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Abstract
We propose a new method to estimate non-fundamental demand for green financial

assets based on the arbitrage activity of exchange traded funds (ETFs). By estimating
the monthly abnormal flows into environment-friendly ETFs, we construct a Green
Sentiment Index capturing shifts in investors’ appetite for environmental responsibility
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1 Introduction

Environmental considerations, especially those related to the pressing issue of climate change,

are playing an increasingly prominent role in financial markets.1 Factors driving this trend

include the manifestation of the adverse effects of climate change, the intensification of public

attention to environmental issues, and the general development in terms of environmental

policies and regulations.

Despite a growing emphasis on the importance of green finance by both practitioners and

policy-makers, our collective understanding on the influence of environmental concerns on

financial markets and corporate decisions remains limited. Several theoretical works indicate

that investors’ environmental preferences can affect asset prices and, in turn, corporate

behaviors (Heinkel, Kraus, and Zechner, 2001; Pástor, Stambaugh, and Taylor, 2020). From

an empirical perspective, however, identifying and studying the real impact of investors’

environmental preferences is challenging for at least two reasons. First, changes of such

environmental preferences are not easily observable and measurable to scholars. Second, it is

difficult to disentangle a change in environmental preferences from a change in expectations

about firm fundamentals (cash flows and uncertainties), which are obviously also influenced

by environment-related factors related, for instance, to regulatory risks.2

In this paper, we propose a novel method to estimate changes in investor taste for green

assets that addresses both problems. Our approach is based on the analysis of the arbitrage

1As of 2020, USD 40.5 trillions of assets were managed accounting for environmental, social, and
governance (ESG) factors screening, representing close to 25% of total managed assets in the US and 50% in
Europe. See http://www.gsi-alliance.org/trends-report-2018/.

2For instance, Krüger, Sautner, and Starks (2020) provide clear survey evidence that institutional
investors consider climate risks, particularly regulatory ones, to have material financial implications for their
portfolios.
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activity of Exchange Traded Funds (ETFs) -- i.e., the creation and redemption of shares in

the ETF primary markets, which leads to observable flows in or out ETFs -- that previous

works show to reflect non-fundamental information (Ben-David, Franzoni, and Moussawi,

2017; Brown, Davies, and Ringgenberg, 2020; Davies, 2020).3 Our main interest is on ETFs

with explicit environment-friendly features -- those that we define as ‘‘green ETFs’’.

Using data on a comprehensive sample of US equity ETFs from January 2010 through

June 2020, we estimate for each month the differential flows into green ETFs relative to

flows into conventional ETFs, net of the effects of other fund characteristics. We use the

estimated abnormal flows into green ETFs to build the Green Sentiment Index. We present

the details of the computation in Section 2.

We argue that the Green Sentiment Index reflects changes over time in investor taste for

green assets that are not motivated by fundamental information. We show that it differs

significantly from other proxies of attention to climate change used in the exant literature,

such as the Google search activity on ‘‘Climate change’’ (Choi, Gao, and Jiang, 2020; Ilhan,

Sautner, and Vilkov, 2021) and the news-based climate risk indexes adopted by (Engle,

Giglio, Kelly, Lee, and Stroebel, 2020). These measures are likely to reflect an undefined mix

of both fundamental and non-fundamental information related to climate and environmental

issues. The key advantage of the approach we propose is to allows to identify changes in

investor demand for environment-friendly assets that are not motivated by changes in firm

fundamentals. If they were, the value of ETFs’ underlying securities would have adjusted

3ETFs are more exposed to non-fundamental demand shocks than their underlying securities primarily
due to their different ownership structure, significantly more tilted towards retail investors. Given the
differences in ownership structure, non-fundamental demand shocks impact an ETF’s price differently from
the net asset value (NAV) of its underlying securities. The resulting wedge create an incentive for the ETF’s
Authorized Participants (APs) to create or redeem ETF shares, generating observable flows.
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accordingly, not causing the observed flows into green ETFs.

We use our Green Sentiment Index to establish two key results on the role of investor

environmental taste. First, in Section 3, we study how green sentiment influences the value

that investors attach to corporate environmental responsibility as priced by stock markets.

We use the environmental score from the ESG data provider Sustainalytics as Engle, Giglio,

Kelly, Lee, and Stroebel (2020) (EGKLS hereafter). We find that a one-standard-deviation

higher green sentiment is associated with an out-performance of a one standard-deviation more

environmentally responsible firm of approximately 30 basis points over a one-month horizon

and 60 basis points over a six-month horizon, net of the effects of other firm characteristics

and sector.

Importantly, the effect of green sentiment is independent from, and additional to, the

effect of the news-based climate risk index used by EGKLS. Indeed, both the EGKLS’s

climate risk measure and green sentiment predict an out-performance of environmental

responsibility, but for different reasons. While the former also predicts a positive revision in

analysts’ earnings forecasts on environmentally responsible firms, green sentiment does not,

further confirming the validity of our approach for our empirical purposes.

Second, in Section 4 we use the Green Sentiment Index to study the effects of investor

environmental preferences on real corporate decisions. We find that in quarters with higher

green sentiment, environmentally responsible firms increase both their capital investments

and cash holdings. A one-standard-deviation higher green sentiment is associated with

0.21% higher capex and 0.27% higher cash holdings (5% and 3% relative increase) for

one-standard-deviation higher environmental score.

The ‘‘real impact’’ of green sentiment is, however, heterogeneous across firms on the basis
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of their access to credit, as proxied by their credit rating. In particular, the influence of

green sentiment on capex is focused on low- (non investment grade) and medium-rated firms

(‘‘BBB’’, ‘‘BBB+’’, and ‘‘BBB-’’, based on the S&P scale). Conversely, the influence on cash

holdings is focused on low-, and to a less extent, high-rated firms. These results confirm the

importance of financial frictions in mediating the impact of responsible investing on firm

behavior.

Our paper contributes to three strands of research. First, we add to the literature on

the effects of environmental preferences on financial markets. Several theoretical works

suggests that investors’ preferences for green assets affect stock prices (Heinkel et al., 2001;

Fama and French, 2007; Gollier and Pouget, 2014; Landier and Lovo, 2020; Luo and Balvers,

2017; Oehmke and Opp, 2020; Pástor et al., 2020; Pedersen et al., 2020; Zerbib, 2020). In

particular, the model in Pástor et al. (2020) predicts that green assets should over-perform

following unexpected upward shifts in investors’ environmental preferences (even though, in

equilibrium, green assets have lower expected and realized returns -- the opposite of what

happens with traditional ‘‘sin stocks’’, Hong and Kacperczyk, 2009). However, from an

empirical perspective, identifying those shifts is far from obvious. Approaches based on

climate-related attention and news-based measures (e.g., Choi et al., 2020; Engle et al., 2020;

Huynh and Xia, 2020) are likely to partially or primarily reflect the arrival of new fundamental

information, not changes in environmental preferences.4 The ETF-based approach that we

propose has the advantage to specifically capture shifts in investor taste for green assets

4Other recent works analyzing news-based measures of attention to climate change include Bessec and
Fouquau (2020), Faccini et al. (2021), and Santi (2020). Other papers propose to capture firm-level exposures
to climate risks -- but not changes in investor environmental preferences -- based on the text analysis of
corporate earnings calls (Sautner et al., 2020; Li et al., 2020) or adopting machine learning techniques on
annual reports (Bingler et al., 2021).
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that are not driven by firm-fundamental considerations. In addition to this methodological

contribution, our paper applies the proposed approach to shed new light on the effects of

investor environmental preferences on firm value and real corporate decisions, confirming

some key predictions of theory (Pástor et al., 2020) and contributing to the flourishing

empirical literature on climate finance (e.g., Anderson and Robinson, 2020; Bartram et al.,

2020; Bolton and Kacperczyk, 2021a,b; Ceccarelli et al., 2021; Choi et al., 2020; Ilhan et al.,

2021; Pankratz and Schiller, 2019; Ramelli et al., 2021).

Second, we contribute to the literature on the effects of investor sentiment(s). Several

papers identify a significant role of sentiment in influencing both the stock market overall and

the cross-section of stock returns (e.g., Baker and Wurgler, 2006; Ben-Rephael et al., 2012;

Qiu and Welch, 2004; Lemmon and Portniaguina, 2006; Stambaugh et al., 2012). Sentiment

is also known to affect firms’ financing and investment decisions (Baker and Wurgler, 2000;

Henderson et al., 2006; Kim and Weisbach, 2008). Da et al. (2015) measures market-level

sentiment based on Google search behavior. They are of course different types of investor

sentiment. For instance, Baker et al. (2012) and Ben-Rephael et al. (2019) study the effects

of foreign sentiment. We contribute to this literature by measuring and studying a new

class of investor sentiment, the one pertaining to environment-related considerations. Again,

the main advantage of our approach based on ETF is its ability to controls for changes in

expectations about firm fundamentals. By studying how green sentiment influences corporate

decisions, we also link to the debate on the real effects of financial markets (e.g., Morck et al.,

1990; Luo, 2005; Bakke and Whited, 2010; Bond et al., 2012; Dessaint et al., 2019).

