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We examine if the ESG performance is being priced in the cross-section of stock returns in a
non-linear manner. We consider square and cubic forms of ESG scores when estimating the ESG
premium. We find that the premiums from ESG, E, and S scores deviate from linearity, the extent of
which depends on types of ESG scores and sample periods. We associate the non-linearity with the
cross-sectional distribution of ESG scores. We find that investors ESG sentiment interacts with the
cross-sectional distribution of ESG scores in driving linear ESG factors. A change in the ESG data
provider will also change the characteristic of non-linear ESG factors. However, the non-linearity
still exists using the common sample from different data providers. The above finding also applies
in the corporate bond market, in the European market and when extending the sample back to 2004.
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1. Introduction

The growth of Environmental, Social, and Governance (ESG)
investments has seen a remarkable increase in recent years,
particularly during the COVID-19 crisis.T Despite the high
demand for ESG investments, the relationship between ESG
performance and stock return, especially the potential mech-
anisms through which ESG influences a company’s per-
formance, still encounters contradicting evidence (Clark et
al. 2015, Gillan et al. 2021). In addition, the literature dis-
cusses multiple channels explaining how the ESG perfor-
mance is realized in the asset pricing.:

If the observed relationship between ESG performance and
stock performance is a mixture of different channels, and
in the meantime we still have mixed empirical evidence,
a sensible conjecture is that there exists a non-linear rela-
tionship between ESG performance and stock performance.
In fact, recent empirical research found that the way ESG
activities affect company performance can be both indi-
rect and non-linear (Jahmane and Gaies 2020, Franco et
al. 2020). However, the mainstream literature on ESG—stock

*Corresponding author. Email: juanangel @ccee.ucm.es

T https://www.moodys.com/research/Moodys-ESG-investing-a-
boon-for-asset-managers-as-product-PBC_1 265808.

I See, for example, discussions in Becchetti e al. (2015), Giese et
al. (2019) and Pastor et al. (2022).

price relationship builds on linear assumptions (e.g. Pastor et
al. 2021, Lioui and Tarelli 2022).

In this paper, we examine, from an empirical perspective,
if the ESG performance is being priced in the cross-section
of stocks in a non-linear manner, and study possible drivers
behind the non-linearity. In particular, we consider ESG score
distributions, in addition to the ESG score level, to capture the
non-linear ESG factor. Both linear, square and cubic forms
of scores are included in the Fama-MacBeth cross-sectional
regression, so that the non-linear part captures how the ESG—
stock relationship can deviate from the linear setting.

There are two types of interpretations for the coefficients of
the square and cubic forms of ESG score. The first explanation
is that the coefficient is a linear combination of the left-hand-
side asset returns (a factor-mimicking portfolio), with the
weight being the level, square or cubic forms of ESG scores.
The second explanation is that, when the ESG score is stan-
dardized cross-sectional to have zero mean and variance of
one, coefficients of ESG*/ESG® measure how cross-sectional
standard deviation/skewness of ESG scores are being priced.

Our empirical analysis is based on the US market. We first
construct non-linear ESG risk factors using ESG scores and
pillar scores (E, S and G scores). The pattern of non-linear
risk factors is quite similar among ESG, E and S scores, while
for the G score we find a different pattern, probably because
the G score is less related to the sustainability. We find that the
non-linearity exists for ESG, E and S scores—as we increase

© 2025 Informa UK Limited, trading as Taylor & Francis Group
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from linear to square to cubic form of ESG score, the overall
return predictability increases, and this is especially the case
for the E score. However, we find limited evidence for G score
to exhibit non-linearity.

We then capture and test the non-linearity through the span-
ning regression proposed by Barillas and Shanken (2016).
Specifically, we run the regression between the non-linear
ESG risk factors (dependent) and linear risk factors (inde-
pendent), the intercept of which represents the additional
information brought by the non-linear factor. We find that
the choice of applying the cubic form or the squared form of
ESG scores depends on the types of the ESG scores, and that
the non-linearity does not necessarily come from the highest
order. For example, for the E score, the intercept is significant
with the squared form but not the cubic form. Further, we per-
form the test under a dynamic setting. We find that, while the
non-linearity are significant most of the periods for ESG, E
and S scores, there are still periods when the with insignificant
results, which implies that the choice of non-linear setting also
depends on how ESG factor performs.

Regarding possible determinants of the detected non-
linearity, our first conjecture is that investors ESG preference,
one of the main channel behind the pricing of ESG perfor-
mance in the stock market (Pastor et al. 2021), does not
increase linearly with ESG scores. To test the conjecture,
we study if the non-linearity is related to the cross-sectional
distribution of ESG scores. We find that changes in the cross-
section standard deviation and skewness of ESG scores are
associated with changes in the non-linearity, which implies
that the cross-sectional distribution of ESG scores is being
priced. In addition, investors ESG sentiment interacts with the
cross-sectional distribution of ESG scores in driving linear
ESG factors, which implies that preference is being ‘dis-
torted’ by the cross-sectional distribution of ESG scores.
That is, investors choices, when making decisions based on
ESG scores, might also be altered by how ESG scores are
distributed.

The non-linearity may also be related to the uncertainty of
the ESG score. All types of ESG scores are an approximation
of the unknown true ESG performance. Even if the relation-
ship between true ESG performance and stock performance
is linear, measurement errors in the errors in ESG scores will
introduce non-linearity into the relationship. We test this con-
jecture using two different ESG data providers and compare
the results. We find that changing the ESG score data provider
will change the characteristics of non-linear ESG factors: the
patterns of non-linear factors are different between the two
providers, with different levels and signs. Therefore, sample
selection is critical to the results on non-linearity.

Finally, we repeat the analysis using common companies
with similar ESG scores in different databases. The idea is
to see if the non-linearity still exists when the uncertainty in
the ESG score is minimized. The results with the common
data sets, where we use companies with similar ESG scores in
both databases, are different from the previous results, imply-
ing that part of the non-linearity is due to ESG uncertainty.
However, we still observe non-linearity with the common
sample, which means that the presence of ESG score uncer-
tainty changes the estimation of the non-linear ESG factors,
but does not prevent us from using the non-linear setting.

R. Yang et al.

Taken together, our results have several important impli-
cations. First, the existence of non-linearity provides novel
insights into the ESG pricing mechanism. Specifically, while
investors exhibit ESG preferences that influence the cross-
section of stock prices, the way investors value ESG-related
stocks may not increase linearly with their ESG preferences.
This non-linearity can arise from the distribution of ESG
scores. Second, in capital markets, investors aiming to capture
ESG-related risk factors must consider the potential non-
linearity in the relationship to better capture ESG pricing
and ESG-related risk. Furthermore, our analysis highlights
that differences in ESG databases represent another source of
non-linearity, stemming from ESG score uncertainty.

We examine the robustness of the results under several
alternative settings. First, we check if non-linearity exists dur-
ing earlier periods (from 2004 to 2012), when ESG-related
investment was less popular and developed. Although we find
weaker linear and non-linear risk factors than those in the
current period, non-linearity still persists. Next, we examine
whether non-linearity is a phenomenon specific to the US mar-
ket. We repeat the analysis in the European market and find
that non-linearity still exists. Finally, we extend our analysis
to the bond market and study whether ESG performance is
priced in the cross-section of corporate bond returns. We find
that ESG factors are weaker in the bond market than in the
stock market. Yet, there is still evidence of non-linearities.

Related literature: Our results add new evidence to the
literature of the relationship between ESG and stock perfor-
mance. We are the first to formally discuss the non-linear
relationship between ESG and stock performance. In terms of
how ESG performance affects the stock price, recent studies
find that investors preference over high-ESG (green) compa-
nies is the major force (Pastor er al. 2021, 2022). However,
all of them assume a linear relationship between investor’s
reference and stock performance. Differently, we find that
there might be a non-linear relationship, the ESG preference
channel might be altered by the distribution of ESG scores.

Second, we propose a new non-linear setting to construct
the ESG factor, which adds to the vast research on construct-
ing the ESG factor based on linear settings. In general, three
methods are found in studies that capture the ESG factor. The
first is the Fama/French (FF) two-sort method (Becchetti et
al. 2018, Maiti 2020, Jarjir et al. 2022). Under the FF method,
the ESG factor is constructed as long-short portfolios: long
on stocks with low-ESG companies and short on stocks with
high-ESG companies. The second approach is to use the
Fama/MacBeth (FM) cross-sectional regression (Lioui and
Tarelli 2022, Naffa and Fain 2022). Under the FM method,
in each time ¢, a cross-sectional regression is carried out
between company return and firm variables like size or ESG
score. Another approach is the mimicking-portfolio approach
(MP) discussed in Lamont (2001). Under the MP method, a
time-series regression is conducted between the ESG score
(dependent) and a selection of portfolio returns (independent).
The selection of portfolios aims to encompass the actual ESG
factor in the return space. Then, the beta in the time-series
regression serves as the weight to construct a tracking port-
folio. Engle et al. (2020) applied the MP method to construct
a tracking portfolio that replicates a climate news index. One
thing common to all three methods is that they assume a linear
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relationship (or semi-linear for the FF method) between ESG
and stock performance. Our new method allows investors to
flexibly include the cubic or squared forms of ESG score (or
even higher monomials) in capturing the ESG factor.

Finally, we relate our work to the vast literature on
ESG activities and firm performance. We contribute to this
line of research by providing novel evidence on the exis-
tence of a non-linear relationship. Multiple mechanisms are
found in the literature on how ESG activities might affect
firm performance. First, the resource-based view (Surroca
et al. 2010) says that intangible assets, such as innovation,
human resource and reputation, serve as a mediator between
ESG and corporate finance performance, and those intan-
gible assets created by ESG activities will finally increase
shareholder value. Second, compared to high-ESG compa-
nies, low-ESG companies have higher stakeholder risk, the
risk brought by having increased conflicts with stakeholders
(Becchetti et al. 2015). Similarly, the stakeholder theory says
that companies with low ESG performance should have more
conflicts with stakeholders (governments, NGOs, consumers,
and so forth) and thus are more prone to receive punishments
from stakeholders such as boycotts, fines or increased taxation
by authorities. Third, investors may also react to ESG-related
news (Krueger 2015, Pdstor et al. 2022). Our results further
evidenced the existence of multiple channels discussed above.

The paper develops as follows: section 2 contains a detailed
discussion of how we capture and test the non-linear ESG
factor. Section 3 describes the data we are going to use.
Section 4 presents the result of ESG factors and the test
results. Section 5 further studies the potential drivers of non-
linear ESG factors. Section 6 discusses the results under
alternative settings. We conclude the paper in section 7.

