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Abstract 

This paper studies trading by equity mutual funds and compares environmental, 
social and governance (ESG) funds with conventional funds, using the Covid-19 
market crash as a quasi-natural experiment to test funds’ commitment to ESG 
strategies. Funds that had disclosed their ESG orientation in their prospectuses 
increased their portfolio weight of non-ES stocks. In contrast, funds with high globe 
ratings or a low carbon designation from Morningstar maintained a stable portfolio 
weight in ES stocks in response to fund flows during the crash. The results are 
consistent with ESG prospectus funds engaging in greenwashing. However, there is 
no evidence of widespread greenwashing by the other ESG funds. 
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1. Introduction 

The US Securities and Exchange Commission defines greenwashing as “the act of 
exaggerating the extent to which products or services take into account 
environmental and sustainability factors” (SEC (2021)). Many business commentators 
claim that greenwashing is a major concern for sustainable investing and its 
credibility. For example, it has been suggested that “sustainable finance is rife with 
greenwash” and that “supposedly green and cuddly funds are stuffed full of polluters 
and sin stocks” (The Economist (2021)). This paper aims to contribute to the emerging 
greenwashing literature in finance by studying trading behaviour across different 
categories of environmental, social and governance (ESG)-oriented mutual funds 
compared with conventional funds. 

We study how ESG-oriented funds traded during the brief 2020 stock market 
crash. In mutual funds, ESG orientation is either self-proclaimed or assigned by an 
external source. A fund that self-classifies as ESG oriented uses its prospectus to state 
that it will incorporate ESG information into the investment decision-making process. 
We label these funds as ESG prospectus funds. Alternatively, some mutual funds are 
rated as ESG oriented by an external evaluator providing an assessment of funds’ 
portfolios. Morningstar Sustainability Rating rates a mutual fund on its ESG 
performance using the fund’s recent history of portfolio choices and awards it globes 
on this basis. If funds have received four or five globes, we call them ESG globe funds. 
A priori the former is more restricted than the latter in adjusting to the turbulence of 
the Covid stock market crash. 

Another level of heterogeneity across funds is that investors see mutual funds as 
an avenue to pursue their own ESG preferences, ie the ESG clientele. We observe that 
during the Covid-19 pandemic, ESG prospectus funds experienced inflows on 
average, whereas Pástor and Vorsatz (2020) show that funds with a high globe rating 
encountered outflows, like most other funds. The unanticipated crash and asymmetric 
behaviour of flows during the crash provides an acid test (and a quasi-natural 
experiment) of the commitment to ESG investing by: (i) funds with a high globe rating 
which, unlike ESG prospectus funds, do not have explicit investing constraints in place 
and experienced outflows on average and (ii) ESG prospectus funds with strategies 
that may or may not have validated their fund inflows during the crash. 

We assess whether ESG mutual funds responded to fund flows by continuing to 
adhere to the goals of their investors by trading opportunistically using an empirical 
model of discretionary trading in the spirit of Alexander et al (2007). In our model, 
funds keep constant portfolio shares in response to fund flows (Lou (2012)). The 
deviations from this benchmark allow us to identify the discretionary trading of fund 
managers, and in particular of ESG fund managers, during the crash. To guarantee 
that deviations from the benchmark are not due to changes in expected returns that 
would lead the fund to change its (benchmark) portfolio weight, the empirical tests 
use a difference-in-differences estimation. By contrasting the behaviour of ESG funds 
against conventional funds, the estimation controls for unspecified changes in 
expected returns during the downturn as well as other crash-induced effects that are 
unrelated to ESG, such as the fiscal policy response that occurred later in March 2020. 
Last, in order to capture greenwashing, we compare how prospectus ESG funds differ 
in their trading relative to conventional funds vis-à-vis how funds with a high globe 
rating differ relative to conventional funds. 
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Our evidence is consistent with greenwashing by self-classified ESG funds. This 
is surprising as these funds have self-imposed constraints and also did better in terms 
of flows during the crash compared with other ESG-oriented funds. We find that all 
ESG funds increased their net purchases of environmental and social (ES) stocks by 
less than they did for net purchases of non-ES stocks (relative to conventional funds), 
controlling for fund flows. ESG prospectus funds experienced an increase in flows and 
these funds were used to increase the weight of their non-ES stocks (relative to 
conventional funds) during the Covid stock market crash, all else equal. Other ESG 
funds, which saw a decrease in flows, decreased their weight in terms of non-ES stocks 
(relative to conventional funds), all else equal. The trading behaviour of ESG 
prospectus funds runs counter to the commitments that they made at the inception 
of the funds. Their behaviour is especially problematic if the inflows they experienced 
were motivated by an investor preference for ES stocks, though this fact cannot be 
ascertained from our data. However, greenwashing overall does not seem to be a 
major problem in our sample, as ESG prospectus funds managed only $64 billion of 
net assets before the crash, whereas funds with high globe ratings managed $894 
billion of net assets, in a total market of actively managed equity funds of $3.1 trillion 
of net assets. 

