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Subject: Application for NBER Climate Finance Workshop PhD Workshop  

 

Dear Professors Caroline Flammer and Stefano Giglio, 

With great excitement, I am applying to the Climate Finance Graduate Student Workshop organized by 

the National Bureau of Economic Research (NBER) and supported by Norges Bank Investment 

Management. As an ambitious young scholar at the start of her academic career in sustainable finance, 

I believe that this workshop is an ideal platform for me to gain valuable feedback from renowned 

scholars in the field. Additionally, I am convinced the workshop will inspire young graduate scholars 

to develop new (collaborative) projects that tackle essential and unanswered research questions of the 

financial market’s consideration of climate change risks.    

I recently entered the final writing stages of my Ph.D. in Economics at Utrecht University with a focus 

on sustainable investments. My supervisors are Professors Kees Koedijk and Jeroen Derwall. I expect 

to complete my thesis in the winter of 2025. My working paper “Informative Discretionary ESG 

Trading” discusses how a global sample of equity mutual funds incorporates both backward and 

forward-looking sustainability information into their portfolio allocation. We argue that although some 

ESG-mandated funds are effective at identifying stocks with lower future environmental and social 

risks, ESG funds, on average, cater to an investor base with revealed preferences for stocks that have 

historically received leading ESG scores. I believe the paper makes an important contribution to existing 

climate finance literature (e.g., Flammer, 2023; Bolton et al., 2024) by i) quantifying mutual funds’ use 

of both backward- and forward-looking sustainability information in their discretionary trading 

decisions, ii) identifying the extent of ESG stock-picking skill of institutional investors, and iii) detailing 

funds’ tradeoff between skillfully identifying ESG stocks versus catering to flows through top-ESG-

rated stocks. However, I wish to strengthen the paper’s discussion of its refuting results of the analyses 

on stock-level and fund-level ‘ESG-skill’. It would be interesting to discuss my paper in light of 

Professor Giglio’s 2025 paper on investor beliefs and ESG portfolios.    

As I will continue my academic career as a postdoctoral researcher on topics on Impact Investing at the 

University of Amsterdam with professors Paul Smeets and Aleksandar Andonov, I am eager to expand 

and deepen my academic network to researchers that enthusiastically work on climate finance topics 

such as climate considerations in the decisions of open-end mutual funds, cross-trading of climate risks 

by fixed-income fund families, and biodiversity risks for local economies. For my project on 

biodiversity losses in Brazil, I would consider the implications of climate risk in the global South, a 

region often neglected in academic research. 

During my Ph.D. I have been in a research collaboration with Robeco Asset Management. Having been 

granted access to an international asset manager and first-hand seeing the complexities and limitations 

that come with financial market participants’ role in catering to the investment preferences of their 

clients, while abiding by their responsibilities to integrate climate risk. Recent months have shown that 

these responsibilities are subject to changing political climates. While my PhD focused on public 

investing, my interest in the complexities of quantifying ESG risks for investors has evolved. I am 



especially intrigued by the opportunities that the hands-on investment strategies of private investing can 

create for impactful investing. One of my greater academic goals is to research private investment 

portfolios and outline the trade-offs between their financial costs and opportunities for mitigating 

climate transition risk.  

Attending the NBER Climate Finance workshop would provide me with a great opportunity to learn 

from inspiring researchers who are at the forefront of crucial climate finance research. Moreover, the 

intimate setting of the workshop is ideal for allowing for interesting and in-depth discussions with other 

young scholars.   

Thank you for considering my application. I look forward to meeting you in person.   

Yours sincerely, 

 

Lara Spaans 
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Informed Discretionary ESG Trading

Lara Spaans∗, Jeroen Derwall†, Joop Huij‡, Kees Koedijk§

August 2025

Abstract

We study the extent to which funds’ portfolio trades are informative about the future devel-

opment in the ESG performance of their portfolio firms. Using data on institutional portfolio

trades, we analyze mutual funds’ discretionary trades, which we measure for individual stocks

by the shares that funds trade beyond what can be expected if new capital flows were invested

proportionally. We demonstrate that some ESG-mandated funds are effective at identifying

stocks with fewer future environmental and social incidents. We find that mutual funds sig-

nificantly make use of both backward- and forward-looking sustainability information in their

discretionary trading decisions of stocks. Strikingly, unlike for ESG-identifying skill, ESG funds

are rewarded with significant positive quarterly flows for being more reliant on ESG scores in

their portfolio trading. This suggests that ESG funds primarily cater to an investor base with

revealed preferences for stocks that have historically received leading ESG scores.

∗Corresponding author. Utrecht University School of Economics, Kriekenpitplein 21-22, 3584 EC Utrecht;
l.j.spaans@uu.nl

†Maastricht University, European Center for Sustainable Finance (ECCE), and Utrecht University, Tongersestraat
53, 6211 LM Maastricht; j.derwall@maastrichtuniversity.nl; phone: 0031433882222

‡Rotterdam School of Management and Robeco Institutional Asset Management; Burgemeester Oudlaan 50, 3062
PA Rotterdam; jhuij@rsm.nl; phone: 0031104082295

§Utrecht University School of Economics, and Centre for Economic Policy Research (CEPR) London, Krieken-
pitplein 21-22, 3584 EC Utrecht; c.g.koedijk@uu.nl; phone: 0031302539800
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1 Introduction

Institutional investors are incorporating information on sustainability (environmental and social)

issues in their investment decisions. The Global Sustainable Investment Alliance (GSIA) in 2022

estimates that USD 30.1 trillion is invested in sustainable assets worldwide. This number is pre-

dicted to grow due to regulatory programs such as the European Sustainable Finance Disclosure

Regulation (SFDR)1. Additionally, A survey conducted by Morgan Stanley in October 2023 found

that 84 percent of US individual investors are interested in sustainable investing Morgan Stanley

Institute for Sustainable Investing (2024)2. Hence, the literature has begun to study institutional

investors’ processing of sustainability information for portfolio allocation decisions more extensively

(e.g., Bolton et al., 2024; Berg et al., 2024; Gantchev et al., 2023; Chen et al., 2024; Azarmsa and

Shapiro, 2023; Cremers et al., 2024). Less researched is the extent to which institutional investors

add value for clients who have non-pecuniary preferences.

Institutional investors, such as mutual funds, have in the past demonstrated superior future

returns resulting from successful stock-picking abilities (Kacperczyk et al., 2014; Zambrana and

Zapatero, 2021). Institutional investors typically have greater resources to analyze financial infor-

mation and leverage market frictions, such as information asymmetries, to their advantage. This

enables them to select stocks that outperform within their category (i.e, US equity, value, growth,

etc)3. With a growing base of investors demanding sustainable assets, the financial market is seeing

an increasing need to fulfill the non-pecuniary utility needs of this investor base (Riedl and Smeets,

2017; Goldstein et al., 2022). This trend adds a new dimension to the stock picking debate that

has received little attention so far: do ESG funds make informed trades concerning firms’ future

social and environmental performance?

We measure for each firm-fund pair the quarterly discretionary trades, defined as the active

changes in stock positions, net of changes that can be expected to occur when a fund trades purely

due to fund flows. Discretionary trades reflect trades made upon the arrival of new information.

If ESG mutual funds indeed make ESG-informed investment decisions, we would expect that their

discretionary trades convey more information about firms’ future ESG performance compared to

those of conventional funds. Specifically, after aggregating trades of ESG funds and conventional

1As of 2021, the SFDR requires asset managers to report information about the sustainability risks and objectives
of their funds (and their holdings) sold in the EU

2Despite the ESG backlash in the US, in October 2023 Chuka Umunna, JPMorgan’s global head of sustainable
solutions, reports “If you peel away all the noise and look at what investors are doing, it isn’t so different, albeit
they may not be using the labels quite in the way that we do in Europe”

3Another form of stock picking ability is denoted as market timing, where fund managers can forecast certain
market trends and hence seek firms that correlate with the systematic risk exposure (Kacperczyk et al., 2014;
Zambrana and Zapatero, 2021).
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funds to firm level, we test whether changes in aggregate discretionary ownership by ESG funds

relate (i) more positively to changes in a firm’s MSCI ESG score, (ii) more negatively to changes

in future carbon intensity, and (iii) more negatively to the number of environmental and social

incidents.

We provide partial evidence that ESG funds’ discretionary trades are informative about firms’

future ESG performance. Specifically, firms with increased discretionary ownership by ESG mutual

funds in a given quarter do not experience a significant change in the unweighted MSCI ESG

scores and carbon intensity in the next quarter. However, they exhibit an increased change in

unweighted MSCI ESG score after four quarters. Similarly, firms with more discretionary ownership

by conventional funds do not change significantly their ESG performance in the short term, but do

exhibit a decreased industry-adjusted MSCI ESG score.

However, as pointed out by the literature, ESG scores are prone to measurement and accuracy

errors and may change due to factors other than the actual underlying ESG behavior of the firms4.

Hence, we turn to RepRisk incidents to test the extent to which institutional investors are informed

of the environmental and social (ES) risks of firms. We find evidence more consistent with a stock

picking hypothesis: more discretionary ownership by ESG mutual funds is associated with fewer

ES incidents in the next two to four quarters, whereas conventional funds’ discretionary trades are

unrelated to future incidents.

Next, we ask if discretionary trades of more concentrated funds are more informative about

firms’ future ESG performance. Literature documents that specialized funds and funds with less-

diversified portfolios show more skill in terms of financial returns (e.g., Kacperczyk et al., 2005).

Stock picking based on ES risks requires detailed micro-level information about stocks. In addition

to financial statements and earnings forecasts, in terms of ES risks, this could entail firm-level

disclosures, firm implementations of shareholder proposals, or other private information (He et al.,

2023). Interestingly, we find no evidence that more concentrated (ESG) mutual funds better pick

stocks that will improve ESG performance going forward. In fact, in our sample, the less concen-

trated ESG funds make trades that better anticipate which firms experience fewer ES incidents

over the next four quarters.

Nevertheless, we also find that discretionary trades by ESG funds are most informative for

stocks with relatively greater volatility in ESG score and ES incidents. This suggests that ESG

stock picking may pay off more in certain concentrated portfolios that are exposed to additional

4Examples of this literature are Berg et al. (2024); Azarmsa and Shapiro (2023); Starks (2023)
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idiosyncratic risk.

While our main analysis uses Morningstar’s sustainable fund classifications to distinguish ESG

funds from conventional funds, we consider alternative approaches to identify mutual funds that are

more likely to assess and integrate firms’ ES risks. First, studies suggest that finance professionals in

Europe have a stronger ESG orientation compared to U.S. investors Gibson Brandon et al. (2022),

and exhibit possibly greater ESG skill Ceccarelli et al. (2023). We group discretionary trades of

European mutual funds and compare these with those of U.S. funds, but find no evidence that

European funds make ESG-motivated trades that are more informed.

Second, we consider EU-regulated funds’ SFDR classification5. Under the SFDR—which was

introduced in 2019 and implemented in 2021—funds are required to disclose the extent to which

ESG issues are considered, which effectively leads funds to adopt one of three SFDR labels Spaans

et al. (2024). Broadly, Article-9 funds claim to have sustainable investments as an objective, and

must report on how they aim to achieve it, whereas Article-8 funds state they “promote social

or environmental characteristics”. The SFDR is informative regarding funds’ incorporation of ES

risks: Article 8 and Article 9 funds face more stringent disclosure requirements at both the fund

and portfolio holding levels. Similar to our main results on ESG-labeled funds, we find that greater

discretionary ownership by Article 8/9 funds is associated with fewer ESG incidents measured

over the next two to four quarters. In contrast, discretionary trades of Article-6 funds, which

do not explicitly consider environmental and social criteria, are unrelated to firms’ future ESG

performance. These results further support an ESG-skill hypothesis.

Having focused on whether discretionary trades predict firm-level ESG performance, we subse-

quently ask if these trades predict future stock returns. Ex ante, it is not clear that future returns

increase or decrease with discretionary ESG ownership, if at all. Literature to date is divided on

whether firms increase or decrease profits and shareholder returns by managing ESG objectives6.

Moreover, even if fund managers actively trade on ESG information that is financially material, this

information may be instantaneously impounded in stock prices7. Interestingly, our results indicate

5SFDR refers to the Sustainable Finance Disclosure Regulation. REGULATION (EU) 2019/2088: https://

eur-lex.europa.eu/eli/reg/2019/2088/oj/eng
6For recent mixed evidence on the relation between ESG-related factors and stock returns or profitability, see e.g.

Eccles et al. (2014); Khan et al. (2016); Bolton and Kacperczyk (2021); Pedersen et al. (2021); Pástor et al. (2022);
Ardia et al. (2023); Bolton and Kacperczyk (2023); Karolyi et al. (2023); Sautner et al. (2023); Berg et al. (2024);
Edmans et al. (2024); Alves et al. (2022); Galema and Gerritsen (2025); Zhang (2025); Lin et al. (2025).

7For example, several studies conclude that after a firm experiences negative ESG news, its stock price decreases
(Krüger, 2015) and analysts quickly lower their expectations of the firm’s future cash flows (Derrien et al., 2022)
However, an alternative body of work suggest that analysts and investors may not respond instantly to publicly
available ESG-and climate-related information that affects firms or industries, which could imply that stock prices
may—at least in the short run—not immediately reflect all value-relevant ESG information; see, e.g., Edmans (2011);
Borgers et al. (2013); Addoum et al. (2023); Pankratz et al. (2023); Hong et al. (2019).
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that discretionary ownership by ESG funds, and by European Article 8/9 funds, positively relates

to stock return in the next quarter, whereas more discretionary ownership by conventional funds,

but not Article 6 funds, is associated with lower future returns. Discretionary ownership by ESG

funds especially relates to next quarter’s stock returns for stocks that are relatively more volatile

in ES incidents. Although these results are initially surprising, considering that conventional funds

are expected to make financially informed trades, we note that discretionary ownership exhibits a

relation to future returns that appears to be economically small and short-term. Specifically, we

find that these return effects are temporary and may even somewhat revert for Article 8/9 funds.

On average, ESG Funds do not seem to trade economically significantly on new information

that matters for understanding a firm’s future ESG performance; i.e., an ESG skill hypothesis.

We use the holding data of our sample of mutual funds to identify individual funds that have a

higher propensity to increase their discretionary ownership in firms that have fewer ES incidents in

the future. While we indeed find significant differences in the cross-section of funds’ propensity to

invest with future ES risks in mind, we find no differences in excess or abnormal returns between

funds that have a high versus low propensity to increase their discretionary ownership in firms that

in the future see fewer ES incidents.

We argue that ESG-skilled mutual funds may rely differently on historic ESG data to make

decisions affecting their funds’ portfolio allocation. On the one hand, it is conceivable that ESG-

driven trades partly follow standard ESG metrics that are relatively easy to obtain. Earlier evidence

suggests that mutual funds, especially those that are ESG-oriented, significantly trade on historic

firm-level ESG data (e.g., Gibson Brandon et al., 2022; Berg et al., 2024). On the other hand, we

expect that ESG-skilled discretionary trades arise from proprietary ESG analysis made by funds,

which is, however, difficult to observe. Hence, we shift our perspective from ESG skill—consisting of

incorporating forward-looking ES risks—to mutual funds’ usage of ESG information. We undertake

three analyses to shed more light on ESG and conventional funds’ use of ESG data in trading.

First, we study how mutual funds trade after stocks’ inclusion in the MSCI All Companies World

Index (ACWI) and its ESG-screened twin, the ACWI ESG Leaders Index. We explore the staggered

difference-in-difference setting of firms entering only the MSCI ACWI and firms entering both the

MSCI ACWI and ESG Leaders indices. Following De Chaisemartin and d’Haultfoeuille (2024), we

estimate the treatment effects of the firms that enter the MSCI indices over time. Interestingly,

we find limited evidence that discretionary trading by ESG funds goes towards firms that enter

the ACWI or ESG Leaders index. Instead, conventional funds respond to firms entering the MSCI

5



ACWI index, leading to increased net buys towards those firms in the first treatment quarter. Firms

that additionally enter the MSCI ACWI ESG Leaders sub-index experience increased net sales by

conventional funds. While we find evidence that ownership increases in firms that enter world

indices (see e.g., Kacperczyk et al., 2021), we also note that this is not the sole driver of changes

in funds’ portfolio composition. Specifically, discretionary trades by ESG funds are unaffected

by changes in the MSCI ACWI ESG Leader sub-index, suggesting that ESG funds make trading

decisions based on other sources of information, potentially of a predictive nature for environmental

and social risks.

Second, previous work suggests that ESG-focused institutional investors substantially rely on

ESG scores from MSCI ESG Research (e.g., Gibson Brandon et al., 2022; Berg et al., 2024). To

shed light on the importance of past ESG data in trading, we extend our focus on mutual funds’

discretionary trades to their total quarterly position changes in response to firm-level ESG scores

and incidents from the previous quarter. Results indicate that conventional mutual funds tend

to decrease their positions in stocks with higher ESG ratings, whereas ESG funds increase their

positions. Conventional funds increase their positions after an ESG-rating increase (decrease), but

less so than ESG funds.

Next to focusing on funds’ consideration of stock ESG information (in terms of ESG scores and

an ESG benchmark), we analyse how fund managers ruminate on negative ES incidents of their

holdings. ESG Funds lower their positions in stocks that experienced a (severe) ES incident, but

increase their position in stocks with the highest ESG scores even if they experience a negative

ES incident. We do not note this for conventional funds; instead, this subset of funds trades away

from stocks that have higher ESG ratings and a higher number of ES incidents. To filter out funds’

expected trades from funds’ total trades, we also replace position changes for fund discretionary

trades (Coval and Moskowitz, 1999; Huang et al., 2023; Van der Beck, 2021; Heath et al., 2023).

Contrasting the results from total fund trades, ESG funds lower their discretionary ownership in

stocks that are affected by ES incidents in previous quarters, regardless of whether the stock has a

high or low ESG score. This discrepancy in trading behavior of ESG funds may indicate that ESG

Funds follow firm ESG scores closely for their expected trading, but to some extent move away from

these stocks following ES incidents. These results corroborate that mutual funds, in particular ESG

funds, do significantly trade on historical firm-level ESG data.

Third, we measure the fund managers’ reliance on firm-level ESG information. Following the

methodological framework of Kacperczyk and Seru (2007) and Fang et al. (2014), we estimate a
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proxy of funds’ reliance on public ESG information (i.e., ESG scores or knowledge of ES incidents).

We find that ESG funds are rewarded in terms of additional investor flows if they have historically

used MSCI ESG scores for their portfolio trading decisions. On the other hand, we see that ESG

funds see a slight outflow following a stronger reliance on ES incidents.

Our paper complements the wide literature that examines the non-pecuniary preferences within

the financial market (Riedl and Smeets, 2017; Hartzmark and Sussman, 2019; Barber et al., 2021;

Geczy et al., 2021; Pástor et al., 2021; Pedersen et al., 2021; Kim and Yoon, 2023; Derwall et al.,

2011; Starks, 2023). A large number of funds market the integration of environmental, social, and/or

governance (ESG) issues in investment decisions, either for the benefit of financial return and/ or for

the pursuit of certain social and environmental objectives. Our study shows that ESG-oriented fund

managers have an incentive to trade on information that is relevant for predicting future changes

in firms’ ES risks. On a firm level, we find that ESG (or similar ESG-focused) mutual funds’

discretionary trades are to a degree informative about changes in firms’ future environmental and

social performance, compared to discretionary trades by conventional, financially focused mutual

funds.

It follows that our results contribute to a few related papers that study the use of ESG in-

formation in active investment management. Cremers et al. (2024) measure for each U.S. mutual

fund an ESG ratings distribution at the portfolio level, based on different third-party ESG ratings

of underlying holdings, relative to the ESG distribution of an associated benchmark. They argue

that the difference in ESG rating distribution between the fund and the benchmark (‘Active ESG

Share’) captures the use of discretionary ESG information, which could predict fund returns if

this information is financially material. They document that Active ESG Share positively predicts

returns of ESG funds, but not returns of conventional funds in the U.S.. The former is especially

when ESG funds hold stocks with greater ESG ratings divergence. They further document that

ESG funds with a higher Active ESG share profit from future return increases from stocks that

see future ESG rating upgrades. This hence suggests a ratings anticipation channel. In a related

study, Chen et al. (2024) conclude that U.S. mutual funds trade on financially material ESG in-

formation by linking fund holdings to ESG TruValueLabs’ “pulse scores” that specifically focus on

industry-specific financially material issues identified by the Sustainability Accounting Standards

Board (SASB). They also document that funds with a greater propensity to weigh pulse scores in

investments have higher returns. However, these studies do not directly test whether active ESG

funds anticipate future ESG performance changes to start with.
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Furthermore, Ceccarelli et al. (2023) measure fund-level ‘ESG skill’ in a given period by how

many ‘proactive’ trades were previously made in stocks that exhibited subsequent improvements in

ESG scores. If a fund manager possesses ESG skills, they expect that these proactive trades will

continue to be forward-looking in the subsequent period. Consistent with such persistence, they

find that U.S. funds with more proactive ESG trades exhibit greater future improvement in ESG

scores, but they do not exhibit better ‘alpha’. However, counting the number of trades in stocks

that experience improvements in ESG scores may not necessarily measure proactive trading on ESG

informativeness, but instead capture expected trades that funds are expected to make because of

induced fund flows (in accordance with the mechanism outlined by Van der Beck, 2021; Wardlaw,

2020). In our paper, we distinguish flow-driven expected trades from discretionary trades, and we

document that ESG funds’ discretionary mutual fund trades relate to both future changes in firms’

ESG performance and future stock returns in the short term.

We contribute to the literature on specialization by institutional investors. Cremers et al. (2024)

measures proprietary ESG information by considering the differences in aggregated portfolio and

benchmark weights at the MSCI ESG rating level. Our study sheds additional light on what this

proprietary ESG information consists of—complementary to He et al. (2023), we find evidence

that ESG funds in their trading decisions show some forward-looking perspective on negative ES

incidents. However, we also note that funds that are more ‘skilled’ with regard to future firm

ES risks are not rewarded for this in terms of alpha or relative fund flows. We build upon the

recent work of Azarmsa and Shapiro (2023), which describes how ESG preferences of investors are

catered to with ‘generalized’ ESG ratings. They theoretically predict that when investors value the

asset’s performance of more than one specific ESG component, ESG raters will split their efforts

over the different ESG rating categories. In our paper, we find evidence that ESG Funds, in the

same manner, ‘generalize’ their ESG portfolio decisions. For ESG Funds that have used changes in

MSCI ESG scores up to four lagged quarters in their portfolio trading decisions more extensively,

we find higher relative fund flows. The opposite is true for ESG funds that have used information

on their holdings’ negative ES incidents: they experience some outflows. Literature indeed has

shown evidence that funds with higher ESG scores or sustainability indicators are rewarded with

additional investors flows (even if temporarily) (Hartzmark and Sussman, 2019; Gantchev et al.,

2023; Ceccarelli et al., 2024; Spaans et al., 2024)8. However, while Berg et al. (2024) indicates

that ESG funds merely change their ownership of stocks in line with their ESG ratings to abide by

8Even on the stock level there has been evidence that investors can respond strongly to changes in ESG scores
(see e.g., Rzeźnik et al., 2022)
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their ESG mandate, in our paper, we find evidence that, additionally, ESG investors through their

flows respond to ESG funds’ stock selection based on changes in stock ESG scores. Similar to the

reasoning provided by Solomon et al. (2014), we find that ESG investors are aware of the extent to

which ESG Funds invest in the top ‘greenest’ stocks9.

2 Data

2.1 Fund level data

From Morningstar Direct, we retrieved monthly data (in USD) on a sample of European and US

open-end equity mutual funds between December 2014 and December 2022. We filter our sample of

mutual funds for those that are domiciled in Europe10, or the United States, and following Ceccarelli

et al. (2024), we remove regional and sector-specific equity funds11. We drop funds that we cannot

match to the FactSet Ownership data. While Morningstar provides data on the share class level,

we utilize the FundId identifier to aggregate returns and assets under management (AUM). To

aggregate the share class returns to the fund level, we value-weight the returns using the share

classes’ lagged total net assets. We calculate the age of the fund by using the inception date of the

oldest share class.

Table 1 reports the descriptions of various quarterly fund-level variables such as assets under

management (TNA), fund flows, returns, portfolio turnover, age, percentage of portfolio that is

cash, and sustainability classifications. Following Ceccarelli et al. (2024), we limit our sample to

fund periods in which mutual funds are at least 1 year old. Additionally, we require them to have

assets under management of at least 1 million USD in our sample. In addition, consistent with the

price pressure literature, we remove funds that experienced extreme changes in TNA (Coval and

Stafford, 2007; Falato et al., 2021). We require funds to see TNA changes within the bounds of

−0.5 to 2:

−0.5 < ∆TNAi,t/TNAi,t−1 < 2.0

9Solomon et al. (2014) show that winner stocks in funds’ portfolios attract investor flows if they had been featured
in the media. Through, for example, the funds’ display of their top 10 holdings on trading platforms, (retail) investors
have easy access to the ESG scores of individual stocks (Rzeźnik et al., 2022; Hartzmark and Shue, 2023).

10This includes all countries part of the EEA as well as the United Kingdom, Norway, Switzerland, and Liechten-
stein.

11We include funds with the following Morningstar Categories: ’Europe Equity Mid/Small Cap’, ’Global Equity
Large Cap’, ’Europe Equity Large Cap’, ’US Equity Small Cap’, ’Equity Miscellaneous’,’US Equity Mid Cap’, ’US
Equity Large Cap Blend’, ’Global Equity Mid/Small Cap’, ’US Equity Large Cap Growth’, ’US Equity Large Cap
Value’, ’UK Equity Large Cap’, ’UK Equity Mid/Small Cap’
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The median quarterly fund flows is -0.92% and in line with the literature that investigates fund

flows of equity funds (Gantchev et al., 2023; Wang, 2024), but the values on the 1st and 99th

percentiles show extensive variation in fund in- and outflows over time.

We reduce the fund-quarter observations for which cash as a percentage of assets under man-

agement exceeds the 0.5 and 99.5 percentiles12.

Funds, on average, hold 178 to 179 holdings. Although we condition the age of the fund to be

at least one year since the inception of the oldest share class, the median number of holdings is

64 holdings, which is consistent with the literature on portfolio concentration of actively managed

funds (Kacperczyk et al., 2005).

To identify the funds that are classified as ‘ESG’ funds, we make use of the Morningstar Sustain-

able Attributes framework that identifies funds that are considered a ‘General ESG Investment’.

Morningstar in 2022 describes that “General ESG Investments endeavor to promote sustainability

and minimize negative impact, without focusing on a specific theme or area of action”. Morningstar

determines whether mutual funds are an ESG Investment “after a review of the prospectus or of-

fering documents most relevant in the investment products country of registration. We consider a

mutual fund to be an ‘ESG’ fund if, during the majority of our time series, the respective fund is

classified as such by Morningstar. Of our sample of fund quarters, 28% are from ESG Funds. We

consider the other 72% to come from conventional funds.

We additionally consider potential differences in ESG considerations between European and

US-domiciled funds (Gibson Brandon et al., 2022; Dyck et al., 2019; Gibbon et al., 2023). Of

our sample, 68% of the fund-quarters come from funds domiciled in countries that are part of the

European Union, including Norway, Liechtenstein, Switzerland, and the United Kingdom. 32% of

the fund quarters come from funds that are domiciled in the US.

Lastly, we are interested in funds that are bound to consider sustainability risks and adverse im-

pacts with more care in the composition of their portfolios. The European Sustainable Finance Dis-

closure Regulation (SFDR) was established in 2021 to overcome information asymmetries between

investors, regulators, and financial market participants regarding the integration of sustainability

risks, consideration of adverse sustainability impacts, and promotion of environmental and social

12We control for sudden abnormalities in the FactSet ownership data. For example, for fund Sparinvest SICAV
- European Value with ISIN code LU1616402803, FactSet Ownership for < Q1 2017 shows an average percentage
of cash and or short-term positions of about 2.5%. In Q1 2017 and Q2 2017, the weights of the stock holdings are
inflated to make up a total stock portfolio of 2,181.69% and 2,286.69%, respectively. Hence, FactSet Ownership sets
the total weights of the cash and short-term positions equal to a respective -2,080.69% and -2,186.69% to ensure
that the final equity portfolio adds up to 100.0%. From Q3 2017 onward, the fund’s percentage of cash within the
portfolio falls to 1.64-2.10%. A search in the official Sparinvest semiannual report for Q2 2017 showed that cash as
a percentage of net assets in reality was 3.44%.
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characteristics of funds and their underlying portfolios (Spaans et al., 2024; Busch, 2023). The reg-

ulation requires European mutual funds to provide this non-financial information on their website,

in (semi)annual reporting, marketing, and pre-contractual documentation. A key component of

the SFDR is the labeling component that dictates the degree to which funds promote sustainable

investment (referred to as Article 8 products) or additionally see it as their objective (referred to

as Article 9 products). Article 6 funds do not promote sustainable investing but are nevertheless

required to report on their sustainability risks. For European funds, Morningstar retrieves from the

fund’s prospectus which SFDR Article the fund aligns with. Table 1 shows that of our sample of

European funds, 59.6% say they take on an Article 8 or 9 label. The other 40.4% of fund quarters

are from our sample of Article 6 funds.

2.2 Holdings panel

We are able to match our Morningstar fund database to mutual fund holding information provided

by the FactSet ownership module (see also the work by Ferreira and Matos, 2008; Ceccarelli et al.,

2023). Using the ISINs of the share classes as reported by Morningstar, we gathered information

from FactSet (formerly Lionshares) on the quarterly equity holdings of our equity mutual fund

sample from December 2014 to December 2022.