2. Methodology

2.1. ESG performance, non-linearity and the cross-section
of stock returns: a conceptual framework

Consider the following utility function for investors with ESG
preferences (Pastor et al. 2021)

v (Wli’Xi) = —e_AiWu—bjx," "

where A; is the risk aversion of agent i, Wl ; 1s the wealth at
time 1, X; is the portfolio weight vector. Further, b}, the ESG
benefit vector, reflects the utility derived from holding ESG-
related assets: an investor with stronger ESG preferences
will experience higher utility as the ESG performance of the
portfolio (b)X;) improves. The ESG benefit vector is indepen-
dent of wealth and risk aversion. Moreover, the ESG ben-
efit vector incorporates both agent-specific and firm-specific
components, defined as:

bi = dl‘g, (2)
where g is an N x 1 vector of company ESG performance

and d; is a scalar is a scalar measuring the intensity of ESG
preferences for agent i. In this framework, ESG performance
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is priced in the capital market because investors derive util-
ity from sustainability preferences. The relationship between
a company’s ESG performance (g) and the investor’s ESG
benefit (b;) is linear.

We conjecture that the relationship between ESG perfor-
mance and ESG benefit is, in fact, non-linear, and one poten-
tial source of this non-linearity is the distribution of ESG
scores. Incorporating this into the model, the benefit vector
becomes:

b = dif (g, var(g), skew(g)), (3)

where var(g) represents the cross-sectional variance and
skew(g) represents the cross-sectional skewness of ESG
scores. The distribution of ESG scores is important for the
following reasons. First, the level of investor preference for
companies does not necessarily increase linearly with the
level of ESG performance. For example, investors may not
differentiate between companies with ESG scores of 20 and
35 (out of 100), but they may have a strong preference for
companies whose ESG scores exceed 80. The screening pro-
cess for constructing an ESG portfolio operates similarly:
fund managers set an ESG performance threshold and retain
companies with ESG scores above this threshold. The ESG
benefit may diminish when all companies exhibit similar ESG
performance, as investors cannot differentiate between firms
with high and low ESG scores. These factors are directly
related to the distribution of ESG scores.

Second, uncertainties in ESG scores arise due to discrepan-
cies across ESG data providers, which is reflected as varying
ESG scores. All measures of ESG scores approximate the
unknown true ESG performance. Berg ef al. (2022) show sig-
nificant divergence in ESG scores across providers. Avramov
et al. (2022) demonstrate that uncertainties in ESG scores
reduce ESG preferences, leading to declining demand for
high-ESG stocks. Measurement errors in ESG scores add non-
linearity to the relationship between ESG performance and
stock performance, as linear changes in true ESG performance
may manifest as non-linear changes in ESG scores.

More generally, recent empirical research has found that
ESG activities’ impact on company performance can be both
indirect and non-linear (Jahmane and Gaies 2020). ESG
performance may influence company performance by affect-
ing daily operations (Freeman 1984, Krueger 2015, Lins et
al. 2017, Albuquerque et al. 2019), for example, through
ESG-related events such as government fines or new ESG
policies. The complexity arises because it is uncertain how
and when these ESG-related events will impact the com-
pany. For instance, a company’s likelihood or severity of
government fines does not necessarily decrease linearly with
improved ESG performance.

There is a growing literature on applying non-linear meth-
ods in asset pricing. Freyberger et al. (2020) use nonparamet-
ric regression to study the nonlinear predictive relationship in
the US stock market. Kirby (2019) considers the non-linear
firm characteristic in addition to linear in the cross-sectional
regression, and find that well-known asset pricing models fail
to explain the non-linear effects. Gu et al. (2020) use machine
learning approach to capture latent factors in the cross-section
of stock returns. Dittmar (2002) explored nonlinear pricing
kernels (square and cubic form) with preference for kurtosis
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in explaining the cross-sectional stock returns. All these stud-
ies find a larger return predictability using a non-linear model
than linear models.

The relationship between ESG score distribution and stock
returns may not be determined apriori, because the relation-
ship between ESG performance and stock returns evolves
over time due to shifting ESG sentiment in financial mar-
kets. Pastor et al. (2022) and Ardia et al. (2023) show that
unexpected increases in investors’ green concerns drive up
the returns of green companies, whereas during normal peri-
ods, green companies exhibit lower expected returns. Kahn
and Kotchen (2011) also identify associations between cli-
mate concerns and business cycles. This pattern is similar
to that observed for market risk variance and skewness. The
literature presents mixed evidence on the pricing of market
skewness (e.g. Kapadia 2006, Adrian and Rosenberg 2008).
Chang et al. (2013) find that the pricing of variance is not
constant and depends on the sample period and test methods.
Therefore, whether and how the ESG score distribution affects
stock returns remains an empirical question.

In the following analysis, we address two questions: (1)
Is the ESG performance being priced in the cross-section of
stock returns in a non-linear manner? (2) if so, what drives the
non-linearity? Our research design consists of two parts. We
first describe how we capture the non-linear ESG factor and
how we capture and test the non-linear effect. We then pro-
vide a regression analysis of the possible drivers behind the
non-linearity.

2.2. Capturing the non-linear ESG factor

To incorporate the ESG score distribution in capturing ESG
pricing, we follow in Kirby (2019) to consider the square and
cubic form of ESG scores. This form of ESG scores might
not be the best choice to fully capture the non-linearity. In
fact, we do not have a prior knowledge about which nonlin-
ear form should be the most appropriate. However, our goal
is not finding a non-linear format that maximizes return pre-
dictability (otherwise we could use machine learning models).
Instead, we focus on a non-linear form that is intuitive and that
might be associated with economic channels that we are able
to identify (ESG score distribution).

Choosing the highest order to be cubic is also arbitrary.
In fact, one can choose as many orders as desired under our
setting and may also provide significant results. These higher-
order factors may even survive the out-of-sample test. The
issue here is finding an economic motivation as to why the
factor should exist, which further guarantees that the observed
pattern of pricing abnormality persist in the future, as is
suggested by Fama and French (2018).

Specifically, based on the cross-sectional regression set-
ting discussed in Lioui and Tarelli (2022), we propose the
following baseline non-linear setting to capture the ESG
premium:

L
!
Figt :fO,t + § fl,ESG,tESGqu + &iy,
=1

“

R. Yang et al.

where L represents the monomial with the highest degree and
we set L =1,2,and3. ESG;,_; refers to the ESG score of
company i at the beginning of period t. r;, is the excess return
in the current period. At each period ¢, we conduct the cross-
sectional regression of equation (4) and get the coefficient
J1.sc.:- We then stack f gsg, over time to get the premium time
series (the linear/nonlinear ESG factor).

The analytical expression for the estimator of the coeffi-
cient in the cross-sectional regression has several important
traits that determine how we interpret the factor. As is shown
in equation (A7) in the Appendix, under the least square
estimator, f;gsg, 1S always a zero-cost long-short portfolio
consisting of all assets in the cross section. If [ = 1, it is
the linear setting discussed in the literature, with the solution
being (in matrix form):

1
= Ssets Rt
N
_ (ESG, )’ ’
" (ESG,_1) ESG,_, '

f 0,t
&)

SLESG

where N,‘isfets is the number companies at (t — 1), R; is the
vector of company returns and ESG,_, is the vector of ESG
scores. In equation (5), since the ESG score is being standard-
ized cross-sectionally, (ESG,_)ESG,_; = NASSetS (because
the variance of ESG,_; is one), and thus f gsc is a zero-
cost long-short portfolio that longs companies with high ESG
score and shorts companies with low ESG score.

When L > 1, it means that, in addition to the linear part, the
ESG score of a company is affecting the cross-section return
in a non-linear manner. As is shown in equation (A10), when
L > 1, both linear and non-linear factors are a linear combi-
nation of Y%, ESG},_, ri,;, which means that instead of using
the linear form of ESG score, we apply the squared and cubic
forms of the ESG score to the weight of the portfolio. There-
fore, the non-linear setting measures how the ESG impact on
asset pricing can deviate from the linear setting.

Since the ESG score is standardized, E(ESGﬁ,t_l) can be
regarded as moments of cross-sectional distribution of the
ESG score.: In particular, E(ESGZ.Z’FI) is the cross-section
variance at time 7—1 and E(ESG?J_I) is the cross-section
skewness. A higher variance means that companies are more
spread out in terms of ESG performance.§ A positive skew-
ness, given that the mean is zero, could imply that, in a
given cross-section, more companies have high ESG score or
there are companies who have extremely high-ESG scores.
Therefore, f>gsc and f3gsc can be interpreted as how the
cross-sectional distribution of ESG scores is affecting the

¥ While ESG and ESG?® could have high correlation, the multi-
collinearity is not a problem under our setting, because we do not use
the standard error in the cross-sectional regression for the inference
of the non-linear ESG factor.

i Note that for each cross-sectional regression, we have

L
E (’”i,t) :fO,t + Zﬁ,ESG,tE (ESGzl‘,t—l) .

=1

§If the ESG score is standardized cross-sectional such that
E(ESG%FI) = 1, the actual cross-section variance is then reflected

in the estimated beta (fz, ESG,1)-
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company return, thus captures the relationship described in
the ESG benefit function (3).

In addition to the baseline setting, we apply the following
regression:

L J
Fit =f0,t + Zﬁ,ESG,tESGi,_l + Zﬁ,zxij,t—l + uiy, (6)

=1 j=1

where L =1,2,0r3, and x;,_; are a set of other firm char-
acteristics. The setting is different from equation (4) in that
we have added more controls in the cross-sectional regres-
sion. Previous analyses show that the ESG score interacts
with other corporate variables (see, for example, the discus-
sion of Drempetic et al. 2019, Gillan et al. 2021). Lioui and
Tarelli (2022) also suggest adding firm variables as controls in
the cross-sectional regression when capturing the linear ESG
factor.

To measure the level of deviation from linearity, we refer to
Kirby (2019) to calculate the Local Marginal Effects (LME)
as (take L = 3 for example):

TR oriy A n
LME, [ 2 ESG[ -
’ aESGi,,_l fl,ESG,t + fZ,ESG,t -1
+ 3]%,ESG,,ESG1,2J_1, o

Equation (7) means that the local marginal effect is a combi-
nation of both linear and non-linear factors. If L = 1, LME
will be the value of fESG,t. If non-linearity is a significant trait,
then the LME should vary across different ESG scores for
L =2 and L = 3. The LME for each company i in the whole
period is estimated as:

IME;; = E (IMEy;) ~ E (fi856.) +2E (fas6.c) E (ESGii)

+3E (fiESG,,) E (ESG?J_,> , ®)

where E (fl EsG,) and others are the average return of ESG fac-
tor over time; E(ESG;,) is the average score of company i over
the sample period. The approximation comes from the finding
that firm characteristics (in our case, the ESG score) poorly
predict the short-term time-series variation in the stock returns
(in our case, the long-short portfolio fz,ESG,, and fg,ESG,t), as
discussed in Welch and Goyal (2007) and Kirby (2019).