Our main data source is a proprietary data set from Morningstar comprising 
monthly portfolio holdings (Morningstar makes quarterly holdings data publicly 
available). Monthly data allow us to identify February and March 2020 as the stock 
market crash months. We are therefore able to capture the effect that heterogeneous 
fund flows had on fund trading behaviour inside the crash period. Importantly for our 
analysis, the Covid-19 crash was unexpected and unrelated to pre-existing economic 
conditions, especially to conditions relating to ESG issues.5 We use the December 2019 
classifications of mutual funds as ESG oriented (treated sample) and conventional funds 
(control sample), and treat these groups as exogenous in this quasi-natural experiment. 

Our data consist of 1,699 unique US equity active mutual funds with total net 
assets of $3.1 trillion, representing about 400,000 stock positions. Our tests use three 
classifications for ESG funds: the fund’s investment strategy and objectives as stated 
in its prospectus, Morningstar’s globe sustainability ratings and Morningstar’s low 
carbon designation. The first classification is based on self-declaration at the 
inception of the fund and can be viewed as a public commitment to pursue ESG 
policies when making investment decisions. The second and third classifications are 
based on fund actions, not commitment, as they are assigned by Morningstar using 
fund portfolio holdings over the previous 12 months. The separate interest in funds 
with a low carbon designation is justified as low-carbon funds appear to have their 
own clientele, as shown by Ceccarelli et al (2024), while remarkably only 17% of the 
funds in our sample have both a low carbon designation and a high globe rating. 

We start by examining aggregate fund-level net purchases. We highlight three 
findings. First, prior to the crash, an increase in net flows was associated with 
increased net purchases of stocks one-to-one for funds with high globe ratings, funds 
with a low carbon designation and conventional funds, consistent with these funds 
keeping a constant share of cash to total assets on average. Second, ESG prospectus 
funds’ net purchases responded by less than one-to-one to fund flows prior to the 

 
5 In contrast, and as an example, the stock market decline contemporaneous with the start of the 

Ukraine war is arguably related to the contemporaneous change in US monetary policy in response 
to inflationary fears. Both of these, the Ukraine war and monetary policy, were likely to have been 
predicted by market participants to some degree. 
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crash, thus increasing their cash to total assets. Third, the sensitivity of net purchases 
to fund flows increased for all types of funds during the crash, but significantly more 
so for conventional and ESG prospectus funds. Since most funds, apart from ESG 
prospectus funds, experienced outflows during the crash, funds with a high globe 
rating and those with a low carbon designation increased net sales less than 
conventional funds during the crash in response to flows. Importantly, ESG 
prospectus funds increased net purchases of stocks more than proportionally during 
the crash. 