Finally, the paper also contributes to the growing literature on ETFs. Although ETFs

represent one of the most important financial innovation of the last decades, research on
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this market remains relative scarce. Ben-David et al. (2017) provides an interesting review

of the early literature. Ben-David et al. (2018) show that the arbitrage mechanism of

ETFs propagate liquidity shocks to the underlying securities, increasing their volatility.

Glosten et al. (2021) find that ETF activity increases informational efficiency for stocks

with weak information environments and imperfectly-competitive equity markets. Ben-David

et al. (2021) find that specialized ETFs compete for flows by catering to the attention of

unsophisticated investors, and deliver negative risk-adjusted returns. Rather than studying

the direct effects of ETFs, in our paper we exploit their unique arbitrage mechanism to

proxy a market sentiment. Works applying a similar approach are Brown et al. (2020) and

Davies (2020). Brown et al. (2020) show theoretically and empirically that the creation

and redemption of ETF shares provide observable signals of non-fundamental pressure on

prices. Davies (2020) exploits the arbitrage activity of leveraged ETFs to build a ‘‘speculation

sentiment index’’ proxying for the magnitude and direction of speculative demand shocks. In

a similar spirit, we exploit the arbitrage activity on green ETFs to proxy for the magnitude

and direction of non-fundamental demand for green financial assets. Given the popularity of

these financial products among retail investors, they are particularly likely to reflect non-

fundamental demand pressure for environment-friendly assets. Our paper aims at providing

insight on the desirable and undesirable consequences of green sentiment.
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2 Identifying green sentiment from ETF arbitrage ac-

tivity

This section presents the proposed methodology to identify green sentiment based on ETF

flows, describes the data used in the empirical investigation, and illustrates the main properties

of the estimated Green Sentiment Index.

2.1 Empirical strategy

Exchange-traded funds (ETFs) are pooled investment vehicle that track an index or a basket

of underlying securities. They represent one of the most important financial innovations of the

last decades. As year-end 2020, the ETF market had more than USD 7.9 trillion of assets under

management worldwide, with 69% concentrated in the approximately 2,200 ETFs domiciled

in the US (Investment Company Institute, 2021). ETFs account for approximately 18% of

all assets managed by US investment companies, progressively eroding the space traditionally

held by mutual funds. 5 The ETF market is also very liquid, with an average trading equal

to approximately 26% of the trading of US securities (Investment Company Institute, 2021).

We refer to Ben-David et al. (2017), Lettau and Madhavan (2018), Ben-David et al. (2018),

and Pagano et al. (2019) for a more comprehensive overview on ETFs and some of their

documented effects on financial markets.

A key feature of ETFs is their arbitrage mechanism. In the secondary market, ETFs are

traded like ordinary stocks, without involving any trading of the underlying securities. The

5See, e.g., Bloomberg, ‘‘Mutual funds bleed $469 billion as ETFs triumph in zero-sum 2020’’, December
13, 2020.
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price at which an ETF is exchanged can freely deviate from the asset-weighted net asset

value (NAV) of the underlying securities. This potential mis-pricing is corrected by the

activity of third party arbitrageurs -- known as the ‘‘authorized participants’’ (APs) -- which

can demand the ETF to issue or redeem shares, causing observable flows of capital into or

out the ETF.

Brown, Davies, and Ringgenberg (2020) show theoretically and empirically that ETF

arbitrage activities reflect non-fundamental demand. The main reason for this result is that

ETFs have an ownership structure that is usually quite different from the ownership of the

underlying securities, with a larger component of retail (non-sophisticated) investors. Given

the difference in ownership structure, non-fundamental demand shocks are likely to affect

the price of ETF more than the value of its underlying securities. The resulting mispricing

between the ETF and the NAV (a premium or a discount) incentivizes APs to create or

redeem ETF shares in the primary market, causing observable ETF flows. These flows --

contrary to the flows in, e.g., mutual funds -- reveal the presence of non-fundamental demand

shocks, otherwise hard to disentangle from the effect of new fundamental information.

Our main intuition is to exploit the unique features of the ETF market, in the spirit of

Brown, Davies, and Ringgenberg (2020) and Davies (2020), to measure changes in green

non-fundamental demand, i.e., investors’ appetite for environmental responsibility not yet

incorporated in the values of the underlying assets. We do that by studying the primary

market of ‘‘green’’ ETFs, i.e., ETFs allowing environmentally-conscious investors to replicate

a basket of environmentally-responsible securities.

Investors’ appetite for ESG investments has been growing rapidly in recent years. Assets

under management of ESG-focused funds worldwide have risen from some USD 340 billions

8



in 2015 to over USD 1.6 trillions in 2020. The size of US-domiciled ESG funds market has

doubled since 2015, and now accounts for over 230 billions, with over 15% in the form of

ETFs (Morningstar, 2020). As for sustainable funds, the size of the green ETF market has

grown tremendously. The US-segment of the green ETF market was for example multiplied

by 3.6 between January 2015 and June 2020 (from USD 1.1 to 4.1 billions).

The main assumption behind our approach is that the demand for green ETFs is more

sensitive to non-fundamental information than the demand for individual stocks. There are

good reasons to believe this assumption to be true. In general, ETFs are predominantly

used by retail investors (Ben-David et al., 2017; Brown et al., 2020; Ben-David et al., 2021),

with an average institutional ownership significantly lower than the institutional ownership

of individual stocks. Following Stambaugh (2014)’s argument that uninformed traders are

mostly present among retail investors, this suggests a higher density of liquidity traders in

the ETF investor base.

This is even more true for specialized products such as green ETFs, particularly appealing

to retail and sentiment-driven investors (Ben-David et al., 2021). The average share of

institutional ownership of the green ETFs in our sample is 31%, significantly lower than for

conventional equity ETFs (49%). The dominant presence of retail investors, combined with

the fact that, like for other ETFs, green ETFs can be used by institutional investors to gain

a short-term exposure to the green segment of the market, may contribute to make green

ETFs more sensitive to non-fundamental demand shocks than the underlying green securities.

A shock related to an exceptionally high demand for green investment can give rise to a

relative mis-pricing, and the subsequent creation or redemption of ETF shares to correct it.

The segmentation of investors between green ETFs and the underlying green stocks’ markets
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is likely to create a wedge (a premium or discount) between the price of green ETFs and the

value of the underlying securities, triggering a change in flows to green ETFs.

To measure the creation/redemption activity by APs in the ETF market, we define

Flowsi,t as the monthly percentate change in ETF shares outstanding for fund i at time t :

Flowsi,t =
SharesOutstandingi,t
SharesOutstandingi,t−1

− 1

We measure green sentiment as the differential inflows in green ETFs (non-fundamental

demand on green ETFs) compared to the inflows of other ETFs, net of the effects of other

observable ETF characteristics. Specifically, for every month in our sample, we run the

following T cross-sectional regressions of monthly ETF flows:

Flowsi,t = ct + γt ×GreenETFi,t + δt × controlsi,t + εi,t,∀t (1)

where GreenETF is a indicator for green ETFs and controls is a vector of ETF character-

istics: past month ln(NAV), return and volatility.6 We define the standardized time series of

estimated coefficients on GreenETF as our Green Sentiment Index.

2.2 Data

For all equity ETFs domiciled in the US, we retrieve survivorship-bias-free data (shares

outstanding, volume traded, net asset value, last price and the percentage of institutional

6As a robustness check, we added several additional characteristics in the regressions, such as ETF age
(number of years since inception), percentage of institutional ownership, net expense ratio, creation fee and a
dummy for levered ETFs. As an additional robustness check, we also used weighted least squares (WLS)
regressions where observations were weighted by ETFs AUM, with similar results.
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ownership) from Bloomberg.7 We identify a total of 3,887 individual ETFs (of which, 406

are exchange traded notes, ETN) over the period from January 2010 through June 2020.

From Morningstar Direct, we obtain information on ETFs’ categories, keeping only funds

classified as ‘‘equity funds’’ and dropping funds investing exclusively outside the US and

long/short equity funds.8 We also retrieve the following additional information from the

ETF Global dataset: inception date, net expenses, creation fees, and whether the fund is

levered or not. The final sample includes 1,195 individual ETFs.

Table 1 displays summary statistics for our sample of ETFs over the period from January

2010 through June 2020. The average AUM is close to USD 2 billions and the average

number of shares outstanding is USD 31 billions. Both distributions are highly skewed

to the right, confirming the very high concentration of the ETFs market (Pagano et al.,

2019). Monthly flows represent on average 2% of the total number of shares outstanding.

Interestingly, equity ETFs appear to be equally used by institutional and retail investors,

with an average institutional ownership of approximately 49%. Importantly, this institutional

ownership is significantly lower than the average institutional ownership of individual stocks

(approximately 65%). The average net expense ratio is 46 basis points and creation fee 1,588

USD. Less than 1% of the ETFs in our sample are levered.