2.3. Spanning regression and non-linear effects

In total, we have three sets of factors to choose from if we
consider different Ls in equation (6):

{fiesca} > forL =1
V16560 8564} » forL=2.
{fLescafoescafoesce ), forL=3

)

In order to choose between different sets of factors, we have,
at least, two methods (Fama and French 2018). The first
approach is to choose a set of assets, and then run a system
regression using different sets of factors to explain the asset
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return. The best set of factors should produce the smallest
intercept in the regression. The idea is that the best set of fac-
tors should be able to span the return universe created by the
set of assets and reach the largest Sharpe ratio.

Another approach is called the spanning regression, pro-
posed by Barillas and Shanken (2016). They suggest running
aregression between the factors to be tested (as the dependent
variable) and a set of known factors (such as Fama/French
6 factors or the market risk factor). The best factor should
produce non-zero intercept in the regression. The spanning
regression aims at testing whether factors on the left side
of the regression contribute to the explanation of return uni-
verse provided by the possible combination of factors on the
right side, that is, whether the factor on the left side adds to
the maximum Sharpe ratio of factors on the right side of the
regression.

We base our discussion on the spanning regression. Our
research design consists of two steps. In the first step, we com-
pare between different sets of ESG factors under different Ls
(as demonstrated in equation (9)). Specifically, assume that
for some type of ESG score, we have a set of ESG factors,
estimated under some L, to be tested. For each factor within
the set, we run the following regression:

J
ﬁ,n,t =0Up + Zﬂl,anj,r + Elnts

j=1

(10)

where [ =1,2...,L (in total, we run L regressions) and
Jfir G=1,2,...,J) are common risk factors. n is the type
of ESG risk factors (n = ESG, E,S or G). We consider two
sets of common risk factors. The first is the market risk fac-
tor (the basic CAPM model, serving as the benchmark for
testing the pricing error), and the second is Fama/French 5
factors (namely, market, size, value, profitability and invest-
ment) plus momentum factor, all from Kenneth R. French data
base. ¥

The o, in the spanning regression is the additional infor-
mation (the pricing error) brought by the ESG factor to
common risk factors. Then, we test if the intercept of the L
regressions is jointly zero:

Ho L = 0, Vi

We use the Gibbons, Ross, and Shanken (1989) test (GRS,
Gibbons ef al. 1989) for the joint test. Rejecting the null
hypothesis means that the set of ESG factors carries unique
information in addition to the common risk factor structure.
Accordingly, the best set of ESG factors should produce the
largest intercept and thus the smallest p-value in the GRS
test. In this step, we choose between the ESG factors under
different Ls.

Assume that set {«,,@2,,03,} in the first step is jointly
non-zero. In the second step, we further check if the signifi-
cant pricing error is driven by non-linear factors. We carry out
the spanning regression between factors under the same L. For
example, the following spanning regression will be carried out

T https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_
library.html.
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for L = 3:

J
fl,n,t = 81,n + Z ﬁl,n,jfj.',t + Elngt
j=1

J
f2,n,t = 52,;1 + ,B],n,jfl,n,t + Z 182,n,jfj“,t + Ednt s
j=1

J
f3,n,t = 53,7[ + ﬁl,nJ’fl,n,t + ﬂZ,nJ'fZ,n,t + Z ﬁ3,nﬂ3’,t + E3nt
=
(11)

The purpose of this analysis is to determine, given a certain
L(L > 1), whether the non-linear parts of the ESG factors add
additional information beyond the linear components.

The key difference between «;,, from the first step and 6,
from the second step lies in the interpretation. Specifically,
a;, represents the overall pricing error contributed by the set
of factors {fi s, fonsf3.n:) relative to the common risk fac-
tors, whereas §;,, captures the incremental pricing error from
non-linear risk factor within the same L. For instance, &,
measures the additional pricing error from f,,, over fi,,,
showing whether the square ESG factor adds explanatory
power beyond the linear one. If &,, # 0 while 83, =0, it
means that the additional pr comes specifically from the vari-
ance (square form of ESG scores) rather than higher-order
interactions.

In sum, with the above process, we aim to answer the fol-
lowing questions: 1. whether we should choose a higher L
over a lower L; 2. if so, is the additional explanation power
brought by the non-linear part? For simplicity of expression
and to avoid confusion, we use f;,, (! =1,2 or 3 and n =
ESG, E, S, G) to express the group of ‘f; gsc., fi.Es fise and
fic.” and we use f; gsg, to refer to the factor calculated using
the ESG score and so on.

3. Data

3.1. ESG scores

We use companies in the US market for the analysis. Our
main result is based on ESG score from Eikon (Refinitiv).
Refinitiv is a leading global provider of ESG data, encom-
passing over 10 000 companies across 76 countries. We use
the ESG combined score, which evaluates a company’s over-
all sustainability performance, ranging from 0 to 100, with
higher values indicating superior environmental, social, and
governance practices.

Apart from the ESG combined score, we also use the envi-
ronmental, social, and governance pillar scores. The environ-
mental score (the E score) measures a company’s performance
in environmental-related issues. The score is consisted of
three sub-scores: emission, energy use and innovation. Each
sub-score has more than 15 areas that are evaluated. The
social score (the S score) measures a company’s performance
in contributing to society. It contains four sub-scores: work-
force, human rights, community and product responsibility.
Each sub-score is also calculated by evaluating dozens of
issues. The governance score (the G score) measures the inter-
nal management quality of a company. We have obtained
monthly ESG score data from 31st December 2012 to 30th
November 2021 (108 months). Earlier data was omitted due
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to limited company disclosure of ESG data. The score is
updated biannually or annually, depending on the fiscal year
of the company. Finally, we follow Kirby (2019) and Lioui
and Tarelli (2022) to first convert ESG scores into percentile
ranks and then standardize the rank.

Additionally, we use the ESG score from Bloomberg for a
comparison of results. The Bloomberg ESG score is calibrated
using various data sources offered on the Bloomberg Terminal
service, mainly company-reported sustainability information
and financial fundamentals data.t Bloomberg offers E, S and
G scores separately and we use the average of the three as the
ESG score for one company. The score ranges from 0 to 10
and combines a matrix of indicators of sustainability similar
to that of Eikon. The ESG score used in our analysis dates
back to 2015 and we only have annual data. We assume that
the ESG information is updated at the beginning of the year
(so that we can convert the annual data to monthly data from
31st January 2015 to 31st December 2021).

3.2. Company data

We download the month-end total price index from
2012/12/31 to 2021/12/31 from Refinitiv. The monthly return
is calculated as R;; = % for each company i and month
t. In total, we have 109 mbnthly price observations and 2205
companies in our sample. The number of companies used in
the cross-sectional regression is time-varying, because only
part of the company has ESG score data. We exclude penny
companies in constructing factors, defined as companies with
a price smaller than 5 USD at month ¢ (Amihud 2002, Fama
and French 2008). There are more companies in Eikon than
in Bloomberg (see figure A.1 in the Online Appendix B). In
addition, Eikon has a longer history of ESG data. For this
reason, our main analysis is based on ESG scores from Eikon.

As discussed in the previous section, we also control for
several firm characteristics in the cross-sectional regression:
market value (MV;,), calculated as the log of market capital-
ization; book-to-market ratio (BM;,); operating profit (OP;;),
calculated as the percentage of operating profit to the market
value of a company; momentum factor (MOM;,), calculated
as the ratio between price of month ¢ to the price of month
(t — 12); and the investment growth (INV;,), defined as the
growth in the total assets for the last year. All variables will
be updated monthly (if there is a change).

3.3. Summary statistics

Table 1 shows the summary statistics of variables used in the
cross-sectional regression. The 25% quantile of E score is
smaller than other scores, which implies that a large part of
companies have a low E score. Apart from that, the statis-
tics of other ESG scores are quite similar. The monthly mean
excess return is 1.62%, with the standard deviation being
13.52%.

Table 2 shows the correlation matrix between all com-
pany variables. As can be seen, ESG scores have a rela-
tively high correlation with market value (firm size) compared

T https://data.bloomberglp.com/professional/sites/10/ESG_Environ-
mental-Social-Scores.pdf.
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Table 1. Summary statistics of ESG score and firm characteristics.

N Mean Std. 25% 50% 75%
ESG 166 259 0.50 0.29 0.25 0.50 0.75
E 166 259 0.50 0.29 0.22 0.50 0.75
S 166 039 0.50 0.29 0.25 0.50 0.75
G 166 220 0.50 0.29 0.25 0.50 0.75
MV 219 638 7.61 1.87 6.26 7.55 8.87
BM 218762 0.61 1.76 0.24 0.46 0.76
OP 218 669 0.08 1.71 0.03 0.07 0.11
INV 218 363 0.10 0.30 —0.01 0.06 0.14
MOM 219 217 0.10 0.41 —0.09 0.10 0.29
Excess Return (%) 219 359 1.62 13.52 —4.14 1.12 6.44

Notes: The table presents the summary statistics for the ESG score, company characteris-
tics, and excess returns (monthly). All data come from Refinitiv database. The ESG scores
are expressed as percentile ranks normalized to have a mean of 0.5, which is calculated as

X,—0.5% 1 yasset
( N}JQ&E[

)(X is the cross-section rank from 1 to N3¢ at every month 7).

Table 2. Correlation between firm characteristics.

ESG E S G MV BM OP INV MOM
ESG 1
E 0.76* 1
S 0.83* 0.70* 1
G 0.67* 0.40* 0.36* 1
MV 0.54* 0.59* 0.59* 0.31* 1
BM —0.06* —0.04* —0.06* —0.03* —-0.1* 1
OP 0.00 0.00 0.00 0.00 0.01* 0.50* 1
INV —0.09* —0.11* —0.06* —0.08* 0.00 0.03* 0.03* 1
MOM —0.01* —0.01* —0.01* —0.02* 0.14* —0.07* 0.02* 0.06* 1

Notes: This table presents the statistics of variables used in our analysis. *denotes significance of pair-wise correlations at the 5%

level.

to other characteristics, which is in-line with the literature
(e.g. Drempetic et al. 2019), where studies find that larger
companies usually have higher ESG scores, because they
have more resources devoted to improving their sustainability
performance.