Per quarter (our sample consists of 33 calendar quarters starting on 2014-12 and ending at

2022-12), we retrieved for our sample of funds the local FactSet identifier13, the position, and the

weight in the fund’s portfolio. Although funds are often made up of multiple share classes, they are

matched to one single portfolio of holdings. Therefore, for every fund, in every quarter, we identify

the first share class for which FactSet reports its holdings. As a result, our share class level holding

data is mapped to the fund level. In total, our sample of funds contains 53,603 unique FactSet

holding identifiers.

To identify and link the holdings with company-level data, we match the holding identifiers

to FactSet’s permanent security identifier “FSYM SECURITY ID”14. From FactSet Prices and

FactSet Reference Data, we additionally retrieve information on the exact security type of the

13In FactSet’s ownership module, we use the function “OS TOP HLDG LOCID” to gather the identifier for the
holdings. FactSet uses the historical ticker, the header ticker, the Sedol, or cusip to identify the individual holdings.

14In cases FactSet did not provide a link between holding identifier, OS TOP HLDG LOCID, and the perma-
nent security identifier, “FSYM SECURITY ID”, we would (1) identify the specific funds and quarters in which
that holding was present, and (2) we would manually download the specific funds’ holdings again using an alterna-
tive identifier from the FactSet ownership module, using OS TOP HLDG SEDOL or OS TOP HLDG CUSIP and
OS TOP HLDG NAME to assign a different identifier as well as the correct holding name to the local holding iden-
tifier OS TOP HLDG LOCID. Lastly, (3) we would use the manually gathered identifier to make a correct match to
FactSet’s permanent security identifier.
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holdings. In our fund holdings panel, we only keep the holdings that are categorized as shares.

Lastly, from FactSet Fundamentals, we retrieve information on whether the stock in our holdings

database is the primary security of the respective company15. Hence, our final sample contains

31,824 unique global FSYM SECURITY IDs.

To assemble our fund holdings panel, we transpose the holding information into a long-form fund-

holding panel for every quarter. To identify unique fund-holding combinations, in every quarter we

combine the Morningstar FundId with the FactSet Permanent Security Identifier, FSYM SECURITY ID.

We make sure that the fund-holding-quarter panel is balanced by creating an empty dataframe rang-

ing from Q4 2014 to Q4 2022 for all unique FundId -FSYM SECURITY ID combinations. To this

balanced panel, we merge the fund-holding-quarter level data, such as the holding positions and

weights of the respective funds. As we are interested in measuring trades of funds based on the

current and last quarter’s reporting date, we drop funds for which we find that FactSet has gaps

concerning the funds’ holding information. We find that 361 Morningstar FundIds have gaps in

their holdings data as gathered through FactSet Ownership. Additionally, we follow the literature

and impose that the funds in our sample should have at least 10 individual holdings in their portfolio

at one moment16.

2.2.1 Stock level characteristics

To our global sample of 31,824 primary stocks, we match quarterly Compustat (and CRSP)

accounting- and market-based data following Jensen et al. (2022). To see whether mutual funds

are able to select stocks that in the future will see improvements in their sustainability behavior,

we consider various metrics that we match to our fund-holding-quarter panel: 1) Revenue-weighted

Scope 1 and 2 carbon emissions from Refinitiv, 2) MSCI ESG scores (industry-weighted and equal-

weighted), and 3) RepRisk incidents.

Refinitiv (LSEG) estimates firm-level carbon intensity using data from publicly disclosed docu-

ments by the firm, such as annual reports, sustainability reports, or company websites and or filings.

The CPD data are used for data from 2015 onward. Quarterly level carbon intensity is measured in

tonnes of Scope 1 and Scope 2 CO2 emissions per million USD of firm revenue. Refinitiv winsorizes

15As multiple local FactSet identifiers can be matched to a single FactSet permanent security identifier, we gather
this data for both identifiers. First, we filter out the FactSet permanent identifiers that are not the primary security.
We then additionally filter out the remaining FactSet local identifiers that are not deemed a primary security.

16Here, we follow Huang et al. (2023) as we are interested in the variation in changes in the portfolio allocations
of funds. Work on pressure trading and position changes by Coval and Stafford (2007) and Gantchev et al. (2023)
impose a restriction of at least 20 holdings per fund in their sample period.
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outliers in the reported data, and extrapolates reported years to non-reported years17. To measure

future improvements in firm CO2 emissions, we calculate the percentage change between a firm’s

current carbon intensity in quarter t and future carbon intensity in quarter t+ s in which s denotes

the number of lead quarters. We winsorize ∆CarbonIntensityj,t+s at the 1st and 99th percentiles.

Table 2 shows that for our sample of issuers, the median change in carbon intensity between the

current quarter and the quarter in a year is 0.57%18.

Recent literature emphasizes the role that firm ESG ratings play in influencing the trading

decisions of mutual funds (Gantchev et al., 2023; Berg et al., 2024; Ceccarelli et al., 2023; Chen

et al., 2024). MSCI in particular seems to be one of the most influential (Berg et al., 2024; Serafeim

and Yoon, 2023): of the largest 100 ESG funds globally, 17% of these used MSCI for benchmarks

and ESG data in 202219. ESG scores issued by MSCI assess the extent to which firms are exposed

to financially material Environmental, Social, and Governance risks. Moreover, MSCI assesses how

the firm manages these risks. MSCI calculates two ESG scores, a raw “Weighted Average Key Issue

Score” that weights all ESG issue based on financial materiality, and an “Industry-Adjusted Score”

that benchmarks raw key issue scores to industry peers. Both scores range from 0 to 10, where a

score of 0 indicates the worst management of ESG risks. Industry-Adjusted Company scores are

finally mapped to MSCI’s letter ratings, aiding investors in distinguishing the leaders, laggards,

and average ESG-performing firms. We calculate the absolute future change in quarterly raw or

industry-weighted MSCI ESG scores between the current quarter t and quarter t + s in which s

denotes the number of lead quarters: ∆MSCIj,t+s = MSCIj,t+s−MSCIj,t. We use both the raw

and the industry-weighted ESG score, as the firm’s former score is not affected by the behavior of

its peers. Hence, we want to see whether funds are able to predict the ESG risk management of a

firm or whether they are able to predict changes in a firm’s ESG score with respect to their peers.

The average change in the raw MSCI ESG scores between t and t+1 is 0.02 points and 0.09 points

between t and t + 4. The standard deviation is higher for future changes in industry-weighted

MSCI scores, suggesting that the behavior of industry peers creates additional variation in firm

ESG scores.

We complement these two metrics with data from RepRisk. RepRisk screens, on a daily basis,

large sets of documents and media (e.g., print media, government bodies, social media, and newslet-

ters), in which it monitors material ESG risks of companies in 23 different languages. They pur-

17https://www.lseg.com/content/dam/data-analytics/en_us/documents/methodology/

lseg-climate-data-package-ghg-emissions-methodology-process.pdf
18The median change in carbon intensity between the current quarter and the next is 0.00%, suggesting that

reductions in carbon intensity happen on a longer term. The mean, on the other hand, is -0.052%.
19https://www.opimas.com/research/874/detail/
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posely omit information coming from company-disclosed information. From 2007 onward, RepRisk

has recorded company-level risk incidents, classifying them according to 28 mutually exclusive ESG

issues20. Environmental issues include, for example, climate change, pollution, and waste. Social

issues include child labor, human rights abuses, and discrimination.

In this paper, we collect the number of incidents labeled by RepRisk as negative environmental or

social issues for each firm-quarter. RepRisk’s coverage increases over time both in terms of reported

incidences as well as unique firms (He et al., 2023; Derrien et al., 2022). RepRisk, additionally, ranks

the reported incidents on ‘severity’ based on the incident’s consequences regarding ESG issues.

Severity is measured on a scale from one to three, where two and three represent ‘Severe’ and ‘Very

severe’, respectively. # environmental and social incidentst+s denotes the number of all RepRisk

incidents of firm j that are characterized as an environmental or social issue in quarter(s) t+s with

s ∈ {1, 2, 3, 4}. In t+4, we cumulatively count all E and S incidents that happen in quarters t+1 to

t+ 4. # severe environmental and social incidentst+s denotes the number of all RepRisk incidents

of firm j that are characterized as an environmental or social issue with severity rank two or three

in quarter(s) t + s with s ∈ {1, 2, 3, 4}. Table 2 shows that the median number of environmental

and social incidents per firm per quarter is 0. The mean (0.28 vs. 0.09) and 99th percentile (5

vs. 2 incidents) show that the majority of RepRisk’s environmental and social incidents are not

severe21. As RepRisk is news-based instead of being based on company disclosures, it may better

reflect the company’s outcomes of management of ESG risks than ESG scores. Investors may use

forward-looking information to stock pick holdings that see fewer environmental and social incidents

in the future.

All non-USD market information is converted to USD using the foreign-USD exchange rates

from Compustat. Following Jensen et al. (2022), all accounting data assumes a four-month lag

between the end of the firm’s fiscal period and the public availability of the data. Values in local,

non-US currencies are again converted using the last available foreign exchange rate of Compustat.

We follow Bolton et al. (2024): 1) We calculate the natural logarithm of the company’s market

capitalization, Log Market Cap.; 2) we gather data on the firm’s number of shares in the previous

quarter in millions of shares, # Shares; 3) the quarterly stock return Quarterly stock returns; 4) the

firm’s book value over the most recent market capitalization, Book/ Market ; 5) stock momentum

which is the most recent 12 month stock return, omitting month t − 1, Momentum; 6) capital

20The Issues were defined per key international standards set by, for example, the World Bank, OECD, and United
Nations. https://www.reprisk.com/content/static/reprisk-esg-issues-definitions.pdf

21An example of a non-severe (ranked one on RepRisk’s severity scale) is Dunkin’ Donuts sourcing palm oil from
suppliers that contribute to the destruction of rainforests.
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expenditure over the book value of a firm’s assets, CAPEX/ Assets; 7) the market beta of the

firm’s primary stock calculated over the daily returns of the last 12 months, Beta; 8) the annualized

standard deviation of daily returns over the previous 12 months, Return volatility ; 9) the firm’s

quarterly income scale by the book value of equity, ROE ; 10) the ratio of gross debt to book value

of assets, Leverage. We report the descriptives in Table 2

From FactSet’s MSCI module, we retrieve the data on the index inclusion of the firm in MSCI’s

All Country World Index and MSCI’s All Country World ESG Leaders Index. We winsorize the

continuous control variables on the 1st and 99th percentiles.

2.3 Measuring trades by mutual funds

For our sample of European and US mutual funds, we investigate their trading behavior in terms

of backward and forward-looking sustainability information. Specifically, our analysis focuses on

stock selection behavior on the future sustainability behavior of portfolio firms. Skilled investors

form portfolios that consider forward-looking ESG information. Stock picking means (net) buy-

ing—more than expected—stocks that will see improvements in terms of fewer RepRisk incidents,

improvements in MSCI ESG scores, or reductions in carbon intensity.

To determine the trading behavior, we first determine the quarterly flows of fund i between

quarters t− 1 and t following Sirri and Tufano (1998):

flowi,t =
[TNAi,t − TNAi,t−1 ∗ (1 +Ri,t)]

TNAi,t−1
(1)

where TNAi,t is the total net assets for fund i at the end of the quarter t, and Ri,t is the quarterly

return for fund i in quarter t. As our fund data from Morningstar is on a monthly basis, we

compound our monthly fund returns into quarterly fund returns.

The literature on mutual fund flow-induced trading (Coval and Stafford, 2007; Van der Beck,

2021; Wardlaw, 2020; Huang et al., 2023; Heath et al., 2023) describes two sources of trading.

The first is trading that is ‘expected’ assuming that mutual funds maintain their percentage of

holdings of stock j at the beginning of the quarter, wi,j,t−1, and reinvest incoming dollar flows

proportionally. Coval and Stafford (2007) finds that between 1980 and 2004, funds maintain 27 to

45 percent of their positions following different degrees of inflows and outflows. For our baseline,

we define expected trades of stock j for every quarter t as the buys of shares (sales) resulting from

a prorated dollar flow coming in (out of) the fund:
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ExpectedTradingj,t =

∑
i(Positioni,j,t−1 × flowi,t|flowi,t > 0)

ShareOutstandingj,t−1

+

∑
i(Positioni,j,t−1 × flowi,t|flowi,t < 0)

ShareOutstandingj,t−1
(2)

where Positioni,j,t−1 is the number of shares held of stock j by fund i in quarter t− 1 and flowi,t

is defined as in equation (1). ExpectedTradingj,t denotes the net expected buys of stock j. Stocks

that in quarter t−1 were not being held by the fund (i.e., Positioni,j,t−1 = 0) would see an expected

trade of 0. We normalize expected trades by the shares outstanding of firm j to prevent creating a

mechanical correlation with returns (Wardlaw, 2020). We can split expected trading into expected

buys and expected sales:

ExpectedBuyj,t =
∑

i(Positioni,j,t−1×flowi,t|flowi,t>0)

ShareOutstandingi,t−1

and

ExpectedSellj,t =
∑

i(Positioni,j,t−1×flowi,t|flowi,t<0)

ShareOutstandingi,t−1

Different from measuring flow-induced price pressure (Van der Beck, 2021) or determining fu-

ture trades from past ESG trades (Ceccarelli et al., 2023; Heath et al., 2023), we are particularly

interested in measuring deviations of the expected trading behavior of funds.

Literature on price pressure and fire sales has made use of the definition of Coval and Stafford

(2007) to determine the actual trades of stock holding i induced by large in and outflows:

PressureTradingi,t =

∑
i(max(0,∆Holdingsi,j,t)|flowi,t > 90%ile)

ShareOutstandingj,t−1

−
∑

i(max(0,−∆Holdingsi,j,t)|flowi,t < 10%ile)

ShareOutstandingj,t−1
(3)

where PressureTradingi,t describes the number of shares j bought by fund i as a result of in and

outflows beyond the 90th and 10th percentiles (i.e., ‘extreme flows’), respectively22. In our baseline

analysis, we are interested in stock-picking behavior as a consequence of all degrees of fund flows.

Hence, we extend the measure to

ActualTradingi,t =

∑
i(max(0,∆Positioni,j,t|flowi,t > 0)

ShareOutstandingj,t−1

−
∑

i(max(0,−∆Positioni,j,t|flowi,t < 0)

ShareOutstandingj,t−1
(4)

22During extreme flows the measure of expected trades as defined in equation (2) can simply be adjusted to

ExpectedTradingj,t =
∑

i(Positioni,j,t−1×flowi,t|flowi,t>90%tile)+
∑

i(Positioni,j,t−1×flowi,t|flowi,t<10%tile)

ShareOutstandingj,t−1
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where similarly to Coval and Stafford (2007) and Huang et al. (2023) we consider the net buys in

the shares of stock j held by fund i between quarter t − 1 and quarter t. flowsi,t are percentage

flows as defined in equation (1). Additionally, in this specific measure, we merely focus on buys

during inflows and sales during outflows. However, even in this concentrated setting, funds are

still choosing which stocks to purchase or sell. To measure the deviations in expected trading,

resulting in changes to the portfolio composition, we follow Huang et al. (2023) so that we define

discretionary trading of stock j as

DiscretionaryTradingj,t = ActualTradingj,t − ExpectedTradingj,t (5)

where we can split discretionary trading into discretionary trades during inflows and discretionary

trades during outflows:

DiscretionaryBuyj,t =
∑

i(max(0,∆Positioni,j,t|flowi,t>0)

ShareOutstandingj,t−1
−

∑
i(Positioni,j,t−1×flowi,t|flowi,t>0)

ShareOutstandingi,t−1

and

DiscretionarySellj,t = −
∑

i(max(0,−∆Positioni,j,t|flowi,t<0)

ShareOutstandingj,t−1
−

∑
i(Positioni,j,t−1×flowi,t|flowi,t<0)

ShareOutstandingi,t−1

In our balanced fund-holding-quarter panel, we fill in a 0 for the quarter the fund does not hold

a specific holding. Thus, we include discretionary trades made by funds to holdings they, in the

previous quarter t− 1, did not yet hold. Similarly, we include holdings that are completely sold off

between quarter t − 1 and t. We reason that, also on the extensive margin, funds make informed

decisions about which holdings to include and which to divest fully.

To distinguish whether ESG funds are better in stock picking based on forward-looking ESG

information, we calculate DiscretionaryTradingj,t for various subsets of our sample of funds (see

section 2.1): 1) funds that are assigned as an ESG fund or conventional fund following the Morn-

ingstar Sustainable Attributes framework; 2) funds that are domiciled in Europe or the United

States; 3) funds that fall under the European Sustainable Finance Disclosure Regulation (SFDR)

and either take on an Article 8 or 9 and Article 6 label. We report the calculated discretionary and

expected trades for different subsections in panel A of Table 3. To limit the influence of outliers,

we winsorize all discretionary and expected trades on the 0.5 and 99.5 percentiles23.

Panel A of Table 3 shows summary statistics on the firm-level measures of discretionary trading

for ESG funds and non-ESG (conventional) funds, and for funds grouped by SFDR article, by

region (Europe or US), and by portfolio concentration. Panel B shows summary statistics for funds

23In Table 33 we report the results of Table 6 on different winsorizing and trimming options.

17



experiencing extreme flows in a specific quarter. One insight from Table 3 is that discretionary

trades exhibit greater volatility. Part of this discretionary trade variation arises whenever a fund

includes (drops), in a given quarter, a company that was not held (dropped) in the previous quarter.

To better understand how discretionary ownership relates to a firm’s future ESG performance, we

report standardized coefficients across all regressions that are central to this paper. Furthermore, as

expected, the correlation matrix shown in Table 4 indicates that discretionary and expected trades

are only weakly correlated.

3 Empirical results

3.1 Do ESG funds’ net discretionary buys anticipate changes in a firm’s

future ESG performance?

Table 5 reports on the relation between firm-level changes in discretionary shareholdings by ESG

mutual funds and next-quarter changes in firm-level sustainability outcomes:

∆Sustainabilityj,t+1 = β0 + β1DiscretTradesj,t + β2ExpectedTradesj,t

+ γ
′
Xj,t + θj + θt + εj,t+1 (6)

where ∆Sustainabilityj,t+1 denotes the change in carbon intensity (column 1), MSCI key issue ESG

score (column 2), and MSCI industry-weighted ESG score (column 3), respectively. We control for

the unrelated component of DiscretTradesj,t, ExpectedTradesj,t. We further control for time-

varying firm and stock-level characteristics such as described in Section 2.2.1, and control for firm

and year-quarter fixed effects. Since for each firm the discretionary trades are summed across all

funds and then divided by the firm’s shares outstanding, the standardized coefficients estimate

how a standard-deviation change in firm-level discretionary ownership relates to future changes in

firm-level carbon intensity and MSCI ESG score. We differentiate between the MSCI key issue

ESG score and industry-weighted ESG score, as the former does not consider the ESG performance

of the firm with respect to its respective industry peers. We argue that the MSCI key issue score

approximates to a closer degree the absolute ESG behavior of the firm.

The ‘ESG-skill hypothesis’ predicts that the discretionary change in ownership by ESG mutual

funds carries a negative sign in models of carbon intensity and positive sign in models of MSCI’s

ESG scores. Inconsistent with this hypothesis, we find that the change in net discretionary buys by
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ESG funds relates neither significantly to future changes in carbon intensity nor to changes in the

MSCI ESG score. As for the discretionary trades of conventional funds, they exhibit no significant

coefficient in Table 4. In contrast, the change in ESG funds’ expected ownership negatively relates

to the change in MSCI ESG score in the next quarter, whereas expected changes in conventional

ownership positively relate to the change in future carbon intensity. That expected ownership

changes may relate to firms’ future ESG performance underscores the importance of distinguishing

flow-induced trades from trades that likely reflect fund managers’ use of new ESG information.

Since Berg et al. (2024) describe that a change in ownership may be slow in response to new

information, we elongate the lead between the current quarter and future quarter t to t+4 (columns

4-6). Column 5 indicates a marginally significant positive relation between increased discretionary

ownership of ESG funds and the difference in MSCI key issue ESG score between the current

quarter t and the future quarter t + 4. In column 6, we note a negative relation between an

increased discretionary ownership of conventional funds and a change in industry-weighted MSCI

ESG score. ESG funds in quarter t increase their discretionary ownership in firms that, after

one year, see significant absolute improvements in ESG behavior. Conventional funds, on the other

hand, increase their discretionary ownership in stocks that have lower industry-adjusted ESG scores

in t+ 4.

Next, we utilize the RepRisk database to examine the relationship between discretionary trades

and actual environmental and social incidents observed in subsequent quarters. We follow Cohn

et al. (2022) and do not log-transform our RepRisk incidents data, which is measured in the quarterly

number of environmental and social incidents. In a Poisson model, we can still include a wide range

of fixed effects without introducing bias to our estimation of the count-like dependent variable. The

Distribution of # ES Incidents is skewed, with the largest mass of values being at 024.

In Table 6, we report the Poisson regressions25 that relate quarterly trades to the cumulative

number of environmental and social incidents that a firm exhibits over the next quarter and over

the next two, three and four quarters:

#ES Incidentsj,t+s = exp(β0 + β1DiscretTradesj,t + β2ExpectedTradesj,t

+ γ
′
Xj,t + θj + θt + εj,t+s) (7)

24As reported in Table 2, the median number of firm ES RepRisk incidents within our firm-quarter sample is 0.
25When including fixed effects in a Poisson estimation, the model limits itself to observations that within the

specified fixed effects groups have at least one non-zero value for the dependent variable. We additionally remove
singletons where fixed effects, such as year-quarter fixed effects in our specification, are nested within clusters (here
standard errors are clustered at the firm level).
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where #ES Incidentsj,t+s reflects the firm-level (cumulative) number of environmental and so-

cial RepRisk incidents, measured between the end of quarter t and t + s, where quarter s ∈

{1, 2, 3, 4}. Similar to Equation (6) we control for the unrelated component of DiscretTradesj,t,

ExpectedTradesj,t. We further control for time-varying firm and stock-level characteristics such

as described in Section 2.2.1 and control for firm and year-quarter fixed effects. We find that ESG

funds’ net discretionary buys in a given quarter negatively relate to the cumulative number of ESG

incidents that occur up to three quarters later. The negative coefficients on net discretionary buys

are significant at either 5% (columns 2 and 4) or 10% (column 3)

Similar to Hoepner et al. (2024), we find that by including firm fixed effects, we lose about 30%

of our total sample as we lose observations that do not have non-zero values for #ES Incidentsj,t+s

within the firm fixed effects. Nevertheless, this specification is desirable for our research question,

as it restricts the sample to groups that are informative about the direction of discretionary own-

ership on # ES incidents. However, in Table 13 we report an alternative specification in which

we substitute the fixed effects in Equation (6) for (main exchange) country and Fama-French 49

industry × year-quarter fixed effects26. While the main effects of Table 6 for t + 2 (column 2) re-

main, especially noteworthy is that the coefficients of ExpectedTradesj,t flip sign. This is because

the specification now also includes firms that never have a non-zero ES incident throughout our

time series from March 2015 to December 202227. Accordingly, we find that the expected trades

of ESG Funds in Table 13 go toward stocks that never experience a non-zero incident. In 6, we

impose firm and year-quarter fixed effects to control for time-invariant unobservables on the firm

level, such as stable investment (e.g., style) preferences for specific stocks. As we focus on changes

in discretionary ownership of firms that have at least one non-zero ES incident, we note that ESG

funds increase their discretionary ownership in firms that see fewer cumulative ES incidents within

two to four quarters in the future.

In contrast, conventional funds’ net discretionary buys do not relate to the future number of

incidents, regardless of the performance horizon we investigate or the fixed effects specification we

apply. As conventional funds on average may have less non-pecuniary preferences than ESG funds,

we additionally run the analyses of Tables 6 and 13 for governance incidents only: In Table 16 while

we see a consistent pattern of ESG funds increasing their discretionary ownership in firms that see

fewer governance-related incidents in the future, the coefficients for conventional funds’ net buys

26We adjust Equation (7) to #ES Incidentsj,t+s = exp(β0+β1DiscretTradesj,t+β2ExpectedTradesj,t+γ
′
Xj,t+

θc+ θk × θt+ εj,t+1) where θk × θt denote Fama-French 49 industry × year-quarter fixed effects amd θc denote main
exchange counry of the stock fixed effects.

27In Table 13 we make a balanced panel of all firms in the RepRisk universe. Hence, while facing zero ES incidents,
these firms can still be subjected to a governance-related incident or be subjected outside the time series of our paper.
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remain statistically insignificant.

In Table 7, we delve deeper into ESG incidents that are labeled more ‘severe’ by RepRisk.

Although the coefficients on discretionary trades of ESG funds are negative across all columns,

they are only marginally significant (at 10% level) in column 2. Overall, the results on future

Reprisk incidents partially support the idea that discretionary trades of ESG funds are informative

about future developments in firms’ ESG performance.

3.2 Exploring portfolio concentration and firm-level ESG volatility as

moderators

According to a large body of literature, it can be expected that skilled fund managers are more

likely to hold concentrated portfolios. For example, fund managers may choose to prioritize assets

over which they likely enjoy a competitive informational advantage; see e.g. Van Nieuwerburgh

and Veldkamp (2010) or have non-pecuniary preferences for (Ferreira and Matos, 2008; Hong and

Kostovetsky, 2012; Pastor et al., 2023). In addition, several studies document that greater portfolio

concentration is associated with better risk-adjusted fund performance, consistent with the idea

that skilled portfolio managers hold fewer assets (see e.g., Kacperczyk et al., 2005). We explore

in Table 8 first whether discretionary trades of fund managers are more informative about firms’

future ESG performance compared to discretionary trades of more diversified funds. There is little

evidence that portfolio concentration as such moderates the informativeness of discretionary trades

in our sample. In fact, Table 8 reports that firms with more net buys by less concentrated funds

subsequently experience stronger declines in carbon intensity (coefficient = -0.007; significant at

10%).

Similarly, examining portfolio concentration for ESG and conventional funds separately in Table

9 and Table 14, we find that only the changes in discretionary ownership of less concentrated

ESG funds are consistently followed by decreases in future ES incidents: a one standard deviation

increase in discretionary ownership by unconcentrated ESG funds is directed toward firms that see

a reduction in the expected number of future ES incidents between 0.1-0.2% (Table 9)28.

However, the effectiveness of portfolio concentration may depend on the potential for skilled

fund managers to trade in stocks that are likely to exhibit greater improvements or declines in ESG

performance. Kacperczyk et al. (2025) model learning from assets by institutional investors as an

increasing function of the assets’ fundamental volatility. Therefore, we also split our sample into,

28In 14 we note that the magntude of ESG skill increases to a reduction of 0.29-1.29%.
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respectively, firms that experience past volatility in RepRisk ESG incidents above and below the

median volatility (Table 10 Panel A), and into samples with above- and below-median volatility in

MSCI Industry-Adjusted ESG score (Panel B).

Using total future RepRisk ES incidents as our dependent variable, we find that, particularly

among firms with higher ESG volatility, there is a negative relation between discretionary ownership

by ESG funds and future ES incidents. Andrei et al. (2023), through an equilibrium model, show

that during increased economic uncertainty, investors shift their attention toward (among other)

firms with a higher idiosyncratic volatility of earnings, less informative prices, and lower information

acquisition costs. Similar to firm earnings announcements, investors may learn valuable information

from historical ESG incidents29.

3.3 Alternative ESG fund classification: U.S. versus Europe and SFDR

labels

Our main tests compared ESG funds with conventional mutual funds using the Sustainable Mutual

Fund Classification from Morningstar, which broadly reflects a fund’s stated objective in prospec-

tuses and regulatory filings. We explore two alternative ways to identify mutual funds that are

more likely to integrate ESG issues in investment analysis from funds that are less likely. First, we

compare discretionary trades of European and U.S.-domiciled funds. Studies on firm ownership as

well as investors’ surveys indicate that European institutional investors have a stronger ESG ori-

entation than U.S. investors (Gibbon et al., 2023; Gibson Brandon et al., 2022; Dyck et al., 2019).

We test how discretionary ownership changes by European funds and U.S. funds relate to firm-level

changes in carbon intensity and ESG score (Table 11), and future RepRisk incidents (Tables 12

and 15).

Contrary to what the literature suggests, we find that European mutual funds’ discretionary

trades do not appear to anticipate developments in firms’ future ESG performance. U.S. funds’

discretionary ownership changes are also unrelated to future environmental and social incidents,

but negatively related to changes in future carbon intensity. Hence, it is not evident that European

mutual funds make trades that are more informed when it comes to firms’ future ESG performance.

However, even within Europe, there is variation in the extent to which mutual funds incorporate

ESG issues in investment decisions. The recently introduced Sustainable Finance Disclosure Regu-

29Derrien et al. (2022) shows that negative ESG incidents are deemed financially material and lower analysts’ firm
cash flow expectations, and Gantchev et al. (2022) notes that the incidents identified by RepRisk primarily reflect
idiosyncratic events.
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lation (SFDR) requires EU-regulated financial market participants to disclose how ESG issues are

considered at the entity and product level; see Spaans et al. (2024) for a discussion. Based on funds’

self-reported SFDR labels, we identify those that “promote environment and social characteristics”

(Article 8) through integration of ESG issues, and funds that have sustainability investment as their

core objective (Article 9). We compare these to “Article 6” funds in the EU that do not report

consideration of ESG issues explicitly. For Article 6 mutual funds, columns 4-6 of Table 11 and

columns 5-8 of Table 12 jointly indicate that their discretionary trades are not informative about

firms’ future ESG performance.

