflation INF Harmonised Index of Consumer Prices in Euro
area (changing composition). We followWelch
and Goyal (2008) to lag one‐month, as the
inflation information in current month only

releases data in last month.

Eurostat Rapach et al. (2005);
Schrimpf (2010)
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Appendix B

Out‐of‐sample Results of Alternative Risk Aversions and Market
Portfolios

We consider various levels of risk aversion in our study, recognising
that the risk tolerance of investors varies in financial markets. Lower
risk aversion suggests a higher tolerance for risk, with investors being
more willing to accept greater uncertainty in pursuit of higher returns.
Conversely, higher risk aversion corresponds to a lower tolerance for
risk, leading investors to adopt more conservative investment strategies.
In this section, we consider higher risk aversions to examine whether
conservative investors can still generate high CER gain by applying the
incident‐based ESG risk indicator or other well‐established predictors.

In Table B1, we present results for investors with risk aversion values of
4 (Zhang et al. 2021) and 5 (Cederburg et al. 2023; He and Zhang 2022;
Neely et al. 2014), respectively. These values are higher than widely
used risk aversion value of 3 (e.g., Dong et al. 2022; Haase and
Neuenkirch 2023; Ma et al. 2022; Yu et al. 2023). The incident‐based
ESG risk indicator remains consistently significant with the Ros

2 value of
1.35% and annual economic gains of the 3.61% and 2.77% without
transaction costs for risk aversion levels of 4 and 5, respectively. The
sizable gains exceed the critical threshold of 2% annual gains suggested
by Pástor and Stambaugh (2000) and Dong et al. (2022). Inflation is
another predictor that is economically significant at a risk aversion level
of 4. However, when the risk aversion level increases to 5, the CER
gains drop to 1.33%, falling below the critical threshold.

We also consider transaction costs across different risk aversion values,
and the results remain similar in Table B2. These robustness checks
confirm our findings that the incident‐based ESG risk indicator is a
valuable tool for predicting market returns. Table B2 reports the out‐of‐
sample results of MSCI EMU Total Return Index and Europe Portfolios
Return Index in the risk aversions of 4 and 5.

Table B3 reports the out‐of‐sample results of the Morningstar Eurozone
Net Return Index by identifying the market excess return as the dif-
ference between the index and Germany 3‐month interest rate. The
results are similar with the main results which set EURIBOR 3‐month
interest rate as the risk‐free rate.

TABLE B1 | Out‐of‐sample results of alternative risk aversions.

No transaction cost 10 bps transaction cost

CER
gain (%)

Sharpe
ratio

CER
gain (%)