Our main analysis looks into trading patterns across ES and non-ES stocks by 
fund category, as an ESG fund is not necessarily precluded from investing in non-ES 
stocks. At the firm level we have enough information to be able to exclude the 
governance aspect in firm ESG ratings. Our main finding is that ESG prospectus funds 
behaved very differently from funds with a high globe rating and funds with a low 
carbon designation during the crisis. Trading intensities for non-ES stocks increased 
for high-globe-rated, low-carbon-designated and conventional funds to the same 
degree, but ESG prospectus funds increased their trading intensity for non-ES stocks 
significantly more. ESG prospectus funds’ trading intensity remained low for ES stocks 
during the crash. High-globe rated and low-carbon-designated ESG funds traded ES 
stocks in response to fund flows in order to keep the ratio of ES stocks to total net 
assets constant during the crash. Conventional funds significantly increased their 
trading intensity of ES stocks in response to flows during the crash. 

To summarise, we find that, on average, ESG prospectus funds increased their 
trading intensity for non-ES stocks significantly more than other ESG funds, and less 
for ES stocks than other ESG funds. These findings are potentially consistent with all 
ESG fund types being more opportunistic buyers of non-ES stocks during the crash if 
they received inflows, but also generating more fire sales of non-ES stocks if the funds 
encountered outflows. Notably, ESG prospectus funds encountered inflows during 
the crash on average, whereas other ESG funds experienced outflows. Consequently, 
ESG prospectus funds responded to the crash by buying disproportionately more 
non-ES stocks and tilting their portfolios towards non-ES stocks. In contrast, high- 
globe rated funds and ESG funds with a low carbon designation sold more non-ES 
stocks and fewer ES stocks during the crash, thus maintaining or even increasing the 
ES tilt of their portfolios. Thus ESG prospectus funds’ behaviour is consistent with 
greenwashing during the crash. However, other ESG funds continued to cater to their 
ESG clientele. 

It is worth noting that the effects we estimate are not mechanical – fund 
managers did not simply pass through the flows they received from investors. In fact, 
there are marked differences in the responses to fund flows across mutual funds, 
which we use to identify discretionary trading motivated either by opportunistic 
behaviour or a clientele effect. It could be argued that conventional funds behaved 
differently because of the magnitude of outflows that they experienced. However, the 
differential in the magnitude of outflows cannot explain the difference in behaviour 
for two reasons. First, outflows for funds with high globe ratings and for funds with a 
low carbon designation were also quite large, which justifies the notion that the 
episode constitutes an acid test for ESG funds and their self-imposed investment 
constraints. Second, while the difference-in-differences estimation controls for 
changes in expected returns during the crisis, it may be the case that it does so 
imperfectly. Still, if the strategy of holding onto ES stocks by funds with high globe 
ratings and funds with a low carbon designation was solely aimed at maximising 
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performance, there is no reason why conventional funds would not have been able 
to do the same and sell a larger proportion of their non-ES stocks. 

Section 2 reviews the literature, Section 3 presents the benchmark trading model 
and Section 4 presents the empirical strategy and data. The main results are in Section 
5, followed by alternative hypotheses and robustness checks in Section 6. Section 7 
concludes. 

2. Related literature 

As noted in Section 1, there is surprisingly little research on greenwashing in mutual 
funds. The existing results are somewhat mixed. Kaustia and Yu (2021) find that self-
designated ESG funds, including ESG prospectus funds, receive higher fund flows, 
even if their ESG performance, as measured by Morningstar’s globe ratings, is lacking. 
Raghunandan and Rajgopal (2022) show that self-designated ESG funds hold 
portfolio firms that have low levels of compliance with labour and environmental laws, 
but at the same time these firms have higher ESG ratings. Heath et al (2023) find 
evidence that ESG funds select good ES performers as their portfolio companies, but 
do not improve the ES performance of those portfolio companies. Heath et al (2023) 
label their findings as “impact washing”. Kim and Yoon (2023) find that US mutual 
funds that signed the United Nations Principles for Responsible Investment (PRI) do 
not improve their ESG performance, but tend to advertise their PRI affiliations widely. 
Consistent with this evidence, Gibson Brandon et al (2022) show that US institutional 
investor PRI signatories have similar or worse ESG performance compared with non-
signatories and they do not improve their portfolio companies’ ESG performance. 
European PRI signatories do better on both counts. On the other hand, Gibbon et al 
(2023) find that funds that change their names to include ES-related epithets improve 
their ES performance, measured by both fund level ESG metrics and by other 
attributes (as a result of reducing their exposure to controversial businesses and 
decreasing their carbon intensity). Dikolli et al (2022) show that ESG funds are more 
likely than other mutual funds to support shareholders’ environmental and social 
proposals, especially for ESG index funds and ESG funds that are signatories of the 
UN PRI. 