For Article 8/9 mutual funds, the results are mixed, but they demonstrate a pattern that

is consistent with our main analysis of ESG mutual funds in Table 5: increased discretionary

ownership by Article 8/9 funds has no significant relation with future changes in carbon intensity.

It shows a marginally positive significant relation with the MSCI Key Issue ESG score in four

quarters in the future (columns 4-6 of Table 11), but a negative relation with ES incidents that

occur in the next two, three, and four quarters (columns 5-8 of Table 12). Overall, these results

provide partial evidence that the discretionary trades of ESG-oriented funds, identified through

SFDR labels, are skilled in anticipating future ESG-related outcomes: a one standard deviation

increase in discretionary ownership by Article 8/9 funds go towards firms that, on average, see a

0.1-0.2% reduction in the expected future number of ES incidents30.

3.4 Alternative definition of discretionary ownership

In section 2.3, we define discretionary trades as the net buys of firm shares (scaled by the total

number of shares outstanding) that are net of changes we can expect to occur when a fund trades

purely due to fund flows. Following Coval and Stafford (2007) and Huang et al. (2023) in our

methodology, we assume that discretionary trades are the result of differences in buying (selling)

behavior following fund dollar inflows (outflows). Specifically, sales after inflows are set to be 0;

buys after outflows are set equal to 0. However, Coval and Stafford (2007) reports that even during

the most extreme outflow decile, funds still chose to expand 19% of their positions.

30We re-estimate Equation (7) for the SFDR discretionary ownership in Table 15 replacing firm and year-quarter
fixed effects with country and industry × year-quarter fixed effects. This also allows us to retain observations that
do not have non-zero values for ES incidents within the firm fixed effects groups. We note that Article 8/9 funds see
a negative relation in their expected trades and future ES incidents: a one standard deviation increase in expected
ownership by Article 8/9 funds is directed toward firms that, on average, see a 0.4-1.39% reduction in the expected
future number of ES incidents. This seems to be driven by Article 8/9 funds’ portfolio composition that has selected
firms that never count non-zero ES incidents. Instead, in Table 12—where we focus on the skill component of
discretionary ownership—we see that Article 8/9 funds have a positive relation between their expected trades and
the expected future number of firm ES incidents.
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We define an alternative discretionary ownership measure, estimating the buying behavior of

funds after they are faced with net outflows. We follow two lines of reasoning: (1) The fire-

sale literature reports strategic decision making of mutual funds is most prominent when facing

redemptions through investor outflows (e.g., Giannetti and Jotikasthira, 2024; Ma et al., 2022;

Huang et al., 2023), deciding by how much and which holdings to sell/ buy; (2) Mutual funds

can show discrepancies in skill behavior between their buying and selling decisions due to limits

in the attention of the fund manager (Hartzmark, 2015). Akepanidtaworn et al. (2023) reports

that mutual fund managers show most return-based stock-picking skill resulting from their buying

behavior: buying decisions are known to require costly considerations and “in-depth research” as

mutual funds tend to hold positions for a longer period. As such, for ESG funds, this may mean

picking stocks that do better in terms of sustainability outcomes.

In Table 17 we estimate Equation (7) with our adjusted DiscretTradesj,t measure31. We test

whether ESG funds show ESG skill in their buying decisions after facing outflows, defying the

direction of expected changes in ownership. Only in the Poisson estimations for which we do not

impose stringent firm fixed effects—hence allowing for firm observations that never have a non-zero

value for # ES incidents in the firm fixed effect groups—we see a statistically significant negative

relation between increased discretionary buying of ESG funds and future ES incidents. This brings

about two possible lines of reasoning: (1) after facing investor outflows, ESG funds can select stocks

for their portfolios that have not in the past, and will not face ES incidents in the future. Here ESG

funds select firms that will perform without ES incidents in the future; (2) or, after facing investor

outflows, ESG funds extrapolate on firms’ ES risk track records and move ownership towards

stocks that have performed well in the past (Akepanidtaworn et al., 2023). Indeed, in Table 17, the

coefficients reduce in size for later quarters (columns 6 and 8).

3.5 Discretionary trades and firm-level stock return

The results of Sections 3.1 to 3.4 suggest that the discretionary trades of ESG funds—and those

of European Article 8/9 funds—anticipate ESG incidents that firms experience in the future. A

sizable number of studies relate firm-level ESG data to measures of corporate financial performance,

although evidence on the direction of this relation is mixed. If these future incidents are financially

31We adjust the discretionary sell measure as explained in Section 2.3 to DiscretionarySellj,t =

−
∑

i(min(0,−∆Positioni,j,t|flowi,t<0)

ShareOutstandingj,t−1
−

∑
i(Positioni,j,t−1×flowi,t|flowi,t<0)

ShareOutstandingi,t−1
. Instead of taking the maximum value

of (0,−∆Positioni,j,t) conditional on outflows, we now take the minimum value. We control for expected fund sales∑
i(Positioni,j,t−1×flowi,t|flowi,t<0)

ShareOutstandingi,t−1
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material and not yet reflected in current stock prices, it is conceivable that discretionary trades

relate to future stock returns. Regarding ESG incidents, Lin et al. (2025) relate supply-chain ESG

incidents to weaker profitability and future stock returns. Yet, analysts do appear to respond to

ESG incidents in their forecasts and target prices according to Derrien et al. (2022) and Park et al.

(2025).

In Table 18, column 1, we regress firm-level stock returns, measured over the next quarter, on

changes in the discretionary ownership of ESG and conventional funds in conjunction with a host

of controls32. We find that the change in discretionary ESG fund ownership positively predicts

future stock returns (significant at 5% level), which is consistent with the idea that ESG funds’

discretionary trades are informative about future firm-level ESG events that can affect returns

eventually. In contrast, the change in conventional funds’ discretionary ownership negatively relates

to future stock return (significant at 10%). In terms of economic significance, the effect sizes

predicted a 0.2 percentage-point (or 20 basis points) within-firm increase in next quarter’s stock

return for a one standard-deviation increase in discretionary ESG ownership. Furthermore, column

2 shows a positive relation between discretionary trades of European Article 8/9 funds and stock

returns33.

To see whether these returns revert over time, in Table 19 we impose additional future leads

for our regression of future firm-level stock returns on changes in the discretionary ownership. In

columns 2-4, we find that the positive relation between ESG discretionary ownership and future

returns (column 1) do not hold up after one subsequent quarter. For Article 8/9 funds, returns

following changes in discretionary ownership in quarter t, to some extent, revert in quarter t + 2

(column 6) before becoming statistically insignificant.

In Table 10 (Section 3.2), we found evidence that ESG funds learn valuable information from

historical ESG incidents and use this to make predictions for increasing discretionary ownership

in firms that see fewer future incidents. Similarly, in Table 20 we also split, for our future stock-

return analysis, our sample into, respectively, firms that experience past volatility in RepRisk ESG

incidents above and below the median volatility (Table 20 columns 1a and 1b), and into samples

with above- and below-median volatility in MSCI Industry-Adjusted ESG score (columns 2a and

2b). In column 1b, we find that, particularly among firms with higher ESG volatility, there is a

32In Table 18, we also control for the MSCI ACWI in line with Bolton and Kacperczyk (2021). Results are
unchanged when we omit that control in Table 35.

33Huang et al. (2023) highlight that discretionary trades can induce price pressure. When we perform a similar
analysis (following extreme fund flows, following Equation (3)), we indeed see evidence that ESG funds can exert
price pressure on stocks.
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positive relation between discretionary ownership by ESG funds and returns of 10 basis points per

standard deviation.

Taken together, by focusing on the discretionary trades of mutual funds, we obtain some evidence

that is consistent with ESG fund managers possessing financially material ESG skills.

4 Current ESG information and mutual funds trading

The relationships between discretionary ESG ownership changes and firms’ future ESG incidents

that we find are economically modest. This may imply that ESG funds have only a partial focus on

the anticipation of future ESG-related events. Nevertheless, we could also expect that ESG-skilled

mutual funds rely differently on ESG data. Literature on financial skill reports that indeed some

investors have skill in investing in high-value assets, but that their attention may move away from

individual stocks depending on macro-level trends.

On the one hand, it is conceivable that ESG-driven trades partly follow standard ESG metrics

that are relatively easy to obtain. Earlier evidence suggests that mutual funds, especially those

that are ESG-oriented, significantly trade on historic firm-level ESG data. For example, Berg et al.

(2024) report that corporate ownership by U.S. ESG mutual funds mainly responds to changes in

MSCI’s ESG ratings. This raises the question of how much trades by ESG-skilled managers react to

contemporaneous ESG information. On the other hand, we expect that ESG-skilled discretionary

trades arise from proprietary ESG analysis (see Akepanidtaworn et al., 2023). We undertake two

different analyses to shed more light on ESG and conventional funds’ use of ESG data in trading. We

first quantify the degree to which changes in discretionary ownership can be explained by changes

in benchmark indices. Next, we analyze how mutual funds’ quarterly position changes vary with

recent (changes in) ESG scores and ESG incidents.

4.1 Responding to changes in index

As funds tabulate their historical returns alongside that of a self-designated passive benchmark

index, it could be that our discretionary trades measure merely picks up changes made to the

underlying constituents of these indices. Kacperczyk et al. (2021) find significant increases in

foreign institutional ownership in firms that are added to the MSCI All Country World Index. We

test whether our measure of discretionary trades are driven by changes in the MSCI All Country

World Index (ACWI) and its sub-index, the MSCI All Country ESG Leaders Index.
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For the former, MSCI uses exclusion criteria on the constituents of the MSCI ACWI based

on firms’ involvement in specific business activities, ESG ratings (in terms of levels, historical

trends, and industry-adjusted ESG score), and their exposure to ESG controversies. Like its parent

index, the MSCI ACWI ESG Leaders weights its constituents on their market capitalization34. As

ESG funds screen their portfolios on ESG scores, we additionally measure the response of ESG

discretionary ownership to changes made in the underlying constituents of the MSCI All Country

ESG Leaders Index, the sub-index of the MSCI ACWI.

We employ an event study design following De Chaisemartin and d’Haultfoeuille (2024) as

their approach allows for distinguishing treatments that turn on and off. Hence, we estimate the

treatment effects of the firms that enter the MSCI indices over time on our measures of ESG and

conventional discretionary ownership:

DiscretTradesj,t =

4∑
τ=−4,τ ̸=0

βτMSCI indexτj,t + γj + δt + ϵj,t (8)

where MSCI indexτj,t indicates that a firm enters the MSCI ACWI at time τ . T ∗
j denotes the

quarter in which the firm first enters the MSCI index in our panel. In this intertemporal treatment

specification, we control for the firms’ baseline treatment and hence only compare groups that have

the same period-one treatment (i.e., firms that in period-one are all excluded from the MSCI ACWI:

treatment is zero at baseline). Our control group consists of firms that have not-yet entered the

MSCI ACWI35

We initially set MSCI indexτj,t equal to 1 for firms that are included in the MSCI ACWI in

quarters t ≥ T ∗
j . For now, we neglect whether firm j is also included in the MSCI ACWI ESG

Leaders index36. In Equation (8) we estimate βτ for the period T ∗
j −1 to T ∗

j −1+k for the maximum

post-treatment periods observed k ∈ {1, ..., 4}37. De Chaisemartin and d’Haultfoeuille (2024) set

the reference period to τ = 0 as the last quarter before the first treatment.

Tables 21 (Figure 1 and 22 (Figure 22) display the dynamic effects of MSCI ACWI index

inclusion on the discretionary trades of ESG and conventional funds, respectively. Column 1 in

34In 2025, MSCI ACWI consisted of 2,647 holdings, while the MSCI ACWI ESG Leaders was made up of 1,157
holdings. In our sample, funds that enter MSCI ACWI ESG Leaders do so when, at that same moment, they are
also added to the parent index MSCI ACWI. Hence, after having entered the MSCI ACWI, a firm will never enter
the screened ESG Leaders index in a subsequent quarter.

35We additionally estimate the event study specification using only the ‘never-treated’ group. This does not change
our results.

36We estimate placebo estimates.
37The specification stays stable when we extend the maximum post-treatment periods observed. However, we

purposefully chose k so that we were able to limit the possible treatment paths for columns 2 and 3 in 21 and 22.
By increasing k, one increases the likelihood of firms exiting the MSCI indices, creating additional treatment paths.
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both tables initially indicates that MSCI ACWI inclusions positively drive discretionary ownership

for both ESG and conventional funds during the first treatment quarter T ∗
j . The coefficients for

ESG discretionary ownership are marginally significant at 10%, while for conventional funds, the

coefficients turn negative at τ ≥ 2 and remain highly significant.

However, De Chaisemartin and d’Haultfoeuille (2024) can distinguish different treatment tra-

jectories, which allows us to differentiate the treatment effects of firms that are only included in

the MSCI ACWI and firms that are included in both the MSCI ACWI and MSCI ACWI ESG

Leaders indices: MSCI indexτj,t,d where d indicates the treatment type of firm j. To do this, we

create separate event study regressions for each treatment type d. For example, in column 2, the

treatment indicator is set to 1 only for firms that enter the MSCI ACWI but not the MSCI ACWI

ESG Leaders index (d = 1), and remains at 0 for all other firms, including those that are in both

indices. The third column does the opposite, setting the treatment indicator to 1 only for firms

that enter both indices, d = 238.

Tables 21 and 22 show that the event study estimations for ESG discretionary ownership turn

insignificant when we distinguish firms that enter the MSCI AWCI from firms that enter both MSCI

AWCI ESG Leaders (columns 2 and 3). This suggests that changes to benchmark indices do not

fully dictate ESG discretionary ownership, reinforcing the results of Section 339.

Noteworthy is that conventional funds initially increase their discretionary ownership for firms

that simultaneously join the MSCI ACWI and its sub-index MSCI ACWI ESG Leaders, but sell

these holdings more than expected a quarter later. While an economically similar pattern occurs

for firms that only enter the MSCI ACWI index, this is statistically less significant.

4.2 Responding to ESG information

To shed light on the extent to which mutual funds integrate specific past ESG information in

their trading behavior, we estimate, using a fund–firm-time panel, how a fund’s trading behavior

depends on a stock’s ESG score from MSCI as well as on recent ESG incidents. To evaluate this

we investigate the position change of the fund: PositionChangei,j,t is the change in the position

of fund i in stock j in quarter t estimated as
Pricej,t−1(NumberSharesi,j,t−NumberSharesi,j,t−1)

AUMi,t−1
where

NumberSharesi,j,t as the number of shares held by fund i in stock j at time t. It describes the dollar

38∀j, MSCI indexj,1 ∈ {0, 1, 2}. Hence, we restrict the sample such that t < T ∗
j , or T ∗

j ≤ t ≤ T ∗
j − 1 + k,

for the maximum post-treatment periods observed k ∈ {1, ..., 4} and MSCI Index ACWI = (0, 1, 1, 1, 1) and
MSCI Index ACWI ESG Leaders = (0, 2, 2, 2, 2)

39In 32 we re-estimate Equation (7) and note that the negative relation between ESG discretionary ownership and
future ES incidents is consistent for two and four subsequent quarters.
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volume traded scaled by the fund’s total net assets at the end of the previous quarter (Gantchev

et al., 2023; Giannetti and Jotikasthira, 2024; Ceccarelli et al., 2024).

We expect that especially ESG funds have incentives to rebalance their portfolios towards stocks

that (1) have high ESG scores and (2) see increases in ESG scores.

PositionChangei,j,t = β1[ESGFund]i,t ×MSCIESGj,t

+ γ
′
Xj,t + θi,t + εi,j,t (9)

where we regress fund i’s position changes of holding j between quarters t− 1 and t on the firm’s

ESG scores (unweighted key issue MSCI ESG Score and the industry-weighted MSCI ESG Score),

interacting this with an indicator of whether the fund making the position change is classified as

an ESG fund as defined in Section 2.1.

We include fund × year-quarter fixed effects to control for funds’ propensity to trade in a given

quarter. Additionally, we control for time-varying stock characteristics that could be correlated

with the firm’s ESG scores.

In columns 1a and 1b in Table 23, we find that compared to conventional funds, ESG funds

positively increase their positions that have a higher ESG score (0.13-0.25%) per increase in ESG

score. Additionally, in columns 2a we report that ESG funds statistically significantly respond to

changes in industry-weighted MSCI ESG scores, but do not respond more or less to the changes in

the absolute ESG behavior of firms based on the MSCI Key Issue Score (column 2a).

In Table 24, we further introduce RepRisk ES incidents, which we expect to trigger investor

response because of their salience. Moreover, several studies conclude that sell-side analysts in-

corporate ESG incidents in their firm-level forecasts of future cash flows and discount rates; see

Park et al. (2025). We regress the Position Change on the industry-weighted MSCI score from

the most recent quarter, the total number of RepRisk ES incidents in the respective quarter, and

their interaction. Each column in Table 24 represents a regression based on a specific (sub)sample

of mutual funds. We continue to find that ESG scores matter for position updates taken by ESG

funds, European funds, and Article 8/9 mutual funds (columns 2, 4, and 6). Interestingly, while we

find that these groups of funds, as expected, respond negatively in terms of trading to stocks with

more ES incidents, we also notice that the interaction effect between ES incidents and MSCI ESG

scores is positive.

We explore this finding further in Table 25 in which we split our fund-holding-quarter panel into
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ESG (Panel A) and conventional funds (Panel B). Realizing that funds may change their positions

with a lag (Berg et al., 2024), we re-estimate the model of Table 24 using various lags in stock ESG

information. In columns 1-4 of Panel A, we see that the interaction coefficient remains significant,

which would suggest that the effect of # ES Incidents varies by levels of stocks’ ESG scores. In

Panel B, instead, we find that conventional funds negatively trade on current ESG scores and the

same quarter’s ES incidents (A decrease in positions bought by 0.20% per standard deviation higher

number of ES incidents).

We display the margin plot of column 2 in Table 25 in Figure 3. Indeed, we note that for

stocks with higher values of (lagged) stock ESG scores (in our sample, the minimum ESG score is

0, maximum is 10), ESG funds seem less distressed by ES incidents, even moving their holdings

towards stocks that faced ES incidents if they also have a high ESG score.

However, PositionChangei,j,t by definition picks up both discretionary as well as expected fund

trades. In the case that ESG funds allocate their portfolios towards high ESG stocks (i.e., green

tilting), we can expect that incoming fund flows will—at least to some extent—be distributed to

these holdings. In columns 5-8 of 25 we substitute PositionChangei,j,t for discretionary ownership,

DiscretTradesi,j,t, by fund i of stock j40.

Striking are the negative interactions of lagged MSCI ESG scores and # ES incidents for ESG

funds in Panel A (columns 5-8). The margin plot of column 6 in Figure 4 visualizes the moderating

effects of stocks’ lagged ESG scores. Noticeable are the negative slopes visualizing the predictive

margins of lagged ES incidents on discretionary trades. Slopes are steeper for stocks with higher

lagged ESG scores. This result indicates that funds increasingly move away from stocks that are

confronted with ES incidents when these stocks have higher ESG scores.

Although it at first seems that ESG funds direct their holdings towards higher ESG stocks,

our analysis of discretionary trading—which separates the discretionary from the expected trading

component from the funds’ total trading behavior—shows evidence that ESG funds collect sus-

tainability or ESG information for their portfolio holdings and actively make use of this in their

discretionary trading behavior.

40We change Equation (2) and (4) so we do not sum the discretionary trades over all funds.

30



5 Fund level outcomes

In Section 3.5 we found evidence that the ESG skill of ESG fund managers may be financially

material and might predict, on the stock level, in the short term, positive returns41. However,

the economic significance of our stock-level ESG skill measures is moderate. As this is an average

effect of all mutual fund discretionary trades, our analysis may not effectively pick up the effects

of individually skilled mutual funds. In this section, for each fund, we aim to quantify their usage

of forward- and backward ESG information and link this to various fund performance measures.

Furthermore, we analyze the relation between fund ESG integration and fund performance—in

terms of risk-adjusted returns and fund flows.

5.1 Fund use of forward-looking ES information

To determine funds’ propensity to invest in stocks that see fewer future ES incidents, we follow

Fang et al. (2014) and Chen et al. (2024) and estimate the propensity of funds to increase their

discretionary ownership in stocks that see fewer ES incidents in the future. For each fund i in

quarter t we estimate for each distinct eight-quarter window for each fund:

DiscretTradesi,j,t = β0 + β1 × ES Incidentsj,t+1 + γ
′
Xj,t + θt + εi,j,t (10)

where ES Incidentsj,t+1 = −1× ln(1+#ES incidentsj,t+1) to ensure that β̂1 indicates the relation

between fewer future ES incidents and discretionary ownership (This follows Fang et al., 2014).

We control for lagged stock characteristics (stock turnover rate, book-over-market ratio, and the

natural logarithm of firm size) and year-quarter dummies. We cluster the standard errors at the

firm level. For the propensity measure indicating the extent to which funds invest in stocks that

see fewer ES incidents in the future quarter, we use the OLS regression results of four quarters:

Propensityi,t =
1(

1
σ2
i,t

+ 1
σ2
i,t−1

+ 1
σ2
i,t−2

+ 1
σ2
i,t−3

) ×
(
βi,t

σ2
i,t

+
βi,t−1

σ2
i,t−1

+
βi,t−2

σ2
i,t−2

+
βi,t−3

σ2
i,t−3

)
(11)

where βi,t−s denotes the key beta coefficient for quarter t− s and σ2
i,t−s denotes its corresponding

variance. 1
σ2
i,t−s

therefore indicates the precision of the estimated beta β̂i,t−s. We calculate the

standardized coefficients for Equation (10). A higher propensity for fund i in quarter t means that

the fund has a stronger association between its discretionary trades and fewer future ES incidents,

41From Table 19 it might even seem that conventional funds ‘leave money on the table’.
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indicating the extent to which mutual funds in our sample trade with future ES risk in mind.

The mean (median) of the standardized propensity measure for our sample is -0.0005 (0.0002)

with a standard deviation of 0.1146. For every quarter, we sort the one-quarter lagged propensity

scores into quintiles. Funds with a Quintile 1 rating have the lowest propensity to invest in firms that

are expected to experience fewer future ES incidents. Quintile 5 funds have the highest propensity

to invest in firms with fewer future ES incidents.

In Table 26 we present the time series averages of cross-sectional return measures for the five

propensity quintiles: excess returns, Fama-French three-Factors risk-adjusted returns, and Carhart

four-Factors risk-adjusted returns. Excess returns are defined as the quarterly fund returns in t

minus the quarterly risk-free rate. For each fund in each quarter, Fama-French three-factor and

Carhart’s four-factor returns are calculated using fund returns of the past 36 months.

For our time series averages in Table 26, we compute Newey and West standard errors with

eight lags. We assign quintiles separately for sub-sets of funds: all funds (Panel A), ESG funds

(Panel B), and conventional funds (Panel C). Column 1 reports the average propensity score for

the respective quintile.

Columns 3 and 4 of Table 26 indicate, on average, statistically significant negative abnormal

returns (alphas). However, funds that exhibit a higher propensity to invest in firms with lower

numbers of future ES incidents, on average, do not outperform funds that have the lowest propensity

scores.

Within propensity quintiles, we do not note significant differences between propensity scores

for ESG and conventional funds (Table 27). Regardless, within the propensity quintile, ESG and

conventional funds can still invest in different firms (e.g., conventional funds may invest in low ESG

firms while complementarily considering their future ES risks). When we compare the time series

average returns of ESG to those of conventional funds in Table 27, we find that ESG funds in the

highest propensity quintile show significantly lower risk-adjusted returns than conventional funds

that have the highest propensity to invest in firms with fewer future ES incidents (underperformance

of -6.8 to -5.9 basis points).

5.2 Funds use of public ESG information

In this section, we further quantify the fund-level tradeoff between public and private ESG in-

formation. Traditional stock-picking literature has shown in the past that mutual fund managers
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who rely on public information tend to underperform those who rely less on public information.

A reliance on public information in the traditional sense indicates that the fund manager is less

skilled in handling private signals (Kacperczyk and Seru, 2007), or is subjected to limited attention

in their choice set of financial assets (Fang et al., 2014; Akepanidtaworn et al., 2023).

Several studies discuss the role of ESG trading on price informativeness. Chen et al. (2024)

reasons that fund managers’ trading on TruValueLabs Pulse ESG scores enhances the price infor-

mativeness of their portfolio firms. However, ESG information is known to be less transparent42.

Goldstein et al. (2022) describe how trading on private ESG signals may reduce the price informa-

tiveness about the stock’s financial payoff, which in turn raises its cost of capital43.

In Sections 3.5 and 5.1, we find evidence that funds may possess forward-looking ESG-skill

and trade on future ESG risks of their portfolio firms. On a stock level, we note that this skill

may be financially material: discretionary ownership by ESG funds has predictive power of future

stock returns. However, Section 4 demonstrates that ESG funds are more inclined to make trading

decisions based on the current ESG information set.

To analyze funds’ tradeoff between public and proprietary ESG information, we modify Kacper-

czyk and Seru (2007)’s funds’ reliance on public information (RPI) measure, substituting the lagged

quarterly changes in analysts’ recommendations for (i) lagged changes in MSCI ESG scores, and (ii)

lagged number of ES incidents. To estimate funds’ reliance on the two sources of ESG information,

we run two pooled regressions and predict for every fund-quarter the unadjusted R244:

PositionChangei,j,t = β0 + β1∆ESGj,t−1 + β2∆ESGj,t−2+

β3∆ESGj,t−3 + β4∆ESGj,t−4 + εi,j,t (12)

where ∆ESGj,t−s indicates the change in MSCI indusytry-adjusted ESG score between t − s − 1

and t − s for s ∈ {1, 2, 3, 4}. In case the ESG score of stock j does not change between t − s − 1

and t− s, ∆ESGj,t−s = 0 And

PositionChangei,j,t = β0 + β1#ES Incidentsj,t−1 + β2#ES Incidentsj,t−2

+ β3#ES Incidentsj,t−3 + β4#ES Incidentsj,t−4 + εi,j,t (13)

42Berg et al. (2022), for example, find that ESG ratings diverge.
43In their general equilibrium model, Goldstein and Yang (2017) explain that ‘ESG’ and ‘traditional’ investors

may trade on ESG information in opposite directions.

44RPIi,t−1 = 1− σ2(εi,t)

σ2(PositionChangei,t)
where σ2(εi,t) denotes the unexplained variance of residuals from Equations

(12) and (13), and σ2(PositionChangei,t) is the overall fund-level variance in the change in stock positions j held
by fund i of all between t− 1 and t.
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where #ES Incidentsj,t−s indicates the number of ES incidents in quarter t−s for s ∈ {1, 2, 3, 4}45.

As in Kacperczyk and Seru (2007)s, the values of RPIESG
i,t−1 and RPIincidenti,t−1 range between 0.001 and

0.999, with means (standard deviations) of 0.114 (0.146) and 0.140 (0.158), respectively. RPIESG
i,t−1

and RPIincidenti,t−1 have a correlation of 31.70%, indicating that the public information on ESG scores

and ES incidents is not the same. Funds with smaller values of RPIESG
i,t−1 and RPIincidenti,t−1 are less

dependent on public ESG or incident information46.

Using public information on stocks’ financial performance is expected to have a negative rela-

tionship with fund performance (Kacperczyk and Seru, 2007; Fang et al., 2014). In columns 1 and

2 of Table 28, we find that fund excess returns are indeed negatively related to funds’ reliance on

changes to MSCI ESG scores47. However, when controlling for both fund and year-quarter fixed

effects in column 3, the coefficients lose statistical power. Controlling for fund fixed is desirable to

control for time-invariant unobservables such as fund-family-specific ESG strategies48.

In Table 29, columns 2 and 5 show complementary evidence for a negative relationship between

fund reliance on ESG rating information and Fama-French three-factors and Carhart four-factors

abnormal returns. The results, however, seem to be driven by fund unobservables and low statistical

power after we control for fund fixed effects in columns 3 and 6.

Interestingly, our forward-looking skill measure (i.e., the one-quarter lagged propensity of funds

to invest more in firms with lower degrees of future ES risk.) does not show a significant relation to

fund returns. Hence, we see little evidence that our measures of ESG skill—fund managers’ use of

backward- and forward-looking private ESG information—has convincing fund return implications

when controlling for time-invariant fund unobservables.

5.3 Fund flows

Previous academic work documents that investors chase fund performance in terms of historical

returns. Similar trends are recorded for sustainable investing. Investors with sustainability pref-

erences direct their wealth into sustainable assets after funds receive ‘green’ sustainability signals.

Hartzmark and Sussman (2019) find that investors significantly move their investments to funds

45RepRisk retrieves all its incident data from public sources such as news or (social) media.
46Kacperczyk and Seru (2007) argue that fund managers that are less reliant on public information are more

skilled.
47Results are consistent to including the RPIESG

i,t−1 and RPIincident
i,t−1 variables separately or simultaneously in our

models (Table 37).
48Kacperczyk and Seru (2007)’s main model specifications only include year-quarter fixed effects. However, they

state that their findings are robust to the inclusion of fund fixed effects. They do not report regression results in
which they include fund fixed effects separately or simultaneously.
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that have a maximum Morningstar Globe ESG rating. Recent literature discusses the implications

of investor flows into ESG funds. Van der Beck (2021) argues that positive ESG returns are the re-

sult of the buying pressure of ESG funds’ flow-driven demand for sustainable assets. We indeed find

evidence of this price effect for both ESG expected and discretionary ownership on stock returns

in section 3.449.