[Table 1 here]

A critical choice in our empirical investigation is how to identify ‘‘green ETFs’’. We

classify as green those ETFs whose names include one of the following keywords: ‘‘climate’’,

7Bloomberg is recognized as the most accurate source for ETF data (Ben-David et al., 2018).
8More precisely, we drop the following categories: Europe Equity Large Cap, Japan Equity, Latin

America Equity, Asia ex-Japan Equity, Asia Equity, Global Emerging Markets Equity, Greater China Equity,
Canadian Equity Large Cap, Africa Equity, Thailand Equity, India Equity, Korea Equity, Mexico Equity,
Australia & New Zealand Equity, Long/Short Equity.
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‘‘carbon’’, ‘‘clean’’, ‘‘solar’’, ‘‘fossil’’, ‘‘renewable’’, ‘‘environment’’, ‘‘wind’’, ‘‘ecological’’,

‘‘green energy’’, ‘‘progressive energy’’. In addition, we perform a manual check on the names

and the prospectus of ETFs to ensure not to omit any additional funds with explicit and

salient environmentally-conscious features.We identify a total of 23 green ETFs, listed in

Table 2.

[Table 2 here]

Importantly, among the identified green ETFs, only one ETF is not classified as ‘‘sus-

tainable’’ on the Morningstar Direct platform. The largest green fund is the iShares Global

Clean Energy, with USD 721 millions of assets under management as of June 2020. The

oldest fund, Invesco WilderHill Clean Energy, was created in 2005.

As of June 2020, the total assets under management for green ETFs is above USD 4

billions. The size is relatively small compared to conventional equity ETFs (more than USD

4,000 billions), but it has been rapidly growing, with assets under management more than

double over our sample period, as shown in Figure 1.
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Figure 1: Evolution of Green ETFs’ Assets Under Management
This graph presents the evolution of the aggregate assets under management (AUM, in USD
billions) of green ETFs domiciled in the US over the period from January 2010 through June
2020.

2.3 The Green Sentiment Index

We here compare the ETF-flows-based Green Sentiment Index estimated based on Equation

1 to two measures of climate-related attention/risk proposed in the existing literature: the

‘‘Crimson Hexagon negative climate news’’ index proposed by EGKLS (and then employed

also in Huynh and Xia, 2020 and Ceccarelli et al., 2021) and the Google search volume index

(SVI) for the topic ‘‘climate change’’ used, for instance, in Choi et al. (2020) and Ilhan et al.

(2021).

The negative climate news index of EGKLS is particularly interesting for our purposes

because it is meant to proxy climate risk, that is climate-related fundamental information.9

9EGKLS obtain this index from the data provider Crimson Hexagon (CH). The index represents the share
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Our Green Sentiment Index aims at capturing the opposite side of the demand for green

financial assets, i.e., that not related to fundamental considerations. The Google SVI is a

good proxy for the level of public attention on specific topics, climate change in our case, and

it is therefore likely to reflect a mix of both fundamental and non-fundamental information.

Figure 2 plots the three indexes, all standardized to facilitate a comparison. We observe

quite different patterns over time. All the three indices spike around the signature of the

Paris Agreement in December 2015, but we a slightly different timing. Google climate

SVI and Green sentiment reflect the rising awareness on climate change in more recent

years (especially after 2018). Interestingly, Green sentiment also spikes in early 2020 in

correspondence with the COVID-19 crash.10

of all news articles in major outlets that are both about ‘‘climate change’’ and have a ‘‘negative sentiment’’
as categorized by CH. The index is available from January 2008 through May 2018. We thank Stefano Giglio
and Johannes Stroebel for making these data available on their websites.

10We interpret this evidence as suggesting that the increased investor attention to environmental issues
following the outbreak of the pandemic -- that extant research have identified also in terms of stock-price
(out-)performance of firm environmental responsibility (Albuquerque et al., 2020; Pástor and Vorsatz, 2020;
Garel and Petit-Romec, 2021) -- is not primarily driven by fundamental information and the behavior of
institutional investors.
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Figure 2: Evolution of the Green Sentiment Index
This graph plots the evolution of various indexes of climate sentiment, all standardized.
Green sentiment is the standardized Green Sentiment Index computed based on specification
(1). Negative climate news is the standardized negative climate news index proposed by
Engle et al. (2020). Google climate SVI is the Google search volume index for the topic
‘‘climate change’’ in the US.
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Table 3 shows the pairwise correlation between the three indexes. As expected, Green

sentiment correlates positively with Google climate SVI (0.29, p < 0.001) but it correlates

negatively with EGKLS’ Negative climate news (-0.28, p < 0.01). Google climate SVI and

Negative climate news do not significantly correlates with each other (0.08, p > 0.1).

[Table 3 here]

Overall, this descriptive evidence supports the claim that the Green Sentiment Index

captures investor demand for green assets not driven by hedging-climate-risk purposes or

changes in expectations about firms’ fundamentals. If it were -- reflecting, for instance, the
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potential benefit of green ETFs in facilitating ‘‘price discovery’’ after fundamental shocks

(Glosten et al., 2021) -- we would have observed a positive correlation with news-based

climate risk measures capturing the arrival of financially material information.

In the next sections, we investigate what are the effects of this type of investor sentiment

on both firm value and corporate behavior.

3 Effects of green sentiment on stock returns

In this section, we use the Green Sentiment Index to shed light on the channels behind the

effects of corporate environmental responsibility on stock prices. The theoretical literature

on responsible investing predicts that shifts in investor environmental preferences should

be followed by a decrease in the cost of capital of more environmentally-responsible firms

(Heinkel et al., 2001; Fama and French, 2007; Pástor et al., 2020). Our approach to measure

green sentiment provide a powerful tool to empirically test whether this is really the case,

net of the effects of changes in expectations about firm fundamentals.

3.1 Data

We retrieve monthly stock prices for common shares listed on US major stock exchanges

(NYSE, NYSE Arca, AMEX, and NASDAQ) from January 2010 through June 2020, from

the Compustat Capital IQ North America Daily database. We adjust prices for dividends

through the monthly multiplication factor and the price adjustment factors provided by

Compustat. In cases of dual listings, we keep only the firm’s security with the highest market

capitalization. For every month, we trim returns at the 1th and 99th percentiles to reduce
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the impact of outliers. We also use monthly returns to compute buy-and-hold returns in

windows of up to 6 months (e.g., Cumulative return t+6 ).

For each stock, we estimate the Market beta from regressions of monthly returns in excess

of the 1-month Treasury-bill rate on the excess market return using a 36-month moving

window, when at least 24 months of non-missing returns are available. We use the excess

returns on the market factor available from Kenneth French’s website. For each stock-month

observation, we also compute Momentum as the average individual stock return from month

t-12 to t-2, as in Bessembinder et al. (2019).

From Compustat, we also retrieve the following firm annual accounting characteristics:

Leverage (long-term debt plus debt in current liabilities, divided by total assets, in percentage

points: (dltt + dlc) × 100/at), Size i.e. Log(market cap) (ln(prcc f × csho)), Book-to-market

(book value of equity divided by market valuation: ceq/(prcc f × csho)), and Profitability

(annual income before extraordinary items over total assets: ib×100/at).

We merge the above Compustat data with the firms’ ESG scores from Sustainalytics,

which are also employed in EGKLS.11 To facilitate the economic interpretation of the results,

we standardize the environmental scores from Sustainalytics to have mean 0 and unit standard

deviation. As an alternative proxy for environmental responsibility, we compute the firms’

environmental score using the MSCI KLD database.12 Specifically, ENV (kld) is defined as

the fraction of covered environmental ‘‘strengths’’ indicators equal to one minus the fraction

of covered environmental ‘‘concerns’’ indicators equal to one, following a common practice in

11Given that the Sustainalytics scores at our disposal are available for the period from 2010 through 2017,
we expand the latest available score through June 2020, relying on the stickiness of ESG scores.

12The MSCI KLD dataset, which we access through WRDS, provides a series of dummy variables indicating,
for each firm and year, the presence of strengths or concerns on several environmental, social, and governance
factors.
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the ESG literature (e.g., Krüger, 2015; Lins et al., 2017).

We end up with a sample of approximately 98,000 firm-month observations from January

2010 through June 2020 with available stock returns, accounting information, and environ-

mental score. Table 4 reports descriptive statistics of the main variables used in our analyses.

We omit a detailed discussion of these statistics for the sake of brevity.

[Table 4 here]

3.2 Main results on stock returns

Table 5 reports the result of OLS regressions of individual stock returns on the interaction

between the Green Sentiment Index and the firm’s environmental score, as well as standard

firm characteristics (Leverage, Market beta, Log(market cap), Book-to-market, Profitability

and Momentum).13 The regressions also include sector fixed effects based on the GICS

industry group classification (comprising a total of 26 industries). We cluster standard errors

at the firm level to control for the correlation of residuals across firms.14

[Table 5 here]

The coefficient of interest is on the interaction between Green sentiment and the firm’s

environmental performance, Env score. We observe that in months with a one-standard-

deviation higher green sentiment, firms with one-standard-deviation stronger environmental

13We control for firm characteristics instead of a stock’s estimated loadings on the size, value, and quality
factors following Kelly et al. (2019) and Bessembinder et al. (2019). However, we obtain very similar results
when controlling for factor loadings instead of firm characteristics, or even using model-adjusted returns on
the left-hand side of the regressions.