We contribute to this literature by providing evidence that not all ESG funds are 
created equal and that the vast majority of assets under management classified as 
ESG are not engaged in greenwashing. Whereas ESG prospectus funds acted 
opportunistically by using their fund inflows to buy non-ES stocks, other ESG funds 
showed relatively more resilience towards ES stocks. However, as ESG prospectus 
funds are a small subset of our sample, it appears that greenwashing is a relatively 
minor issue, at least during the 2020 market crash. 

This paper also provides evidence consistent with funds with high globe ratings 
and ESG mutual funds with a low carbon designation catering to their clientele’s 
preferences, and thus not engaging in greenwashing. Other investor clienteles in 
mutual funds have been identified in value versus growth mutual funds (Blackburn et 
al (2009)), dividends (Becker et al (2011) and Harris et al (2015)) and direct-sold versus 
broker-sold funds (Del Guercio and Reuter (2013)). There is evidence of investor 
clienteles for specific asset classes or investing styles. Evidence for ESG preferences 
by individual investors has been documented by Bauer et al (2021) using data on 
pension funds that grant their members a real vote on ESG policies. Huang et al (2021) 
show that when investors pay more attention to ESG issues they are less likely to sell 
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and more likely to buy stocks with high ESG ratings. Humphrey et al (2021) show in 
an experiment that about half of the subjects demonstrate a significant preference 
for responsible investing by halving their allocation to stocks associated with negative 
ES externalities. Rzeznik et al (2021) show that investors incorrectly bought stocks 
when Sustainalytics inverted their ESG ratings, erroneously believing that a higher 
rating meant improved ESG performance. Hartzmark and Sussman (2019) show that 
mutual fund investors responded to new globe ratings with inflows to funds 
categorised as low ESG risk, even though there was no difference in fund 
performance. Gantchev et al (2024), however, demonstrated that after the initial 
euphoria, investors ceased to respond to high globe ratings, because sustainable 
stocks’ financial performance was lacking. Consequently, mutual funds gave up on 
trying to improve their globe ratings. Closest to our theme, Zhan and Zhang (2021) 
show that mutual funds and other investment managers required to file SEC Form 13f 
are less prone to sell overpriced stocks with high ESG scores, but the paper does not 
separate ESG versus conventional funds. 

There is a large literature that studies the potential for destabilising trading 
behaviour by institutional investors. Choe et al (1999) find evidence of herding 
behaviour by foreign investors in Korea before the 1997 East Asian crisis, but not 
during the crisis itself. Cella et al (2013) find evidence consistent with short-term 
investors amplifying market-wide negative movements. Lakonishok et al (1992) and 
Wermers (1999) show that there is some evidence of herding in small stocks. Glossner 
et al (2022) show that stock price performance during the Covid-19 pandemic was 
more negative for firms with high institutional ownership and that retail investors 
acted as counterparts, helping to stabilise the markets. The authors conclude that 
institutional investors amplified the crash by engaging in fire sales. Arguably that 
conclusion should apply to institutional investors in the degree that they experienced 
outflows. Our work shows that ESG prospectus funds, that benefited from inflows 
relative to other funds, acted in a way that stabilised the market for non-ES stocks. 
Funds with a high globe rating and funds with a low carbon designation acted in a 
more neutral way, sticking to their previous policies. The average trading behaviour 
of conventional funds towards ES and non-ES stocks is, however, consistent with 
positive feedback trading and an amplification of the market crash. 