Investors with non-pecuniary preferences have been shown to be inclined to invest in assets with

known high ESG ratings (Rzeźnik et al., 2022; Hartzmark and Shue, 2023) and may hence seek

mutual funds that cater to their ‘top-ESG’ preferences (Solomon et al., 2014)50. We argue that

ESG funds are rational in buying stocks with high ESG ratings to cater to investor demands to

profit from additional fund flows.

In Table 31, we regress fund flows of quarter t on our lagged fund ESG skill measures. Propensityi,t−1

approximates the propensity that individual funds trade away from future ES risky stocks. RPIESG
i,t−1

and RPIincidenti,t−1 proxy the reliance on public ESG scores and news on firm incidents, respectively.

We initially do not find a significant effect of any of our skill measures on fund flows in columns 1

and 3. However, as ESG funds cater to a different investor base than conventional funds, we interact

the skill measures with a (time-invariant) ESG fund indicator. ESG funds that increasingly relied on

public ESG scores see an increase in net investor flows of 1.5% per quarter (-0.9 + 2.4%). Investors

with non-financial preferences thus allocate their wealth into ESG funds that have historically

utilized ESG ratings more extensively in their portfolio trading decisions.

Next to this, in columns 4 and 5, we consider fund reliance on public ES incidents news. ESG

funds whose trades have been informed to a greater degree by historical ES incident news see a

reduction in net investor flows of 1.2-1.3% in quarter t. A plausible reason could be that investors

do not see the extent to which funds trade in low incident stocks. Instead, they may only pay

attention to the particular holdings of ESG funds after a firm’s ES incident gets media attention

Fang et al. (2014)51.

Interestingly, investors do not reward funds that have more forward-looking ESG skill; in all

columns of Table 31 Propensityi,t−1 shows a positive sign, but its coefficients are not statistically

49In Table 30 (columns 1 and 3, and 5) we note that ESG funds that rely more on public ESG scores for their
portfolios may underperform less in terms of excess returns than non-ESG funds.

50Trading platforms often prominently showcase asset-specific sustainability ratings of well-known raters for their
assets.

51We offer three non-mutually exclusive interpretations: i) investors retract funds from investors that actively buy
stocks that faced ES incidents in the past (i.e., the fund trades against its mandate), ii) ESG investors may ‘punish’
ESG for selling stocks after they faced ES incidents (i.e., ESG funds are punished for not having forward-looking ES
risk skill), or iii) ESG investors may retract their wealth after ESG funds buy low incident firms (for example when
that stock does not have a high ESG score).
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significant.

In summary, we see that ESG funds are rewarded for more extensively following public (MSCI)

ESG scores. Flow-chasing behavior by ESG funds may consequently induce them to overweight

high ESG-scoring stocks52.

6 Discussion and conclusion

The typical actively managed mutual fund is expected to incorporate financially relevant informa-

tion into security analysis and investments to enhance its subsequent returns—sometimes described

as stock-picking skill. For those mutual funds that additionally target ESG-related objectives (e.g.,

by following an ESG mandate), the question arises how informative their trades are about the

future development in the ESG performance of their portfolio firms. We address this relatively

underexplored question in this paper by analyzing mutual funds’ discretionary trades, which we

measure for each firm by the shares that funds trade beyond what can be expected if new capital

flows were invested proportionally. Since ESG mutual funds are expected to incorporate ESG in-

formation more actively than their conventional counterparts, we investigate how the discretionary

trades of ESG and non-ESG funds relate to firms’ future ESG performance, carbon intensity, and

ESG incidents. In other words, do ESG mutual funds, in aggregate, pick (drop) stocks that exhibit

ESG performance improvement (decline) in the future?

Our first set of findings focuses on stock-level analyses. Based on quarterly fund holdings

matched with firm-level ESG metrics over the period 2014-12 to 2022-12, we provide partial evidence

that ESG mutual funds incorporate forward-looking information about firms’ ESG performance.

First, firms that experience increased discretionary ownership by ESG funds experience fewer nega-

tive environmental and social events in subsequent quarters, but exhibit neither more reductions in

carbon intensity nor greater improvements in their corporate ESG scores. Expected trades of ESG

funds tend to be directed to stocks that have never experienced environmental or social incidents.

Discretionary trades of conventional funds are mostly unrelated to firms’ future ESG performance.

Second, contrary to popular belief, we do not find that funds with more concentrated (ESG) port-

folios (fewer holdings) exhibit more informative discretionary trades: concentrated conventional

portfolios’ discretionary ownership is directed from firms that never experience negative incidents

52We additionally perform the regression models of Table 31 in which we replace our ESG fund indicator for an
SFDR Article 8/9 indicator (takes on value 0 for Article 6 funds). None of our ESG skill measures or interactions
are statistically significant.
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to stocks that in the future see more ES incidents. However, more ESG discretionary ownership is

associated with fewer future ESG incidents among stocks with more volatile ESG scores and ESG

incidents, respectively. Third, firms with greater discretionary ownership by ESG funds exhibit

higher returns in the quarter thereafter.

Although we present some evidence that future ESG events and stock returns trail discretionary

trades of ESG-oriented mutual funds, we note that generally this relation appears to be economically

small. Therefore, we also verify and substantiate earlier studies that document a significant response

in ESG mutual fund ownership to MSCI’s contemporaneous corporate ESG scores. Interestingly,

we identify that ESG funds exhibit discrepancies in trading on information about ESG scores and

firm incidents. On the one hand, these funds lowered their discretionary ownership in stocks that

saw ES incidents, regardless of the stock’s ESG score. On the other hand, the overall trades of

ESG funds seem to overshadow this: ESG funds trade increasingly positively towards higher ESG

stocks (Figures 4 and 3). ESG funds trade with ESG-skill by deviating from their expected trading,

the latter following last quarter’s portfolio allocation. However, this effect is economically small

compared to the total quarterly position changes of ESG funds. ESG funds predominantly trade

towards higher ESG scoring firms, but marginally move away from firms with past ES incidents.

Thus, we conclude that trades by ESG mutual funds are both backward- and forward-looking.

Following these two sets of analyses, an important question still left unexplained is what makes

some fund managers more ESG-informed than others. Some recent work expresses concern that

professional (ESG) investors lack the sustainability-related competencies that are needed to make

genuinely sustainable investment decisions53. To obtain a more complete picture of fund managers’

use of ESG information and the informativeness of their trades, for every fund in our sample, we

estimate a propensity measure based on their recorded changes in stock holdings that estimates

their propensity to increase their discretionary ownership in stocks that see fewer ES incidents in

the future. In our cross-section of funds, we indeed note significant differences between funds in the

highest and lowest quintiles of forward-looking ESG trading skill. Literature on (ESG) skill discusses

that less skilled funds should see lower abnormal performance (Chen et al., 2024; Kacperczyk and

Seru, 2007, e.g.,). Our results concerning forward-looking ESG skills do not support this. Instead,

we find that most skilled funds in their discretionary trading do not outperform or underperform the

least skilled funds: skilled discretionary trades do not contribute positively to fund performance.

A possible explanation could be that skilled discretionary trades are, on average, too small in

53Schumacher (2023) introduces the terminology of “competence greenwashing: intentional or negligent
misrepresentation of knowledge or skills relating to sustainability or ESG.” https://www.ft.com/content/

9c02baa2-447d-4742-beb9-8c83bc3ecc88.
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magnitude to be financially material to quarterly fund performance. Consequently, the significant

positive relation of stock-level discretionary ownership by ESG funds and future returns may instead

be driven by short-term price-pressure effects of green assets (Pástor et al., 2022).

We further complement our analysis on funds’ forward-looking ESG expertise by quantifying

(ESG) funds’ reliance on public ESG information, such as responding to updates of stocks’ ESG

scores or ES incidents. In our analyses on fund position trades, we find that ESG funds essentially

trade on MSCI ESG scores while their consideration of past ES incidents is economically small.

Hence, we develop two proxies that quantify funds’ reliance on public ESG scores and ES incident

information. In line with the traditional skill literature, we find some evidence that funds that

rely more extensively on historical changes of ESG scores experience a negative relation with risk-

adjusted fund returns.

Funds are not rewarded for more skillful discretionary trading, and ESG funds may even be

punished for relying on public signals on environmental or social firm incidents. Instead, we find

evidence that ESG funds that rely more on historical ESG scores for their trading decisions are

rewarded by investors with increased quarterly inflows. Conventional funds, on the other hand, see

a negative relation between ESG score reliance and flows.

Moreover, if skillful discretionary ESG trading does not create a credible signal on the financial

market, nor does its magnitude translate into financially material fund returns (see Section 5.1),

investors may thus not be urged to seek skillful ESG funds. These findings spark the argument that

ESG funds partake in flow-chasing behavior by catering to an investor base whose non-pecuniary

preferences may be translated into a preference for top-ESG stocks.

Investor preference for high ESG stocks has been well documented. Hence, ESG funds are

induced to partake in flow-chasing behavior by increasingly overweighting high ESG-scoring stocks.

This may, in turn, diminish the portfolio heterogeneity across ESG funds. In a theoretical framework

applied to the market of ESG rating agencies, Azarmsa and Shapiro (2023) argue that in a market

where investors place a higher value on multiple components of ESG performance may induce

generalization of ESG products. Indeed, our results point to a similar phenomenon in the ESG

mutual fund market. The financial market has recorded exponential demand for green or high-ESG

assets. If investors who prioritize sustainability seek out high-performing ESG assets across various

categories—such as those that align with both environmental and social attributes—funds may be

incentivized to focus their investment strategies on stocks that achieve high overall ESG scores to

set their investment universe to stocks that score high on ‘general’ ESG scores.
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Appendices

A Figures

Figure 1: MSCI Index Inclusion on ESG Discretionary Trades
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Notes: Event study results by treatment path. The left panel shows results for firms entering the MSCI All Country World Index (ACWI)
with a total of 3,327 switchers compared to firms that have not switched yet. The right panel shows results for all firms entering both the
MSCI ACWI and the MSCI ACWI ESG Leaders simultaneously, with 160 switchers. The bottom panel shows results for firms entering the
MSCI ACWI, excluding those that also enter the ESG Leaders, with 602 switchers. Blue circles are placebo (pre-treatment) effects, and red
squares are treatment (post-treatment) effects. Error bars represent 95% confidence intervals.
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Figure 2: MSCI Index Inclusion on Conventional Discretionary Trades
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Notes: Event study results by treatment path. The left panel shows results for firms entering the MSCI All Country World Index (ACWI)
with a total of 3,327 switchers compared to firms that have not switched yet. The right panel shows results for all firms entering both the
MSCI ACWI and the MSCI ACWI ESG Leaders simultaneously, with 160 switchers. The bottom panel shows results for firms entering the
MSCI ACWI, excluding those that also enter the ESG Leaders, with 602 switchers. Blue circles are placebo (pre-treatment) effects, and red
squares are treatment (post-treatment) effects. Error bars represent 95% confidence intervals.
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Figure 3: Margin plot ES incidents on Position Changes of ESG Funds

Notes: Margin plot predicting the margins of 1-quarter lagged ES incidents on position changes by ESG funds. Position Changes is the
change in the position of fund i in stock j in quarter t estimated according to (Gantchev et al., 2023; Giannetti and Jotikasthira, 2024)
and is trimmed at the 0.5 and 99.5 percentiles. Lagged ES Incidents denotes the number of environmental and social RepRisk incidents
in quarter t − 1 by firm j. Lagged Industry-weighted MSCI ESG score is set as the moderator and denotes the stock’s industry-weighted
MSCI ESG score in quarter t − 1. Error bars represent 95% confidence intervals.

Figure 4: Margin plot ES incidents on Discretionary Trades of ESG Funds

Notes: Margin plot predicting the margins of 1-quarter lagged ES incidents on discretionary trades by ESG funds. Discretionary trades
are defined according to Huang et al. (2023): Sales after inflows are assumed to be 0; buys after outflows are assumed to be equal to 0.
Discretionary Trades are the share of fund trades that are not Expected Trades and is trimmed at the 0.5 and 99.5 percentiles. Lagged ES
Incidents denotes the number of environmental and social RepRisk incidents in quarter t − 1 by firm j. Lagged Industry-weighted MSCI
ESG score is set as the moderator and denotes the stock’s industry-weighted MSCI ESG score in quarter t − 1. Error bars represent 95%
confidence intervals.
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B Tables

Table 1: Summary statistics - Fund-level variables (quarterly)

N Mean 1st pct Median 99th pct Std Dev

Total net assets (TNA) (USD mil.) 230,262 1.52e+09 2.87e+06 2.13e+08 1.88e+10 1.20e+10
Quarterly returns (×100%) 230,262 0.0175 -0.2712 0.0283 0.2556 0.1018
Fama French 3-Factors α 165,972 -0.1413 -1.0119 -0.1256 0.7315 0.3555
Carhart 4-Factors α 165,972 -0.1378 -1.0083 -0.1264 0.7546 0.3583
Quarterly flow (×100%) 230,262 0.0052 -0.3028 -0.0092 0.5768 0.1439
Change in TNA (×100%) 230,262 0.0226 -0.3658 0.0163 0.6471 0.1794
Fund turnover (×100%) 228,548 1.1037 0 0.4432 14.5982 2.6981
Age 230,262 15.0965 1.2457 13.2621 56.9829 11.5893
Cash/ short term investments as % of portfolio 230,262 2.6072 -2.3114 1.3192 19.7761 4.1715
Number of holdings 230,262 178.3999 20 64 2021 450.6580
ESG Fund 230,262 0.2857 0.0000 0.0000 1.0000 0.4517
European Fund 230,262 0.6878 0.0000 1.0000 1.0000 0.4634
SFDR Article 8/9 Fund 117,323 0.5955 0.0000 1.0000 1.0000 0.4908

Notes: The sample includes all European and US-domiciled open-end equity funds from December 2014 to December 2022. The mean,
median, 1st percentile, 99th percentile, and standard deviation of various quarterly fund-level characteristics are reported. The data is
recorded on a fund-quarter level. Total net assets denotes the level of total assets under management at the quarter-end in USD. Quarterly
returns are the quarterly net returns of a fund. Fama French 3-Factors α is the fund’s average quarterly alpha estimated using Fama-French
three-factor model on a monthly rolling-window between month t − 36 and t. Carhart 4-Factors α is the fund’s average quarterly alpha
estimated using Fama-French-Carhart four-factor model on a monthly rolling-window between month t − 36 and t. Quarterly flow is
defined as the dollar flows normalized by the fund’s previous quarter’s TNA. Change in TNA is the percentage change in total net assets
between t and t − 1. This is bound between -0.5 and 2. Fund turnover is the fund’s quarterly portfolio turnover calculated following
Gantchev et al. (2023): the aggregate absolute value of the position change between quarters t−1 and t across all primary stock holdings,
computed using the stock price at t−1, divided by the fund’s TNA at the end of quarter t−1, multiplied by 2. The values are trimmed at
the 0.5th and 99.5h percentiles. Age is the number of years between the inception date of the oldest share class of the fund and the date
of observation. Cash/ short term investments as % of portfolio indicates the weight in the fund’s portfolio that is indicated by FactSet’s
generic position ‘CASH’. CASH represents the as-reported market value of cash and short-term investments of the fund in quarter t. We
trim fund-quarter observations for which Cash/ short term investments as % of portfolio surpasses the 0.5-99.5 percentiles. Number of
holdings is a counter of the equity holdings that funds report they manage at the end of the quarter. ESG Fund takes on the value 1 if
the fund is denoted by Morningstar to be a “General ESG Investment”, 0 otherwise. European Fund takes on a value of 1 if the fund
is domiciled countries part of the European Union including Norway, Switzerland, and the United Kingdom. It takes on the value of 0
for funds that are domiciled in the United States. SFDR Article 8/9 Fund applies to the sample funds that are domiciled in European
countries to which the Sustainable Finance Disclosure Regulation (SFDR) applies. Morningstar indicates whether a fund reports in its
prospectus that it aligns with Article 9, 8, or 6. SFDR Article 8/9 Fund is set to 1 for funds that align with Article 9 or 8, and 0 for funds
that align with Article 6.
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Table 2: Summary statistics - Stock-level variables (quarterly)

N Mean 1st pct Median 99th pct Std Dev

Log Market Cap.j,t 757,692 5.9821 1.6013 5.8718 10.7672 1.9421
# Sharesj,t−1 757,715 1985.6171 1.5592 106.2001 1.58e+04 8.80e+04
Quarterly stock returnsj,t+1 744,484 0.0303 -0.5456 0.0009 1.0097 0.7208
Book/ Marketj,t 716,840 0.9686 0.0319 0.6427 7.0934 1.1071
Momentumj,t 723,628 0.0966 -0.7761 -0.0029 2.6783 0.5416
CAPEX/ Assetsj,t 627,996 0.0411 0.0000 0.0256 0.2601 0.0476
Betaj,t 707,520 0.9261 -0.0097 0.9135 2.1644 0.4201
Return volatilityj,t 707,520 0.0285 0.0085 0.0251 0.0906 0.0148
ROEj,t 617,759 0.0012 -0.6519 0.0177 0.2627 0.1083
Leveragej,t 724,310 0.2246 0.0000 0.1893 0.8705 0.1984
MSCI ACWIj,t 757,715 0.0972 0.0000 0.0000 1.0000 0.2962
MSCI ACWI ESG Leadersj,t 757,715 0.0354 0.0000 0.0000 1.0000 0.1847

# Environmental and social incidentsj,t+1 356,346 0.2825 0.0000 0.0000 5.0000 1.5474
# Severe environmental and social incidentsj,t+1 356,346 0.0931 0.0000 0.0000 2.0000 0.5757
Incident volatilityj,t 356,346 0.0316 0.0000 0.0000 0.2708 0.0580
∆Raw MSCI ESGj,t+1 195,087 0.0205 -0.7000 0.0000 0.8000 0.2610
∆Raw MSCI ESGj,t+4 184,615 0.0885 -1.1000 0.1000 1.3000 0.4656
∆MSCI ESG IVAj,t+1 194,773 0.0405 -1.4000 0.0000 1.9000 0.4645
∆MSCI ESG IVAj,t+4 184,353 0.1793 -2.2000 0.0000 2.6000 0.9263
∆Carbon Intensityj,t+1 127,698 -0.0051 -0.4670 0.0000 0.7321 0.1260
∆Carbon Intensityj,t+4 111,841 0.0237 -0.7680 -0.0571 3.5837 0.5258

Notes: The sample includes all firms for which the primary share was held by our sample of European and US domiciled funds from
December 2014 to December 2022. The mean, median, 1st percentile, 99th percentile, and standard deviation of various quarterly firm-
level characteristics are reported. Log Market Cap.j,t is the natural logarithm of the company j’s market capitalization in quarter t.
# Sharesj,t−1 denote the firm’s j number of shares in the previous quarter t − 1 in millions of shares. Quarterly stock returnsj,t+1

are the quarterly stock returns of stock j in future quarter t + 1 (/100%). Book/ Marketj,t is the firm j’s book value over its most
recent market capitalization. Momentumj,t is stock j’s most recent 12 month stock return, omitting month t − 1. CAPEX/ Assetsj,t
is the capital expenditure of firm j over its assets’ book value. Betaj,t is the firm’s primary stock j market beta calculated over the
daily returns of the last 12 months. Return volatilityj,t is the annualized standard deviation of stock j’s daily returns over the previous
12 months. ROEj,t is the firm j’s quarterly income scale by the book value of equity. Leveragej,t denotes the ratio of firm j’s gross
debt to the book value of assets in quarter t. MSCI ACWI j,t takes on 1 if stock j in quarter t is included in the MSCI All Country
World Index, 0 otherwise. MSCI ACWI ESG Leaders takes on 1 if stock j in quarter t is included in the MSCI All Country World ESG
Leaders Index, 0 otherwise. # environmental and social incidentst+s denotes the number of all RepRisk incidents of firm j that are
characterized as an environmental or social issue in quarter(s) t+s with s ∈ {1, 2, 3, 4}. # severe environmental and social incidentst+s

denotes the number of all RepRisk incidents of firm j that are characterized as an environmental or social issue with severity rank two or
three in quarter(s) t + s with s ∈ {1, 2, 3, 4}. Incident volatilityj,t is the firm j’s 4-quarter rolling standard deviation of daily RepRisk
incidents (environment, social, and governance). We estimate the percentage change in firm j’s carbon intensity between current quarter

t and future quarter t + s as ∆CarbonIntensityj,t+s =
CarbonIntensityj,t+s−CarbonIntensityj,t

CarbonIntensityj,t
. We calculate the absolute

change in the raw and industry-adjusted (IVA) MSCI ESG scores between current quarter t and future quarter t + s with s ∈ {1, 4} as
∆MSCIj,t+s = MSCIj,t+s − MSCIj,t.
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Table 3: Summary statistics of discretionary and expected trades

N Mean Min Median Max Std Dev

Panel A: Trades Following All Flows (Quarterly)

DiscretionaryTrades 757,715 -0.0000 -0.0888 0.0000 0.1032 0.0140
Expected trades 757,715 -0.0003 -0.0157 0.0000 0.0146 0.0027
ESG DiscretionaryTrades 757,715 -0.0001 -0.0274 0.0000 0.0233 0.0035
ESG ExpectedTrades 757,715 0.0000 -0.0052 0.0000 0.0066 0.0009
Conv. DiscretionaryTrades 757,715 0.0000 -0.0685 0.0000 0.0842 0.0113
Conv. ExpectedTrades 757,715 -0.0003 -0.0138 0.0000 0.0111 0.0023
ESG Concentrated DiscretionaryTrades 757,715 -0.0001 -0.0155 0.0000 0.0101 0.0017
ESG Concentrated ExpectedTrades 757,715 0.0000 -0.0036 0.0000 0.0042 0.0006
ESG Unconcentrated DiscretionaryTrades 757,715 -0.0000 -0.0137 0.0000 0.0143 0.0020
ESG Unconcentrated ExpectedTrades 757,715 0.0000 -0.0026 0.0000 0.0033 0.0005
Conv. Concentrated DiscretionaryTrades 757,715 -0.0002 -0.0221 0.0000 0.0145 0.0027
Conv. Concentrated ExpectedTrades 757,715 -0.0001 -0.0075 0.0000 0.0057 0.0010
Conv. Unconcentrated DiscretionaryTrades 757,715 0.0002 -0.0539 0.0000 0.0755 0.0095
Conv. Unconcentrated ExpectedTrades 757,715 -0.0002 -0.0104 0.0000 0.0080 0.0017
European DiscretionaryTrades 757,715 -0.0003 -0.0525 0.0000 0.0410 0.0066
European ExpectedTrades 757,715 -0.0001 -0.0117 0.0000 0.0114 0.0018
US DiscretionaryTrades 757,715 0.0002 -0.0490 0.0000 0.0688 0.0087
US ExpectedTrades 757,715 -0.0002 -0.0107 0.0000 0.0070 0.0017
Article8/9 DiscretionaryTrades 757,715 -0.0001 -0.0308 0.0000 0.0248 0.0038
Article8/9 ExpectedTrades 757,715 0.0000 -0.0062 0.0000 0.0077 0.0010
Article6 DiscretionaryTrades 757,715 -0.0001 -0.0133 0.0000 0.0097 0.0016
Article6 ExpectedTrades 757,715 -0.0000 -0.0040 0.0000 0.0029 0.0005

Panel B: Trades Following Extreme Flows (Quarterly)

DiscretionaryTrades 757,715 0.0000 -0.0260 0.0000 0.0231 0.0037
ExpectedTrades 757,715 -0.0001 -0.0107 0.0000 0.0108 0.0018
ESG DiscretionaryTrades 757,715 -0.0000 -0.0076 0.0000 0.0066 0.0010
ESG ExpectedTrades 757,715 0.0000 -0.0034 0.0000 0.0045 0.0006
Conv. DiscretionaryTrades 757,715 0.0001 -0.0204 0.0000 0.0187 0.0029
Conv. ExpectedTrades 757,715 -0.0001 -0.0094 0.0000 0.0082 0.0015
ESG Concentrated DiscretionaryTrades 757,715 -0.0000 -0.0040 0.0000 0.0032 0.0005
ESG Concentrated ExpectedTrades 757,715 0.0000 -0.0022 0.0000 0.0027 0.0003
ESG Unconcentrated DiscretionaryTrades 757,715 -0.0000 -0.0038 0.0000 0.0037 0.0005
ESG Unconcentrated ExpectedTrades 757,715 0.0000 -0.0017 0.0000 0.0023 0.0003
Conv. Concentrated DiscretionaryTrades 757,715 -0.0000 -0.0062 0.0000 0.0059 0.0008
Conv. Concentrated ExpectedTrades 757,715 -0.0000 -0.0049 0.0000 0.0039 0.0006
Conv. Unconcentrated DiscretionaryTrades 757,715 0.0001 -0.0161 0.0000 0.0154 0.0024
Conv. Unconcentrated ExpectedTrades 757,715 -0.0001 -0.0071 0.0000 0.0059 0.0011
European DiscretionaryTrades 757,715 -0.0000 -0.0145 0.0000 0.0126 0.0019
European ExpectedTrades 757,715 0.0000 -0.0072 0.0000 0.0085 0.0012
US DiscretionaryTrades 757,715 0.0001 -0.0144 0.0000 0.0143 0.0021
US ExpectedTrades 757,715 -0.0001 -0.0073 0.0000 0.0051 0.0011
Article8/9 DiscretionaryTrades 757,715 -0.0000 -0.0085 0.0000 0.0072 0.0011
Article8/9 ExpectedTrades 757,715 0.0000 -0.0040 0.0000 0.0054 0.0007
Article6 DiscretionaryTrades 757,715 -0.0002 -0.0137 0.0000 0.0040 0.0014
Article6 ExpectedTrades 757,715 -0.0000 -0.0022 0.0000 0.0021 0.0003

Notes: The sample includes all mutual fund holdings that are primary common stocks as defined by Jensen et al. (2022)
from December 2014 to December 2022. The mean, median, minimum, maximum, and standard deviation of the following
variables are reported: the discretionary and expected trades of all funds and various subsamples of funds are reported: ESG
funds, conventional funds, ESG (un)concentrated funds, conventional (un)concentrated funds, European funds, US funds, SFDR
abiding Article 8/9 funds, and SFDR abiding Article 6 funds. Discretionary trades are defined conform the pressure trading
measure of Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to be 0; buys after outflows are
assumed to be equal to 0. ExpectedTrading is the portion of fund trading that is equal to fund flows prorated to the lagged
holding weight in the fund portfolio. They are winsorized at the 0.5th and 99.5th percentiles. DiscretionaryTrading is the share
of fund trades that are not ExpectedTrades, and is winsorized at the 0.5th and 99.5th percentiles.
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Table 4: Correlation Matrix

Variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) (19) (20) (21) (22)

(1) DiscretionaryTrades 1.000

(2) ExpectedTrades 0.114* 1.000

(3) ESG DiscretionaryTrades 0.420* 0.038* 1.000

(4) ESG ExpectedTrades 0.076* 0.484* 0.066* 1.000

(5) Conv. DiscretionaryTrades 0.879* 0.092* 0.043* 0.029* 1.000

(6) Conv. ExpectedTrades 0.105* 0.897* 0.028* 0.110* 0.102* 1.000

(7) ESG Concentrated DiscretionaryTrades 0.261* 0.006* 0.652* -0.002 0.026* 0.018* 1.000

(8) ESG Concentrated ExpectedTrades 0.064* 0.368* 0.069* 0.757* 0.020* 0.088* 0.017* 1.000

(9) ESG Unconcentrated DiscretionaryTrades 0.281* 0.023* 0.697* 0.038* 0.043* 0.021* 0.038* 0.035* 1.000

(10) ESG Unconcentrated ExpectedTrades 0.060* 0.327* 0.069* 0.674* 0.024* 0.089* 0.001 0.127* 0.063* 1.000

(11) Conv. Concentrated DiscretionaryTrades 0.330* 0.004* 0.052* 0.013* 0.381* 0.007* 0.062* 0.017* 0.026* 0.005* 1.000

(12) Conv. Concentrated ExpectedTrades 0.057* 0.553* 0.031* 0.114* 0.051* 0.599* 0.025* 0.107* 0.020* 0.074* 0.010* 1.000

(13) Conv. Unconcentrated DiscretionaryTrades 0.795* 0.086* 0.032* 0.023* 0.907* 0.094* 0.011* 0.013* 0.041* 0.022* 0.044* 0.032* 1.000

(14) Conv. Unconcentrated ExpectedTrades 0.108* 0.744* 0.018* 0.070* 0.113* 0.843* 0.010* 0.045* 0.015* 0.067* 0.030* 0.129* 0.109* 1.000

(15) European DiscretionaryTrades 0.613* 0.044* 0.623* 0.080* 0.384* 0.024* 0.425* 0.080* 0.390* 0.059* 0.421* 0.046* 0.224* 0.015* 1.000

(16) European ExpectedTrades 0.063* 0.729* 0.048* 0.586* 0.026* 0.540* 0.007* 0.468* 0.026* 0.365* -0.012* 0.527* 0.017* 0.319* 0.067* 1.000

(17) US DiscretionaryTrades 0.745* 0.091* 0.075* 0.021* 0.832* 0.103* 0.025* 0.009* 0.085* 0.025* 0.140* 0.036* 0.872* 0.117* 0.020* 0.008* 1.000

(18) US ExpectedTrades 0.117* 0.683* 0.017* 0.112* 0.126* 0.753* 0.009* 0.063* 0.014* 0.115* 0.034* 0.269* 0.124* 0.784* 0.007* 0.041* 0.143* 1.000

(19) Article8/9 DiscretionaryTrades 0.435* 0.038* 0.773* 0.069* 0.140* 0.023* 0.505* 0.073* 0.526* 0.060* 0.218* 0.040* 0.062* 0.010* 0.730* 0.059* 0.015* 0.005* 1.000