To see if the non-linear part adds to the predictability in
the cross-sectional regression, we further report in figure 1 the
adjusted R? when L = 1, 2, and3 under the baseline model (4).
In general, the level of R? is low, with most of the time being
below 0.05. The difference between L = 1 and L > 1 is small
most of the times, which implies that adding the non-linearity
does not add significant predictability in the cross-section of
stock returns. However, we observe an increase in the R2
in some periods when L> 1. For example, for the E score
during the period of 2014 and 2016, we observe a higher pre-
dictability when counting for non-linearity, which means that
the linear setting might not be the best choice during some
periods.

4. Linear vs. non-linear factors

4.1. Factor statistics

Table 3 shows factor return statistics from 2013 to 2021. Most
non-linear factors have non-significant average returns over
the sample period. In line with Lioui and Tarelli (2022), the
linear factors’ returns are non-zero for the ESG and S score.
Figure 2 shows the cumulative return of factors under L = 3.

There are positive shocks of ESG, E, and S factors, especially
after the COVID-19 pandemic. A possible explanation is that
during crisis times investors turn to high quality investment
(the ‘flight-to-quality’ effect, Dong et al. 2019). The patterns
of ESG, E, and S linear factors are quite similar. In compar-
ison, the G risk factor has a different pattern than other risk
factors, which can be explained by the fact that the G score
measures mostly the internal management quality of a com-
pany instead of the sustainability. The pattern of non-linear
risk factors is also quite similar between ESG, E and S scores.

We then draw the scatter plot of the local marginal effects
(LME) estimated as equation (8) in figure 3, with the x-axis
being the average ESG score of each company over the whole
period. Mathematically speaking, we should see non-linearity
effect being present from companies with extreme ESG scores
(because the term 3E()‘3,ESG,t)E(ESG%,71) in equation (8) is
large for companies with extreme scores), which is why
the deviation is larger when the ESG score becomes more
extreme. However, the shape and the curvature are notAknown
a-priori because it also depends on the sign and size E(f3 gsG.r)-

The non-linear effect is large for ESG and E score. When
L = 3, the shape of LME is concave, indicating an off-setting
relationship between linear and non-linear effect. In addition,
the LME changes from positive to negative when the scores
becomes more extreme — for the ESG score, the value can
change from 0.2% to —0.4%, implying a large offsetting
effect. While we do observe large non-linearity in ESG, E and
S scores, the non-linear effect is smaller for the G score, which
implies that the level of non-linear effect is not the same in all
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types of ESG scores. In sum, the above analysis implies that
the ESG—stock return relationship does deviate from linearity.

4.2. Choosing the non-linearity?

4.2.1. Static test. Table 4 shows the p-value of the GRS test.
The test results are significant at the 5% level for all Ls for
the ESG factor. One the one hand, the test results further con-
firms the findings in the literature about the existence of the
ESG factor. On the other hand, the factor becomes stronger
under the non-linear setting—we observe a smaller p-value as
we apply a higher L. This is especially the case for the E score,

where the test results is significant only when L > 1, indicating
that applying the non-linear setting has a better return pre-
dictability than the linear setting. In comparison, the results
are non-significant for the G score, inline with our observation
in the previous section.

To see if the increased test performance is due to the non-
linear risk factor, we present in table 5 the spanning test results
for L = 3. For the ESG score, f3 g5, has a non-zero intercept,
which partly explains the increased GRS test performance
from L = 1to L = 3. In other words, the non-linear risk factor
does capture the cross-section pricing abnormality in addition
to the linear one. As for the E score, the intercept is signifi-
cant for f, g, but not f3 g,, which means that the non-linearity
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Figure 3. Local marginal effects.Note: The graph presents the local marginal effect for L = 1, 2 and 3, calculated as inequation (8).

does not necessarily come from the highest order. In terms of
the S score, both f, s, and f3 5, have non-zero intercepts while
/1.5 has an insignificant intercept, which means that increased
GRS test performance when L> 1 is due to the non-linear
part but not the linear part. In addition, f3 gsg, has a negative
relationship with f, g5, and fi gsG,, Which is inline with the
results in figure 2.

4.2.2. Dynamic test. The previous analysis shows that for
the whole sample period, the non-linearity is presented, but
not in all situations. This is to some degree explainable: as we
have observed in figure 1, adding the non-linearity does not
add to the predictability at all times. However, there are some
periods where we see a large contribution of predictability.
For this reason, we repeat the test in the previous section under
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Table 3. Summary statistics of monthly fac- Table 4. GRS test results.
tor returns.

LHS RHS ESG E S G
Mean L=1 = L=3

{find Mkt  0.501 0.775 0.020 0.234
fLESG.t 0.0579  0.0627  0.1900 P fons) Mkt  0.025 0.000 0.001 0.138
JESG.t - 0.1131 0.1134 {fLnefons-Bnet Mkt 0.055  0.001 0001  0.238

- - —0.0708
Jf?gsth 0.1099 0.1222 0.2192 {fins} FF6 0469 0251 0.018 0.076
fZ’E’t B 0.1478 0.1521 {fintfontt FF6  0.020 0.000 0.000 0.066
f3:E:t B B —0.0555 {fintsone ey FF6  0.028  0.002 0.000 0.147
fis. Ol L2 Lz Notes: The table presents the GRS test results for the whole period
fasi - 0.1139 0.1139 (2013-2022). LHS means left-hand-side factors in equation (10),
13801 - - —0.0231 which is set of ESG factors to be tested. ‘n’ here can be ESG, E, S
N6 —0.0456 —0.0451 —0.0199 or G, with each column representing one type of factor. RHS is the
ypXeX! - 0.0773 0.0774 right-hand-side factors (independent) used in equation (10). The
NiXeR: - - —0.0141 first three rows are the test with only market risk factor and the last
L three rows controls for FF6 risk factors. Each column means one
B L=1 L=2 L=3 type of ESG score. ‘FF6’ means Fama/French 5 factors (market,
ALESG 1.43 1.56 256 size, value, profitability and investment) plus momentum factor.
J2,ESG.1 - 2.94 2.94
13,E5G 1 = = —1.84 .
fiE: 1.51 1.71 247 results come from f> ;. As for the S score, most of the time
PoEs _ 3.14 3.04 the linear factor does not yield significant results. The results
BE: - - —1.12 for the G score under the rolling window are similar to the
Jiss 3.47 3.84 2.95 whole period, with the test results being insignificant most of
Jasa - 2.44 2.45 the time. In figures A.2 and A.3 of the Online Appendix B,
fsi ) 1_ ) 1_2 - 023 we also provide the test results using only the market factor.
J;I*G’t - '_3 - A - g 5 Results are quite similar to that of FF6 factors.
figt ' 0.38 Summarizing, the dynamic analysis under the rolling win-
Gt - - =W

Notes: The table presents the summary statis-
tics for the monthly factor returns (%) from
2013 to 2021. fesg,; means the factor esti-
mated using the ESG score. The factors are
estimated through model (6). The top panel
shows the average return over the period and
the bottom panel shows the #-statistic, calcu-
lated as (”éi;” JT).

a rolling window scheme, with a window size of 48 months
and a step size of one month.

Figure 4 presents the GRS test results over time, with the
FF6 as the RHS factors. The test results changes over time.
Not all periods have significant test results. In terms of the
ESG factor (Panel A, left graph), we find that in some periods
the nonlinear factors (L = 2 and L = 3) have a more signifi-
cant test results than the linear setting (L = 1). This holds in
particular during 2018. Regarding the E factor, the linear fac-
tors under L = 1 do not produce the significant test result in
all periods, while under the non-linear setting we have sig-
nificant test results in most periods. The same observation
applies for the S factor (Panel B, left graph), where we see
huge improvements in terms of test results from the linear set-
ting to the non-linear setting. The situation is different for the
G factor, where the non-linear setting produced a worse test
result than the linear setting.

Figure 5 presents the dynamic spanning test results under
L = 3. As for the ESG factor (Panel A, left graph), com-
bining the GRS test results shown by the green dotted line,
we can see that in most windows, the significant GRS result
comes from f3 g5, While test results for fi g5, and f> gsG 1S
insignificant. In comparison, for the E factor, the significant

dow further confirms the results of the whole period: we see
significant results for the non-linear setting for ESG, E and
S score most of the times. In addition, it may not be best to
always choose the highest L, because in some periods choos-
ing a L =2 or even L = 1 is enough. The performance of
the non-linear factor is also time-varying: there are periods
where the tests suggest no significant improvements. Finally,
as a robustness check, we provide in Figures A.4 — A.5 of the
Online Appendix A the test results with 60-month window
size, and the results are quite similar to the 48-month window.

5. Chasing the non-linearity

In previous sections, we have identified and shown the need
of applying the non-linear setting when examining the pricing
of ESG performance in the cross-section of stock returns. A
more important question is what drives the non-linear ESG
premium to avoid the concern of data mining. We study
two possible drivers of the non-linearity: the ESG sentiment
channel and the measurement error in the ESG score.

5.1. ESG sentiment and the cross-sectional distribution of
ESG scores

5.1.1. The model. To examine whether the non-linear factor
is driven by ESG sentiment, we propose the following logistic
regression:

exp (yn + X,;,ml“n)
1+exp (va+ X, 00)

n,m

Pr (yl,n,m =1 |X1;,m) = (12)
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Table 5. Spanning test results.