ESG stocks and mutual funds have been shown to have performed better during 
previous stock market crashes (for stocks, see Lins et al (2017) and for funds, see 
Nofsinger and Varma (2014)). Several recent papers examine ESG ratings and stock 
returns during the initial phases of the Covid-19 pandemic. Albuquerque et al (2020) 
show, using US data, that firms with high environmental and social scores fared better 
during the crash. Ding et al (2021) provide international evidence that environmental 
and social polices had positive impacts on stock returns. Garel and Petit-Romec (2021) 
show that only environmental scores had a positive effect on stock returns. Bae et al 
(2021) and Demers et al (2021), however, find no evidence that ES ratings affected 
stock returns. One reason for the discrepancy in results in these two last papers is 
their use of market-based measures of firm size as a control variable, which tend to 
absorb the effect of other variables. In addition, control variables are more important 
when using cross-sectional regressions as in Bae et al (2021) and Demers et al (2021), 
but not when conducting difference-in-differences regressions with daily data as 
Albuquerque et al (2020) do for their main analysis. Financial models may be biased 
by the post-Great Financial Crisis environment and may be inappropriate for the “new 
normal”. How can the risk of higher interest rates and smaller central bank balance 
sheets best be incorporated into risk and return models? What are the appropriate 
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models and risk factors to account for the shifting behaviour of asset returns under 
different economic regimes? Are there additional factors to be incorporated, such as 
those relating to fiscal or health policies, or the regulatory environment? 

3. A benchmark model of mutual fund trading 

We frame our empirical analysis using a model in which mutual funds keep constant 
proportions of ES stocks and non-ES stocks to total net assets following fund flows. 
This is a natural benchmark that assumes that a fund’s allocation is optimal, 
independent of fund flows.6 Deviations from this benchmark can detect discretionary 
trading that favours one group of stocks versus another. 

Let 𝑃𝑃𝐺𝐺 be the price of the ES stock (labelled “G” for green) and 𝑄𝑄𝐺𝐺 the number of 
shares of that stock held by a mutual fund (and for simplicity assume only one stock 
exists of the ES variety), then 𝑃𝑃𝐺𝐺𝑄𝑄𝐺𝐺 is the total net asset value associated with the 
mutual fund’s portfolio of ES stocks. The percentage change (or growth) in the net 
asset value of ES stocks over two consecutive periods is 

𝑃𝑃𝐺𝐺𝑄𝑄𝐺𝐺𝑡𝑡+1� =
𝑃𝑃𝐺𝐺,𝑡𝑡+1 𝑄𝑄𝐺𝐺,𝑡𝑡+1 − 𝑃𝑃𝐺𝐺,𝑡𝑡 𝑄𝑄𝐺𝐺,𝑡𝑡

𝑃𝑃𝐺𝐺,𝑡𝑡 𝑄𝑄𝐺𝐺,𝑡𝑡
 (1) 

In the benchmark setting where the share of ES stocks in total net assets (TNA) 
is constant, then 

𝑃𝑃𝐺𝐺𝑄𝑄𝐺𝐺𝑡𝑡+1� = 𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡+1�  (2) 

The evolution over time of total net assets is by definition given by 

𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡+1 = (1 + 𝑟𝑟𝑡𝑡+1)𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 + 𝑁𝑁𝑁𝑁𝑡𝑡+1 (3) 

where 𝑁𝑁𝑁𝑁𝑡𝑡+1  is the net fund flow from t to t+1 and 𝑟𝑟𝑡𝑡+1 is the fund’s return 
performance from t to t+1. Subtracting 𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡 from both sides, dividing both sides by 
𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡, and denoting 𝐹𝐹𝐹𝐹𝑡𝑡 = 𝑁𝑁𝑁𝑁𝑡𝑡

𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡−1
, we get 

𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡+1� = 𝑟𝑟𝑡𝑡+1 + 𝐹𝐹𝐹𝐹𝑡𝑡+1 (4) 

This equation is the accounting identity that TNA changes due to fund 
performance or flows. Use equation (2) to replace 𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡+1�  with 𝑃𝑃𝐺𝐺𝑄𝑄𝐺𝐺𝑡𝑡+1� , 