(20) Article8/9 ExpectedTrades 0.069* 0.521* 0.056* 0.756* 0.028* 0.243* 0.002 0.593* 0.033* 0.486* 0.013* 0.275* 0.018* 0.131* 0.085* 0.720* 0.009* 0.031* 0.070* 1.000

(21) Article6 DiscretionaryTrades 0.246* -0.008* 0.084* 0.005* 0.265* -0.009* 0.089* 0.010* 0.050* 0.002 0.318* 0.006* 0.178* -0.002 0.423* -0.013* 0.024* 0.007* 0.052* 0.019* 1.000

(22) Article6 ExpectedTrades 0.047* 0.364* 0.029* 0.131* 0.039* 0.372* 0.020* 0.119* 0.020* 0.086* 0.025* 0.367* 0.025* 0.238* 0.062* 0.482* 0.008* 0.052* 0.034* 0.119* -0.009* 1.000

Notes: Pearson correlation matrix of all mutual fund holdings expected and discretionary trades as defined conform to the pressure trading measure of Coval and Stafford (2007) and Huang et al. (2023): Sales

after inflows are assumed to be 0; buys after outflows are assumed to be equal to 0. ExpectedTrading is the portion of fund trading that is equal to fund flows prorated to the lagged holding weight in the fund

portfolio. They are winsorized at the 0.5th and 99.5th percentiles. DiscretionaryTrading is the share of fund trades that are not ExpectedTrades, and is winsorized at the 0.5th and 99.5th percentiles. * p¡0.05.
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Table 5: OLS Regression Results: ESG and Conventional Discretionary Trades on Changes in Future Firm
Carbon Emissions and MSCI ESG Score

Short term: t+ 1 compared to t Long term: t+ 4 compared to t

(1) (2) (3) (4) (5) (6)
∆Carbon Intensityt+1 ∆Raw MSCI ESGt+1 ∆MSCI ESG IVAt+1 ∆Carbon Intensityt+4 ∆Raw MSCI ESGt+4 ∆MSCI ESG IVAt+4

ESG DiscretTrades 0.001 0.004 -0.000 0.003 0.004* 0.000
(0.307) (1.265) (-0.138) (0.890) (1.647) (0.115)

ESG ExpectedTrades 0.005 -0.006** -0.009*** 0.005 -0.000 -0.012***
(1.194) (-2.280) (-3.204) (1.177) (-0.001) (-3.163)

conv. DiscretTrades -0.002 -0.000 0.001 -0.004 -0.002 -0.005*
(-0.600) (-0.151) (0.449) (-1.286) (-0.928) (-1.699)

conv. ExpectedTrades 0.015*** 0.001 0.006* 0.007 0.001 0.002
(3.648) (0.337) (1.757) (1.293) (0.220) (0.548)

logsize 0.164*** 0.032*** 0.049*** 0.339*** 0.032 0.096***
(7.698) (2.665) (3.633) (8.350) (1.460) (4.038)

be me 0.041*** -0.003 -0.001 0.036** -0.002 0.007
(4.620) (-0.512) (-0.208) (2.311) (-0.216) (0.639)

ret 12 1 -0.024*** 0.007* -0.013*** -0.032*** 0.023*** -0.001
(-4.817) (1.844) (-3.343) (-4.097) (4.262) (-0.147)

capx at -0.003 0.003 -0.008 -0.039*** 0.010 -0.013
(-0.355) (0.572) (-1.371) (-2.607) (1.076) (-1.240)

beta 252d 0.010 -0.004 -0.005 0.014 0.013* -0.005
(1.449) (-0.994) (-1.069) (1.263) (1.764) (-0.599)

rvol 252d -0.046*** -0.004 0.002 -0.048*** 0.004 0.001
(-5.078) (-0.660) (0.365) (-3.319) (0.394) (0.130)

niq be 0.027*** -0.000 0.009** 0.026*** -0.008* 0.015***
(5.873) (-0.110) (2.161) (3.964) (-1.872) (2.984)

debt at -0.028*** 0.011* 0.003 -0.032* 0.029*** 0.029**
(-2.830) (1.834) (0.456) (-1.947) (2.587) (2.353)

Firm FE Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes

Observations 93,190 143,716 143,350 81,633 135,564 135,252
R-squared 0.073 0.059 0.046 0.288 0.164 0.162
Within R-squared 0.003 0.000 0.000 0.009 0.001 0.001
F-statistic 21.60*** 2.80*** 3.68*** 14.51*** 4.39*** 4.00***

Notes: The table reports the relation between ESG and conventional mutual fund trading behavior and future changes in firm-level carbon
intensity and MSCI ESG scores. Discretionary trades are defined according to Coval and Stafford (2007) and Huang et al. (2023): Sales
after inflows are assumed to be 0; buys after outflows are assumed to be equal to 0. OLS regressions include firm and year-quarter fixed
effects. Discretionary and expected trades are winsorized at the 0.5 and 99.5%. All continuous control variables are winsorized at the 1
and 99 percentiles. ∆ Raw MSCI ESG is defined as the difference in firm-level key issue MSCI ESG score in t+s and t with s∈ {1, 4}.
∆MSCI ESG IVA is defined as the difference in firm-level industry peer adjusted MSCI ESG score in t+s and t with s∈ {1, 4}. ∆Carbon
Intensity is defined as the percentage difference in firm-level carbon intensity in t+s and t with s∈ {1, 4}. OLS regressions include firm
and year-quarter fixed effects, and standard errors are clustered at the firm level. Coefficients are standardized and t-statistics are reported
in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 6: Poisson Regression Results: ESG and Conventional Discretionary Trades on Future Firm Environmental
and Social Incidents.

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

1 quarter 2 quarters 3 quarters 4 quarters
(1) (2) (3) (4)

ESG DiscretTrades -0.002 -0.001** -0.001* -0.001**
(-1.101) (-2.068) (-1.645) (-2.207)

ESG ExpectedTrades 0.011*** 0.005*** 0.003*** 0.002***
(3.826) (3.706) (3.943) (3.384)

conv. DiscretTrades 0.000 0.000 0.000 0.000
(0.081) (0.053) (0.154) (0.051)

conv. ExpectedTrades -0.008*** -0.001 -0.000 0.000
(-2.593) (-0.974) (-0.289) (0.117)

logsize 0.276*** 0.141*** 0.094*** 0.070***
(9.549) (9.826) (9.806) (9.867)

be me 0.067*** 0.033*** 0.022*** 0.016***
(7.002) (6.818) (6.898) (6.886)

ret 12 1 -0.032*** -0.017*** -0.011*** -0.008***
(-7.025) (-7.602) (-7.497) (-7.104)

capx at 0.001 -0.000 -0.001 -0.001
(0.063) (-0.107) (-0.262) (-0.408)

beta 252d -0.008 -0.004 -0.001 -0.000
(-1.567) (-1.371) (-0.432) (-0.049)

rvol 252d 0.030*** 0.013*** 0.006** 0.003*
(4.150) (3.486) (2.508) (1.931)

niq be -0.002 0.001 0.001 0.001
(-0.863) (0.896) (1.073) (1.273)

debt at 0.041*** 0.021*** 0.013*** 0.010***
(4.216) (4.115) (3.945) (3.807)

Firm FE Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes

Observations 161,423 164,214 167,338 169,843
Pseudo R-squared 0.591 0.669 0.714 0.745
χ2-statistic 126.44*** 125.66*** 120.43*** 119.77***

Notes: The table reports the relation between ESG and conventional mutual fund trading behavior
and future changes in firm-level (cumulative) number of environmental and social RepRisk incidents,
measured at t+s, where quarter s ∈ {1, 2, 3, 4}. Discretionary trades are defined according to Coval
and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to be 0; buys after
outflows are assumed to be equal to 0. Discretionary and expected trades are winsorized at the 0.5 and
99.5%. Poisson regressions include firm and year-quarter fixed effects, and standard errors are clustered
at the firm level. Regressions include firm and year-quarter fixed effects. All continuous control variables
are winsorized at the 1 and 99 percentiles. Coefficients are standardized and z-statistics are reported in
parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01
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Table 7: Poisson Regression Results: ESG and Conventional Discretionary Trades on Future Severe Firm
Environmental and Social Incidents.

Dependent variable: (Cumulative) Severe Future Environmental and Social Incidents in t+s

1 quarter 2 quarters 3 quarters 4 quarters
(1) (2) (3) (4)

ESG DiscretTrades -0.003 -0.005* -0.002 -0.002
(-0.394) (-1.836) (-1.324) (-1.432)

ESG ExpectedTrades 0.034*** 0.015*** 0.011*** 0.007***
(3.615) (3.433) (3.551) (3.244)

conv. DiscretTrades 0.004 0.001 -0.000 0.000
(0.526) (0.267) (-0.125) (0.045)

conv. ExpectedTrades -0.029*** -0.006 -0.001 -0.001
(-2.886) (-1.116) (-0.343) (-0.632)

logsize 0.551*** 0.316*** 0.218*** 0.166***
(6.520) (6.966) (6.958) (6.797)

be me 0.166*** 0.091*** 0.060*** 0.044***
(5.886) (5.978) (5.793) (5.495)

ret 12 1 -0.053*** -0.029*** -0.019*** -0.014***
(-3.812) (-3.889) (-3.957) (-3.832)

capx at 0.018 0.002 -0.003 -0.003
(0.712) (0.137) (-0.298) (-0.474)

beta 252d -0.024 -0.018** -0.011* -0.009**
(-1.466) (-2.122) (-1.902) (-2.066)

rvol 252d 0.064*** 0.033*** 0.022*** 0.016***
(2.827) (2.756) (2.670) (2.623)

niq be 0.012 0.008* 0.006* 0.005**
(1.263) (1.683) (1.857) (2.191)

debt at 0.086*** 0.049*** 0.034*** 0.027***
(3.225) (3.391) (3.398) (3.488)

Firm FE Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes

Observations 95,250 96,772 98,524 100,144
Pseudo R-squared 0.431 0.507 0.556 0.594
χ2-statistic 95.29*** 91.48*** 90.53*** 84.24***
Notes: The table reports the relation between ESG and conventional mutual fund trading behavior and
future changes in firm-level (cumulative) number of severe environmental and social RepRisk incidents,
measured at t+s, where quarter s ∈ {1, 2, 3, 4}. Discretionary trades are defined according to Coval and
Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to be 0; buys after outflows are
assumed to be equal to 0. Discretionary and expected trades are winsorized at the 0.5 and 99.5%. Poisson
regressions include firm and year-quarter fixed effects, and standard errors are clustered at the firm level.
Regressions include firm and year-quarter fixed effects. All continuous control variables are winsorized at the
1 and 99 percentiles. Coefficients are standardized and z-statistics are reported in parentheses. * p¡0.10,
** p¡0.05, *** p¡0.01
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Table 8: OLS Regression Results: Unconcentrated and Concentrated ESG and conventional Discretionary Trades
on Changes in Future Firm Carbon Emissions and MSCI ESG Score

ESG Funds Conventional Funds

(1) (2) (3) (4)
∆Carbon Intensity ∆MSCI ESG ∆Carbon Intensity ∆MSCI ESG

Concentrated DiscretionaryTrades 0.001 0.003 0.004 0.002
(0.227) (1.227) (1.239) (0.732)

Concentrated ExpectedTrades 0.001 -0.009*** 0.002 0.003
(0.173) (-3.400) (0.416) (0.913)

Unconcentrated DiscretionaryTrades 0.000 0.002 -0.007* 0.000
(0.005) (0.842) (-1.825) (0.124)

Unconcentrated ExpectedTrades 0.010*** 0.001 0.019*** -0.001
(2.697) (0.435) (4.508) (-0.447)

logsize 0.163*** 0.167*** 0.031*** 0.030**
(7.660) (7.824) (2.648) (2.559)

be me 0.041*** 0.041*** -0.003 -0.003
(4.628) (4.655) (-0.506) (-0.533)

ret 12 1 -0.023*** -0.023*** 0.007* 0.006*
(-4.553) (-4.668) (1.910) (1.739)

capx at -0.003 -0.003 0.003 0.003
(-0.376) (-0.341) (0.554) (0.547)

beta 252d 0.009 0.009 -0.005 -0.004
(1.332) (1.379) (-1.071) (-0.908)

rvol 252d -0.047*** -0.046*** -0.004 -0.004
(-5.224) (-5.068) (-0.675) (-0.657)

niq be 0.027*** 0.027*** -0.000 -0.000
(5.869) (5.880) (-0.116) (-0.124)

debt at -0.028*** -0.027*** 0.011* 0.011*
(-2.845) (-2.781) (1.833) (1.789)

Firm FE Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes

Observations 93,190 93,190 143,716 143,716
R-squared 0.073 0.074 0.059 0.059
Within R-squared 0.003 0.003 0.000 0.000
F-statistic 20.71*** 22.43*** 3.38*** 2.49***

Notes: The table reports the relation between concentrated and unconcentrated ESG mutual fund trading behavior (columns 1-2) and con-
ventional mutual fund trading behavior (columns 3-4) and future changes in firm-level carbon intensity and MSCI ESG scores. Discretionary
trades are defined according to Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to be 0; buys after
outflows are assumed to be equal to 0. OLS regressions include firm and year-quarter fixed effects. Discretionary and expected trades are
winsorized at the 0.5 and 99.5%. All continuous control variables are winsorized at the 1 and 99 percentiles. ∆MSCI is defined as the
difference in firm-level MSCI ESG score in t+1 and t. ∆Carbon Intensity is defined as the percentage difference in firm-level carbon intensity
in t+1 and t. OLS regressions include firm and year-quarter fixed effects, and standard errors are clustered at the firm level. Coefficients
are standardized and t-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 9: Poisson Regression Results: Unconcentrated and Concentrated ESG and conventional Discretionary
Trades on Future Firm Environmental and Social Incidents.

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

ESG Funds Conventional Funds

(1) (2) (3) (4) (5) (6) (7) (8)
1 quarter 2 quarters 3 quarters 4 quarters 1 quarter 2 quarters 3 quarters 4 quarters

Concentrated DiscretionaryTrades -0.001 -0.001 -0.000 -0.000 0.003 0.002 0.001 0.001
(-0.688) (-1.026) (-0.817) (-0.692) (0.985) (1.080) (1.132) (1.087)

Concentrated ExpectedTrades 0.005* 0.003** 0.002** 0.001** -0.001 -0.001 -0.000 -0.000
(1.732) (2.136) (2.343) (2.399) (-0.408) (-0.671) (-0.201) (-0.302)

Unconcentrated DiscretionaryTrades -0.002* -0.001** -0.001** -0.001*** 0.000 -0.000 -0.000 -0.000
(-1.706) (-2.173) (-2.492) (-3.534) (0.073) (-0.101) (-0.036) (-0.152)

Unconcentrated ExpectedTrades 0.007*** 0.004** 0.002** 0.001** -0.006** -0.001 0.000 0.000
(2.693) (2.359) (2.389) (2.173) (-2.080) (-0.405) (0.156) (0.614)

logsize 0.276*** 0.141*** 0.094*** 0.071*** 0.282*** 0.144*** 0.096*** 0.072***
(9.554) (9.800) (9.768) (9.808) (9.361) (9.579) (9.613) (9.627)

be me 0.067*** 0.033*** 0.022*** 0.016*** 0.068*** 0.034*** 0.022*** 0.016***
(6.997) (6.819) (6.902) (6.888) (7.022) (6.801) (6.889) (6.853)

ret 12 1 -0.033*** -0.017*** -0.011*** -0.008*** -0.032*** -0.017*** -0.011*** -0.007***
(-7.107) (-7.647) (-7.494) (-7.067) (-6.895) (-7.569) (-7.394) (-6.988)

capx at -0.000 -0.001 -0.001 -0.001 0.000 -0.001 -0.001 -0.001
(-0.001) (-0.156) (-0.292) (-0.426) (0.023) (-0.135) (-0.294) (-0.431)

beta 252d -0.009* -0.004 -0.001 -0.000 -0.009* -0.004 -0.001 -0.000
(-1.645) (-1.409) (-0.462) (-0.070) (-1.768) (-1.589) (-0.648) (-0.249)

rvol 252d 0.031*** 0.013*** 0.006** 0.003* 0.031*** 0.013*** 0.006*** 0.004**
(4.212) (3.508) (2.518) (1.935) (4.201) (3.555) (2.581) (2.005)

niq be -0.002 0.001 0.001 0.001 -0.002 0.001 0.001 0.001
(-0.830) (0.921) (1.088) (1.284) (-0.794) (0.967) (1.139) (1.328)

debt at 0.042*** 0.021*** 0.014*** 0.010*** 0.043*** 0.021*** 0.014*** 0.010***
(4.301) (4.160) (3.978) (3.830) (4.313) (4.202) (4.038) (3.881)

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 161,423 164,214 167,338 169,843 161,423 164,214 167,338 169,843
Pseudo R-squared 0.591 0.669 0.714 0.745 0.591 0.669 0.714 0.745
χ2-statistic 123.64*** 139.05*** 132.81*** 131.35*** 152.97*** 143.25*** 131.11*** 124.67***

Notes: The table reports the relation between concentrated and unconcentrated ESG mutual fund trading behavior (columns 1-4) and
conventional mutual fund trading behavior (columns 5-8) and future changes in firm-level (cumulative) number of environmental and social
RepRisk incidents, measured at t+s, where quarter s ∈ {1, 2, 3, 4}. Discretionary trades are defined according to Coval and Stafford (2007)
and Huang et al. (2023): Sales after inflows are assumed to be 0; buys after outflows are assumed to be equal to 0. Discretionary and
expected trades are winsorized at the 0.5 and 99.5%. All continuous control variables are winsorized at the 1 and 99 percentiles. Poisson
regressions include firm and year-quarter fixed effects, and standard errors are clustered at the firm level. Coefficients are standardized and
z-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 10: Poisson Regression Results on Future Environmental and Social Incidents: heterogeneity across firms

Panel A: Sample split based on the median of the 4-quarter rolling volatility of firms’ RepRisk incidences in quarter t-1

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

1 quarter 2 quarters 3 quarters 4 quarters
(1) (2) (3) (4)

(a) (b) (a) (b) (a) (b) (a) (b)
Below median Above median Below median Above median Below median Above median Below median Above median

ESG DiscretTrades 0.003 -0.001 -0.011 -0.001* -0.003 -0.000 0.001 -0.000**
(0.086) (-0.994) (-0.704) (-1.821) (-0.350) (-1.487) (0.093) (-2.226)

ESG ExpectedTrades 0.019 0.009*** 0.008 0.004*** 0.004 0.003*** -0.002 0.002***
(0.461) (4.433) (0.403) (4.240) (0.296) (4.706) (-0.188) (4.313)

conv. DiscretTrades 0.039 0.000 0.014 0.000 0.008 0.000 0.001 0.000
(1.124) (0.056) (0.852) (0.074) (0.802) (0.216) (0.089) (0.207)

conv. ExpectedTrades -0.068 -0.006*** -0.019 -0.001 -0.006 -0.000 -0.005 -0.000
(-1.337) (-2.751) (-0.704) (-1.300) (-0.311) (-0.700) (-0.351) (-0.298)

Other Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 76,291 65,413 79,908 67,241 83,535 68,834 86,634 70,065
Pseudo R-squared 0.136 0.554 0.164 0.650 0.193 0.705 0.220 0.743
χ2-statistic 77.28*** 85.49*** 83.35*** 81.61*** 96.87*** 76.15*** 108.59*** 69.17***

Panel B: Sample split based on the median of the 4-quarter rolling volatility of firms’ MSCI’s industry-weighted ESG scores in quarter t-1

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

1 quarter 2 quarters 3 quarters 4 quarters
(1) (2) (3) (4)

(a) (b) (a) (b) (a) (b) (a) (b)
Below median Above median Below median Above median Below median Above median Below median Above median

ESG DiscretTrades -0.000 -0.004* -0.001 -0.002** -0.000 -0.001** -0.000 -0.001**
(-0.165) (-1.647) (-0.691) (-2.351) (-0.461) (-2.140) (-0.832) (-2.238)

ESG ExpectedTrades 0.012*** 0.007** 0.006*** 0.004*** 0.004*** 0.003*** 0.003*** 0.002***
(3.571) (2.342) (3.699) (2.771) (3.674) (3.301) (3.584) (2.828)

conv. DiscretTrades 0.001 -0.002 0.001 -0.000 0.001* -0.000 0.000 -0.000
(0.680) (-0.737) (0.805) (-0.302) (1.896) (-0.680) (1.274) (-0.045)

conv. ExpectedTrades -0.009** -0.005 -0.002 -0.001 -0.001 -0.000 -0.000 -0.000
(-2.327) (-1.271) (-1.087) (-0.591) (-0.660) (-0.209) (-0.466) (-0.167)

Other Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 29,980 30,675 32,708 33,008 34,647 34,349 36,416 35,424
Pseudo R-squared 0.591 0.587 0.687 0.684 0.739 0.738 0.775 0.773
χ2-statistic 72.86*** 64.22*** 80.73*** 61.95*** 75.85*** 65.01*** 70.81*** 54.86***

Notes: The table reports the relation between ESG and conventional mutual fund trading behavior and future changes in firm-level
(cumulative) number of environmental and social RepRisk incidents, measured at t+s, where quarter s ∈ {1, 2, 3, 4}. Panel A divides the
sample of firms into those that, in quarter t-1, have an above- or below-median 4-quarter standard deviation of RepRisk total incidents.
Panel B divides the sample of firms into those that, in quarter t-1, have an above- or below-median 4-quarter standard deviation of MSCI
industry-weighted ESG scores. Discretionary trades are defined according to Coval and Stafford (2007) and Huang et al. (2023): Sales after
inflows are assumed to be 0; buys after outflows are assumed to be equal to 0. Discretionary and expected trades are winsorized at the 0.5
and 99.5%. Poisson regressions include firm and year-quarter fixed effects, and standard errors are clustered at the firm level. Regressions
include firm and year-quarter fixed effects. Controls are added to the model one by one. All continuous control variables are winsorized at
the 1 and 99 percentiles. Coefficients are standardized, and z-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 11: OLS Regression Results: Discretionary Trades per domicile and SFDR label on Changes in Future
Firm Carbon Emissions and MSCI ESG Score

European & US Funds Article 8/9 & Article 6 Funds

(1) (2) (3) (4) (5) (6)
∆Carbon Intensity t+ 1 ∆MSCI ESG t+ 1 ∆MSCI ESG t+ 4 ∆Carbon Intensity t+ 1 ∆MSCI ESG t+ 1 ∆MSCI ESG t+ 4

Europe DiscretTrades 0.004 -0.000 0.003
(1.199) (-0.019) (1.046)

Europe ExpectedTrades 0.006 -0.008*** -0.005
(1.510) (-2.877) (-1.309)

US DiscretTrades -0.006* 0.001 -0.002
(-1.768) (0.494) (-0.761)

US ExpectedTrades 0.019*** 0.008** 0.008*
(4.251) (2.223) (1.740)

Article 8/9 DiscretTrades 0.001 0.001 0.005*
(0.146) (0.392) (1.900)

Article 8/9 ExpectedTrades 0.007* -0.010*** -0.012***
(1.730) (-3.521) (-3.305)

Article 6 DiscretTrades 0.005 0.004 0.001
(1.423) (1.591) (0.432)

Article 6 ExpectedTrades 0.002 0.001 0.001
(0.464) (0.297) (0.319)

logsize 0.165*** 0.032*** 0.033 0.164*** 0.032*** 0.034
(7.735) (2.713) (1.505) (7.693) (2.696) (1.554)

be me 0.041*** -0.004 -0.002 0.042*** -0.003 -0.002
(4.585) (-0.543) (-0.228) (4.676) (-0.483) (-0.159)

ret 12 1 -0.024*** 0.006* 0.022*** -0.023*** 0.007** 0.023***
(-4.805) (1.736) (4.214) (-4.574) (1.976) (4.422)

capx at -0.003 0.003 0.010 -0.003 0.003 0.010
(-0.352) (0.578) (1.083) (-0.368) (0.568) (1.077)

beta 252d 0.009 -0.005 0.013* 0.009 -0.005 0.012*
(1.403) (-1.091) (1.716) (1.380) (-1.109) (1.656)

rvol 252d -0.045*** -0.003 0.005 -0.047*** -0.004 0.004
(-5.000) (-0.542) (0.457) (-5.223) (-0.654) (0.391)

niq be 0.027*** -0.000 -0.008* 0.027*** -0.000 -0.008*
(5.864) (-0.099) (-1.862) (5.876) (-0.123) (-1.881)

debt at -0.027*** 0.011* 0.029*** -0.028*** 0.011* 0.029***
(-2.795) (1.837) (2.595) (-2.851) (1.847) (2.613)

Firm FE Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes

Observations 93,190 143,716 135,564 93,190 143,716 135,564
R-squared 0.074 0.059 0.164 0.073 0.059 0.164
Within R-squared 0.003 0.000 0.001 0.003 0.000 0.001
F-statistic 22.31*** 3.31*** 4.59*** 20.59*** 3.41*** 5.15***

Notes: The table reports the relation between European and US domiciled mutual fund trading behavior (columns 1-3) and SFDR Article
8/9 and Article 6 mutual fund trading behavior (columns 4-6) and future changes in firm-level carbon intensity and MSCI ESG scores.
Discretionary trades are defined according to Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to be 0;
buys after outflows are assumed to be equal to 0. OLS regressions include firm and year-quarter fixed effects. Discretionary and expected
trades are winsorized at the 0.5 and 99.5%. All continuous control variables are winsorized at the 1 and 99 percentiles. ∆MSCI is defined
as the difference in firm-level MSCI ESG score in t+1 and t. ∆Carbon Intensity is defined as the percentage difference in firm-level carbon
intensity in t+1 and t. OLS regressions include firm and year-quarter fixed effects, and standard errors are clustered at the firm level.
Coefficients are standardized and t-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 12: Discretionary Trades per domicile and SFDR label on Future Firm Environmental and Social Incidents.

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

European & US Funds Article 8/9 & Article 6 Funds

(1) (2) (3) (4) (5) (6) (7) (8)
1 quarter 2 quarters 3 quarters 4 quarters 1 quarter 2 quarters 3 quarters 4 quarters

Europe DiscretTrades 0.001 -0.001 -0.000 -0.000
(0.596) (-1.242) (-0.430) (-1.273)

Europe ExpectedTrades 0.004 0.003** 0.002** 0.001**
(1.543) (2.178) (2.177) (1.996)

US DiscretTrades -0.000 0.000 0.000 0.000
(-0.046) (0.144) (0.205) (0.356)

US ExpectedTrades -0.006* -0.000 0.001 0.001
(-1.847) (-0.189) (0.678) (1.134)

Article 8/9 DiscretTrades -0.002 -0.002** -0.001* -0.001***
(-1.198) (-2.092) (-1.739) (-2.944)

Article 8/9 ExpectedTrades 0.007** 0.004*** 0.002** 0.001**
(2.523) (2.583) (2.270) (2.295)

Article 6 DiscretTrades 0.002 0.001 0.001 0.000
(0.902) (0.789) (0.918) (0.572)

Article 6 ExpectedTrades -0.001 -0.001 0.000 0.000
(-0.483) (-0.355) (0.269) (0.168)

logsize 0.281*** 0.144*** 0.096*** 0.071*** 0.281*** 0.144*** 0.096*** 0.071***
(9.172) (9.458) (9.485) (9.584) (9.304) (9.532) (9.580) (9.660)

be me 0.068*** 0.033*** 0.022*** 0.016*** 0.068*** 0.033*** 0.022*** 0.016***
(6.965) (6.772) (6.854) (6.840) (7.033) (6.855) (6.939) (6.927)

ret 12 1 -0.032*** -0.017*** -0.011*** -0.008*** -0.033*** -0.017*** -0.011*** -0.008***
(-6.810) (-7.396) (-7.316) (-6.964) (-6.890) (-7.398) (-7.292) (-6.902)

capx at 0.000 -0.001 -0.001 -0.001 0.000 -0.001 -0.001 -0.001
(0.047) (-0.111) (-0.269) (-0.408) (0.016) (-0.140) (-0.288) (-0.428)

beta 252d -0.009* -0.004 -0.001 -0.000 -0.009* -0.004 -0.001 -0.000
(-1.713) (-1.493) (-0.550) (-0.149) (-1.721) (-1.484) (-0.528) (-0.122)

rvol 252d 0.031*** 0.013*** 0.006** 0.004** 0.031*** 0.013*** 0.006** 0.004*
(4.184) (3.531) (2.572) (1.995) (4.227) (3.525) (2.541) (1.952)

niq be -0.002 0.001 0.001 0.001 -0.002 0.001 0.001 0.001
(-0.793) (0.960) (1.132) (1.322) (-0.786) (0.974) (1.144) (1.333)

debt at 0.042*** 0.021*** 0.014*** 0.010*** 0.043*** 0.021*** 0.014*** 0.010***
(4.263) (4.176) (4.022) (3.886) (4.326) (4.186) (4.001) (3.851)

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 161,423 164,214 167,338 169,843 161,423 164,214 167,338 169,843
Pseudo R-squared 0.591 0.669 0.714 0.745 0.591 0.669 0.714 0.745
χ2-statistic 119.79*** 118.77*** 114.14*** 113.01*** 141.83*** 146.77*** 134.28*** 129.92***

Notes: The table reports the relation between European and US domiciled mutual fund trading behavior (columns 1-4) and SFDR Article
8/9 and Article 6 mutual fund trading behavior (columns 5-8) and future changes in firm-level (cumulative) number of environmental and
social RepRisk incidents, measured at t+s, where quarter s ∈ {1, 2, 3, 4}. Discretionary trades are defined according to Coval and Stafford
(2007) and Huang et al. (2023): Sales after inflows are assumed to be 0; buys after outflows are assumed to be equal to 0. Discretionary
and expected trades are winsorized at the 0.5 and 99.5%. All continuous control variables are winsorized at the 1 and 99 percentiles. Poisson
regressions include firm and year-quarter fixed effects, and standard errors are clustered at the firm level. Coefficients are standardized and
z-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 13: Alternative Poisson Regression Results: ESG and Conventional Discretionary Trades on Future Firm
Environmental and Social Incidents.