Sharpe
ratio

Panel A: γ = 4

IESGRI A 3.61 0.47 3.14 0.42

SP500 −5.42 −0.13 −6.63 −0.22

DP −0.89 −0.08 −0.93 −0.13

DY −1.17 −0.05 −1.33 −0.08

EP −1.72 0.34 −1.86 0.33

DE −1.17 0.41 −1.24 0.41

BM 1.35 0.19 1.23 0.17

RF −2.44 0.35 −2.47 0.34

LTY −2.83 0.33 −2.90 0.33

YS 0.26 0.28 0.13 0.27

SVAR −0.76 0.03 −1.11 −0.01

INF 4.19 0.60 3.96 0.59

Panel B: γ = 5

IESGRI A 2.77 0.45 2.37 0.40

SP500 −4.83 −0.10 −5.88 −0.18

DP −0.72 −0.08 −0.74 −0.13

DY −1.27 −0.07 −1.40 −0.10

EP −2.68 0.33 −2.83 0.32

DE −4.26 0.36 −4.35 0.35

BM 0.99 0.18 0.89 0.15

RF −3.99 0.31 −4.06 0.30

LTY −5.65 0.27 −5.74 0.26

YS −0.17 0.26 −0.27 0.25

SVAR −0.82 0.01 −1.11 −0.03

INF 1.33 0.57 1.12 0.56

Note: This table reports the economic performance (CER gain (%) and Sharpe ratio)
of the incident‐based ESG risk indicator and other well‐known predictors on return
predictability for the Morningstar Eurozone Index Return. For economic gains, we
assume risk aversion of 4 and 5, and the portfolio weight in equities lies between
−1.5 to 2. The CER gain represents the annualised certainty equivalent return
differential between the incident‐based ESG risk indicator and the prevailing mean
forecast. The Sharpe ratio is the annualised average portfolio excess return over its
standard deviation. Both scenarios with no transaction costs and a 10 bps
transaction cost are applied. The whole sample period spans from January 2007 to
December 2022, with the first 6 years serving as the training sample.
Abbreviations: CER, certainty equivalent return; ESG, Environmental, Social and
Governance.
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TABLE B2 | Out‐of‐sample results of alternative risk aversions: MSCI EMU total return index and Europe portfolios return index.

R (%)OS
2 CW‐test CER gain (%) Sharpe ratio

No cost 10 bps cost No cost 10 bps cost

Panel A: MSCI EMU Total Return Index

γ = 4 1.33** 1.67 3.76 3.30 0.51 0.46

γ = 5 1.33** 1.67 2.90 2.51 0.50 0.45

Panel B: Europe Portfolios Return Index

γ = 4 1.35** 1.69 3.87 3.33 0.56 0.51

γ = 5 1.35** 1.69 3.16 2.69 0.56 0.51

Note: This table reports the out‐of‐sample statistical and economic performance (CER gain (%) and Sharpe ratio) of the incident‐based ESG risk indicator on return
predictability for the MSCI EMU Total Return Index and the Europe Portfolios Return Index. Statistical significance for ROS

2 is based on the Clark and West (2007) test of
the MSFE‐adjusted statistic for the hypothesis: ≤H R: 00 OS

2 versus H R: > 0A OS
2 . For economic gains, we assume risk aversion levels of 4 and 5, and the portfolio weight

in equities lies between −1 to 2. The CER gain represents the annualised certainty equivalent return differential between the incident‐based ESG risk indicator and the
prevailing mean forecast. The Sharpe ratio is the annualised average portfolio excess return over its standard deviation. Both scenarios with no transaction costs and a 10
bps transaction cost are applied. The asterisks *, ** and *** denotes out‐of‐sample statistical significance at the 10%, 5% and 1% levels, respectively. The whole sample
period spans from January 2007 to December 2022, with the first 6 years serving as the training sample.
Abbreviations: CER, certainty equivalent return; ESG, Environmental, Social and Governance; MSFE, mean squared forecast error.

TABLE B3 | Out‐of‐sample results of the morningstar Eurozone total return index ‐ Using Germany 3 month interest as the risk‐free rate.

Risk aversion R (%)OS
2 CW‐test CER gain (%) Sharpe ratio

No cost 10 bps cost No cost 10 bps cost

γ = 3 1.29** 1.65 4.57 4.13 0.46 0.34

γ = 4 1.29** 1.65 3.59 3.24 0.44 0.36

γ = 5 1.29** 1.65 2.74 2.44 0.42 0.34

Note: This table reports the out‐of‐sample statistical and economic performance (CER gain (%) and Sharpe ratio) of the incident‐based ESG risk indicator on return
predictability for the MSCI EMU Total Return Index by using ERIBOR as the risk‐free rate. Statistical significance for ROS

2 is based on the Clark and West (2007) test of the
MSFE‐adjusted statistic for the hypothesis: ≤H R: 00 OS

2 versus H R: > 0A OS
2 . For economic gains, we assume risk aversion levels of 3, 4, and 5, and the portfolio weight in

equities lies between −1 to 2. The CER gain represents the annualised certainty equivalent return differential between the incident‐based ESG risk indicator and the
prevailing mean forecast. The Sharpe ratio is the annualised average portfolio excess return over its standard deviation. Both scenarios with no transaction costs and a 10
bps transaction cost are applied. The asterisks *, ** and *** denotes out‐of‐sample statistical significance at the 10%, 5% and 1% levels, respectively. The whole sample
period spans from January 2007 to December 2022, with the first 6 years serving as the training sample.
Abbreviations: CER, certainty equivalent return; ESG, Environmental, Social and Governance; MSFE, mean squared forecast error.
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