14As discussed in Section 3.5, our findings remain statistically significant even when double-clustering
standard errors both at the firm and time dimensions (Petersen, 2009; Thompson, 2011). We present our main
results clustering at the firm level because, given the relatively short period analyzed, clustering standard
errors (also) at the time dimension risks to be excessively restrictive.
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performance experience 8 basis points higher return (Column 1 of Table 5). The effect is

statistically significant, but economically small. We interpret this result as indicating that

the pressure on the price of environmentally-responsible shocks caused directly by green

ETFs’ arbitrage activity -- a channel similar to the one documented in Ben-David et al.

(2018) -- is, in our setting, limited. Indeed, not all environmentally-responsible firms are

included in green ETFs and hence directly affected by their arbitrage activity.

When looking at the effect in t+1 (column 2), we find that green sentiment predicts a

strong out-performance associated with a firm’s environmental responsibility. One-standard-

deviation higher green sentiment leads to approximately 30 basis point per additional standard

deviation of environmental responsibility. The effect is highly statistically significant.

Interestingly, the effect does not appear to revert in following months (columns 3 to

7). It slightly increases in magnitude through t+4 and remains stable in t+5 and t+6.

One-standard-deviation higher green sentiment in t leads to an out-performance of one-

standard-deviation more environmentally-responsible firms approximately equal to 0.59%

through t+6. Figure 3 illustrates the evolution of this effect using cumulative returns through

t+12. Even when looking at such extended time frame, we do not observe any reversal of the

price effect.
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Figure 3: Effect of Green Sentiment on the pricing of corporate environmental
responsibility
This figure shows the evolution of the estimated effect of the interaction between the Green
Sentiment Index and the firm’s environmental score on cumulative returns, using the same
regression specification as in Table 5 (which controls for leverage, market beta, size, book-to-
market, profitability, momentum, and sector). The cumulation of returns starts at month 0.
The dashed lines indicate 90% confidence intervals based on standard errors clustered at the
firm level.
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One may have expected the stock-price effects of green sentiment to be only temporary, as

for other forms of investor sentiment (Baker and Wurgler, 2006). However, as also noticed in

Pástor et al. (2020), shifts in green tastes, although not driven by fundamental considerations,

are likely to be persistent and, hence, drive a long-lasting effect on stock prices.

3.3 Green sentiment vs. climate risk

We here conduct three tests further supporting the claim that the effect of green sentiment on

the value of corporate climate responsibility is not driven by new fundamental environment-

related information.

First, in Table 6 we split the sample period between before and after the United Nations
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Framework Convention on Climate Change (UNFCCC) Paris Agreement signed in December

2015. Previous works document that the Paris Agreement significantly increased the salience

and materiality of climate transition risks for institutional investors (Bolton and Kacperczyk,

2021b; Delis et al., 2019; Seltzer et al., 2021). We expect the effect of green sentiment to

be independent from such an important regulatory development. Table 6 shows that this is

actually the case: Green sentiment mediates the value of environmental responsibility both

before and after the Paris Agreement.

[Table 6 here]

Second, in Table 7 we re-run our regressions of individual stock returns by also including

the interaction between the environmental score and the negative climate news index of

EGKLS, aimed at capturing variation in (perceived) climate risk (the sample is reduced

because the EGKLS’ measure is available only through May 2018). Even when accounting

for news-based climate risk, green sentiment is associated with a significant increase in the

value of corporate environmental responsibility. We observe that the negative climate news

measures has important effects on stock prices, in line with what documented by EGKLS. The

results are particularly striking when recalling that Green sentiment and Negative climate

news correlate negatively with each other (see Table 3), suggesting that they impact stock

prices through different channels.

[Table 7 here]

Third, we shift our attention from stock prices to analysts’ earnings forecasts, which are

meant to reflect changes in cash flows expectations (Brown and Rozeff, 1978). Although
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stock prices and forecast revisions are generally highly positively correlated (Kothari et al.,

2016), we expect green sentiment to drive a divergence of the two dimensions, i.e., to cause

an increase in stock prices that is not accompanied by a positive update of earnings forecasts.

For this exercise, we retrieve data on earnings forecasts from the IBES Summary Statistics

database, which provides snapshots as of the day before the third Friday of each month of

individual firms’ expected earnings per share (EPS) at different horizons. For each firm-month

observation, we compute the monthly change in average earnings forecasts, ∆ EPS forecast,

at 1-, 2-, and 3-year horizons as done, e.g., in Landier and Thesmar (2020).15

[Table 8 here]

Table 8 shows the results of OLS regressions of forecast revisions between months t and

t+1 on green sentiment in month t interacted with firms’ environmental scores, controlling for

firm characteristics, as well sector and month fixed effects. The regressions also include the

interaction between the environmental score and the EGKLS’ negative climate news index.

As expected, green sentiment does not appear to have any explanatory power on the revisions

of earnings forecasts, despite its effects on stock returns. Conversely, the EGKLS’ negative

climate news index is associated with a statistically significant increase in the average forecast

at the 2-year and 3-year horizons.

15Specifically, for each horizon h and firm i, we compute the earnings revisions as ∆EPSforecasti,h =
Et+1[EPSi,h]−Et[EPSi,h]

Et[EPSi,h]
× 100, when Et[EPSi,h] > 0. We trim the resulting values at the 1st and 99th

percentiles. The horizon is computed on the basis of the distance between the forecast’s statistical period
(variable ‘‘statpers’’) of the end date of the accounting period covered by the forecast (variable ‘‘fpedats’’): 1
year (fiscal year ending between 1 and 12 months after the forecast’s statistical period), 2 year (fiscal year
ending between 1 and 2 years after the forecast’s statistical period), 3 year (fiscal year ending between 2 and
3 years after the forecast’s statistical period).
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3.4 Green sentiment vs. ETF price pressure

Throughout the paper, we use the observed abnormal flows into green ETFs as a proxy

for market-wide levels of green sentiment. In particular, we claim that the observed stock-

price effect of green sentiment is the result of market-wide changes in investor appetite for

environmental responsibilities, and not merely of the price pressure exerted by the arbitrage

activity of green ETFs, the type of propagation mechanism identified by Ben-David et al.,

2018.

To rule out

[Table 9 here]

3.5 Additional robustness checks

This subsection investigates the robustness of the stock-price effects of green sentiment in

four relevant dimensions.

First, Appendix Table A1 shows that our estimates remain statistically significance even

when we double-cluster standard errors at the firm and the month levels to allow for potential

correlation of residuals across both dimensions (Petersen, 2009; Thompson, 2011).16

Second, Appendix Table A2 shows that our results are robust to including month

fixed effects to account for potential effect of macroeconomic conditions on the pricing of

environmental responsibility.17 Notice that in these regressions the direct effect of Green

sentiment is absorbed by the month indicators.

16With this double-clustering, the specification nests the classical Fama-MacBeth procedure (Fama and
MacBeth, 1967) which controls for time effect in the correlation of residuals, but not for potential firm effect.

17For instance, Bansal et al. (2018) argue that stocks of socially-responsible firms outperform in good
economic times, whereas Lins et al. (2017) and Albuquerque et al. (2020) provide evidence that stocks of
socially-responsible firms performance relatively well in crisis times.
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Third, given the diffuse concerns on the disagreement between ESG scores from different

providers (Berg et al., 2020; Gibson et al., 2020), in Appendix Table A3 we replicate our results

using the alternative definition of environmental responsibility based on the MSCI KLD

dataset (Env score (kld)).18 Note that in these regressions the sample is considerably larger

given the broader coverage offered by the MSCI KLD database. Despite these differences,

we obtain regression estimates that are statistically and economically similar to the ones

obtained with our main proxy of environmental responsibility.

4 Effects of green sentiment on corporate behavior

One of the most common narratives in the ESG industry is that sustainable investing can

trigger positive societal change by influencing a firm’s cost of capital, which in turn should

allow more socially-responsible firms to make more and better investments than other firms.

The above ‘‘financing channel mechanism’’ of responsible investing is identified and

discussed in several theoretical works (Heinkel et al., 2001; Pástor et al., 2020; Oehmke and

Opp, 2020; Landier and Lovo, 2020; De Angelis et al., 2020), but related empirical evidence

remains scarce. In this section, we exploit the properties of our ETF-based Green Sentiment

Index to shed light on the effects of investor non-fundamental demand for green assets on

corporate behavior.

18In our sample, the environmental scores from Sustainalytics and from MSCI KLD have a correlation of
.58, statistically significant at 1% level.
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4.1 Main results on corporate behavior

We focus on two important corporate decisions: investment and saving, and we examine the

impact of green sentiment on the level of capital investments and the level of cash holdings,

useful for precautionary (Bates et al., 2009; Almeida et al., 2014) and repurchase motives

(Wang and Nyborg, 2020), but also to finance future investment (Bolton et al., 2013).