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

1 quarter 2 quarters 3 quarters 4 quarters
(1) (2) (3) (4)

ESG DiscretTrades -0.003 -0.002* -0.001 -0.001
(-1.318) (-1.856) (-1.432) (-1.483)

ESG ExpectedTrades -0.017*** -0.008*** -0.006*** -0.004***
(-3.123) (-2.833) (-2.870) (-3.030)

conv. DiscretTrades 0.001 -0.000 -0.000 -0.000
(0.271) (-0.040) (-0.062) (-0.191)

conv. ExpectedTrades 0.001 0.002 0.002 0.002
(0.067) (0.508) (0.623) (0.644)

logsize 0.987*** 0.510*** 0.343*** 0.259***
(56.210) (55.926) (55.564) (55.319)

be me 0.243*** 0.126*** 0.085*** 0.064***
(18.915) (18.798) (18.697) (18.517)

ret 12 1 -0.087*** -0.045*** -0.029*** -0.021***
(-8.084) (-8.384) (-8.286) (-8.023)

capx at 0.012 0.007 0.005 0.004
(0.674) (0.779) (0.870) (0.946)

beta 252d -0.027** -0.013* -0.007* -0.005
(-2.154) (-1.939) (-1.679) (-1.550)

rvol 252d 0.148*** 0.074*** 0.048*** 0.036***
(10.081) (9.828) (9.519) (9.316)

niq be -0.064*** -0.031*** -0.021*** -0.015***
(-7.392) (-7.083) (-7.062) (-6.967)

debt at 0.065*** 0.034*** 0.023*** 0.017***
(3.681) (3.709) (3.724) (3.737)

Firm FE No No No No
Year-quarter FE No No No No
Country FE Yes Yes Yes Yes
Industry × Year-quarter FE Yes Yes Yes Yes

Observations 239,435 240,641 240,792 240,980
Pseudo R-squared 0.503 0.553 0.582 0.602
χ2-statistic 4097.36*** 4052.45*** 4054.07*** 4045.15***
Notes: The table reports the relation between ESG and conventional mutual fund trading behavior
and future changes in firm-level (cumulative) number of environmental and social RepRisk incidents,
measured at t+s, where quarter s ∈ {1, 2, 3, 4}. Discretionary trades are defined according to Coval
and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to be 0; buys after
outflows are assumed to be equal to 0. Discretionary and expected trades are winsorized at the 0.5
and 99.5 percentiles. Poisson regressions include country and industry × year-quarter fixed effects,
and standard errors are clustered at the firm level. All continuous control variables are winsorized
at the 1 and 99 percentiles. We control for singletons and observations that are separated by the
fixed effects. Coefficients are standardized and z-statistics are reported in parentheses. * p¡0.10, **
p¡0.05, *** p¡0.01
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Table 14: Alternative Poisson Regression Results: Unconcentrated and Concentrated ESG and conventional
Discretionary Trades on Future Firm Environmental and Social Incidents.

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

ESG Funds Conventional Funds

(1) (2) (3) (4) (5) (6) (7) (8)
1 quarter 2 quarters 3 quarters 4 quarters 1 quarter 2 quarters 3 quarters 4 quarters

Concentrated DiscretionaryTrades 0.001 0.001 0.000 0.000 0.010*** 0.005*** 0.003*** 0.002**
(0.499) (0.387) (0.349) (0.580) (2.710) (2.766) (2.643) (2.374)

Concentrated ExpectedTrades -0.013*** -0.007** -0.004** -0.003** -0.002 -0.001 -0.000 -0.000
(-2.588) (-2.547) (-2.267) (-2.256) (-0.371) (-0.303) (-0.101) (-0.155)

Unconcentrated DiscretionaryTrades -0.009*** -0.004*** -0.002*** -0.002*** -0.003 -0.002 -0.001* -0.001*
(-3.496) (-3.994) (-3.565) (-3.674) (-1.083) (-1.621) (-1.645) (-1.693)

Unconcentrated ExpectedTrades -0.010*** -0.005*** -0.004*** -0.003*** 0.000 0.002 0.002 0.001
(-2.824) (-2.734) (-2.974) (-3.216) (0.060) (0.692) (0.745) (0.830)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE No No No No No No No No
Year-quarter FE No No No No No No No No
Country FE Yes Yes Yes Yes Yes Yes Yes Yes
Industry × Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 239,435 240,641 240,792 240,980 239,435 240,641 240,792 240,980
Pseudo R-squared 0.503 0.553 0.582 0.602 0.503 0.553 0.582 0.602
χ2-statistic 3984.43*** 4035.48*** 4028.35*** 4070.31*** 4124.65*** 4085.45*** 4098.75*** 4084.95***

Notes: The table reports the relation between concentrated and unconcentrated ESG mutual fund trading behavior (columns 1-4) and
conventional mutual fund trading behavior (columns 5-8) and future changes in firm-level (cumulative) number of environmental and social
RepRisk incidents, measured at t+s, where quarter s ∈ {1, 2, 3, 4}. Discretionary trades are defined according to Coval and Stafford
(2007) and Huang et al. (2023): Sales after inflows are assumed to be 0; buys after outflows are assumed to be equal to 0. Trades are
winsorized at the 0.5 and 99.5 percentiles. All continuous control variables are winsorized at the 1 and 99 percentiles. Poisson regressions
include country and industry × year-quarter fixed effects, and standard errors are clustered at the firm level. We control for singletons and
observations that are separated by the fixed effects. Standardized beta coefficients are reported and z-statistics are reported in parentheses.
* p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 15: Alternative Poisson Regression Results: Discretionary Trades per domicile and SFDR label on Future
Firm Environmental and Social Incidents.

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+1

European & US Funds Article 8/9 & Article 6 Funds

(1) (2) (3) (4) (5) (6) (7) (8)
Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4

Europe DiscretTrades 0.003 -0.000 0.000 -0.000
(0.936) (-0.323) (0.255) (-0.198)

Europe ExpectedTrades -0.014*** -0.006** -0.004** -0.003**
(-2.715) (-2.180) (-2.056) (-2.089)

US DiscretTrades -0.004 -0.002 -0.001 -0.001
(-1.153) (-1.276) (-1.287) (-1.155)

US ExpectedTrades 0.002 0.003 0.003 0.002
(0.233) (0.675) (0.821) (0.834)

Article 8/9 DiscretTrades -0.002 -0.002 -0.001 -0.001
(-0.854) (-1.077) (-0.765) (-1.085)

Article 8/9 ExpectedTrades -0.014** -0.007** -0.005** -0.004**
(-2.522) (-2.381) (-2.452) (-2.466)

Article 6 DiscretTrades 0.001 -0.000 0.000 -0.000
(0.339) (-0.030) (0.177) (-0.112)

Article 6 ExpectedTrades -0.005 -0.002 -0.000 -0.000
(-1.143) (-0.739) (-0.320) (-0.443)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE No No No No No No No No
Year-quarter FE No No No No No No No No
Country FE Yes Yes Yes Yes Yes Yes Yes Yes
Industry × Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 239,435 240,641 240,792 240,980 239,435 240,641 240,792 240,980
Pseudo R-squared 0.503 0.553 0.582 0.602 0.503 0.553 0.582 0.602
χ2-statistic 4159.12*** 4122.37*** 4123.70*** 4131.64*** 4046.39*** 4045.21*** 4030.75*** 4041.34***

Notes: The table reports the relation between European and US domiciled mutual fund trading behavior (columns 1-4) and SFDR Article
8/9 and Article 6 mutual fund trading behavior (columns 5-8) and future changes in firm-level (cumulative) number of environmental
and social RepRisk incidents, measured at t+1. Discretionary trades are defined according to Coval and Stafford (2007) and Huang et al.
(2023): Sales after inflows are assumed to be 0; buys after outflows are assumed to be equal to 0. Discretionary and expected trades are
winsorized at the 0.5 and 99.5 percentiles. All continuous control variables are winsorized at the 1 and 99 percentiles. Poisson regressions
include country fixed effects and industry × year-quarter fixed effects, and standard errors are clustered at the firm level. Coefficients
are standardized and z-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 16: Poisson Regression Results: ESG and Conventional Discretionary Trades on Future Firm Governance
Incidents.

Dependent variable: (Cumulative) Future Governance Incidents in t+s

1 quarter 2 quarters 3 quarters 4 quarters

(1) (2) (3) (4) (5) (6) (7) (8)

ESG DiscretTrades -0.000 -0.001 -0.002** -0.003* -0.002** -0.002** -0.002*** -0.002**
(-0.007) (-0.309) (-2.062) (-1.780) (-2.401) (-2.067) (-2.716) (-1.993)

ESG ExpectedTrades 0.009* -0.013* 0.005** -0.006* 0.003** -0.004* 0.003** -0.003**
(1.753) (-1.747) (1.977) (-1.699) (2.031) (-1.819) (2.257) (-1.977)

conv. DiscretTrades 0.002 -0.003 0.001 -0.001 0.000 -0.001 0.000 -0.000
(0.760) (-0.639) (0.773) (-0.444) (0.348) (-0.585) (0.723) (-0.329)

conv. ExpectedTrades 0.001 -0.006 0.001 -0.003 0.001 -0.003 -0.000 -0.003
(0.129) (-0.442) (0.327) (-0.479) (0.269) (-0.521) (-0.181) (-0.675)

logsize 0.214*** 1.290*** 0.121*** 0.676*** 0.089*** 0.458*** 0.072*** 0.346***
(3.946) (48.762) (4.508) (48.408) (5.074) (48.289) (5.604) (48.079)

be me 0.038** 0.345*** 0.022** 0.181*** 0.017*** 0.122*** 0.013*** 0.092***
(2.129) (17.699) (2.513) (17.663) (2.898) (17.636) (3.095) (17.580)

ret 12 1 -0.050*** -0.161*** -0.024*** -0.082*** -0.016*** -0.055*** -0.011*** -0.040***
(-5.649) (-10.815) (-5.665) (-10.529) (-5.614) (-10.481) (-5.540) (-10.318)

capx at -0.009 -0.054* -0.004 -0.028* -0.002 -0.018* -0.001 -0.014*
(-0.499) (-1.854) (-0.419) (-1.822) (-0.336) (-1.784) (-0.301) (-1.751)

beta 252d 0.000 -0.098*** 0.003 -0.050*** 0.003 -0.034*** 0.002 -0.026***
(0.038) (-4.303) (0.552) (-4.195) (0.691) (-4.188) (0.718) (-4.229)

rvol 252d 0.039*** 0.193*** 0.015** 0.099*** 0.007 0.066*** 0.005 0.050***
(2.640) (8.431) (2.032) (8.238) (1.467) (8.069) (1.247) (8.070)

niq be -0.016*** -0.115*** -0.008*** -0.060*** -0.006*** -0.041*** -0.004*** -0.030***
(-3.304) (-9.076) (-3.567) (-9.019) (-3.847) (-9.139) (-3.695) (-9.036)

debt at 0.044** 0.147*** 0.024*** 0.077*** 0.016*** 0.052*** 0.012*** 0.039***
(2.489) (5.587) (2.614) (5.577) (2.600) (5.525) (2.647) (5.504)

Firm FE Yes No Yes No Yes No Yes No
Year-quarter FE Yes No Yes No Yes No Yes No
Country FE No Yes No Yes No Yes No Yes
Industry × Year-quarter FE No Yes No Yes No Yes No Yes

Observations 139,570 237,995 143,240 240,103 147,081 240,497 150,600 240,734
Pseudo R-squared 0.552 0.469 0.625 0.514 0.669 0.540 0.701 0.558
χ2-statistic 93.96*** 2758.78*** 95.46*** 2816.31*** 90.89*** 2854.52*** 99.72*** 2872.04***

Notes: The table reports the relation between ESG and conventional mutual fund trading behavior and future changes in firm-level
(cumulative) number of governance RepRisk incidents, measured at t+s, where quarter s ∈ {1, 2, 3, 4}. Discretionary trades are defined
according to Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to be 0; buys after outflows are assumed
to be equal to 0. Discretionary and expected trades are winsorized at the 0.5 and 99.5 percentiles. Poisson regressions include firm and
year-quarter (uneven columns), or country and industry × year-quarter fixed effects (even columns), and standard errors are clustered at
the firm level. All continuous control variables are winsorized at the 1 and 99 percentiles. We control for singletons and observations
that are separated by the fixed effects. Coefficients are standardized and z-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, ***
p¡0.01
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Table 17: Poisson Regression Results: Alternative ESG and Conventional Discretionary Buys on Future Firm
Environmental and Social Incidents.

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

1 quarter 2 quarters 3 quarters 4 quarters

(1) (2) (3) (4) (5) (6) (7) (8)

ESG DiscretTrades 0.002 -0.010* 0.002 -0.005* 0.001* -0.003 0.001 -0.003*
(0.537) (-1.792) (1.248) (-1.916) (1.911) (-1.639) (1.450) (-1.872)

ESG ExpectedTrades 0.005 0.015 0.002 0.006 0.001 0.004 0.000 0.003
(1.112) (1.238) (1.021) (1.075) (0.994) (1.049) (0.390) (0.808)

conv. DiscretTrades 0.000 0.000 0.002 0.002 0.002* 0.002 0.001* 0.001
(0.094) (0.038) (1.239) (0.456) (1.823) (0.747) (1.662) (0.769)

conv. ExpectedTrades -0.009 0.005 -0.001 0.006 0.001 0.005 0.001 0.004
(-1.542) (0.439) (-0.202) (0.920) (0.507) (1.224) (0.786) (1.310)

logsize 0.285*** 0.990*** 0.145*** 0.512*** 0.097*** 0.344*** 0.072*** 0.259***
(8.940) (53.301) (9.185) (53.048) (9.223) (52.657) (9.326) (52.507)

be me 0.069*** 0.243*** 0.034*** 0.126*** 0.022*** 0.085*** 0.016*** 0.064***
(6.955) (18.918) (6.775) (18.805) (6.860) (18.711) (6.846) (18.538)

ret 12 1 -0.032*** -0.088*** -0.017*** -0.045*** -0.011*** -0.030*** -0.008*** -0.022***
(-7.009) (-8.406) (-7.532) (-8.714) (-7.385) (-8.649) (-7.035) (-8.386)

capx at 0.000 0.016 -0.001 0.009 -0.001 0.007 -0.001 0.005
(0.033) (0.874) (-0.117) (0.944) (-0.271) (1.018) (-0.408) (1.074)

beta 252d -0.009* -0.024* -0.004 -0.011* -0.001 -0.006 -0.000 -0.004
(-1.757) (-1.911) (-1.538) (-1.694) (-0.599) (-1.429) (-0.191) (-1.295)

rvol 252d 0.031*** 0.147*** 0.013*** 0.073*** 0.006** 0.048*** 0.003* 0.035***
(4.193) (10.123) (3.500) (9.830) (2.514) (9.493) (1.947) (9.285)

niq be -0.002 -0.064*** 0.001 -0.031*** 0.001 -0.021*** 0.001 -0.015***
(-0.838) (-7.389) (0.930) (-7.071) (1.104) (-7.047) (1.301) (-6.951)

debt at 0.043*** 0.062*** 0.022*** 0.033*** 0.014*** 0.022*** 0.010*** 0.017***
(4.231) (3.528) (4.118) (3.557) (3.957) (3.569) (3.814) (3.578)

Firm FE Yes No Yes No Yes No Yes No
Year-quarter FE Yes No Yes No Yes No Yes No
Country FE No Yes No Yes No Yes No Yes
Industry × Year-quarter FE No Yes No Yes No Yes No Yes

Observations 161,423 239,435 164,214 240,641 167,338 240,792 169,843 240,980
Pseudo R-squared 0.591 0.503 0.669 0.554 0.714 0.582 0.745 0.602
χ2-statistic 129.95*** 3593.97*** 132.61*** 3654.18*** 131.67*** 3640.97*** 122.46*** 3652.53***

The table reports the relation between ESG and conventional mutual fund trading behavior and future changes in firm-level (cumulative)
number of environmental and social RepRisk incidents, measured at t+s, where quarter s ∈ {1, 2, 3, 4}. We consider the discretionary
trades omitted by Coval and Stafford (2007) and Huang et al. (2023) during outflows: Instead of assuming sales (buys) after outflows to be
equal to 0, we estimate these discretionary share trades. Hence, we set sales after extreme inflows equal to 0. Poisson regressions include
firm and year-quarter fixed effects. Discretionary and expected trades are winsorized at the 0.5 and 99.5%. All continuous control variables
are winsorized at the 1 and 99 percentiles. Poisson regressions include firm and year-quarter (uneven columns), or country and industry ×
year-quarter fixed effects (even columns), and standard errors are clustered at the firm level. We control for singletons and observations
that are separated by the fixed effects. Coefficients are standardized and z-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, ***
p¡0.01.
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Table 18: OLS Regression Results: ESG and Conventional and SFDR Discretionary Trades on Future Stock
Returns

Dependent Variable: Quarterly Stock Returns in t+1

(1) (2)
ESG & Conventional Funds Article 8/9 & Article 6 Funds

ESG DiscretTrades 0.002**
(2.339)

ESG ExpectedTrades 0.002*
(1.710)

conv. DiscretTrades -0.002*
(-1.943)

conv. ExpectedTrades -0.005***
(-4.526)

Article 8/9 DiscretTrades 0.002**
(2.304)

Article 8/9 ExpectedTrades -0.000
(-0.327)

Article 6 DiscretTrades 0.001
(1.123)

Article 6 ExpectedTrades 0.003***
(2.869)

logsize -0.655*** -0.655***
(-29.459) (-29.477)

be me win -0.014** -0.014**
(-2.448) (-2.446)

ret 12 1 win 0.034*** 0.034***
(15.506) (15.345)

capx at win 0.001 0.001
(0.239) (0.259)

beta 252d win -0.022*** -0.022***
(-4.938) (-4.919)

rvol 252d win 0.006 0.007
(1.313) (1.424)

niq be win 0.015*** 0.016***
(3.680) (3.696)

debt at win -0.003 -0.003
(-0.743) (-0.724)

MSCI ACWI 0.004 0.004
(1.208) (1.140)

Firm FE Yes Yes
Year-quarter FE Yes Yes

Observations 486,327 486,327
R-squared 0.173 0.173
Within R-squared 0.028 0.028
F-statistic 182.09*** 181.24***

Notes: The table reports the relation between ESG and conventional mutual fund trading
behavior and future quarterly stock returns. Discretionary trades are defined according to
Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to be
0; buys after outflows are assumed to be equal to 0. Discretionary and expected trades
are winsorized at the 0.5 and 99.5%. All continuous control variables are winsorized
at the 1 and 99 percentiles. The dependent variable, future quarterly stock returns, is
measured in quarter t+1. OLS regressions include firm and year-quarter fixed effects,
and standard errors are clustered at the firm level. Coefficients are standardized and
t-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.

66



Table 19: OLS Regression Results: ESG and Conventional and SFDR Discretionary Trades on Future Stock
Returns

Dependent Variable: Quarterly Stock Returns in t+s

ESG & Conventional Funds Article 8/9 & Article 6 Funds

(1) (2) (3) (4) (5) (6) (7) (8)
t+ 1 t+ 2 t+ 3 t+ 4 t+ 1 t+ 2 t+ 3 t+ 4

ESG DiscretTrades 0.002** -0.000 -0.000 0.000
(2.339) (-0.005) (-0.834) (0.809)

ESG ExpectedTrades 0.002* -0.002*** -0.000 -0.000
(1.710) (-3.295) (-0.641) (-0.107)

conv. DiscretTrades -0.002* -0.002*** -0.002*** 0.000
(-1.943) (-2.890) (-2.819) (0.627)

conv. ExpectedTrades -0.005*** -0.003*** -0.001 -0.002**
(-4.526) (-4.557) (-1.429) (-2.414)

Article 8/9 DiscretTrades 0.002** -0.001* 0.000 -0.000
(2.304) (-1.820) (0.038) (-0.178)

Article 8/9 ExpectedTrades -0.000 -0.002*** -0.001*** -0.001**
(-0.327) (-4.393) (-2.743) (-2.405)

Article 6 DiscretTrades 0.001 0.000 -0.002*** -0.000
(1.123) (0.322) (-4.013) (-0.719)

Article 6 ExpectedTrades 0.003*** 0.000 0.000 -0.000
(2.869) (0.540) (0.060) (-0.066)

logsize -0.655*** -0.349*** -0.316*** -0.293*** -0.655*** -0.349*** -0.316*** -0.293***
(-29.459) (-26.511) (-20.870) (-52.887) (-29.477) (-26.521) (-20.884) (-52.862)

be me win -0.014** -0.006** 0.001 0.003 -0.014** -0.006** 0.001 0.003
(-2.448) (-2.082) (0.280) (1.255) (-2.446) (-2.082) (0.290) (1.256)

ret 12 1 win 0.034*** 0.011*** -0.003 -0.007*** 0.034*** 0.011*** -0.003 -0.007***
(15.506) (3.690) (-0.741) (-6.200) (15.345) (3.602) (-0.765) (-6.273)

capx at win 0.001 -0.000 0.001 0.001 0.001 -0.000 0.001 0.001
(0.239) (-0.225) (0.720) (0.829) (0.259) (-0.213) (0.728) (0.833)

beta 252d win -0.022*** -0.010*** -0.004 0.006 -0.022*** -0.010*** -0.004 0.006
(-4.938) (-3.262) (-1.169) (1.054) (-4.919) (-3.257) (-1.171) (1.053)

rvol 252d win 0.006 -0.003 -0.003 -0.013*** 0.007 -0.003 -0.003 -0.013***
(1.313) (-0.985) (-1.354) (-6.889) (1.424) (-0.910) (-1.309) (-6.866)

niq be win 0.015*** 0.007* -0.000 0.004** 0.016*** 0.007* -0.000 0.004**
(3.680) (1.881) (-0.077) (2.503) (3.696) (1.890) (-0.075) (2.509)

debt at win -0.003 0.002 0.001 -0.000 -0.003 0.002 0.001 -0.000
(-0.743) (0.658) (0.257) (-0.114) (-0.724) (0.671) (0.265) (-0.096)

MSCI ACWI 0.004 0.001 0.003 0.001 0.004 0.001 0.003 0.001
(1.208) (0.510) (1.351) (0.629) (1.140) (0.461) (1.396) (0.604)

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 486,327 465,278 444,787 425,920 486,327 465,278 444,787 425,920
R-squared 0.173 0.229 0.228 0.238 0.173 0.229 0.228 0.238
Within R-squared 0.028 0.009 0.008 0.007 0.028 0.009 0.008 0.007
F-statistic 182.09*** 291.40*** 233.68*** 444.20*** 181.24*** 289.88*** 236.68*** 444.94***

Notes: The table reports the relation between ESG and conventional mutual fund trading behavior and future quarterly stock returns.
Discretionary trades are defined according to Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to
be 0; buys after outflows are assumed to be equal to 0. Discretionary and expected trades are winsorized at the 0.5 and 99.5%. All
continuous control variables are winsorized at the 1 and 99 percentiles. The dependent variable, future quarterly stock returns, is
measured in quarter t+1. OLS regressions include firm and year-quarter fixed effects, and standard errors are clustered at the firm
level. Coefficients are standardized and t-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 20: ESG and Conventional Discretionary Trades on Future Stock Returns

Dependent Variable: Quarterly Stock Returns in t+1

(1) (2)
RepRisk incident volatility MSCI ESG Score volatility

(a) (b) (a) (b)
Below median Above median Below median Above median

ESG DiscretTrades -0.001 0.011*** 0.007 0.004
(-1.158) (3.558) (1.458) (1.107)

ESG ExpectedTrades 0.002 0.008** 0.012** 0.006
(1.300) (2.207) (2.416) (1.527)

conv. DiscretTrades -0.000 -0.002 0.004 -0.006
(-0.165) (-0.578) (1.157) (-1.514)

conv. ExpectedTrades -0.007*** -0.013*** -0.015*** -0.014***
(-4.317) (-2.958) (-2.975) (-3.073)

logsize -0.439*** -1.106*** -0.814*** -0.878***
(-10.401) (-28.887) (-23.590) (-25.891)

be me -0.000 -0.030* 0.036* 0.045**
(-0.007) (-1.664) (1.645) (2.064)

ret 12 1 0.021*** 0.011 -0.001 0.022***
(6.267) (1.644) (-0.087) (3.058)

capx at 0.003 -0.010 -0.008 -0.014
(0.863) (-1.133) (-0.741) (-1.216)

beta 252d -0.029*** -0.052*** -0.053*** -0.044***
(-2.829) (-6.661) (-5.583) (-5.086)

rvol 252d 0.018*** 0.038*** 0.061*** 0.071***
(2.921) (3.031) (3.923) (5.328)

niq be 0.015* 0.002 -0.005 -0.016*
(1.725) (0.259) (-0.653) (-1.654)

debt at 0.009 -0.027** 0.009 0.000
(1.076) (-2.089) (0.653) (0.035)

Firm FE Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes

Observations 160,074 89,779 60,322 59,331
R-squared 0.162 0.317 0.381 0.387
Within R-squared 0.018 0.060 0.066 0.072
F-statistic 75.85*** 104.27*** 90.81*** 96.77***

Notes: The table reports the relation between ESG and conventional mutual fund trading behavior and future
quarterly stock returns. Columns 1 and 2 divide the sample of firms into those that, in quarter t-1, have, respectively,
a below- or above-median 4-quarter standard deviation of RepRisk total incidents. Columns 3 and 4 divide the sample
of firms into those that, in quarter t-1, have, respectively, a below- or above-median 4-quarter standard deviation
of MSCI industry-weighted ESG scores. Discretionary trades are defined according to Coval and Stafford (2007)
and Huang et al. (2023): Sales after inflows are assumed to be 0; buys after outflows are assumed to be equal
to 0. Discretionary and expected trades are winsorized at the 0.5 and 99.5%. All continuous control variables are
winsorized at the 1 and 99 percentiles. The dependent variable, future quarterly stock returns, is measured in quarter
t+1. OLS regressions include firm and year-quarter fixed effects, and standard errors are clustered at the firm level.
Coefficients are standardized, and t-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 21: Event-Study MSCI Index Inclusion on Discretionary Trades by ESG Funds

Dependent variable: Discretionary Trades by ESG Funds

Treatment: Treatment: Treatment:
MSCI ACWI MSCI ACWI excl. ESG Leaders MSCI ACWI ESG Leaders

Treatt+1 0.00039∗ 0.00045 −0.00035
(0.00023) (0.00025) (0.00054)

Treatt+2 0.00033∗ 0.00020 0.00015
(0.00022) (0.00026) (0.00048)

Treatt+3 0.00008 0.00004 0.00018
(0.00023) (0.00027) (0.00059)

Treatt+4 0.00002 0.00004 0.00014
(0.00023) (0.00026) (0.00059)

Placebot−1 0.00017 0.00022 −0.00062
(0.00022) (0.00027) (0.00048)

Placebot−2 0.00021 0.00042 −0.00084
(0.00023) (0.00026) (0.00053)

Placebot−3 −0.00003 −0.00008 −0.00001
(0.00027) (0.00031) (0.00072)

Placebot−4 −0.00028 −0.00020 −0.00066
(0.00028) (0.00035) (0.00044)

Firm FE YES YES YES
Year-Quarter FE YES YES YES
Observations 647,399 644,661 642,653
# Switchers 3,327 2,408 640

Notes: Discretionary trades are defined according to Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are
assumed to be 0; buys after outflows are assumed to be equal to 0. Discretionary trades are winsorized at the 0.5 and 99.5%. As in
De Chaisemartin and d’Haultfoeuille (2024) t = 0 is the last period before treatment. Effects show the impact at different periods
after treatment, while placebos test for pre-treatment trends. For column 1, treatment takes on a value of 1 if firms enter the MSCI
All Country World Index (ACWI), 0 for firms that do not-yet switch. In column 2, treatment is assigned based on entry into MSCI
ACWI excluding ESG Leaders. In column 3, treatment is defined by entry into both MSCI ACWI and MSCI ACWI ESG Leaders. We
only estimate the treatment effect at the moment of entry, omitting exits. We assume the composition of switchers remains stable
across periods. Standard errors are clustered at the appropriate level. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 22: Event-Study MSCI Index Inclusion on Discretionary Trades by Conventional Funds

Dependent variable: Discretionary Trades by Conventional Funds

Treatment: Treatment: Treatment:
MSCI ACWI MSCI ACWI excl. ESG Leaders MSCI ACWI ESG Leaders

Treatt+1 0.00317∗∗∗ 0.00336∗∗∗ 0.00431∗∗

(0.00080) (0.00096) (0.00190)

Treatt+2 −0.00191∗∗∗ −0.00164∗∗ −0.00239
(0.00073) (0.00084) (0.00166)

Treatt+3 −0.00174∗∗∗ −0.00159∗ 0.00028
(0.00076) (0.00088) (0.00183)

Treatt+4 −0.00322∗∗∗ −0.00257∗∗∗ −0.00432∗∗

(0.00077) (0.00088) (0.00174)

Placebot−1 0.00097 0.00135 −0.00048
(0.00078) (0.00095) (0.00220)

Placebot−2 0.00053 0.00050 0.00183
(0.00085) (0.00100) (0.00208)

Placebot−3 0.00016 0.00057 −0.00028
(0.00084) (0.00097) (0.00209)

Placebot−4 −0.00028 −0.00063 0.00126
(0.00092) (0.00106) (0.00228)

Firm FE YES YES YES
Year-Quarter FE YES YES YES
Observations 647,399 644,661 642,653
# Switchers 3, 327 2, 408 640

Notes: Discretionary trades are defined according to Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are
assumed to be 0; buys after outflows are assumed to be equal to 0. Discretionary trades are winsorized at the 0.5 and 99.5%. As in
De Chaisemartin and d’Haultfoeuille (2024) t = 0 is the last period before treatment. Effects show the impact at different periods
after treatment, while placebos test for pre-treatment trends. For column 1, treatment takes on a value of 1 if firms enter the MSCI
All Country World Index (ACWI), 0 for firms that do not-yet switch. In column 2, treatment is assigned based on entry into MSCI
ACWI excluding ESG Leaders. In column 3, treatment is defined by entry into both MSCI ACWI and MSCI ACWI ESG Leaders. We
only estimate the treatment effect at the moment of entry, omitting exits. We assume the composition of switchers remains stable
across periods. Standard errors are clustered at the appropriate level. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 23: OLS Regression Results: Mutual Funds Trading and Stocks’ (future) MSCI ESG Scores

Dependent variable: Position Changes

(1) (2)
MSCI ESG Score ∆MSCI ESG Score

(a) (b) (c) (d)
Raw Industry-weighted Raw Industry-weighted

MSCI ESG -0.0004*** -0.0003***
(0.0001) (0.0000)

MSCI ESG × ESG Fund 0.0025*** 0.0013***
(0.0002) (0.0001)

∆MSCI ESG 0.0007** 0.0005***
(0.0004) (0.0002)

∆MSCI ESG × ESG Fund 0.0015 0.0018***
(0.0009) (0.0005)

logsize -0.0017*** -0.0017*** -0.0017*** -0.0016***
(0.0003) (0.0003) (0.0003) (0.0003)

be me 1lag -0.0026*** -0.0026*** -0.0026*** -0.0026***
(0.0002) (0.0002) (0.0002) (0.0002)

debt at 1lag -0.0022*** -0.0022*** -0.0021*** -0.0021***
(0.0004) (0.0004) (0.0004) (0.0004)

roa 1lag -0.0757*** -0.0755*** -0.0728*** -0.0728***
(0.0047) (0.0047) (0.0047) (0.0047)

saleq gr1 1lag 0.0047*** 0.0047*** 0.0045*** 0.0046***
(0.0004) (0.0004) (0.0004) (0.0004)

QStock ret 1lag 0.0001*** 0.0001*** 0.0001*** 0.0001***
(0.0000) (0.0000) (0.0000) (0.0000)

Constant 0.0174*** 0.0179*** 0.0177*** 0.0176***
(0.0025) (0.0025) (0.0024) (0.0024)

Fund×Year-Quarter FE Yes Yes Yes Yes

Observations 26,573,632 26,518,342 26,339,777 26,285,085
Adjusted R-squared 0.0889 0.0889 0.0892 0.0893
Within R-squared 0.0001 0.0001 0.0001 0.0001
F-statistic 65.75*** 66.01*** 54.54*** 57.16***
Notes: OLS regressions on mutual fund (relative) position changes with standard errors are clustered at the
fund level. Position Changes is the change in the position of fund i in stock j in quarter t estimated as
Pricej,t−1(NumberSharesi,j,t−NumberSharesi,j,t−1)

AUMi,t−1
(Gantchev et al., 2023; Giannetti and Jotikasthira, 2024).