Panel A: Spanning test results for the ESG factor

Alpha S1LESG.t J2ESGt RHS R?
S1LESG 0.148* - - Mkt 0.03
(1.82) — =
J2.ESG ¢ 0.072** 0.235%** = Mkt 0.20
2.27) (4.50) —
J3ESG.t 0.014*** — 0.407%** —0.167*** Mkt 0.74
(3.04) (—10.52) (—4.08)
S1LESGt 0.180* - = FF6 0.23
(1.83) — =
PLESG i 0.063** 0.253%*** - FF6 0.26
2.31) (4.02) —
SRESG.t 0.015%*** — 0.465%** —0.128*** FF6 0.80
(3.24) (—11.07) (—4.31)
Panel B: Spanning test results for the E factor
Alpha NEs f.E RHS R?
SiE 0.117 — - Mkt 0.11
(1.32) — _
SEr 0.184*** 0.091* - Mkt 0.08
(3.57) (1.63) _
BE: 0.068* —0.373%** — 0.357*** Mkt 0.58
(1.85) (—9.76) (=541
NEs 0.151% - - FF6 0.20
(1.70) - =
fEL 0.157%+* 0.083 = FF6 0.26
(3.21) (1.53) _
BE: 0.049 —0.379*** — 0.174%** FF6 0.73
(1.59) (—11.51) (—2.89)
Panel C: Spanning test results for the S factor
Alpha fis: fas. RHS R?
Sise 0.147* - - Mkt 0.11
(1.82) — =
fos 0.104** 0.2427%** - Mkt 0.18
2.27) (4.50) -
B 0.073%*** —0.318*** —0.205%** Mkt 0.66
(3.04) (—10.52) (—4.08)
S5 0.152* - - FF6 0.16
(1.83) = =
Jase 0.109** 0.224%%* - FF6 0.21
2.31) (4.02) -
S35 0.077*** —0.328%** —0.213%** FF6 0.70
(3.24) (—11.07) (—4.31)
Panel D: Spanning test results for the G factor
Alpha iNer: .61 RHS R?
N6 0.027 = = Mkt 0.03
(0.35) = =
NpXer: 0.073* 0.033 - Mkt 0.01
(1.94) (0.69) -
NEXeR, —0.013 —0.406 —0.271 Mkt 0.78
(—0.66) (—17.05) (—5.57)
iNeX: —0.025 - - FF6 0.19
(—0.34) — =
joXeX: 0.078** 0.062 - FF6 0.12
2.07) (1.24) —
NiXer: —0.016 — 0.441%** —0.175%** FF6 0.86
(—1.03) (—20.99) (—4.22)

Notes: The table presents the coefficient in the spanning test results. All ESG factors come from L = 3. Panel
A is the results for the ESG factor, Panel B for the E factor, Panel C for the S factor and Panel D for the G
factor. In each panel, the first three rows is the test with only market return and the last three rows control for
FF6 risk factors. We report in parenthesis the #-statistics. ‘FF6’ means Fama/French 5 factors (market, size, value,
profitability and investment) plus momentum factor.

*Statistical significance at the 10% level; **Statistical significance at the 5% level; ***Statistical significance at
the 1% level.
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Panel A: GRS test results for ESG and E factors under the rolling window scheme
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Figure 4. Dynamic GRS test. (a) Panel A: GRS test results for ESG and E factors under the rolling window scheme (b) Panel B: GRS test

results for S and G factors under the rolling window scheme.

Notes: The graph presents the GRS test results under the rolling window scheme, with a window size of 48 months and a step size of
one month. LHS means left-hand-side factors inequation (10), which is set of ESG factors to be tested. RHS is the right-hand-side factors
(independent) used in equation (10). All RHS factors are FF6 factors. ‘L1’ means we set L = 1, with the LHS being {f gsG}. ‘L2’ and ‘L3’
means L = 2 and L = 3 respectively, with the corresponding LHS shown in equation (9). Panel A shows the results for ESG and E factors

and Panel B shows results for S and G factors.

where exp(z) denotes the exponential function; n denotes the
type of ESG risk factor, and we only consider n = ESG, E and
S scores, because as previous results showed, the linear/non-
linear G risk factors are mostly insignificant. y;,,, =1 if,
within window m, m = 1, ..., M, the estimated coefficient of
81.0.m in the following spanning tests:

J
fl,n,tm = Sl,n,m + Z ﬂl,n,/fj,t,,, + E1nt
J=1

J
f2,n,tm = 62,n,m + ﬂl,n,jfl,n,lm + Z ﬂZ,nJ]j‘,tm + €21t (13)
j=1 ’

f3,n,tm = 63,;1,m + ﬂl,anl ot T 132,n,jf2,n,tm
J
+ 2 Banifian + €3t
=

is significant at the 10% level and O otherwise (I = 1, 2,
and 3). f;,.G =1,...,J) are Fama/French six risk factors and
tn=1,...... ,48. We set the window size to be 48 months
and a step size of one month (in total, we have M = 60
observations in the time series dimension). §;,, 8>, and
83, are pricing errors from the spanning regression, which
can be interpreted as the unique information brought by the
linear/non-linear ESG risk factors. fi s, fons and f3,, are all
estimated from the non-linear cross-section regression with
L =3.

We use the following set of independent variables (X,;Yan):

Xr/l,mrn = Y, 1 ARAp + ynpASenty, + Yn3A0um + VYna ASkewy
V5000 m X ASenty, + vy 6 ASkew,,

x ASent,, + &,. (14)
In equation (14), we consider several possible determinants
of non-linearity. We follow Lioui and Tarelli (2022) to control
for the risk aversion of investors (RA,,). The index is con-
structed by Bekaert et al. (2022), which measures the risk
aversion level in the market. Since high-ESG companies are
considered high-quality companies, investors’ taste over high-
ESG companies might only be the taste over high-quality
investment, which would happen when market uncertainty
becomes high (as occurred during the COVID-19 pandemic).
If that is the case, shocks in the ESG factor can be explained
by shocks in the risk aversion, which then means that risk
aversion should contribute to pricing errors. RA,, is the aver-
age monthly risk averse index over window m.

Previous studies show that one of the major drivers of the
linear ESG factor is investor’s ESG-related concern (Choi
et al. 2020, Pastor et al. 2022). For this reason, we add the
climate attention index (Sent,,) from Google Trends for the
US as a control. The Google Trends index is based on the
search volume of a given key word(s) in a certain period
and in a certain region. We use the topic ‘climate change’,
‘ESG’ and ‘CSR’ (corporate social responsibility) specified
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Panel A: Spanning test results for ESG and E factors under the rolling window scheme
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Panel B: Spanning test results for S and G factors under the rolling window scheme
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Figure 5. Dynamic spanning test. (a) Panel A: Spanning test results for ESG and E factors under the rolling window scheme (b) Panel B:
Spanning test results for S and G factors under the rolling window scheme

Notes: The figure presents the p-value of intercept of spanning test under the rolling window scheme, with a window size of 48 months and a
step size of one month. LHS means left-hand-side factors inequation (11), which is set of ESG factors to be tested. RHS is the right-hand-side
factors (independent) used inequation (11). All RHS factors are FF6 factors. ‘f_1_ESG’ means f gsG; and so on. All ESG factors comes
from L = 3. We also provide the p-value of GRS test under L = 3 in green dotted plots. Panel A shows the results for ESG and E factor and

Panel B shows results for S and G factor.

by Google.t A high value of the index is associated with a
high search volume related to ESG-related issues, and thus a
high ESG sentiment in this region. We download the monthly
data. Sent,, is the average monthly sentiment over window m.

We consider the ESG score distribution to be a poten-
tial driver of the non-linear factor. Specifically, we study
the cross-sectional standard deviation (o,,,) and skewness
(Skewy,,). For each month, we calculate cross-section stan-
dard deviation and skewness and then estimate the average
monthly value of each window m. Since the o, ,, and Skew,, ,
are estimated based on the average of rolling windows, oy,
Skew,, ,will have few changes between adjacent windows,
implying potential high auto-correlation and multicollinear-
ity. To ensure a robust estimation, we use the change between
adjacent windows (e.g. Aoy, = Opm — Opm—1) in the regres-
sion analysis.

As discussed in section 2, if investors ESG preference
drives them to buy/sell high-ESG companies, then such a
channel of impact could be altered by how ESG performance
is distributed across the market. If all companies in the market
have the same ESG score (investors cannot differentiate com-
panies by their ESG performances), then it makes no sense for
investors to buy/sell companies based on their ESG score (the

T Google Trends allows users to search either based on single key-
words or on a topic, which combines multiple keywords related to
the topic. For example, the topic ‘climate change’ includes keywords
(search terms) such as ‘climate change progress,” ‘Paris agreement,’
‘climate crisis,” ‘climate change debate,” and others.

channel of climate concern disappears under this scenario).
Therefore, it is also possible that the investors ESG sentiment
is ‘distorted’ by the distribution of ESG scores and if that is
the case, such distortion would be captured by the non-linear
ESG factor. If the above discussion holds, the ESG score
distribution is driving the non-linear factor through the chan-
nel of climate sentiment. To examine this, we add interaction
between the ESG score distribution and climate sentiment.

The sample period is from January 2013 to December 2021.
We first present the distribution of ESG scores across time in
figure 6. The distribution of ESG scores is different among
different sub-scores (the distributions of ESG and S score
are quite similar, though). This is especially the case for the
E score, where there are some extreme shifts in 2018 and
2019. We then provide in figure 7 the skewness and standard
deviation across time. In terms of skewness, the G score has
opposite skewness to the other scores. The E score has the
highest standard deviation and the standard deviation is quite
stable for the ESG score. For every score, there are changes
in the shape of distribution over the years.

5.1.2. Regression results. Table 6 presents results for §; ,,
the pricing error from the linear risk factor. The coefficient
is positive and significant for sentiment, which is in line
with previous findings that the linear ESG risk factor is, in
fact, driven by sentiment. The pricing error is also affected
by the distribution. A higher variance corresponds to lower
pricing errors from the linear factor. One explanation is that
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Figure 6. Distribution of ESG scores over time.
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Notes: The graph shows the cross section distribution of ESG score in each month. To draw the distribution, we first standardize ESG scores
cross-sectionally and draw the empirical distribution based on companies with available ESG scores at month z. The ESG scores are from

January 31, 2013 to November 31, 2021.
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Notes: The graph shows cross-section skewness and standard deviation. The standard deviation is calculated using the original value of the
ESG score. The ESG scores are from January 31, 2013 to November 31, 2021.

if the distribution becomes more spread out, the linear risk
factor should perform poorly in capturing the ESG pricing.
Regarding the interaction effect, we find that the coefficient
is negative for the variance, which further indicates that how
sentiment influences ESG pricing is ‘distorted’ by the ESG
score distribution. Higher skewness corresponds to higher
pricing error.

Mathematically speaking, even under L = 1, we should
find impact from cross-sectional distribution of ESG scores,

because as equation (5) shows, the weight of the long-short
portfolio of f;,; is based on the ESG score, which means that
fi.x, also changes to the cross-sectional distribution of ESG
scores. However, there are several points worth noticing from
the empirical results. First, it seems that positive changes in
the skewness is associated with higher pricing error, while
positive changes in the standard deviation indicates lower
pricing errors. Second, we find evidence of cross-sectional
distribution interacting with the ESG attention.



The non-linear ESG premium

831

Table 6. Regression results for 81 .