𝑃𝑃𝐺𝐺𝑄𝑄𝐺𝐺𝑡𝑡+1� = 𝑟𝑟𝑡𝑡+1 + 𝐹𝐹𝐹𝐹𝑡𝑡+1 (5) 

This equation demonstrates how to rebalance ES stocks in order to keep a 
constant portfolio share in TNA. First, suppose fund flows are zero. Then, ES stocks 
must grow at the rate of return of TNA; if the return on ES stocks is higher than that 
of TNA in period 𝑡𝑡, then some rebalancing sales must happen to keep the growth of 
ES stocks at par with that of TNA. Second, fund flows should not change the portfolio 
weights, which is accomplished by having the dollar value of ES stocks grow one-for-
one with 𝐹𝐹𝐹𝐹. 

 
6 Ultimately, it assumes that investor flows are largely uninformative about future returns to either 

group of stocks, and there are no frictions that would keep fund managers from building their 
unconstrained optimal portfolio allocation prior to the flows (see Lou (2012) for a result consistent 
with this assumption). Consistent with the uninformativeness of flows, Ben-David et al (2022) provide 
evidence that mutual fund investor flows are explained by performance chasing. 
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Repeating the same steps for non-ES stocks, which we label with the subscript “B” (for 
brown stocks),7 we obtain a similar equation for the percentage change in value 
holdings of non-ES stocks 

𝑃𝑃𝐵𝐵𝑄𝑄𝐵𝐵𝑡𝑡+1� = 𝑟𝑟𝑡𝑡+1 + 𝐹𝐹𝐹𝐹𝑡𝑡+1 (6) 

 

4. Empirical strategy and data 

4.1. Subsection heading 

To turn equations (5) and (6) into a model that can be estimated, we make the 
following assumptions. First, we replace 𝑟𝑟𝑡𝑡+1 = 𝐸𝐸𝑡𝑡[𝑟𝑟𝑡𝑡+1] + 𝜖𝜖𝑡𝑡+1 , where 𝜖𝜖𝑡𝑡+1  has the 
property that 𝐸𝐸𝑡𝑡[𝜖𝜖𝑡𝑡+1] = 0, and then replace expected returns by its determinants, 
which include the fund’s lagged return and the market’s return and volatility. Likewise, 
assuming fund flows follow a process close to a random walk, we replace 𝐹𝐹𝐹𝐹𝑡𝑡+1 by 
lagged net flows, 𝐹𝐹𝐹𝐹𝑡𝑡 , and leave the unexplained portion of fund flows in the 
regression’s error term with the unexplained portion of fund returns. Second, note 
that 𝑃𝑃𝐺𝐺𝑄𝑄𝐺𝐺�  is the sum of two components, the change in net asset value of ES stocks 
due to changes in the price of ES stocks and net purchases of ES stocks. Since we are 
interested in active trading decisions by mutual fund managers to buy or sell certain 
stocks, we subtract the first component (ie the return on ES stocks) from both sides 
of equation (5) (and likewise for non-ES stocks). Thus, the left-hand side of equation 
(5) becomes net purchases of ES stocks, whereas in the right-hand side of the same 
equation, we include the return on an ES portfolio besides the return on TNA. 