Position Changes is trimmed at the 0.5 and 99.5 percentiles. Raw MSCI ESG denotes the stock’s MSCI raw key issue
ESG score in quarter t. Industry-weighted MSCI ESG enotes the stock’s industry-weighted MSCI ESG score in quarter
t. ∆Raw MSCI ESG denotes the stock’s change in its MSCI raw key issue ESG score between quarters t − 1 and t.
∆Industry-weighted MSCI ESG denotes the stock’s change in its industry-weighted MSCI ESG between quarters t − 1
and t. Regressions include fund × year-quarter fixed effects. ESG Fund takes on value 1 if the fund is denoted as an
ESG fund following Morningstar’s ”General ESG Fund” indicator. All lagged continuous control variables are winsorized
at the 1 and 99 percentiles. Standard errors are clustered on the fund level and are reported in parentheses. * p¡0.10,
** p¡0.05, *** p¡0.01.
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Table 24: OLS Regression Results: Mutual Funds Trading on Stocks’ MSCI ESG Scores and Environmental and
Social Incidents

Dependent variable: Position Changes

(1a) (1b) (2) (3) (4) (5) (6) (7)
All Funds All Funds ESG Funds Conventional Funds European Funds US Funds Article 8/9 funds Article 6 funds

MSCI ESG 0.0003 0.0041∗∗∗ -0.0008∗∗∗ 0.0013∗∗∗ -0.0013∗∗∗ 0.0032∗∗∗ -0.0005
(1.1731) (7.3528) (-3.4517) (4.3987) (-3.7684) (5.7090) (-1.0279)

# ES Incidents -0.0022∗∗∗ -0.0032∗∗∗ -0.0020∗∗∗ -0.0013∗∗∗ -0.0043∗∗∗ -0.0024∗∗∗ -0.0003
(-4.4266) (-3.2330) (-3.5265) (-2.5840) (-3.8132) (-2.6899) (-0.3629)

MSCI ESG × # ES Incidents 0.0016∗∗∗ 0.0046∗∗∗ 0.0004 0.0023∗∗∗ -0.0003 0.0040∗∗∗ -0.0003
(4.5911) (6.2130) (0.9996) (5.2806) (-0.4166) (5.6694) (-0.3815)

logsize -0.0063∗∗∗ -0.0047∗∗∗ 0.0088∗∗∗ -0.0090∗∗∗ -0.0039∗∗∗ -0.0056∗∗∗ 0.0062∗∗∗ -0.0076∗∗∗

(-6.4993) (-4.9368) (5.4445) (-7.7728) (-3.3712) (-3.5077) (3.9340) (-3.8255)

be me 1lag -0.0031∗∗∗ -0.0027∗∗∗ -0.0059∗∗∗ -0.0020∗∗∗ -0.0038∗∗∗ -0.0010∗∗∗ -0.0069∗∗∗ -0.0027∗∗∗

(-12.9420) (-11.0096) (-9.8654) (-7.3330) (-10.8804) (-3.1106) (-10.9171) (-4.5715)

debt at 1lag -0.0008∗∗∗ -0.0008∗∗∗ -0.0022∗∗∗ -0.0004∗∗ -0.0014∗∗∗ 0.0001 -0.0029∗∗∗ -0.0012∗∗∗

(-4.9422) (-4.4127) (-5.0495) (-2.0163) (-5.4117) (0.3273) (-6.1209) (-2.7237)

roa 1lag -0.0043∗∗∗ -0.0046∗∗∗ -0.0035∗∗∗ -0.0050∗∗∗ -0.0035∗∗∗ -0.0059∗∗∗ -0.0042∗∗∗ -0.0040∗∗∗

(-16.0204) (-15.7557) (-5.3597) (-15.2261) (-8.4257) (-14.3693) (-5.7101) (-5.4591)

saleq gr1 1lag 0.0033∗∗∗ 0.0034∗∗∗ 0.0060∗∗∗ 0.0028∗∗∗ 0.0052∗∗∗ 0.0014∗∗∗ 0.0060∗∗∗ 0.0043∗∗∗

(12.6583) (12.2853) (9.2851) (9.0367) (12.4255) (3.8015) (8.3359) (5.8905)

QStock ret 1lag 0.0034∗∗∗ 0.0035∗∗∗ 0.0105∗∗∗ 0.0016∗ 0.0046∗∗∗ 0.0022∗ 0.0099∗∗∗ 0.0026
(4.3060) (4.2301) (5.8412) (1.7334) (4.0022) (1.8662) (4.9702) (1.1708)

Firm×Year-Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 26,573,632 23,587,629 5,655,734 17,931,895 13,872,685 9,714,944 5,398,375 4,350,679
R-squared 0.097 0.099 0.101 0.098 0.102 0.090 0.098 0.095
Adjusted R-squared 0.089 0.090 0.089 0.090 0.092 0.084 0.086 0.085
Within R-squared 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
F-statistic 74.18*** 51.56*** 36.05*** 37.07*** 36.85*** 25.64*** 34.33*** 9.06***

Notes: OLS regressions on mutual fund (relative) position changes with standard errors are clustered at the fund level. Position Changes is

the change in the position of fund i in stock j in quarter t estimated as
Pricej,t−1(NumberSharesi,j,t−NumberSharesi,j,t−1)

AUMi,t−1
(Gantchev

et al., 2023; Giannetti and Jotikasthira, 2024). Position Changes is trimmed at the 0.5 and 99.5 percentiles. Industry-weighted MSCI ESG
enotes the stock’s industry-weighted MSCI ESG score in quarter t. # ES Incidents denotes the number of environmental and social RepRisk
incidents in quarter t by firm j. Regressions include fund × year-quarter fixed effects. All lagged continuous control variables are winsorized
at the 1 and 99 percentiles. Standard errors are clustered at the fund level. Coefficients are standardized and t-statistics are reported in
parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 25: Mutual funds trading: discrepancies between ESG score and ES incidents in different lags

Panel A: Sample split for ESG Funds

Dependent Variable: Position Changes Dependent Variable: Discretionary Trades

(1) (2) (3) (4) (5) (6) (7) (8)
t t− 1 t− 2 t− 3 t t− 1 t− 2 t− 3

MSCI ESGt−s 0.0041*** 0.0053*** 0.0062*** 0.0055*** 0.0007 0.0019*** 0.0030*** 0.0028***
(7.3528) (9.2826) (10.1275) (8.5728) (1.5190) (3.5349) (5.0267) (4.6229)

# ES incidentst−s -0.0032*** -0.0012 -0.0023** -0.0022** -0.0004 -0.0035*** -0.0036*** -0.0033***
(-3.2330) (-1.3929) (-2.4663) (-2.1617) (-0.9501) (-7.3904) (-7.5688) (-6.8388)

MSCI ESGt−s × # ES incidentst−s 0.0046*** 0.0037*** 0.0047*** 0.0042*** -0.0002 -0.0010** -0.0016*** -0.0020***
(6.2130) (5.2123) (6.0000) (4.8513) (-0.6000) (-2.5654) (-3.7716) (-4.7950)

Constant 0.0183*** -0.0826*** -0.0772*** -0.0624*** 0.0043*** -0.0309*** -0.0296*** -0.0235***
(34.6998) (-143.9542) (-124.5725) (-94.8198) (5.9647) (-29.9400) (-25.9212) (-19.7019)

1 quarter lagged controls Yes Yes Yes Yes Yes Yes Yes Yes
Fund-Year-Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 5,655,734 4,550,670 3,841,410 3,259,402 5,568,391 4,487,555 3,792,714 3,219,513
R-squared 0.101 0.173 0.172 0.171 0.140 0.153 0.155 0.157
Within R-squared 0.000 0.000 0.000 0.000 0.000 0.002 0.002 0.001
F-statistic 36.05*** 23.52*** 28.26*** 24.16*** 18.40*** 32.29*** 27.86*** 21.89***

Panel B: Sample split for Conventional funds

Dependent Variable: Position Changes Dependent Variable: Discretionary Trades

(1) (2) (3) (4) (5) (6) (7) (8)
t t− 1 t− 2 t− 3 t t− 1 t− 2 t− 3

MSCI ESGt−s -0.0008*** -0.0002 0.0001 -0.0002 -0.0009*** -0.0003 -0.0003 -0.0004
(-3.4517) (-0.9037) (0.4383) (-0.7856) (-2.7625) (-0.9237) (-0.8475) (-1.0041)

# ES incidentst−s -0.0020*** 0.0008 0.0011** -0.0003 0.0003 -0.0013*** -0.0011** -0.0008*
(-3.5265) (1.4225) (1.9806) (-0.4837) (0.8720) (-2.7006) (-2.1339) (-1.6731)

MSCI ESGt−s × # ES incidentst−s 0.0004 0.0003 0.0002 -0.0003 0.0001 -0.0003 -0.0008*** -0.0012***
(0.9996) (0.7191) (0.4198) (-0.6563) (0.5543) (-1.1166) (-3.1622) (-4.6408)

Constant -0.0067*** -0.0802*** -0.0730*** -0.0590*** -0.0042*** -0.0294*** -0.0273*** -0.0196***
(-90.9479) (-1.02e+03) (-730.9652) (-450.5880) (-30.3384) (-141.7267) (-103.0090) (-71.2315)

1 quarter lagged controls Yes Yes Yes Yes Yes Yes Yes Yes
Fund-Year-Quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 17,931,895 14,882,648 12,862,971 11,173,154 17,604,611 14,637,781 12,664,023 11,008,398
R-squared 0.098 0.195 0.192 0.189 0.136 0.147 0.151 0.152
Within R-squared 0.000 0.000 0.000 0.000 0.000 0.001 0.001 0.001
F-statistic 37.07*** 48.03*** 52.44*** 48.10*** 35.72*** 69.45*** 62.25*** 51.60***

Notes: The table reports the relation between mutual fund trading (Columns 1-4: total position changes, columns 5-8: discretionary trades).
Discretionary trades are defined according to Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to be 0;
buys after outflows are assumed to be equal to 0. Discretionary trades are trimmed at the 0.5 and 99.5%. Position Changes is the change in

the position of fund i in stock j in quarter t estimated as
Pricej,t−1(NumberSharesi,j,t−NumberSharesi,j,t−1)

AUMi,t−1
(Gantchev et al., 2023;

Giannetti and Jotikasthira, 2024). Position Changes is trimmed at the 0.5 and 99.5 percentiles. All lagged continuous control variables are
winsorized at the 1 and 99 percentiles. Standard errors are clustered at the fund level. Coefficients are standardized and t-statistics are
reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 26: Integration of ES risks in discretionary ownership and risk-adjusted fund returns

Panel A: Integration of ES risks by all funds

Propensity Excess Return αFF3 αC4

(1) (2) (3) (4)

Quintile 1 −0.124484∗∗∗ 0.0196947 −0.0009028∗∗∗ −0.000817∗∗∗

(−19.54) (1.27) (−3.80) (−3.22)
Quintile 2 −0.0080596∗∗∗ 0.0182341 −0.0015927∗∗∗ −0.0015714∗∗∗

(−8.64) (1.37) (−7.06) (−6.88)
Quintile 3 0.0004481∗∗∗ 0.0177224 −0.0017901∗∗∗ −0.001784∗∗∗

(13.09) (1.43) (−11.92) (−11.26)
Quintile 4 0.0105816∗∗∗ 0.0182023 −0.0014963∗∗∗ −0.0014896∗∗∗

(18.08) (1.36) (−10.23) (−8.47)
Quintile 5 0.1191018∗∗∗ 0.0197914 −0.0008059∗∗∗ −0.0007444∗∗∗

(35.12) (1.34) (−4.45) (−3.81)

5 – 1 0.2435858∗∗∗ 0.0000967 0.0000969 0.0000726
(33.75) (0.00) (0.32) (0.23)

Panel B: Integration of ES risks by ESG funds

Quintile 1 −0.1240476∗∗∗ 0.0197864 −0.00119∗∗∗ −0.0011365∗∗∗

(−23.04) (1.21) (−3.98) (−3.45)
Quintile 2 −0.0081075∗∗∗ 0.0180543 −0.0018819∗∗∗ −0.0018525∗∗∗

(−8.83) (1.35) (−6.85) (−6.65)
Quintile 3 0.0004361∗∗∗ 0.0178947 −0.0018288∗∗∗ −0.0018252∗∗∗

(8.68) (1.40) (−9.13) (−9.67)
Quintile 4 0.010922∗∗∗ 0.0176625 −0.001739∗∗∗ −0.0017318∗∗∗

(17.21) (1.31) (−8.13) (−7.43)
Quintile 5 0.1158267∗∗∗ 0.0201237 −0.0012202∗∗∗ −0.0012182∗∗∗

(35.17) (1.30) (−6.48) (−4.95)

5 – 1 0.2398743∗∗∗ 0.0003373 −0.0000302 −0.0000817
(37.99) (0.02) (−0.09) (−0.20)

Panel C: Integration of ES risks by conventional funds

Quintile 1 −0.1246109∗∗∗ 0.0196616 −0.0007853∗∗∗ −0.0006866∗∗∗

(−17.87) (1.30) (−3.69) (−3.06)
Quintile 2 −0.0080448∗∗∗ 0.0182951 −0.0014708∗∗∗ −0.0014526∗∗∗

(−8.50) (1.38) (−7.13) (−6.99)
Quintile 3 0.0004537∗∗∗ 0.0177314 −0.0017786∗∗∗ −0.0017708∗∗∗

(15.64) (1.45) (−13.15) (−11.75)
Quintile 4 0.0104424∗∗∗ 0.0184301 −0.0014011∗∗∗ −0.0013943∗∗∗

(18.36) (1.39) (−11.39) (−8.95)
Quintile 5 0.1204826∗∗∗ 0.0196661 −0.0006282∗∗∗ −0.0005419∗∗∗

(32.41) (1.36) (−3.50) (−3.04)

5 – 1 0.2450935∗∗∗ 0.0000045 0.0001571 0.0001447
(31.02) (0.00) (0.56) (0.51)

Notes: This table reports average portfolio characteristics and risk-adjusted returns across quin-
tiles sorted by lagged trading propensity on future ES risks (Methodology follows Fang et al.,
2014; Chen et al., 2024). Propensity scores are trimmed on the 0.5 and 99.5 percentiles. We
sort for every quarter funds into quintiles by their lagged propensity measures. Column 1 re-
ports the equal-weighted propensity scores per quintile. Excess returns (column 2) are defined
as the quarterly fund returns in t minus the risk-free rate. For each fund in each quarter, Fama-
French three-factor returns (column 3) are calculated using fund returns of the past 36 months.
Quarterly Carhart’s 4-factor returns (column 4) are calculated using fund returns of the past
36 months. We denominate quarterly risk-adjusted returns per month (×100%). For individual
quintiles, using 8 lags, we indicate whether the average is significantly different from zero at the
10%, 5%, and 1% levels. The last row reports the difference between Quintile 5 and Quintile 1.
Newey–West standard errors are computed with 8 lags. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 27: Difference in Time-Series Averages: ESG vs. Conventional Funds

Quintile Propensity Excess Return

Diff. Mean Std. Err. t-stat Diff. Mean Std. Err. t-stat

1 0.00056 0.00881 0.064 0.00012 0.02226 0.006
2 -0.00006 0.00132 -0.048 -0.00024 0.01882 -0.013
3 -0.00002 0.00006 -0.303 0.00016 0.01769 0.009
4 0.00048 0.00085 0.563 -0.00077 0.01895 -0.041
5 -0.00466 0.00497 -0.937 0.00046 0.02119 0.022

Quintile Fama-French 3-Factors α Carhart 4-Factors α

Diff. Mean Std. Err. t-stat Diff. Mean Std. Err. t-stat

1 -0.00040 0.00037 -1.103 -0.00045 0.00040 -1.129
2 -0.00041 0.00034 -1.197 -0.00040 0.00035 -1.150
3 -0.00005 0.00024 -0.208 -0.00005 0.00024 -0.225
4 -0.00034 0.00025 -1.369 -0.00034 0.00028 -1.205
5 -0.00059** 0.00026 -2.275 -0.00068** 0.00030 -2.225

Notes: The table presents the difference in time-series average returns of Table 26 between ESG and Conventional funds for each quintile.
Returns are in × 100%. The values correspond to (ESG minus Conventional funds). The standard errors for the difference are calculated

as
√

SE2
ESG + SE2

Conv . The t-statistics are the ratio of the difference in means to the standard error of the difference. Significant

values at the 5% level (|t| > 1.96) are shown in with **.
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Table 28: OLS Regression Results on Fund Excess Returns with Alternative Fixed Effects Specifications

Dependent Variable: Fund Excess Returns in t

(1) (2) (3)

Propensityt−1 -0.395 -0.157 -0.164
(0.415) (0.162) (0.217)

RPI ESGt−1 -0.727** -0.788*** -0.062
(0.333) (0.117) (0.142)

RPI ES Incidentst−1 0.338 -0.090 -0.085
(0.264) (0.096) (0.114)

logsizet−1 -4.702*** 0.044*** -1.464***
(0.112) (0.008) (0.045)

logaget−1 -2.141*** 0.024 0.812***
(0.158) (0.018) (0.125)

Turnovert−1 0.049** 0.015*** 0.014*
(0.021) (0.005) (0.008)

QFlowt−1 -0.203 0.070 0.105
(0.280) (0.106) (0.118)

Constant 99.759*** 1.027*** 28.394***
(2.179) (0.146) (0.880)

Fund FE Yes No Yes
Year-quarter FE No Yes Yes

Observations 110,047 110,380 110,047
R-squared 0.063 0.844 0.855
Within R-squared 0.040 0.001 0.020
F-statistic 311.08*** 18.71*** 158.24***

Notes: The table reports the relation between the RPI (Reliance on Public Informa-
tion) ratio, propensity to invest on future ES risks, and fund excess return. For each
fund in each quarter, we calculate the difference between the quarterly fund return
and the risk-free rate. Our propensity measure is defined as per Fang et al. (2014)
and Chen et al. (2024) on discretionary ownership and is standardized. Standardized
propensity scores are trimmed on the 0.5 and 99.5 percentiles. In a similar fashion
to Kacperczyk and Seru (2007), we proxy for usage of public ESG information: RPI
ESG is defined by the R2 of a pooled OLS regression of fund holdings changes on
changes in the MSCI ESG ratings during 4 lags. RPI ES Incidents is defined by
the R2 of a pooled OLS regression of holdings changes on ES incidents during 4
lags. Values of RPI are bound between 0.01% and 99.9%. Fund portfolio turnover
is trimmed at the 0.5 and 99.5 percentiles. All other continuous control variables
are winsorized at the 1 and 99 percentiles. Standard errors are clustered at the fund
level and are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 29: OLS Regression Results on Fund Risk-Adjusted Returns with Alternative Fixed Effects Specifications

Dependent Variable: Risk-Adjust Fund Returns in t

Fama-French 3-Factors α Carhart 4-Factors α

(1) (2) (3) (4) (5) (6)

Propensityt−1 0.004 -0.003 0.005 0.001 -0.005 0.003
(0.021) (0.022) (0.020) (0.021) (0.023) (0.020)

RPI ESGt−1 0.022** -0.080*** 0.005 0.007 -0.078*** -0.012
(0.009) (0.014) (0.009) (0.010) (0.014) (0.009)

RPI ES Incidentst−1 -0.009 -0.022* -0.005 -0.008 -0.022* -0.004
(0.007) (0.012) (0.007) (0.008) (0.012) (0.007)

logsizet−1 0.050*** 0.049*** 0.056*** 0.064*** 0.048*** 0.069***
(0.004) (0.002) (0.005) (0.005) (0.002) (0.005)

logaget−1 0.050*** -0.030*** -0.033 -0.039*** -0.025*** -0.048**
(0.012) (0.005) (0.021) (0.012) (0.005) (0.022)

Turnovert−1 -0.002*** -0.002* -0.002*** -0.002*** -0.002*** -0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

QFlowt−1 0.159*** 0.256*** 0.155*** 0.156*** 0.257*** 0.154***
(0.011) (0.015) (0.011) (0.011) (0.015) (0.011)

Constant -1.240*** -0.985*** -1.130*** -1.272*** -0.973*** -1.333***
(0.090) (0.035) (0.104) (0.091) (0.034) (0.106)

Fund FE Yes No Yes Yes No Yes
Year-quarter FE No Yes Yes No Yes Yes

Observations 106,391 106,723 106,391 106,391 106,723 106,391
R-squared 0.562 0.101 0.584 0.533 0.106 0.565
Within R-squared 0.018 0.082 0.018 0.020 0.079 0.022
F-statistic 53.46*** 184.09*** 54.10*** 59.85*** 182.38*** 61.73***

Notes: The table reports the relation between the RPI (Reliance on Public Information) ratio, propensity to invest on future ES risks,
and fund risk-adjusted return. For each fund in each quarter, Fama-French three-factor returns (columns 1-4) are calculated using fund
returns of the past 36 months. Quarterly Carhart’s 4-factor returns (columns 5-8) are calculated using fund returns of the past 36
months. We denominate quarterly risk-adjusted returns in basis points per month. Our propensity measure is defined as per Fang et al.
(2014) and Chen et al. (2024) on discretionary ownership and is standardized. Standardized propensity scores are trimmed on the 0.5
and 99.5 percentiles. In a similar fashion to Kacperczyk and Seru (2007), we proxy for usage of public ESG information: RPI ESG is
defined by the R2 of a pooled OLS regression of fund holdings changes on changes in the MSCI ESG ratings during 4 lags. RPI ES
Incidents is defined by the R2 of a pooled OLS regression of holdings changes on ES incidents during 4 lags. Values of RPI are bound
between 0.01% and 99.9%. Fund portfolio turnover is trimmed at the 0.5 and 99.5 percentiles. All other continuous control variables
are winsorized at the 1 and 99 percentiles. Standard errors are clustered at the fund level and are reported in parentheses. * p¡0.10, **
p¡0.05, *** p¡0.01.
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Table 30: OLS Regression Results on Fund Returns

Dependent Variable: Fund Returns in t

Fund Excess Returns in t Fama-French 3-Factors α Carhart 4-Factors α

(1) (2) (3) (4) (5) (6)

Propensityt−1 -0.253 -0.213 0.002 0.001 0.007 0.007
(0.193) (0.253) (0.026) (0.023) (0.026) (0.023)

Propensityt−1 × ESG Fund 0.331 0.177 -0.019 0.014 -0.045 -0.015
(0.355) (0.491) (0.051) (0.047) (0.051) (0.048)

ESG Fund -0.151*** -0.072*** -0.069***
(0.039) (0.008) (0.008)

RPI ESGt−1 -1.046*** -0.239 -0.129*** 0.004 -0.121*** -0.013
(0.142) (0.172) (0.017) (0.011) (0.017) (0.011)

RPI ESGt−1 × ESG Fund 0.863*** 0.571* 0.172*** 0.006 0.153*** 0.004
(0.247) (0.303) (0.030) (0.019) (0.030) (0.020)

RPI ES Incidentst−1 -0.152 -0.042 -0.064*** 0.001 -0.059*** 0.004
(0.115) (0.137) (0.015) (0.009) (0.015) (0.009)

RPI ES Incidentst−1 × ESG Fund 0.191 -0.150 0.143*** -0.019 0.127*** -0.024
(0.209) (0.248) (0.025) (0.016) (0.025) (0.016)

logsizet−1 0.042*** -1.464*** 0.048*** 0.056*** 0.047*** 0.069***
(0.008) (0.045) (0.002) (0.005) (0.002) (0.005)

logaget−1 0.021 0.809*** -0.032*** -0.033 -0.026*** -0.048**
(0.018) (0.125) (0.005) (0.021) (0.005) (0.022)

Turnovert−1 0.015*** 0.014* -0.001 -0.002*** -0.002** -0.003***
(0.005) (0.008) (0.001) (0.001) (0.001) (0.001)

QFlowt−1 0.071 0.104 0.261*** 0.155*** 0.262*** 0.154***
(0.106) (0.118) (0.015) (0.011) (0.015) (0.011)

Constant 1.115*** 28.398*** -0.950*** -1.130*** -0.939*** -1.332***
(0.149) (0.881) (0.035) (0.104) (0.035) (0.106)

Fund FE No Yes No Yes No Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes

Observations 110,380 110,047 106,723 106,391 106,723 106,391
R-squared 0.844 0.855 0.105 0.584 0.110 0.565
Within R-squared 0.002 0.020 0.087 0.018 0.083 0.022
F-statistic 13.92*** 110.87*** 127.80*** 38.23*** 125.64*** 43.52***

Notes: The table reports the relation between the RPI (Reliance on Public Information) ratio, propensity to invest on future ES risks, and
fund excess and risk-adjusted return. Column 1 presents results from a time fixed effects model using quarterly excess returns. In column
2 for each fund in each quarter, we calculate the difference between the quarterly fund return and the risk-free rate. Column 3 presents
results from a time fixed effects model using Fama-French three-factor alpha. For each fund in each quarter, Fama-French three-factor
returns (column 4) are calculated using fund returns of the past 36 months. Column 5 presents results from a time fixed effects model
using Fama-French-Momentum four-factor alpha. Quarterly Carhart’s 4-factor returns (column 6) are calculated using fund returns of the
past 36 months. We denominate quarterly risk-adjusted returns in basis points per month. Our propensity measure is defined as per Fang
et al. (2014) and Chen et al. (2024) on discretionary ownership and is standardized. Standardized propensity scores are trimmed on the
0.5 and 99.5 percentiles. In a similar fashion to Kacperczyk and Seru (2007), we proxy for usage of public ESG information: RPI ESG
is defined by the R2 of a pooled OLS regression of fund holdings changes on changes in the MSCI ESG ratings during 4 lags. RPI ES
Incidents is defined by the R2 of a pooled OLS regression of holdings changes on ES incidents during 4 lags. Values of RPI are bound
between 0.01% and 99.9%. ESG Fund takes on the value 1 if the fund is denoted by Morningstar to be a “General ESG Investment”, 0
otherwise. Fund portfolio turnover is trimmed at the 0.5 and 99.5 percentiles. All other continuous control variables are winsorized at the
1 and 99 percentiles. Standard errors are clustered at the fund level and are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 31: Impact of ESG label, integrating ES risks, and RPI on Fund Flows

Dependent Variable: Fund Flows in t (%)

(1) (2) (3) (4) (5)

Propensityt−1 0.003 0.005 0.003 0.005 0.005
(0.004) (0.005) (0.005) (0.005) (0.005)

Propensityt−1 × ESG Fund -0.007 -0.005 -0.005
(0.011) (0.011) (0.011)

RPI ESGt−1 -0.002 -0.009** -0.009**
(0.003) (0.004) (0.004)

RPI ESGt−1 × ESG Fund 0.023*** 0.025***
(0.008) (0.008)

RPI ES Incidentst−1 0.001 0.005 0.005
(0.003) (0.003) (0.003)

RPI ES Incidentst−1 × ESG Fund -0.012* -0.013**
(0.007) (0.007)

logsizet−1 -0.041*** -0.041*** -0.041*** -0.041*** -0.041***
(0.002) (0.002) (0.002) (0.002) (0.002)

logaget−1 -0.041*** -0.041*** -0.041*** -0.041*** -0.041***
(0.005) (0.005) (0.005) (0.005) (0.005)

QReturnt−1 0.270*** 0.270*** 0.268*** 0.268*** 0.271***
(0.011) (0.011) (0.011) (0.011) (0.011)

Turnovert−1 0.001*** 0.001*** 0.001*** 0.001*** 0.001***
(0.000) (0.000) (0.000) (0.000) (0.000)

Constant 0.905*** 0.906*** 0.907*** 0.907*** 0.904***
(0.038) (0.038) (0.038) (0.038) (0.038)

Fund FE Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes

Observations 111,372 111,372 111,668 111,668 110,047
R-squared 0.194 0.194 0.195 0.195 0.195
Within R-squared 0.036 0.036 0.036 0.036 0.036
F-statistic 190.59*** 145.66*** 191.30*** 144.48*** 116.48***

Notes: The table reports the relation between the RPI (Reliance on Public Information) ratio, propensity to invest on future ES risks,
and fund flows. Our propensity measure is defined as per Fang et al. (2014) and Chen et al. (2024) on discretionary ownership and is
standardized. Standardized propensity scores are trimmed on the 0.5 and 99.5 percentiles. In a similar fashion to Kacperczyk and Seru
(2007), we proxy for usage of public ESG information: RPI ESG is defined by the R2 of a pooled OLS regression of fund holdings changes
on changes in the MSCI ESG ratings during 4 lags. RPI ES Incidents is defined by the R2 of a pooled OLS regression of holdings changes
on ES incidents during 4 lags. Values of RPI are bound between 0.01% and 99.9%. ESG Fund takes on the value 1 if the fund is denoted
by Morningstar to be a “General ESG Investment”, 0 otherwise. Fund portfolio turnover is trimmed at the 0.5 and 99.5 percentiles. All
other continuous control variables are winsorized at the 1 and 99 percentiles. Standard errors are clustered at the fund level and are
reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 32: Poisson Regression Results, controlling for MSCI ACWI changes: Discretionary Trades on Future
Firm Environmental and Social Incidents.