Dependent Pr(81,, # 0| X,, ,,B)
Column (1) ) 3) 4)
ARA —0.0396 —0.0370 —0.0396 —0.0422
(—0.82) (—0.68) (—0.87) (—0.69)
ASent 0.12117** 0.2159%** 0.0997*** 0.20217**
(4.88) (5.65) (3.96) (4.43)
Ao —0.1623*** - —0.1626*** -
(—5.48) (=5.51)
ASkew - 0.1857*** - 0.1776™**
(4.29) (3.73)
Ao x ASent - - —0.0567* -
(—1.68)
ASkew x ASent - - - —0.0162
(—0.49)
N 180 180 180 180
Adjusted R? 0.24 0.16 0.25 0.16

Notes: The table presents the regression results for the pricing error from the linear factor, esti-
mated from L = 3 in the cross-section regression. We consider three types of risk factors: ESG,
E and S factors. For each risk factor, we estimate the spanning regression under a rolling window
setting and test if the intercept (8, the pricing error) is non-zero. If the coefficient is non-zero at
10% level, we set y1 ,,» = 1. For each factor, we havem = 1,..., M, M = 60 observations. Then,
we put the y, ,, for each factor into a pooled logistic regression and report the marginal effect of

each independent variable.

*Statistical significance at the 10% level; **Statistical significance at the 5% level; ***Statistical

significance at the 1% level.

Table 7 presents the results for §,, and &3,, the pricing
errors from non-linear factors. Unlike the linear factor, higher
variance is associated with higher pricing errors from the
non-linear risk factors. In comparison, skewness is only cap-
tured by the cubic risk factor (83,), and a negative change
in skewness is associated with higher pricing errors. Again,
we find significant interaction terms between sentiment and
cross-sectional variance.

In summary, all these elements suggest that the chan-
nel through which ESG impacts is altered. ESG sentiment
is primarily captured by the linear factor. In addition, the
interaction term between ESG sentiment and score distri-
bution is significant for both linear and non-linear factors,
and the non-linear factor captures the effect from ESG score
distributions.

All these elements indicate that the channel of ESG sen-
timent impact might be altered. Mathematically speaking,
from equation (A10) in the Appendix, we can see that higher
moments of ESG score distribution are part of both linear
and non-linear factors. Economically speaking, if the market
takes into account the ESG score distribution in asset pric-
ing, then the distribution itself may also affect the pricing.
Let us consider two distinct situations: when all companies
in the market have a score of 50 (out of 100), and when half
of the company have O score and the other half 100. The
non-linear factor would certainly be different under the two
situations.

5.2. ESG score uncertainty

5.2.1. Non-linearity under different data providers. If
non-linear ESG factors are associated with the cross-sectional
distribution of the ESG score, then a sensible conjecture

would be that we might get a different non-linear ESG fac-
tor if we change the ESG provider. To test the conjecture,
we construct the ESG factor using the Bloomberg ESG score.
Figure A.6 in the online Appendix B shows the cross-section
correlation between the ESG score of two data providers.
While we do observe a relatively high correlation in terms
of the E score, the correlation of the S score and the G score
is low. In addition, the correlation of ESG scores is gradu-
ally decreasing over time, which means that the divergence
between different ESG providers is increasing. Figure A.7
shows the distribution of ESG scores of Bloomberg across
time. As can be seen, the distribution is quite different from
that of Eikon in figure 6. For example, compared to the Eikon
database, fewer companies in the Bloomberg have high-ESG
score.

Table 8 shows the factor statistics. Similar to the results
using Eikon, the average return for the linear factor at L = 1is
positive and is not significant for non-linear factors. Figure 8
presents the cumulative value of the ESG factors. In terms
of the linear factor, there are similarities between Eikon and
Bloomberg. For example, we see large positive shocks in
recent years in both series. However, the non-linear factors
are quite different for different pillar scores.

We then present the LME from L = 1to L = 3 in figure 9.
The results are opposite to that of Eikon in terms of the ESG
and S score—at L = 3, we observe a convex shape. Finally,
table 9 presents the static GRS test results. We see a sharp
increase in the significance for the ESG score from L = 1
to L = 3, which is different from the previous results using
Eikon. Therefore, as in the finding in Lioui and Tarelli (2022),
changing the data provider will also change the characteristic
of ESG factors.

If ESG scores are converted into percentile ranks and then
standardized into Z-scores, then the above results imply that
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Table 7. Regression results for é; , and 83 ;.
Dependent Pr(82,, # 0| Xl{ nB) Pr(83, # 0 |Xl.” nB)
Column (D) 2 (3) 4) ®)) (6) (7 (®)
ARA —0.0755* 0.0087 —0.0577 0.0063 —0.0384 —0.0508 —0.0663 —0.0514
(—1.81) (0.18) (—1.37) (0.13) (—0.92) (—1.13) (—1.62) (—1.14)
ASent —0.2441**  —0.1771"*  —0.2609*** —0.2332%* —0.1342** —0.2171*"* —0.1306** —0.2282***
(—5.91) (—3.12) (—4.10) (—3.05) (—3.23) (—4.02) (-—4.04) (—3.70)
Ao 0.3051*** - 0.3253%** - 0.1774*** - 0.2262%** -
(5.50) (5.04) (4.55) (5.78)
ASkew - —0.0508 - —0.0802 - —0.1923*** - —0.1981***
(—0.81) (—=1.17) (—3.25) (—3.19)
Ao x ASent - - 0.2312%** - - - —0.1282%** -
(3.40) (—4.29)
ASkew x ASent - - - —0.0672 - - - —0.0134
(—1.14) (—0.31)
N 180 180 180 180 180 180 180 180
Adjusted R? 0.25 0.07 0.31 0.07 0.14 0.09 0.21 0.09

Notes: The table presents the regression results for the pricing error from the non-linear factor, all estimated from L = 3 in the cross-section
regression. We consider three types of risk factors: ESG, E and S factors. For each risk factor, we estimate the spanning regression under a
rolling window setting and test if the intercept (8, the pricing error) is non-zero. If the coefficient is non-zero at 10% level, we set y,, , = 1.
For each factor, we have m = 1,...,M,M = 60 observations. Then, we put the y,,, for each factor into a pooled logistic regression and
report the marginal effect of each independent variable. Columns (1)—(4) are results for the square factor while Columns (5)—(8) for the cubic

factor.

*Statistical significance at the 10% level; **Statistical significance at the 5% level; ***Statistical significance at the 1% level.
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Figure 8. Cumulative Value of ESG Factors under Bloomberg.
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Notes: The graph shows the cumulative monthly factor returns: ZzT:I fi.nt- The factors are calculated using model (6) with L = 3 and the

ESG score coming from Bloomberg ESG Score.

Eikon and Bloomberg produced different rankings for the
same company. In addition, the score distributions might also
be different between the two data providers. Such differences
come from that fact that, on the one hand, there are measure-
ment errors in the ESG score—for the same indicator, two
providers might have different evaluations; on the other hand,
scoring methodologies are different between the two (Berg
et al. 2022). All these factors contribute to numerical differ-
ences in the ESG score used in the cross-sectional regression
(and then a different result). The variability in ESG rank-
ings across different providers may significantly affect the

nonlinear impact of ESG factors on returns. The next section
will delve deeper into this issue.

5.2.2. Taking out ESG uncertainty. If the results change to
the data provider, it means that part of the cross-section vari-
ance/skewness is contributed to by the uncertainty of ESG
scores, and thus it is hard to make an assertive inference on
whether the ESG-stock price relationship truely deviates from
the linearity. Avramov et al. (2022) show that such uncer-
tainty in the ESG score (defined as the standard deviation
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Figure 9. Local marginal effects (Bloomberg).
Notes: The graph presents the local marginal effect for L = 1, 2 and 3. The ESG score is from Bloomberg ESG score.

of ESG scores from six major providers) has been priced in  non-linearity still exists after the ESG score certainty has been
the assets. In other words, if the non-linearity simply comes minimized.

from the measurement error in the ESG score, then it makes Since we have access to only two ESG score providers,
no sense considering explicitly non-linearity in the factor con- we take out the uncertainty in the ESG score by conducting
struction process. We examine in this sub-section whether the the cross-sample analysis. Specifically, we repeat the previous
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Table 8. Summary statistics of monthly non—
linear factor returns.

Mean L=1 L=2 L=3
f1,ESG.t 0.09 0.09 —0.07
f2ESG,t = —0.06 —0.06
BLESG,t - - 0.09
SLEs 0.01 —0.12 —0.03
fLE - 0.20 0.35
BEL - - —0.10
1.5, 0.02 0.02 —0.06
Sast - —0.09 —0.09
Bse - = 0.05
f1.G.1 0.05 0.05 —0.14
J2.6.1 - —0.06 —0.07
.G - - 0.10
t-statistic L=1 L=2 L=3
f.ESG ¢ 0.96 0.92 —0.45
f2ESG.t = —0.95 —0.97
S3.ESGt - = 1.45
SLEs 0.12 —0.88 —0.18
J2.E - 1.73 1.20
BEL = = —0.68
Sis: 0.24 0.23 —0.39
fase = —1.09 —1.10
s - = 0.68
NG 0.74 0.73 —1.02
f2.Gt - —1.43 —1.45
B.Gr - = 1.76

Notes: The table presents the summary statis-
tics for the monthly factor returns (%) from
2013 to 2021. The factors are estimated through
model (6). The top panel shows the average
return over the period and the bottom panel

shows the ¢-statistic, calculated as (Né‘;g" JT).

analysis using only companies with similar ESG scores in
both databases. To do so, we first choose companies that
have ESG scores available in both databases. We then rank
the companies into percentiles, so that for each company we
have one percentile rank in each month ¢ in both databases.
Finally, we keep companies whose percentile ranks in the two
databases are similar (defined as the difference of percentile
rank being smaller than 0.05). In total, we are left with around
100 companies in each database.

R. Yang et al.

We first present the LME at L = 3 in figure A.8 in the
online Appendix for both databases. We still observe devia-
tions from linearity, with the non-linearity being concave for
the S score, which is the same as the previous results. Figure
B.7 in the online Appendix B shows the dynamic GRS test
for the ESG score and S score for both databases. As can
be seen, for the ESG score, the p-value is smaller when L
is larger than one. The similar happens to the S score in all
windows. Therefore, even when taking out the uncertainty
in the ESG score, we still observe departures from linearity,
which implies that ESG score does present non-linearity in
terms of asset pricing. In addition, the pattern of LME using
the common sample set is different from previous LMEs of
both Eikon and Bloomberg in terms of E and G factors, which
means that part of the non-linearity comes from the ESG
uncertainty.