Based on the Compustat Accounting Quarterly database, we compute the variable

Capex/PPE as capital investments scaled by lagged Property, Plant and Equipment, in

percentage (capexq × 100/L1.ppentq) and the variable Cash/Assets as cash holdings over

total assets (chq×100/atq).19 We trim both variables at 1-99 percentiles to control for

extreme values. For the purposes of this analysis, we bring our data from the monthly to the

quarterly level. Summary statistics on Capex/PPE and Cash/Assets are reported in Table 4.

In Table 10, we report the results of OLS regressions of quarterly capex (column 1) and

cash holdings (column 2) on the average quarterly green sentiment, the firm’s environmental

score, and the interaction of the two. The regressions also control for firm characteristics

and sector fixed effects (we obtain similar results when also adding quarter fixed effects,

absorbing the direct effect of the green sentiment index). Standard errors are clustered at

the firm level to account for the correlation of error terms across firms.20

The results indicate that a higher green sentiment in a given quarter is associated with

higher capital investments and accumulation of cash for more environmentally responsible

firms, consistent with the idea that firms make more investment and hold larger cash balances

19We normalize capex by lagged property, plant and equipment following Dessaint et al. (2019). However,
our results are robust to normalizing capex by lagged total assets.

20The estimated coefficients remain statistically significant even if we double-cluster standard errors at
both the firm and quarter levels (Petersen, 2009; Thompson, 2011).
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when access to funds is easier (e.g. Dittmar et al., 2003). The effect is economically important:

A one standard deviation higher green sentiment is associated with 0.26% higher capex and

0.27% higher cash holdings for a one standard deviation higher environmental score (compared

to an average capex of 9% and cash holdings of 4%, this represents respectively a 5% and 3%

relative increase).

[Table 10 here]

4.2 Heterogeneity across credit ratings

Which firms are more influenced by green sentiment? The existing literature suggests that

managers of more equity-dependent / credit-constrained firms are more likely to be influenced

by stock prices in their decision making (Baker et al., 2003; Hau and Lai, 2013). We

expect this principle to apply also in the context of the real impacts of responsible investing.

Intuitively, the effects of green sentiment on corporate decisions should vary with a firm’s

ability to raise funds outside the stock market.21

To test for the heterogeneity of the effect of green sentiment on real corporate decisions,

we split our sample on the basis of corporate credit rating, which we use a proxy of the firm’s

ability to access external capital on the credit markets. We retrieve corporate long-term

S&P credit ratings from Bloomberg, and we classify them in three groups: Low credit rating

< ‘‘BBB-’’ (non-investment grade); Middle credit credit = ‘‘BBB’’, ‘‘BBB+’’, ‘‘BBB-’’; High

credit rating = ‘‘A’’,‘‘A+’’,‘‘A-’’,‘‘AA’’, ‘‘AAA’’,‘‘AA-’’,‘‘AA+’’.

Table A4 in the Appendix shows the number of firms × quarters with above- and below-

21For instance, the model in Landier and Lovo (2020) suggests that in order for ESG funds to force
companies to partially internalize externalities it is necessary to have significant frictions in financial markets.
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median environmental score in each of the three credit rating groups. Not surprisingly,

we observe a positive correlation between environmental responsibility and credit ratings,

consistent with the evidence in Seltzer et al. (2021). For instance, we find that firms with a

high environmental score have a likelihood of 34% to also have a high credit rating, versus

only 16% among firms with low environmental score.22

Table 11 shows the heterogeneity of the effects of green sentiment on firm behavior along

the credit credit. We obtain two intriguing results.

First, in Panel A, we find that the effect of green sentiment on capital investment is

concentrated in firms with low and medium credit ratings. No significant effect is observed for

high-credit-rated companies. This result is consistent with the idea that less equity-dependent

firms are less influenced by stock prices in making investment decisions (Baker et al., 2003).

Our results indicate that these firms are also less likely to be influenced by green sentiment.

Second, in Panel B, we observe that the effect of green sentiment on cash holdings is

primarily driven by the sub-samples of low- (and to a less extent high-rated firms), consistent

with the idea that cash holdings are more valuable for financially constrained firms (Denis

and Sibilkov, 2010). Conceivably, these firms take advantage of green sentiment to increase

their precautionary buffers.

[Table 11 here]

22Indeed, the environmental score even correlates positively with the likelihood of having the credit
rating available in the first place, causing Table A4 to show relatively more firms with an above-median
environmental score.
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5 Conclusion

In the recent decade, environmental considerations have gained a central-stage role in shaping

the debate in global financial markets, a trend that is set to continue for many years to

come. How are changes in environmental preferences influencing the allocation of capital

in the economy and the behavior of firms? This question is a key policy issue, as many

policy-makers and regulators worldwide expect the re-direction of capital market financing

from ‘‘brown’’ to ‘‘green’’ activities to have a decisive impact in reducing carbon emissions

(e.g., Lagarde, 2021).

Studying the effects of investors’ environmental preferences on economic outcomes is

an empirical challenge due to entanglement between fundamental factors and investors

preferences in driving firm value. In this paper, we proposed a new method to estimate

changes in investors’ non-fundamental demand for green assets. The method exploits the

unique arbitrage mechanism of ETFs’ primary market, that the existing literature shows

to be influenced by non-fundamental demand shocks due to differences in the ownership

structure of ETFs compared to the underlying securities (Ben-David et al., 2017; Brown

et al., 2020). Specifically, using a comprehensive sample of US ETFs over the period from

January 2010 through June 2020, we estimate the monthly excess flows into ETFs with

explicit environment-friendly features (green ETFs) relative to other comparable conventional

ETFs. The time series of these abnormal green flows -- what we named the Green Sentiment

Index -- quantifies the direction and magnitude of changes in investors’ appetite for green

financial assets not priced in the value of the underlying securities.

After establishing the difference between our index and other climate-related measures
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used in the literature, we study the effects of green sentiment on the pricing of corporate

environmental responsibility in the stock market and on corporate decisions. Using a sample

of US firms over the period January 2010 to June 2020, we establish two key results.

First, we show that a higher green sentiment is associated with a stock-price out-

performance of environmentally responsible firms. A one-standard-deviation higher green

sentiment in month t is followed by approximately 30 basis points higher returns in t+1

for one-standard-deviation higher environmental score. The estimated out-performance

considering returns through in t+6 is 60 basis points. A series of tests confirm that this

effect does not reflect fundamental information: Green sentiment predicts stock prices both

before and after the signature of the Paris Agreement, a structural break in climate transition

risks; its stock-price effects are independent to variations in climate risk, as proxied by the

negative climate news index used in EGKLS; finally, despite the fact that they both have

similar stock-price effects, EGKLS’s index leads to positive revisions in analysts’ earnings

forecasts for environmentally responsible firms, while our green sentiment index does not.

Second, we document that an increase in green sentiment also affects corporate decisions.

In quarters with high green sentiment, environmentally responsible firms make higher capital

investments (particularly firms with low and medium credit ratings) and accumulate more

cash holdings (particularly firms with low and high credit ratings). The role of financial

constraints in mediating the impact of (green) sentiment on corporate behavior is in line with

previous works on the real effects of financial markets (e.g., Baker et al., 2003; Campello and

Graham, 2013) and the theoretical literature on responsible investing. It is reasonable to

expect that companies are more likely to do ‘‘good’’ when they are less financially constrained

(Cohn and Wardlaw, 2016; Hong et al., 2012; Martin et al., 2021). In this sense, by (further)
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increasing the financial strength of environmentally responsible firms, green sentiment allows

them to further increase their environment-friendly investments. At the same time, we should

also be aware of the risk that green sentiment may inadvertently divert resources away from

firms with high green innovation potentials (Cohen et al., 2020).

How to encourage firms to contribute to the development of technologies useful to

decarbonize our economies is a key question of our times.23 While the effects of governmental

policies (such as carbon pricing) and the role of public finance are more researched and

understood (e.g., Aghion et al., 2016; Gollier, 2021), the role of financial markets in stimulating

firms to make more investments in green projects and technologies is still unclear. This paper

shows that green sentiment can decrease the relative cost of capital of firms considered more

environmental responsible, and increase their investment capacity. How exactly these firms

make use of the extra resources they are granted is a critical issue, that we leave for future

research.