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

1 quarter 2 quarters 3 quarters 4 quarters
(1) (2) (3) (4)

ESG DiscretTrades -0.002 -0.001** -0.001 -0.001**
(-1.093) (-2.056) (-1.632) (-2.195)

ESG ExpectedTrades 0.011*** 0.005*** 0.003*** 0.002***
(3.856) (3.724) (3.962) (3.401)

conv. DiscretTrades 0.000 0.000 0.000 0.000
(0.132) (0.114) (0.216) (0.116)

conv. ExpectedTrades -0.008*** -0.001 -0.000 0.000
(-2.616) (-1.001) (-0.316) (0.088)

MSCI ACWI 0.019** 0.010** 0.007** 0.005**
(1.990) (2.069) (2.141) (2.233)

logsize 0.267*** 0.137*** 0.091*** 0.068***
(8.862) (9.139) (9.116) (9.160)

be me win 0.067*** 0.033*** 0.022*** 0.016***
(6.958) (6.767) (6.838) (6.818)

ret 12 1 win -0.031*** -0.017*** -0.011*** -0.007***
(-6.722) (-7.262) (-7.135) (-6.753)

capx at win 0.000 -0.001 -0.001 -0.001
(0.055) (-0.116) (-0.272) (-0.419)

beta 252d win -0.008 -0.004 -0.001 -0.000
(-1.549) (-1.354) (-0.414) (-0.031)

rvol 252d win 0.031*** 0.013*** 0.006*** 0.004**
(4.270) (3.596) (2.626) (2.057)

niq be win -0.003 0.001 0.001 0.001
(-0.882) (0.870) (1.046) (1.244)

debt at win 0.042*** 0.021*** 0.014*** 0.010***
(4.237) (4.135) (3.964) (3.827)

Firm FE Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes

Observations 161,423 164,214 167,338 169,843
Pseudo R-squared 0.591 0.669 0.714 0.745
χ2-statistic 131.90*** 128.24*** 124.16*** 122.99***

Notes: The table reports the relation between ESG and conventional mutual fund trad-
ing behavior and future changes in firm-level (cumulative) number of environmental
and social RepRisk incidents, measured at t+s, where quarter s ∈ {1, 2, 3, 4}. We
control for changes to the MSCI All Country World Index (ACWI). MSCI ACWI is an
indicator that takes on the value 1 if the holding is included in the MSCI All Country
World Index, and 0 otherwise. This indicator varies over time. Discretionary trades
are defined according to Coval and Stafford (2007) and Huang et al. (2023): Sales
after inflows are assumed to be 0; buys after outflows are assumed to be equal to
0. Discretionary and expected trades are winsorized at the 0.5 and 99.5%. Poisson
regressions include firm and year-quarter fixed effects, and standard errors are clus-
tered at the firm level. Regressions include firm and year-quarter fixed effects. All
continuous control variables are winsorized at the 1 and 99 percentiles. Coefficients
are standardized and z-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, ***
p¡0.01
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C Internet Appendix

Table 33: Winsorizing Options: Poisson Regressions Results on Future Environmental and Social Incidents

Panel A: No winsorizing

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

1 quarter 2 quarters 3 quarters 4 quarters
(1) (2) (3) (4)

(a) (b) (a) (b) (a) (b) (a) (b)
All flows Extreme flows All flows Extreme flows All flows Extreme flows All flows Extreme flows

ESG Discretionary Trades -0.010 -0.088 -0.011 -0.005 -0.004 0.063 0.003 0.045
(0.012) (0.109) (0.009) (0.097) (0.005) (0.077) (0.003) (0.060)

ESG Expected Trades 0.228 0.107 0.157 0.079 0.190 0.197 0.178 0.197
(0.197) (0.228) (0.187) (0.239) (0.143) (0.188) (0.109) (0.140)

Conv. Discretionary Trades 0.000 0.003 -0.003 -0.003 0.001 -0.000 0.001* -0.000
(0.001) (0.006) (0.002) (0.008) (0.001) (0.006) (0.001) (0.006)

Conv. Expected Trades -0.093 0.012 0.026 0.128 0.010 0.342 0.063 0.408
(0.101) (0.691) (0.102) (0.610) (0.126) (0.515) (0.111) (0.510)

Constant -2.572*** -2.573*** -1.788*** -1.790*** -1.319*** -1.323*** -0.952*** -0.957***
(0.385) (0.385) (0.369) (0.369) (0.361) (0.361) (0.350) (0.350)

Other Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 161,423 161,423 164,214 164,214 167,338 167,338 169,843 169,843
Pseudo R-squared 0.591 0.591 0.669 0.669 0.714 0.714 0.745 0.745
χ2-statistic 105.37*** 114.79*** 105.86*** 117.86*** 99.25*** 123.09*** 103.52*** 128.70***

Notes: Discretionary trades are defined conform Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to
be 0; buys after outflows are assumed to be equal to 0. The dependent variable, the (cumulative) number of Environmental and Social
Incidents, is measured at t+s, where quarter s ∈ {1, 2, 3, 4}. Poisson regressions include firm and year-quarter fixed effects. All continuous
control variables are winsorized at the 1 and 99 percentiles. Standard errors are clustered at the firm level. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 33: Cont. Winsorizing Options: Poisson Regressions Results on Future Environmental and Social Incidents

Panel B: Winsorize on 0.5-99.5%

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

1 quarter 2 quarters 3 quarters 4 quarters
(1) (2) (3) (4)

(a) (b) (a) (b) (a) (b) (a) (b)
All flows Extreme flows All flows Extreme flows All flows Extreme flows All flows Extreme flows

ESG Discretionary Trades -0.797 -2.964 -1.233** -0.960 -0.806* -2.303 -0.976** -2.808
(0.724) (2.964) (0.596) (2.005) (0.490) (1.745) (0.443) (1.768)

ESG Expected Trades 20.908*** 14.495* 19.484*** 16.452** 18.394*** 14.859** 15.540*** 11.321*
(5.465) (8.072) (5.258) (6.898) (4.665) (6.563) (4.592) (6.402)

Conv. Discretionary Trades 0.025 0.628 0.014 0.717 0.040 0.957 0.013 0.693
(0.307) (1.274) (0.267) (1.061) (0.261) (1.041) (0.253) (1.001)

Conv. Expected Trades -5.754*** -8.295*** -1.987 -2.643 -0.583 -1.896 0.231 -1.480
(2.219) (3.192) (2.039) (3.409) (2.017) (3.364) (1.975) (2.949)

Constant -2.499*** -2.530*** -1.711*** -1.769*** -1.237*** -1.308*** -0.883*** -0.945***
(0.356) (0.365) (0.339) (0.356) (0.333) (0.351) (0.324) (0.341)

Other Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 161,423 161,423 164,214 164,214 167,338 167,338 169,843 169,843
Pseudo R-squared 0.591 0.591 0.669 0.669 0.714 0.714 0.745 0.745
χ2-statistic 126.44*** 113.78*** 125.66*** 129.55*** 120.43*** 130.92*** 119.77*** 128.45***

Panel C: Winsorize on 1-99%

ESG Discretionary Trades -2.092* -7.231 -2.130** -2.768 -1.723** -4.118 -1.902*** -4.672*
(1.118) (4.421) (0.884) (3.031) (0.722) (2.770) (0.662) (2.736)

ESG Expected Trades 25.067*** 16.980 22.196*** 17.674** 21.518*** 14.902* 17.843*** 10.394
(7.266) (10.597) (6.805) (8.884) (6.139) (8.632) (6.028) (8.525)

Conv. Discretionary Trades 0.061 0.982 0.036 1.370 0.087 1.645 0.081 1.278
(0.463) (1.631) (0.385) (1.304) (0.368) (1.303) (0.363) (1.276)

Conv. Expected Trades -6.929** -10.181*** -2.446 -2.703 -0.823 -1.307 0.133 -0.723
(2.716) (3.808) (2.467) (3.822) (2.430) (3.759) (2.381) (3.325)

Constant -2.520*** -2.543*** -1.732*** -1.780*** -1.257*** -1.319*** -0.901*** -0.956***
(0.363) (0.372) (0.347) (0.363) (0.340) (0.357) (0.331) (0.346)

Other Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 161,423 161,423 164,214 164,214 167,338 167,338 169,843 169,843
Pseudo R-squared 0.591 0.591 0.669 0.669 0.714 0.714 0.745 0.745
χ2-statistic 119.99*** 112.73*** 118.30*** 118.23*** 113.18*** 124.15*** 116.34*** 124.69***

Notes: Discretionary trades are defined conform Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to
be 0; buys after outflows are assumed to be equal to 0. The dependent variable, the (cumulative) number of Environmental and Social
Incidents, is measured at t+s, where quarter s ∈ {1, 2, 3, 4}. Poisson regressions include firm and year-quarter fixed effects. All continuous
control variables are winsorized at the 1 and 99 percentiles. Standard errors are clustered at the firm level. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 33: Cont. Winsorizing Options: Poisson Regressions Results on Future Environmental and Social Incidents

Panel D: Trimming on 1-99%

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

1 quarter 2 quarters 3 quarters 4 quarters
(1) (2) (3) (4)

(a) (b) (a) (b) (a) (b) (a) (b)
All flows Extreme flows All flows Extreme flows All flows Extreme flows All flows Extreme flows

ESG Discretionary Trades -2.314 -16.675* -2.872* -4.565 -3.072** -2.989 -2.939** -4.023
(1.881) (8.513) (1.576) (6.030) (1.428) (5.371) (1.306) (4.768)

ESG Expected Trades 21.465** -4.667 16.002** -5.065 12.235 -11.222 9.554 -13.264
(9.998) (16.493) (8.113) (12.203) (7.627) (11.498) (7.415) (11.063)

Conv. Discretionary Trades -0.020 1.077 0.099 1.623 0.086 2.284 0.043 1.613
(0.656) (2.576) (0.540) (1.969) (0.484) (1.782) (0.460) (1.762)

Conv. Expected Trades -6.496* -12.053** -2.125 -0.212 0.281 3.324 1.452 4.595
(3.706) (5.573) (3.246) (4.889) (3.056) (4.558) (2.866) (4.379)

Constant -2.034*** -2.140*** -1.329*** -1.344*** -0.891*** -0.871*** -0.573** -0.518*
(0.295) (0.298) (0.285) (0.289) (0.281) (0.286) (0.279) (0.279)

Other Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 142,607 142,739 147,364 147,713 150,807 151,081 153,211 153,486
Pseudo R-squared 0.583 0.586 0.662 0.666 0.708 0.711 0.740 0.743
χ2-statistic 144.94*** 162.14*** 159.86*** 155.94*** 150.02*** 140.14*** 138.76*** 132.98***

Panel E: Winsorize on 2.5-97.5%

ESG Discretionary Trades -4.662** -24.507*** -4.153** -10.019 -3.714*** -9.805* -3.950*** -9.241*
(2.022) (8.744) (1.621) (6.352) (1.354) (5.904) (1.254) (5.498)

ESG Expected Trades 35.355*** 21.967 30.450*** 20.587 27.945*** 12.145 22.477** 4.997
(11.032) (17.893) (10.065) (14.193) (9.534) (13.643) (9.419) (13.364)

Conv. Discretionary Trades 0.073 2.306 -0.008 2.761 0.018 3.277* 0.004 2.463
(0.699) (2.506) (0.574) (1.990) (0.545) (1.954) (0.544) (1.944)

Conv. Expected Trades -8.688** -12.723** -3.228 -1.207 -0.458 1.821 1.102 2.849
(3.503) (5.030) (3.175) (4.688) (3.104) (4.460) (3.009) (4.009)

Constant -2.537*** -2.562*** -1.749*** -1.791*** -1.277*** -1.330*** -0.919*** -0.966***
(0.372) (0.379) (0.356) (0.369) (0.348) (0.362) (0.338) (0.352)

Other Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 161,423 161,423 164,214 164,214 167,338 167,338 169,843 169,843
Pseudo R-squared 0.591 0.591 0.669 0.669 0.714 0.714 0.745 0.745
χ2-statistic 115.14*** 110.60*** 112.29*** 108.37*** 111.63*** 111.92*** 116.58*** 112.18***

Notes: Discretionary trades are defined conform Coval and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to
be 0; buys after outflows are assumed to be equal to 0. The dependent variable, the (cumulative) number of Environmental and Social
Incidents, is measured at t+s, where quarter s ∈ {1, 2, 3, 4}. Poisson regressions include firm and year-quarter fixed effects. All continuous
control variables are winsorized at the 1 and 99 percentiles. Standard errors are clustered at the firm level. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 34: Poisson Regressions Results: Controls added one by one on Future Firm Environmental and Social
Incidents.

Dependent variable: (Cumulative) Future Environmental and Social Incidents in t+s

(1) (2) (3) (4) (5) (6) (7) (8) (9)

ESG DiscretTrades -0.001 -0.001 -0.001 -0.001 -0.002 -0.002 -0.002 -0.002 -0.002
(-0.502) (-0.862) (-0.748) (-0.857) (-0.944) (-1.087) (-1.057) (-1.075) (-1.101)

ESG ExpectedTrades 0.016*** 0.013*** 0.012*** 0.011*** 0.010*** 0.010*** 0.010*** 0.011*** 0.011***
(4.195) (4.054) (4.044) (3.805) (3.691) (3.538) (3.452) (3.884) (3.826)

conv. DiscretTrades 0.002 0.001 0.001 0.001 0.000 0.000 0.001 0.000 0.000
(0.674) (0.242) (0.530) (0.252) (0.177) (0.100) (0.242) (0.095) (0.081)

conv. ExpectedTrades -0.007** -0.009*** -0.010*** -0.010*** -0.009*** -0.009*** -0.009*** -0.008*** -0.008***
(-2.325) (-3.007) (-3.367) (-3.387) (-3.231) (-3.121) (-3.143) (-2.620) (-2.593)

logsize 0.133*** 0.230*** 0.244*** 0.258*** 0.251*** 0.244*** 0.273*** 0.276***
(5.689) (8.036) (8.266) (8.881) (8.956) (8.730) (9.410) (9.549)

be me 0.077*** 0.080*** 0.084*** 0.082*** 0.078*** 0.067*** 0.067***
(7.321) (7.448) (7.966) (7.974) (7.840) (6.990) (7.002)

niq be -0.007** -0.004 -0.005* -0.004 -0.002 -0.002
(-2.451) (-1.449) (-1.748) (-1.431) (-0.864) (-0.863)

debt at 0.048*** 0.046*** 0.041*** 0.041*** 0.041***
(4.672) (4.502) (4.051) (4.138) (4.216)

capx at 0.009 0.009 0.000 0.001
(0.944) (0.892) (0.054) (0.063)

rvol 252d 0.018*** 0.025*** 0.030***
(2.626) (3.606) (4.150)

ret 12 1 -0.031*** -0.032***
(-6.814) (-7.025)

beta 252d -0.008
(-1.567)

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Observations 223,188 223,185 214,633 191,820 191,026 169,462 163,178 161,423 161,423
Pseudo R-squared 0.577 0.577 0.578 0.581 0.581 0.589 0.591 0.591 0.591
χ2-statistic 26.09*** 52.01*** 92.33*** 95.66*** 108.81*** 109.87*** 104.02*** 113.15*** 126.44***

Notes: The table reports the relation between ESG and conventional mutual fund trading behavior and future changes in firm-level number
of environmental and social RepRisk incidents, measured between quarter t and t+1. Discretionary trades are defined according to Coval
and Stafford (2007) and Huang et al. (2023): Sales after inflows are assumed to be 0; buys after outflows are assumed to be equal to 0.
Discretionary and expected trades are winsorized at the 0.5 and 99.5%. Controls are added to the model one at a time. All continuous
control variables are winsorized at the 1 and 99 percentiles. Poisson regressions include firm and year-quarter fixed effects, and standard
errors are clustered at the firm level. Coefficients are standardized and z-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, ***
p¡0.01
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Table 35: OLS Regression Results: ESG and Conventional Discretionary Trades on Future Stock Returns:
omitting MSCI ACWI

(1)
Quarterly Stock Returns in t+1

ESG DiscretTrades 0.002**
(2.339)

ESG ExpectedTrades 0.002*
(1.717)

conv. DiscretTrades -0.002*
(-1.954)

conv. ExpectedTrades -0.005***
(-4.515)

logsize -0.654***
(-30.092)

be me -0.014**
(-2.439)

ret 12 1 0.034***
(15.705)

capx at 0.001
(0.234)

beta 252d -0.022***
(-4.934)

rvol 252d 0.006
(1.318)

niq be 0.015***
(3.681)

debt at -0.003
(-0.747)

Firm FE Yes
Year-quarter FE Yes

Observations 486,327
R-squared 0.173
Within R-squared 0.028
F-statistic 160.69***

Notes: The table reports the relation between ESG and conventional mutual
fund trading behavior and future quarterly stock returns. Discretionary trades
are defined according to Coval and Stafford (2007) and Huang et al. (2023):
Sales after inflows are assumed to be 0; buys after outflows are assumed to
be equal to 0. Discretionary and expected trades are winsorized at the 0.5
and 99.5%. All continuous control variables are winsorized at the 1 and 99
percentiles. The dependent variable, future quarterly stock returns, is measured
in quarter t+1. OLS regressions include firm and year-quarter fixed effects, and
standard errors are clustered at the firm level. Coefficients are standardized and
t-statistics are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 36: Predictors of position changes by ESG and conventional mutual funds: one-by-one

Panel A: Sample split for ESG Funds

Dependent variable: Position Changes

(1) (2) (3) (4) (5) (6) (7)
Without ESG MSCI ESG ∆MSCI ESG ES incidents Severe ES incidents MSCI ESG + ES incidents MSCI ESG × ES incidents

MSCI ESG 0.0041∗∗∗ 0.0042∗∗∗ 0.0041∗∗∗

(7.4449) (7.4067) (7.3528)

∆MSCI ESG 0.0025∗∗∗

(5.2456)

# ES incidents -0.0027∗∗∗ -0.0025∗∗∗ -0.0032∗∗∗

(-2.8221) (-2.6419) (-3.2330)

# Severe ES incidents -0.0029∗∗∗

(-3.9160)

MSCI ESG × # ES Incidents 0.0046∗∗∗

(6.2130)

Other Controls Yes Yes Yes Yes Yes Yes Yes
Firm × Year-quarter FE Yes Yes Yes Yes Yes Yes Yes

Observations 6,152,430 6,144,069 6,105,444 5,661,086 5,661,086 5,655,734 5,655,734
R-squared 0.098 0.098 0.099 0.101 0.101 0.101 0.101
F-statistic 45.86*** 43.19*** 39.68*** 40.79*** 41.59*** 38.70*** 36.05***

Panel B: Sample split for Conventional funds

Dependent variable: Position Changes

MSCI ESG -0.0008∗∗∗ -0.0009∗∗∗ -0.0008∗∗∗

(-3.6089) (-3.4860) (-3.4517)

∆MSCI ESG 0.0006∗∗∗

(2.9345)

# ES incidents -0.0019∗∗∗ -0.0020∗∗∗ -0.0020∗∗∗

(-3.4110) (-3.5299) (-3.5265)

# Severe ES incidents -0.0016∗∗∗

(-3.8821)

MSCI ESG × # ES Incidents 0.0004
(0.9996)

Other Controls Yes Yes Yes Yes Yes Yes Yes
Firm × Year-quarter FE Yes Yes Yes Yes Yes Yes Yes

Observations 20,421,202 20,374,255 20,179,640 17,966,034 17,966,034 17,931,895 17,931,895
R-squared 0.096 0.096 0.097 0.098 0.098 0.098 0.098
F-statistic 54.45*** 46.96*** 46.07*** 47.28*** 48.06*** 41.67*** 37.07***

Notes: OLS regressions on mutual fund (relative) position changes with standard errors are clustered at the fund level. Position Changes is

the change in the position of fund i in stock j in quarter t estimated as
Pricej,t−1(NumberSharesi,j,t−NumberSharesi,j,t−1)

AUMi,t−1
(Gantchev

et al., 2023; Giannetti and Jotikasthira, 2024). Position Changes is trimmed at the 0.5 and 99.5 percentiles. Industry-weighted MSCI ESG
enotes the stock’s industry-weighted MSCI ESG score in quarter t. # ES Incidents denotes the number of environmental and social RepRisk
incidents in quarter t by firm j. Regressions include fund × year-quarter fixed effects. All lagged continuous control variables are winsorized
at the 1 and 99 percentiles. Standard errors are clustered at the fund level. Coefficients are standardized and t-statistics are reported in
parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 37: Alternative OLS Regression Results on Fund Excess Returns: RPI ESGt−1 and RPI ES Incidentst−1

separate

Dependent Variable: Fund Excess Returns in t

(1) (2) (3) (4) (5)

Propensityt−1 -0.450 -0.185 -0.588 -0.220 -0.164
(0.407) (0.213) (0.414) (0.215) (0.217)

RPI ESGt−1 -0.667** -0.049 -0.062
(0.327) (0.140) (0.142)

RPI ES Incidentst−1 0.273 -0.077 -0.085
(0.265) (0.114) (0.114)

logsizet−1 -4.710*** -1.476*** -4.728*** -1.457*** -1.464***
(0.112) (0.045) (0.112) (0.045) (0.045)

logaget−1 -2.136*** 0.824*** -2.146*** 0.802*** 0.812***
(0.157) (0.125) (0.157) (0.124) (0.125)

Turnovert−1 0.048** 0.015* 0.049** 0.014* 0.014*
(0.021) (0.008) (0.021) (0.008) (0.008)

QFlowt−1 -0.177 0.118 -0.217 0.090 0.105
(0.281) (0.118) (0.280) (0.117) (0.118)

Constant 99.929*** 28.582*** 100.254*** 28.306*** 28.394***
(2.180) (0.880) (2.181) (0.877) (0.880)

Fund FE Yes Yes Yes Yes Yes
Year-quarter FE No Yes No Yes Yes

Observations 111,372 111,372 111,668 111,668 110,047
R-squared 0.062 0.855 0.062 0.855 0.855
Within R-squared 0.040 0.020 0.040 0.019 0.020
F-statistic 363.48*** 187.23*** 367.38*** 183.62*** 158.24***
Notes: The table reports the relation between the RPI (Reliance on Public Information) ratio, propensity to invest
on future ES risks, and fund excess return. For each fund in each quarter, we calculate the difference between the
quarterly fund return and the risk-free rate. Our propensity measure is defined as per Fang et al. (2014) and Chen et al.
(2024) on discretionary ownership and is standardized. Standardized propensity scores are trimmed on the 0.5 and 99.5
percentiles. In a similar fashion to Kacperczyk and Seru (2007), we proxy for usage of public ESG information: RPI
ESG is defined by the R2 of a pooled OLS regression of fund holdings changes on changes in the MSCI ESG ratings
during 4 lags. RPI ES Incidents is defined by the R2 of a pooled OLS regression of holdings changes on ES incidents
during 4 lags. Values of RPI are bound between 0.01% and 99.9%. Fund portfolio turnover is trimmed at the 0.5 and
99.5 percentiles. All other continuous control variables are winsorized at the 1 and 99 percentiles. Standard errors are
clustered at the fund level and are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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Table 38: Alternative OLS Regression Results on Fund Risk-Adjusted Returns: RPI ESGt−1 and RPI ES
Incidentst−1 separate

Dependent Variable: Risk-Adjusted Fund Returns in t

Fama-French 3-Factors α Carhart 4-Factors α

(1) (2) (3) (4) (5) (6) (7) (8)

Propensityt−1 0.004 0.004 0.006 0.007 0.001 0.002 0.002 0.005
(0.020) (0.020) (0.020) (0.020) (0.020) (0.020) (0.021) (0.020)

RPI ESGt−1 0.021** 0.004 0.005 -0.013
(0.009) (0.009) (0.010) (0.009)

RPI ES Incidentst−1 -0.008 -0.005 -0.008 -0.004
(0.007) (0.007) (0.008) (0.007)

logsizet−1 0.051*** 0.057*** 0.050*** 0.056*** 0.065*** 0.070*** 0.064*** 0.068***
(0.005) (0.005) (0.004) (0.005) (0.005) (0.005) (0.005) (0.005)

logaget−1 0.050*** -0.035 0.050*** -0.030 -0.040*** -0.049** -0.040*** -0.045**
(0.012) (0.021) (0.012) (0.021) (0.012) (0.022) (0.012) (0.021)

Turnovert−1 -0.002*** -0.002*** -0.002*** -0.002*** -0.002*** -0.003*** -0.002*** -0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

QFlowt−1 0.161*** 0.157*** 0.159*** 0.155*** 0.159*** 0.156*** 0.156*** 0.154***
(0.011) (0.011) (0.011) (0.011) (0.011) (0.011) (0.011) (0.011)

Constant -1.253*** -1.141*** -1.226*** -1.130*** -1.281*** -1.343*** -1.262*** -1.336***
(0.091) (0.105) (0.089) (0.104) (0.092) (0.107) (0.091) (0.105)

Fund FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-quarter FE No Yes No Yes No Yes No Yes

Observations 107,677 107,677 107,931 107,931 107,677 107,677 107,931 107,931
R-squared 0.561 0.583 0.561 0.582 0.533 0.565 0.533 0.564
Within R-squared 0.018 0.018 0.018 0.018 0.020 0.022 0.020 0.021
F-statistic 63.42*** 64.17*** 61.65*** 63.03*** 71.21*** 73.28*** 69.68*** 71.28***

Notes: The table reports the relation between the RPI (Reliance on Public Information) ratio, propensity to invest on future ES risks,
and fund risk-adjusted return. For each fund in each quarter, Fama-French three-factor returns (columns 1-4) are calculated using fund
returns of the past 36 months. Quarterly Carhart’s 4-factor returns (columns 5-8) are calculated using fund returns of the past 36 months.
We denominate quarterly risk-adjusted returns in basis points per month. Our propensity measure is defined as per Fang et al. (2014)
and Chen et al. (2024) on discretionary ownership and is standardized. Standardized propensity scores are trimmed on the 0.5 and 99.5
percentiles. In a similar fashion to Kacperczyk and Seru (2007), we proxy for usage of public ESG information: RPI ESG is defined by the
R2 of a pooled OLS regression of fund holdings changes on changes in the MSCI ESG ratings during 4 lags. RPI ES Incidents is defined
by the R2 of a pooled OLS regression of holdings changes on ES incidents during 4 lags. Values of RPI are bound between 0.01% and
99.9%. Fund portfolio turnover is trimmed at the 0.5 and 99.5 percentiles. All other continuous control variables are winsorized at the 1
and 99 percentiles. Standard errors are clustered at the fund level and are reported in parentheses. * p¡0.10, ** p¡0.05, *** p¡0.01.
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