In sum, the presence of ESG uncertainty does change the
estimation of non-linear ESG factors, but it does not prevent
us from using the non-linear setting. First, as the cross-
sample analysis shows, non-linearity still exists after using the
common sample. Second, as the regression analysis shows,
cross-section skewness and standard deviation will interact
with climate sentiment, which means that the presence of
non-linearity, though it could be small, may also have a huge
impact in terms of asset pricing when investors climate sen-
timent is high. Therefore, a better strategy would be to try
to eliminate the noisiness of the ESG score (e.g. Berg et
al. 2021).

6. Robustness and further results

In this section, we explore several alternative settings in addi-
tion to the main discussion. The Online Appendix includes the
corresponding Tables and Figures.

6.1. Non-linearity during early years

The concept of ‘ESG’ is a recent phenomenon (Poll-
man 2024). However, the idea of sustainable investing dates
back to the 1980s, with earlier literature using CSR (corpo-
rate social responsibility) as a proxy for ESG-related invest-
ing. This trend is evident in figure A.10, where the Google
Trends index for the topic ‘ESG’ shows significant growth

Table 9. GRS test results for the whole period (Bloomberg).

LHS RHS ESG E S G

{f1.EsG.1} Mkt 0.982 0.376 0.368 0.385
{f1,E5G,1-/2.ESG 1} Mkt 0.932 0.073 0.422 0.514
{f1,E5G.,1-/2,E5G 1-/3,ESG,1} Mkt 0.447 0.252 0.571 0.246
{1,656} FF6 0.550 0.434 0.713 0.297
{f1.E5G.1-/2.E5G.1} FF6 0.608 0.095 0.343 0.502
{f1.E5G.1-.E5G 1> /3.ESG.1} FF6 0.382 0.281 0.382 0.190

Notes: The table presents the GRS test results for the whole period. LHS means left-hand-side
factors in equation (10), which is set of ESG factors to be tested. RHS is the right-hand-side
factors (independent) used in equation (10). The first three rows is the test with only market
return and the last three rows controls for FF6 risk factors. Each column means one type of ESG

score.
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over the past five years. Studies using earlier datasets also
provide evidence of ESG factor pricing (e.g. Brammer et
al. 2006, Krueger 2015, Becchetti et al. 2018). Based on this
evidence, we predict that non-linearity likely existed during
earlier periods, though it may have been weaker compared to
more recent periods.

We repeat the main analysis using samples from January
2004 to December 2012. Specifically, we construct the ESG
risk factors, conduct the dynamic spanning test, and compare
the results with those of the most recent period. Although
Eikon provides ESG scores dating back to 2002, only a
limited number of companies had available data in the cross-
section during the first year. To ensure a sufficient number of
companies for capturing the ESG risk factor, we start our sam-
ple from January 2004, which also includes ESG score data
from the fiscal year 2003. Over this period, the cross-section
expands from approximately 300 companies at the beginning
of the sample to over 700 companies.

Table A.1 presents the summary statistics of the ESG risk
factors for the early period (2004-2013, Panel A) and the most
recent period (2013-2021, Panel B). The linear risk factor is
less significant during the early years, as indicated by smaller
t-statistics. However, the t-statistics for ESG, E, and S factors
under L = 2 are significant, suggesting the potential presence
of non-linearity.

Figure A.11 presents the linear and non-linear ESG risk fac-
tors from 2004 to 2013. We observe large positive shocks
during the 2008 financial crisis, which is in-line with the
observation in Lins et al. (2017), who find that during 2008
financial crisis, companies with better ESG performance out-
perform those with worse performance. Lins ef al. (2017)
further explain that better ESG performance will bring ‘social
trust’ that serves as a protection during crisis times (people
will not fire sell those companies). In addition, for time peri-
ods before 2008, we observe evidence of pricing only for E
risk factors but not others (with more fluctuations than other
factors). This is also in-line with earlier surveys that investors
mainly focus on the environmental aspects when talking about
ESG

Finally, figure A.12 presents the GRS test and the spanning
test over time. We find evidence of non-linearity for the ESG,
E, and S factors. In most cases, the linear risk factor is not
significant, while the non-linear factors carry unique informa-
tion. For the G risk factor, results are generally not significant.
Thus, while the ESG risk factors are weaker in earlier periods
compared to recent years, the non-linear relationship remains
evident.

6.2. Non-linear ESG factors in the European market

To determine whether our results represent a phenomenon
unique to the U.S. market, we repeat the analysis for the
European market, the second-largest market in terms of ESG
investment. Since the observed non-linearity arises from the
‘distorted’ investor preferences influenced by the distribution
of ESG scores, we anticipate that the non-linear ESG risk
factor will also be present in the European market.

For data collection, we obtain ESG scores, return indices
and firm-level characteristics for companies in Europe

835

(European Union and UK) for the period from 2013 to 2022.
To mitigate the impact of small-cap companies in the cross-
sectional regression, at each time 7, we exclude companies
with a closing price below five euros. Overall, the dataset
includes approximately 1,600 companies, with over 700 com-
panies in the early years of the sample and more than 1,300
companies in recent years.

Table A.2 presents the summary statistics of ESG risk fac-
tors for Europe (Panel A) and the U.S. (Panel B). Similar to
the results for the U.S., we find significant factors for ESG,
E, and S components in the European market. Notably, the
magnitude of the linear factor is stronger in Europe compared
to the U.S., whereas the magnitude of the non-linear factor is
weaker. Figure A.13 illustrates the linear and non-linear ESG
risk factors for Europe. We observe similar patterns for the
linear ESG, E, and S factors, consistent with observations in
the U.S. market.

Figure A.14 presents the GRS test and the spanning test
over time. Consistent with the results in table A.2, we find
limited evidence of non-linearity, as the square and cubic ESG
and S factors show no windows with significant test results.
However, we observe evidence of non-linearity in the E risk
factor, particularly during 2017 and the first half of 2018.
Thus, non-linearity persists in other markets, with varying
strength and patterns.

6.3. Non-linearity in the corporate bond market

According to model equation (1), ESG is priced in the cross-
section of stock returns because investors have a preference
for sustainability, a phenomenon examined in various empir-
ical studies (e.g. Serafeim 2020, Dunz et al. 2021, Péastor et
al. 2022). In comparison, the pricing of sustainability in the
cross-section of corporate bonds is more nuanced. While the
value of stocks depends on the company’s overall short- and
long-term performance, corporate bond pricing is influenced
not only by firm fundamentals but also by factors such as
credit risk prior to maturity or the issuer’s commitment to
sustainability.

In general, there are two types of ESG premiums in the
cross-section of corporate bonds. First, there are corporate
bonds issued specifically for projects with sustainability goals
(green bonds), and there exists a bond premium between
green bonds and conventional bonds. Second, firm-level ESG
performance may influence general corporate bond pricing.
These two cases suggest distinct pricing mechanisms. In
the first case, green bonds should command higher prices
(lower yields) than conventional bonds, reflecting investors’
willingness to pay a premium for the issuer’s ESG commit-
ment (e.g. Flammer 2021, Feldhiitter et al. 2024, Caramichael
and Rapp 2024). In the second case, there is no estab-
lished equilibrium model that comprehensively explains the
ESG-—corporate bond connection, (credit risk might act as a
transmission channel, as suggested by the referee). Nonethe-
less, we hypothesize that the mechanism is similar to that
in the stock market. Huynh and Xia (2021) demonstrate that
as investor concern about climate risk increases, companies
with superior environmental performance exhibit higher bond
prices, driven by the investor taste channel.
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In this analysis, we focus on the second case as it aligns
with our study, aiming to address the following questions:
Does non-linearity persist in the relationship between cor-
porate bond returns and ESG performances? If so, is the
magnitude comparable to that observed in the stock market?
Our conjecture is that if the ESG—bond return relationship is
driven by investor preferences, then the distribution of ESG
scores might influence these preferences. However, given the
relative illiquidity of the corporate bond market, ESG-related
systematic shocks are less likely to be fully incorporated into
bond pricing.

The analysis proceeds as follows. We first discusses how
we capture both linear and non-linear risk factors in corporate
bond returns. We then explain how we test the ESG-related
bond risk factor, employing the GRS and spanning tests with
a modified factor structure. Next, we describe the data utilized
in this study. Finally, presents the empirical results, including
comparisons with the stock market.

6.3.1. Capturing bond ESG risk factor. Several methods
have been proposed in the literature to construct system-
atic risk factors in the cross-section of corporate bonds.
Kelly et al. (2023) employ the IPCA (Instrumental Principal
Component Analysis) method, using bond-level characteris-
tics as instruments to capture systematic risk factors. Bai
et al. (2019) and Dickerson et al. (2023) use a two-sort
method similar to that of Fama and French (1993). Huynh
and Xia (2021), on the other hand, utilize panel regression
to analyze the relationship between corporate bond returns
and climate news risk exposure. To ensure comparability with
stock market studies, we use the following cross-sectional
regression to construct a non-linear ESG risk factor for the
corporate bond market:

L 7
R™ = fou + ka],gg;g,tESGitfl + Zﬁ,rxij,tfl +uiy, (15)
=1 =1

where L is the highest-order monomial and we set L =
1,2,and3 (skewness at maximum). Rff“d is the monthly
corporate bond return at time ¢ for each bond i,

PutAic + Cit

i1t Ai—1

— 1. (16)

where A;, is the accrued interest and C;; is the coupon. ESG;;
are firm-level (issuer) ESG/E/S/G scores for bond i. x;;, are
a set of bond-level and firm-level characteristics following Bai
et al. (2021) and Dickerson et al. (2023). Bond characteris-
tics include credit rating, illiquidity, time-to-maturity, and the
natural logarithm of amount outstanding. Firm-level variables
include market value, book-to-market ratio, operating profit,
investment growth and one-year momentum. We perform the
cross-section regression at each time 7 and stack the estimated
coefficient (f225¢ ) over time to get the bond ESG risk factor.

6.3.2. Testing the non-linearity. Our procedure to test the
existence of linear and non-linear bond ESG risk factors con-
sists of two steps. In the first step, we perform the following

R. Yang et al.

GRS test for the whole sample period

J
e =i+ Y Bifi + i (17)

=1

We consider two sets of factor structures in the bond market
(f;,1): the bond market factor and the four-factor structure dis-
cussed in Bai et al. (2019), namely, market factor (MKTB),
downside Risk factor (DRF), credit Risk factor (CRF), and
liquidity risk factor (LRF).{ J is the number of common
risk factors used in the test. The results, specifically whether
a; = 0, will indicate whether the bond ESG risk factor pro-
vides additional explanatory power beyond the known factor
structure.