23Almost half of the emission reductions that are needed to reach the climate-neutrality goal by 2050 are
expected to come from technologies that still need to be developed (International Energy Agency, 2021).
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Tables

Table 1: Descriptive statistics of ETF variables
This table shows the descriptive statistics of the 1,195 US-domicile equity ETFs present in
our sample over the period January 2010 to June 2020. AUM is the end-of month market
capitalization in billion USD, Shares outstanding is the number of shares outstanding at
the end of the month (in billion), Flows is the monthly percentage growth in the number of
shares outstanding. NAV is the net asset value. Return is the ETF’s annualized monthly
return. Volatility is the monthly realized volatility calculated on daily returns. Age is the
number of years since the ETF’s inception. Institutional ownership is the percentage of the
ETF’s market capitalization held by institutional investors. Net expense ratio is the net
expense ratio in basis points. Levered ETF is a dummy variable indicating leveraged ETF.
Creation fee is the fee charged by the ETF sponsor to Authorized Participants to create or
redeem shares (per order and in USD). The sample period is January 2010 through June
2020. All data are obtained from Bloomberg, except Age, Net expense ratio, Levered ETF
and Creation fees from the ETF Global database.

p5 p25 mean p50 p75 p95 sd N

AUM 0.01 0.05 2.26 0.20 0.89 9.42 10.62 81,929
Shares outstanding 0.25 1.50 31.19 4.85 19.10 144.30 94.38 81,929
Flows (%) -9.29 -0.89 2.05 0.00 3.29 17.83 10.59 81,929
NAV 16.91 26.84 52.24 38.58 62.19 130.25 45.32 81,929
Return -1.07 -0.25 0.06 0.11 0.41 1.03 0.68 81,929
Volatility 0.07 0.11 0.17 0.15 0.20 0.31 0.08 81,929
Age 0.88 2.90 7.10 6.34 10.54 16.27 4.88 67,322
Institutional Ownership (%) 10.24 29.00 49.03 45.17 66.62 100.00 26.33 80,846
Net expense ratio 8.40 25.00 45.67 44.00 60.00 80.00 42.56 65,917
Levered ETF 0.00 0.00 0.00 0.00 0.00 0.00 0.06 67,286
Creation fee 250.00 500.00 1,588.26 500.00 1,500.00 7,000.00 2,768.64 64,749
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Table 2: List of Green ETFs
This table shows the list of green equity ETFs, their Bloomberg identification ticker, their
average net expense ratio (in basis points), their inception and de-listing years, and their
designation as ‘‘sustainable’’ by Morningstar.

Ticker ETF name Net expense Inception - Morningstar
ratio (bp) delisting sustainable?

ICLN iShares Global Clean Energy 48 2008 - yes
TAN Invesco Solar 70 2008 - yes
SPYX SPDR S&P 500 Fossil Fuel Reserves Free 20 2015 - yes
CRBN iShares MSCI ACWI Low Carbon Target 20 2014 - yes
PBW Invesco WilderHill Clean Energy 70 2005 - yes
QCLN First Trust NASDAQ Clean Edge Green Energy 60 2007 - yes
PZD Invesco Cleantech 68 2006 - yes
ACES ALPS Clean Energy 65 2018 - yes
SMOG VanEck Vectors Low Carbon Energy 63 2007 - yes
EFAX SPDR MSCI EAFE Fossil Fuel Free 20 2016 - yes
FAN First Trust Global Wind Energy 60 2008 - yes
ETHO Etho Climate Leadership US 47 2015 - yes
PBD Invesco Global Clean Energy 75 2007 - yes
LOWC SPDR MSCI ACWI Low Carbon Target 20 2014 - yes
YLCO Global X YieldCo&Renewable Engy Income 65 2015 - no
EVX VanEck Vectors Environmental Services 55 2006 - yes
CNRG SPDR Kensho Clean Power 45 2018 - yes
VEGN US Vegan Climate 60 2019 - yes
CHGX Change Finance US LargeCap FossilFuel Free 49 2017 - yes
PUW Invesco WilderHill Progressive Energy 70 2006 - 2019 yes
HECO Strategy Shares EcoLogical Strategy 95 2012 - yes
RENW Pickens Morningstar Renewable Energy Response 65 2019 - yes
ECLN First Trust EIP Carbon Impact 95 2019 - yes
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Table 3: Pairwise correlation between indexes
Number of observations in parentheses. Green sentiment is our green-ETF-based sentiment
measures computed as in Equation 1 and standardized to have mean 0 and unit standard
deviation. Negative climate news is the standardized negative climate news index used in
Engle et al. (2020). Google climate SVI is the monthly Google search volume intensity in
the US for the topic ‘‘climate change’’, also used in Choi et al. (2020) and Ilhan et al. (2021).
***, **, and * indicate that the correlation is significantly different from zero at the 1%, 5%,
and 10% level, respectively.

1. 2. 3.

1. Green sentiment 1
(125)

2. Negative climate news -0.28*** 1
(101) (101)

3. Google climate SVI 0.29*** 0.08 1
(125) (125) (101)

39



Table 4: Descriptive statistics of firm-level characteristics
This table shows descriptive statistics of the firm-level variables used in the analyses over
the period January 2010 to June 2020. The sample consists of firms listed in major US stock
exchanges included in Compustat and with available environmental score from Sustainalytics.
Returns (adjusted for stock splits and dividends) are computed based on monthly stock
prices retrieved from the Compustat North-America database. Cumulative returns t+6 are
the buy-and-hold returns over a 6-month look-ahead period. Env score is the standardized
environmental score from Sustainalytics, while Env score (kld) is the standardized environ-
mental score computed based on the MSCI KLD database. Leverage is the percentage of
long-term debt plus debt in current liabilities over total assets (dltt + dlc) × 100/at). Market
beta is the coefficient estimated computed by regressing monthly returns in excess of the
1-month Treasury-bill rate on the excess market return using a 36-month moving window,
with at least 24 months of non-missing returns. Log(market cap) is the log of the market
capitalization at the end of the last fiscal year (ln(prcc f × csho)). Book-to-market is the
book value of equity divided by market valuation (ceq/(prcc f × csho)). Profitability is
income before extraordinary items over total assets (ib × 100/at). Momentum is the average
individual stock return from month t-12 to t-2. Green ETF ownership is the percentage of
common stocks owned by Green ETFs derived from CRSP mutual funds database, set to
zero for missing observations. Capex/PPE is the percentage of quarterly capital investments
scaled by lagged Property, Plant and Equipment (capexq × 100/L1.ppentq). Cash/Assets it
the percentage of quarterly cash holdings over total assets (chq ×100/atq).

p5 p25 mean p50 p75 p95 sd N

Firm-level characteristics (monthly observations)
Return -12.88 -3.55 0.98 1.12 5.54 14.36 8.92 95,248
Cumulative return t+6 -28.64 -6.18 6.38 6.33 18.35 40.89 21.74 87,756
Env score -1.32 -0.78 0.04 -0.14 0.73 1.90 1.01 95,248
Env score (kld) -0.39 -0.39 0.49 -0.39 1.17 3.21 1.33 84,995.00
Leverage 0.00 13.34 28.95 26.82 40.60 64.10 21.62 95,248
Market beta 0.21 0.71 1.12 1.07 1.47 2.18 0.61 95,248
Log(market cap) 7.43 8.26 9.12 8.97 9.84 11.41 1.21 95,248
Book-to-market 0.03 0.20 0.45 0.37 0.62 1.13 0.41 95,248
Profitability -3.24 1.55 4.98 4.38 8.28 16.16 7.41 95,248
Momentum -2.83 -0.13 1.08 1.18 2.41 4.63 2.35 95,248
Green ETF ownership 0.00 0.00 0.01 0.00 0.00 0.01 0.06 95,248
Firm-level characteristics (quarterly observations)
Capex/PPE -10.64 0.85 4.02 3.87 7.68 18.77 9.19 25,858
Cash/Assets 0.36 2.35 9.04 6.18 12.72 27.32 9.30 33,448
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Table 5: Green sentiment and the pricing of corporate environmental responsi-
bility
This table shows results of OLS regressions of individual stock returns from January 2010
through June 2020 on the Green Sentiment Index based on ETF flows, firms’ Environmental
score, and the interaction of these two variables. The specification in column 1 regresses
monthly returns, while the specifications in columns 2-7 regress cumulative returns up to 6
months ahead. The regressions also control for lagged firm characteristics and GICS industry
group indicators. t-statistics based on standard errors clustered at the firm level are reported
in parentheses. ***, **, and * indicate that the coefficient estimate is significantly different
from zero at the 1%, 5%, and 10% level, respectively.