In the second step, we perform the spanning regression sim-
ilar to equation (10) in a dynamic (rolling window setting)
setting:

J
f]B;l)Itld = Bl,n + Z ﬂl,n,}fj",t + et
j=1
Bond Bond !
. 2,,;),1; = 820 + Biaf ,;2? + X Bonjfin + e2ns
j=1
Bond _ .£Bond .£Bond
f3,n,t - 83,” + 'Blv”x/fl,n,t + ﬁz’"JfZ,n,t

J
+ Y Bangfie + &3
=1

. (18

where fj; are bond risk factors and we test if os are zero; le,?‘t‘d,

pond and f200! are estimated using equation (15) under L = 3.
We set the rolling window size of 48 months and a step size

of one month.

6.3.3. Data. Our primary source of data is the bond asset
pricing database of Dickerson er al. (2023), who provide
bond returns and issuer information for the US market.}
The database is compiled from Wharton Research Data Ser-
vices (WRDS) Bond Database, with standard data cleansing
measures in the bond literature.§

We collect data at a monthly frequency, specifically on the
last Friday of each month, from January 2013 to Decem-
ber 2021. The CUSIP code is used to match bond identifiers
between Eikon and the original database. The cross-section
includes more than 15 000 bonds issued by over 600 compa-
nies.

6.3.4. Empirical results. Table B.3 presents the factor
statistics for the entire sample period. Compared to the stock
market, the ESG risk factor is considerably weaker in the bond
market, both in its linear and non-linear forms, with all factors
exhibiting mean values close to zero. Figure B.13 illustrates
the cumulative value of the bond ESG risk factor (both linear
and non-linear). Consistent with the observations in table B.3,
the bond ESG risk factor remains close to zero for most of

T Downloaded from https://openbondassetpricing.com/data/.

I https://openbondassetpricing.com/data/, downloaded as of Decem-
ber 2024.

§ For detailed discussion on how to conduct data cleansing for
bond returns, interested readers are referred to: https://openbondasset
pricing.com/wp-content/uploads/2024/07/DRR-README.pdf.
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the sample period. This pattern holds for the all types of ESG
factors. We observe shocks around the outbreak of COVID.

Table B.4 present the GRS test for the full sample period.
The test results are insignificant for all linear factors. How-
ever, we do observe increase in the test statistics when apply-
ing the non-linear setting, especially for the S score, where test
statistics are significant for L = 3. Therefore, the non-linear
setting should perform better in capturing the EGS risk factor
in the cross-section of corporate bond returns than the linear
setting, same as the stock market.

Finally, we perform spanning tests of model (18) under a
dynamic setting to see how the non-linearity changes over
time. Figure B.14 presents the p-value of the spanning test
under the rolling window scheme, with a window size of 48
months and a step size of one. We find evidence of non-
linearity for E and S factors. For example, for the E risk
factor (Panel A, right graph), the significant results of the GRS
test (green dotted line) is brought by the cubic E risk factor
(f_3_E). The similar applies for the S factor, where we find
that square S risk factor carries more information that the oth-
ers. In comparison, for the G risk factor, before COVID, most
of the time the results are driven by the linear G risk factor.

In a nutshell, the above findings are in-line with our pre-
dictions. First, the magnitude of ESG risk factor in the cross-
section of corporate bond returns are much smaller than that
of thioc. Second, despite having weaker evidence of ESG
pricing, we still find that existence of non-linearity of ESG
pricing.

7. Conclusion

We examine empirically if the ESG performance is being
priced in the cross-section of stock returns in non-linear man-
ner. We consider the square and cubic forms of ESG score in
the cross-sectional regression to capture the ESG premium.
Under our setting, the non-linear ESG premium has two inter-
pretations: first, it measures how the ESG impact deviates
from linearity and second, it is the price of cross-section
standard deviation and skewness of ESG scores.

Our empirical evidence leads to the following remarks: (i)
The non-linearity exists for ESG, E and S scores and is the
highest for the E score; (ii) however, the choice of square
or cubic form of ESG scores depends on characteristic of
ESG scores as well as the sample period; (iii) part of the
non-linearity comes from the cross-section ESG score distri-
butions, which interacts with the ESG sentiment in affecting
the asset pricing; (iv) characteristics of non-linear factors
are different among different ESG providers. However, when
taking out measurement error, we still see non-linearity.

Future research could extend our analysis in several direc-
tions. First, we have explored one form non-linearity, the
square and cubic form of ESG score. The form of non-
linearity is not limited to that. Further efforts could been
carried to find the most suitable form of non-linearity, for
instance by more flexible non-linear functions or explor-
ing semi-parametric or non-parametric approaches. However,
strong economic motivation should be considered to avoid
critics of data mining. Second, while our study is based on
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empirical findings, further efforts can be made to design
equilibrium models like Pastor et al. (2021) on potential
mechanism of how ESG could be priced in a non-linear way.
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Appendix. Discussion on properties of ESG factors under
the non-linear setting

Our discussion is based on the baseline model (4) when L = 3:

rip = for +1,E56,:ESGir—1 +f2,ESG,zESGi2,t_1

+f3.£56.ESG,_y + €iss (A1)
The matrix form of the above equation is:
Ri=X1I't + &y, (A2)

where R; is the return matrix with a size of (n x 1), assuming we
have n assets cross-sectionally: R; = [r17, 721,73, + - » ralTs Xe—q is
the variable matrix with a value of time (¢ — 1) with a size of (n x 4):

| ESGi,1 ESG},_, ESGj,

2 3
Xii=| | ESGu- ESGy, ESGi, e

2 3
ESG ESG3,_,

nt—1

1 ESGnytfl (n><4)
where the I'; is the matrix of factor returns with a size of
(4 x 1) :lfosfiEsGefrESGHf3Es6:]T and the error term &, =
TR/ nm]T. And the Ordinary Least Square (OLS) estimation
of I'; is:

Fr= &5 X)X R, (A4)
If we take I'; as a portfolio (the factor portfolio) and R; is the com-

ponent stocks, then W; = (X,LX,,l)* thil is the weight for each
stock in the R;. The size of W is (4 x n), i.e. at every time ¢:

WO, 1t w0, 2t WO,nt
W, = WESG,1t WESG 2t WESG nt
=
WESG2,1t  WESG2,2t WESG2,nt
WESG3,1t  WESG3,2t WESG3,nt

(4xn)

1 ESGi,1 ESGY,_, ESGj,_,

I ESGy,1 ESG3, , ESG3,_, . (A3)

2 3
I ESGu-1 ESGy,_; ESGy._; |, .

Note that W, X;_| = (szlX,,l)_lthlX,,l = I(4x4). In the mean-
time, the first column of X;_; is 1, which means that :

(WO,]z +ee+ Wo,m)
WiXi—1 = | (Wi + -+ + WEmr)

(wo,1iESG1,—1 + .. + wouESGp—1)
(WESG,ltESG%Jfl +---+ WESGJ”ESG2 )

nt—1
(4x4)
1 0
= 0o 1 , (A6)
o (dxd)
which means that
WOl +  Wou = Yy wo,r = 1
WESG,1t + -+ + WESG = D img WEit =0
WESG,11ESG14—1 + -+ + WESGmuESGp—1 = 1 (A7)

wEsG1ESGY | + -+ + wesGuESGE,_; =0

That is, any combination in the diagonal like in equation (A7) is
1 and others 0. Then, the factor returns in equation (A4) can be
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* 1t
wo,1: - W02t Wo,nt oy
Iy =WiR = WE1t WE2 ° WEm .
I'nt
(Wo,16r1s + Wo2irae =+ - - WoniTnt) Jou
= | (WesGur +wesGara + - - WesGurnt) | = | FLESGs
(A8)
which then means:
WO, 1t + Wo.2r2 + - - WOt = for
(A9)

WESG, 1171t + WE2072t + * - WEnTnt = f1,ESGt

In sum, f; gsG, is always a zero-cost long-short portfolio consisted
of all the assets used in the cross section. In addition, the exposure of
Jk,ESG, tO ESGK is always 1, according to equation (A7).

To further study what constitute the ESG factor under the non-
linear setting, we expand the equation (A4) as:

=& X)X R,

1 1
ESGy -1 ESGp -1
= 2 2
ESG%!FI ESGSM*1
ESGy,_, ESG,
[ 1 ESGi.i ESG}, , ESG},_, T\ '
2 3
% 1 ESGy;—1 ESGz,t—l ESGZ,tfl
2 3
| 1 ESG.,-1 ESG,,, ESG,,
r 1 1
ESG;Fl ESGgJ,1 R
X
ESG%J_1 ESG,%J_l 4
L ESGy, ESG,
r n n
n D ESGii1 Y (ESGii1)?
i=1 i=1
n n n
> ESGi; Y (ESGii1)* Y (ESGis1)
— i=1 i=1 i=1
- n n n
> (ESGii-1)* Y (ESGir1)* ) (ESGii1)*
i=1 i=1 i=1
n n n
> (ESGii-1)® Y (ESGi )t Y (ESGii1)
Li=1 i=1 i=1
n - -1
> (ESGi;1)?
i=1
n
> (ESGii-1)*
i=1
n
> (ESGii-1)’
i=1
n
> (ESGi;1)®
i=1 .
1 1
ESG;Fl ESGgJ,1 R
X
ESGé),_1 ESG,%J_l 4
ESGU_1 ESG;U_1
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n

n
> (ESGii-1)?
Li=1

n
> (ESGii-1)?
i=1

n
> (ESGi-1)*
i=1

n
Y (ESGir-1)
i=1

n

> (ESGi;1)°

i=1

n

> (ESGi-1)?

i=1

n
> (ESGii-1)*
i=1

|

R. Yang et al.
n B n b
n Z it
> (ESGii-1)’ =
i=1
n 4 Z ESGi 11y Jor
D (ESGis-1) i=1 _ | J1ESGa
1 & | fEser | (Al0)
i= ) JESG,t
" S Y ESG},_yris J3.ESG.1
> (ESGis1) =1
i=1
> ESG],_iris
L i=1 .

Zf':l ESfot_l ri; means a portfolio whose weight is calculated
based on kth power of ESG scores (if k = 0, it is an equal-weighted
portfolio). From the above equation, we can see that both linear
and non-linear factors are a linear combination of Z?:l ESG{S,_ it
whose coefficient depends partly on the cross-sectional distribution
of the ESG score (e.g. 1 (ESGi;—1)?).
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