Dependent variable: Return in t Cumulative return through:
t+1 t+2 t+3 t+4 t+5 t+6

Green sentiment × 0.068** 0.272*** 0.290*** 0.440*** 0.495*** 0.397*** 0.527***
Env score (2.36) (5.32) (4.26) (5.55) (5.34) (3.60) (4.14)

Env score 0.039 0.033 0.098 0.189 0.153 0.175 0.179
(1.16) (0.48) (0.97) (1.42) (0.94) (0.89) (0.78)

Green sentiment -1.153*** -2.163*** -2.248*** -2.275*** -2.572*** -2.106*** -1.952***
(-36.58) (-40.95) (-34.09) (-29.16) (-28.18) (-20.02) (-16.79)

Leverage 0.003 0.004 0.004 -0.001 0.000 0.000 0.001
(1.59) (1.21) (0.76) (-0.09) (0.01) (0.02) (0.10)

Market beta 0.245*** 0.178 0.158 -0.210 -0.345 -0.544 -0.729*
(3.47) (1.36) (0.85) (-0.91) (-1.20) (-1.58) (-1.80)

Log(marketcap) 0.006 0.011 -0.056 -0.163 -0.152 -0.201 -0.222
(0.20) (0.19) (-0.65) (-1.46) (-1.10) (-1.22) (-1.16)

Book-to-market -0.133 -0.405 -0.565 -0.682 -1.000* -1.011 -0.965
(-1.00) (-1.54) (-1.51) (-1.48) (-1.84) (-1.57) (-1.30)

Profitability -0.003 -0.017 -0.030* -0.048** -0.070*** -0.090*** -0.112***
(-0.59) (-1.50) (-1.78) (-2.27) (-2.72) (-2.89) (-3.07)

Momentum -0.145*** -0.255*** -0.292*** -0.146*** -0.147** -0.089 -0.027
(-9.27) (-8.57) (-6.64) (-2.61) (-2.14) (-1.09) (-0.29)

Constant 0.857*** 2.131*** 3.824*** 5.967*** 7.168*** 8.812*** 10.216***
(2.72) (3.49) (4.31) (5.21) (5.10) (5.24) (5.23)

Observations 95,248 93,972 92,704 91,444 90,199 88,969 87,756
R-squared 0.018 0.035 0.030 0.028 0.032 0.025 0.024
Industry FE Yes Yes Yes Yes Yes Yes Yes
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Table 6: Green sentiment and stock prices: Before and after the Paris Agreement
This table shows results of OLS regressions of individual (cumulative) stock returns on the
Green Sentiment Index, firms’ Environmental score, and the interaction of these two variables.
Panel A refers to the sample period from January 2010 through November 2015 (before the
adoption of the Paris Agreement) while Panel B to the period from December 2015 through
June 2020. The regressions also control for lagged firm characteristics (leverage, market beta,
size, book-to-market, profitability, and momentum) and GICS industry group indicators.
t-statistics based on standard errors clustered at the firm level are reported in parentheses.
***, **, and * indicate that the coefficient estimate is significantly different from zero at the
1%, 5%, and 10% level, respectively.

Panel A: Before December 2015

Dependent variable: Return in t Cumulative return through:
t+1 t+2 t+3 t+4 t+5 t+6

Green sentiment × 0.093** 0.428*** 0.342*** 0.628*** 0.642*** 0.506*** 0.628***
Env score (2.25) (7.08) (4.49) (7.10) (6.69) (4.93) (5.68)

Observations 49,054 48,879 48,699 48,518 48,337 48,160 47,995
R-squared 0.021 0.033 0.033 0.036 0.043 0.033 0.037

Panel B: After December 2015

Green sentiment × 0.181*** 0.476*** 0.578*** 0.445*** 0.516*** 0.422** 0.335*
Env score (3.42) (5.12) (5.24) (3.70) (3.36) (2.53) (1.74)

Observations 46,193 45,092 44,004 42,925 41,861 40,808 39,760
R-squared 0.027 0.068 0.055 0.044 0.048 0.044 0.047

Firm controls Yes Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes Yes
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Table 7: Green sentiment and stock prices: Accounting for negative climate
news
This table shows results of OLS regressions of individual stock returns from January 2010
through May 2018 on Green sentiment and the negative climate news index used in Engle
et al. (2020) interacted with the firm’s environmental score. The regressions also control
for the direct effects of these variables, as well as lagged firm characteristics (leverage,
market beta, size, book-to-market, profitability, and momentum) and GICS industry group
indicators. The structure of the columns follow the one in Table 5. t-statistics based on
standard errors clustered at the firm level are reported in parentheses. ***, **, and * indicate
that the coefficient estimate is significantly different from zero at the 1%, 5%, and 10% level,
respectively.

Dependent variable: Return in t Cumulative return through:
t+1 t+2 t+3 t+4 t+5 t+6

Green sentiment × 0.072* 0.480*** 0.442*** 0.686*** 0.722*** 0.660*** 0.738***
Env score (1.89) (8.84) (6.96) (9.24) (9.12) (6.98) (6.73)

Negative climate news × 0.049* 0.221*** 0.287*** 0.378*** 0.363*** 0.356*** 0.388***
Env score (1.89) (5.00) (4.82) (5.07) (3.78) (3.26) (3.06)

Env score 0.105*** 0.241*** 0.348*** 0.477*** 0.526*** 0.575*** 0.604**
(3.03) (3.55) (3.42) (3.46) (3.05) (2.77) (2.49)

Green sentiment -1.249*** -1.413*** -1.433*** -1.438*** -2.076*** -1.385*** -1.576***
(-30.48) (-25.55) (-22.27) (-19.52) (-24.78) (-14.46) (-14.95)

Negative climate news -0.339*** -0.388*** -0.688*** -0.577*** -0.936*** -0.970*** -1.288***
(-11.52) (-7.73) (-10.27) (-7.08) (-9.22) (-8.29) (-9.39)

Observations 73,280 72,986 72,691 72,397 72,111 71,833 71,563
R-squared 0.020 0.018 0.015 0.015 0.021 0.016 0.020
Firm controls Yes Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes Yes
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Table 8: Green sentiment and analysts’ forecast revisions
This table shows the results of OLS regressions of mean monthly earnings forecast revisions
(∆ EPS forecast) at the 1-, 2-, and 3-year-ahead horizons on the Green Sentiment Index
and the negative climate news index used in Engle et al. (2020) interacted with the firm’s
environmental score. ∆ EPS forecast is computed as the percentage change in mean EPS
forecasts, excluding observations with negative baseline forecasts and extreme values (as,
e.g., in Landier and Thesmar, 2020). The regressions control for lagged firm characteristics
(leverage, market beta, size, book-to-market, profitability, and momentum) and GICS industry
group indicators. t-statistics based on standard errors clustered at the firm level are reported
in parentheses. ***, **, and * indicate that the coefficient estimate is significantly different
from zero at the 1%, 5%, and 10% level, respectively.

(1) (2) (3)
Dependent variable: ∆ EPS forecast
Horizon: 1-year ahead 2-year ahead 3-year ahead

Green sentiment × Env score -0.017 -0.004 0.048
(-0.45) (-0.15) (1.51)

Negative climate news × Env score 0.032 0.066*** 0.064**
(1.06) (2.79) (2.52)

Env score -0.116 -0.067 -0.072
(-1.56) (-1.18) (-1.43)

Observations 61,055 62,102 58,608
R-squared 0.026 0.045 0.035
Firm controls Yes Yes Yes
Industry FE Yes Yes Yes
Month FE Yes Yes Yes
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Table 9: Green sentiment and price pressure from Green ETF flows

Dependent variable: Return in t Cumulative return through:
t+1 t+2 t+3 t+4 t+5 t+6

Green sentiment × 0.069** 0.273*** 0.292*** 0.445*** 0.500*** 0.403*** 0.533***
Env score (2.41) (5.33) (4.28) (5.59) (5.39) (3.65) (4.19)

Green sentiment × -0.287 0.003 0.153 -0.687 -0.773 -0.907 -0.905
Green ETF ownership (-0.60) (0.01) (0.16) (-0.56) (-0.44) (-0.42) (-0.33)

Env score 0.044 0.042 0.112 0.207 0.176 0.201 0.211
(1.29) (0.61) (1.10) (1.56) (1.07) (1.03) (0.92)

Green sentiment -1.150*** -2.160*** -2.246*** -2.266*** -2.561*** -2.094*** -1.939***
(-36.21) (-40.56) (-33.85) (-28.88) (-27.98) (-19.93) (-16.75)

Green ETF ownership -2.014*** -3.988*** -6.184*** -8.413*** -10.024*** -11.873*** -14.615***
(-4.86) (-4.44) (-4.63) (-5.03) (-4.63) (-4.53) (-4.43)

Observations 95,248 93,972 92,704 91,444 90,199 88,969 87,756
R-squared 0.019 0.035 0.030 0.029 0.033 0.026 0.026
Controls Yes Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes Yes

45



Table 10: Effects of green sentiment on real corporate decisions
This table shows results of OLS regressions of quarterly corporate investment decisions
(column 1) and cash accumulation (column 2) on the quarterly average green sentiment, the
Environmental score, and the interaction of these two variables. All models also control for
lagged firm characteristics, as well as industry and date fixed effects. Capex/PPE is capital
investments scaled by lagged Property, Plant and Equipment, in percentage. Cash/Assets
is cash holdings over lagged total assets, in percentage. t-statistics based on standard
errors clustered at the firm level are reported in parentheses. ***, **, and * indicate that
the coefficient estimate is significantly different from zero at the 1%, 5%, and 10% level,
respectively.

Dependent variable: Capex/PPE Cash/Assets

Green sentiment (q) × Env score 0.257*** 0.269***
(3.50) (2.67)

Env score -0.277*** -0.099
(-3.53) (-0.47)

Green sentiment (q) -1.251*** -0.104
(-15.20) (-1.01)

Leverage -0.007 -0.080***
(-1.27) (-5.51)

Market beta -0.098 0.205
(-0.72) (0.70)

Log(market cap) 0.064 -0.875***
(0.84) (-4.71)

Book-to-market -0.958*** -3.870***
(-3.98) (-5.31)

Profitability -0.011 0.030
(-0.97) (0.61)

Momentum -0.055** 0.123***
(-2.31) (3.40)

Constant 4.385*** 20.444***
(5.60) (10.02)

Observations 24,378 30,836
R-squared 0.035 0.276
Industry FE Yes Yes
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Table 11: Green sentiment, corporate investments, and credit ratings
This table shows results of OLS regressions of quarterly Capex/PPE (Panel A) and
Cash/Assets (Panel B) on the quarterly green sentiment, the Environmental score, and
the interaction of these two variables. The sample is divided in firms with Low (column
1), Middle (column 2) and High (column 3) credit rating. All regressions also control for
firm quarterly lagged controls (leverage, size, profitability, book-to-market, market beta, and
momentum), as well as industry and date fixed effects. The quarter fixed effect absorbs
the direct coefficient on the green index. t-statistics based on robust standard errors in
parentheses. ***, **, and * indicate that the coefficient estimate is significantly different
from zero at the 1%, 5%, and 10% level, respectively.

Low Medium High
credit rating credit rating credit rating

Panel A: Dependent variable: Capex/PPE

Green sentiment (q) × Env score 0.477** 0.235** -0.033
(2.37) (2.07) (-0.21)

Env score -0.008 -0.318*** 0.068
(-0.04) (-2.77) (0.45)

Green sentiment (q) -1.339*** -1.167*** -0.923***
(-8.02) (-8.79) (-4.71)

Observations 4,969 7,841 4,460
R-squared 0.047 0.037 0.030

Panel B: Dependent variable: Cash/Assets

Green sentiment (q) × Env score 0.400** 0.066 0.284*
(1.98) (0.57) (1.86)

Env score 0.177 0.526* 0.003
(0.54) (1.85) (0.01)

Green sentiment (q) -0.305* -0.131 -0.109
(-1.75) (-0.95) (-0.64)

Observations 6,171 10,286 5,486
R-squared 0.250 0.362 0.350

Firm controls Yes Yes Yes
Industry FE Yes Yes Yes
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Appendix

Table A1: Green sentiment and stock prices, robustness I: Double-clustering
standard errors
This table shows results of OLS regressions of individual stock returns from January 2010
through June 2020 on the (standardized) Green Sentiment Index, the firm’s environmental
score, and the interaction of these two variables. The regressions also control for lagged
firm and stock characteristics (leverage, market beta, size, book-to-market, profitability, and
momentum), as well as GICS industry group indicators. The structure of the columns follow
the one in Table 5. t-statistics based on standard errors double-clustered at the firm and
month levels are reported in parentheses. ***, **, and * indicate that the coefficient estimate
is significantly different from zero at the 1%, 5%, and 10% level, respectively.

(1) (2) (3) (4) (5) (6) (7)
Dependent variable: Return in t Cumulative return through:

t+1 t+2 t+3 t+4 t+5 t+6

Green sentiment × 0.068 0.272* 0.290** 0.440*** 0.495** 0.397** 0.527**
Env score (0.88) (1.67) (2.41) (2.75) (2.47) (2.00) (2.10)

Env score 0.039 0.033 0.098 0.189 0.153 0.175 0.179
(0.47) (0.26) (0.59) (1.02) (0.68) (0.67) (0.63)

Green sentiment -1.153*** -2.163** -2.248*** -2.275*** -2.572*** -2.106** -1.952*
(-2.88) (-2.59) (-2.67) (-2.93) (-3.37) (-2.48) (-1.93)

Leverage 0.003 0.004 0.004 -0.001 0.000 0.000 0.001
(0.44) (0.59) (0.44) (-0.07) (0.00) (0.02) (0.08)

Market beta 0.245 0.178 0.158 -0.210 -0.345 -0.544 -0.729
(0.96) (0.53) (0.37) (-0.49) (-0.71) (-1.01) (-1.25)

Log(market cap) 0.006 0.011 -0.056 -0.163 -0.152 -0.201 -0.222
(0.06) (0.08) (-0.32) (-0.86) (-0.68) (-0.79) (-0.79)

Book-to-market -0.133 -0.405 -0.565 -0.682 -1.000 -1.011 -0.965
(-0.51) (-1.02) (-1.04) (-1.01) (-1.24) (-1.05) (-0.86)

Profitability -0.003 -0.017 -0.030 -0.048* -0.070** -0.090** -0.112***
(-0.27) (-0.95) (-1.30) (-1.89) (-2.35) (-2.52) (-2.69)

Momentum -0.145 -0.255* -0.292 -0.146 -0.147 -0.089 -0.027
(-1.37) (-1.73) (-1.50) (-0.81) (-0.80) (-0.40) (-0.12)

Constant 0.857 2.131 3.824** 5.967*** 7.168*** 8.812*** 10.216***
(0.81) (1.50) (2.28) (3.28) (3.36) (3.52) (3.67)

Observations 95,248 93,972 92,704 91,444 90,199 88,969 87,756
R-squared 0.018 0.035 0.030 0.028 0.032 0.025 0.024
Firm controls Yes Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes Yes
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Table A2: Green sentiment and stock prices, robustness II: Adding month fixed
effects
This table shows results of OLS regressions of individual stock returns from January 2010
through June 2020 on the (standardized) Green Sentiment Index, the firm’s environmental
score, and the interaction of these two variables. The regressions also control for lagged firm
characteristics (leverage, market beta, size, book-to-market, profitability, and momentum), as
well as GICS industry group and month fixed-effects. The structure of the columns follow the
one in Table 5. t-statistics based on standard errors clustered at the firm level are reported
in parentheses. ***, **, and * indicate that the coefficient estimate is significantly different
from zero at the 1%, 5%, and 10% level, respectively.

(1) (2) (3) (4) (5) (6) (7)
Dependent variable: Return in t Cumulative return through:

t+1 t+2 t+3 t+4 t+5 t+6

Green sentiment × 0.028 0.165*** 0.190*** 0.210*** 0.250*** 0.249** 0.307**
Env score (0.96) (3.44) (3.01) (2.68) (2.68) (2.26) (2.42)

Env score -0.048 -0.098 -0.111 -0.112 -0.122 -0.109 -0.105
(-1.65) (-1.60) (-1.21) (-0.91) (-0.78) (-0.58) (-0.47)

Observations 95,248 93,972 92,704 91,444 90,199 88,969 87,756
R-squared 0.292 0.273 0.257 0.235 0.221 0.214 0.202
Firm controls Yes Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes Yes
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Table A3: Green sentiment and stock prices, robustness III: Alternative envi-
ronmental score
This table shows results of OLS regressions of individual stock returns from January 2010
through June 2020 on the ETF-flows-based Green Sentiment Index, the firm’s standardized
environmental score based on the MSCI KLD database, and the interaction of these two
variables. The regressions also control for lagged firm characteristics (leverage, market beta,
size, book-to-market, profitability, and momentum) and GICS industry group fixed effect
indicators. The structure of the columns follow the one in Table 5. t-statistics based on
standard errors clustered at the firm level are reported in parentheses. ***, **, and * indicate
that the coefficient estimate is significantly different from zero at the 1%, 5%, and 10% level,
respectively.

Dependent variable: Return in t Cumulative return through:
t+1 t+2 t+3 t+4 t+5 t+6

Green sentiment × 0.063*** 0.065* 0.075* 0.108** 0.169*** 0.209*** 0.326***
Env score (kld) (3.52) (1.91) (1.72) (2.14) (2.79) (3.06) (4.27)

Env score (kld) -0.047** -0.107*** -0.182*** -0.227*** -0.265*** -0.254** -0.254*
(-2.30) (-2.60) (-3.07) (-2.96) (-2.79) (-2.22) (-1.91)

Green sentiment -1.211*** -2.486*** -2.530*** -2.628*** -2.885*** -2.495*** -2.410***
(-52.92) (-64.40) (-51.49) (-44.84) (-41.51) (-31.27) (-27.25)

Observations 232,622 228,156 223,806 219,560 215,394 211,315 207,340
R-squared 0.014 0.031 0.025 0.023 0.025 0.019 0.018
Firm controls Yes Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes Yes

Table A4: Sample distribution by environmental score and credit rating
This 2-by-3 matrix shows the number of firm×quarter observations with environmental score
below or above the median in three groups of credit ratings: Low credit rating < ‘‘BBB-’’;
Medium credit credit = ‘‘BBB’’, ‘‘BBB+’’, ‘‘BBB-’’; and High credit rating = ‘‘A’’,‘‘A+’’,‘‘A-
’’,‘‘AA’’, ‘‘AAA’’,‘‘AA-’’,‘‘AA+’’. The split along the median of the environmental score is
performed unconditionally of the availability of the credit rating.

Credit rating
Env score Low Medium High Total

Below or equal median 4,267 5,481 1,887 11,635
Above median 2,693 6,290 4,653 13,636

Total 6,960 11,771 6,540 25,271
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