For each fund in our sample, we aggregate individual stocks to either the 
portfolio of ES stocks or the portfolio of non-ES stocks. We run the regressions at this 
portfolio level instead of running the regressions at the stock level. This choice is 
motivated by the assumption that the benchmark of constant portfolio shares in 
response to flows is less noisy at this more aggregated level than at the stock level. 
Combining these assumptions, the empirical approach is to estimate 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁ℎ𝑗𝑗,𝑖𝑖,𝑡𝑡+1 =   𝛽𝛽𝑗𝑗𝑋𝑋𝑗𝑗,𝑖𝑖,𝑡𝑡 + 𝛾𝛾𝑗𝑗,1𝐹𝐹𝐹𝐹𝑖𝑖,𝑡𝑡 + 𝛾𝛾𝑗𝑗,2𝐹𝐹𝐹𝐹𝑖𝑖,𝑡𝑡𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶ℎ𝑡𝑡𝐸𝐸𝐸𝐸𝐺𝐺𝑖𝑖 + 𝛾𝛾𝑗𝑗,3𝐹𝐹𝐹𝐹𝑖𝑖,𝑡𝑡𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶ℎ𝑡𝑡 
                                 +𝛾𝛾𝑗𝑗,4𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶ℎ𝑡𝑡𝐸𝐸𝐸𝐸𝐺𝐺𝑡𝑡 + 𝛾𝛾𝑗𝑗,5𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶ℎ𝑡𝑡 + 𝛾𝛾𝑗𝑗,6𝐸𝐸𝐸𝐸𝐺𝐺𝑡𝑡 + 𝛾𝛾𝑗𝑗,7𝐹𝐹𝐹𝐹𝑖𝑖,𝑡𝑡𝐸𝐸𝐸𝐸𝐺𝐺𝑖𝑖

+ 𝜖𝜖𝑗𝑗,𝑖𝑖,𝑡𝑡 
(7) 

where the unit of observation is stock-portfolio 𝑗𝑗 in fund 𝑖𝑖 and month 𝑡𝑡,  
for 𝑗𝑗 = 𝐺𝐺, 𝐵𝐵. To estimate how trading changes from normal times to the crash for 
different fund types, we include in equation (7) interactions of fund flows with a 
dummy that classifies the fund as ESG (vs conventional), denoted 𝐸𝐸𝐸𝐸𝐺𝐺𝑖𝑖, and also with 
a dummy that identifies the crash period (defined in the main analysis with the 
months of February and March), denoted Crash𝑡𝑡. 

The variables identified by 𝑋𝑋𝑗𝑗,𝑖𝑖,𝑡𝑡 include fund-level controls, lagged fund return 
performance, lagged fund size, lagged fund liquidity or cash holdings – pre-crash 
liquidity levels may have helped funds respond differently to the crisis (Chernenko 
and Sunderam (2016)), while at the same time they proxy for frictions that may keep 
managers from ex ante choosing their optimal portfolios in normal times (Lou 

 
7 A fund’s TNA would include cash besides the fund’s portfolio of ES and of non-ES stocks. If the shares 

of ES stocks and of non-ES stocks in TNA are constant, so is the share of cash in TNA. 
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(2012));8 aggregate controls, contemporaneous market return and volatility, and the 
performance of an ES benchmark; and stock controls aggregated to the fund’s 
portfolios of ES and non-ES stocks, firm liquidity and firm leverage (Ramelli and 
Wagner (2020)), and firm churn ratio (a proxy for the horizon of the firms’ investors 
and for stock liquidity). The stock controls may help identify fund managers’ 
preferences for certain firm characteristics, either because they help predict returns, 
or they may be associated with lower costs of transacting the firm’s stock (Lou (2012)). 
Last, we include stock-portfolio times fund fixed effects and quarter fixed effects. The 
estimation uses the Stata command reghdfe (see Correia (2016)). 

The null hypothesis of constant portfolio weights in response to fund flows states 
that the sensitivity of net purchases to fund flows equals one. For example, outside 
the crash period, this sensitivity is given by 𝛾𝛾𝑗𝑗,1 for conventional funds and by 𝛾𝛾𝑗𝑗,1 +
𝛾𝛾𝑗𝑗,7 for ESG funds, where 𝑗𝑗 = 𝐺𝐺, 𝐵𝐵. One important sensitivity in our study is that of ESG 
funds’ net purchases of ES stocks to fund flows during the crash, 𝛾𝛾𝐺𝐺,1 + 𝛾𝛾𝐺𝐺,2 + 𝛾𝛾𝐺𝐺,3 +
𝛾𝛾𝐺𝐺,7. If the estimated sensitivity is larger than one, then the fund manager is actively 
increasing the proportion of the corresponding asset class if flows are positive and 
actively decreasing the proportion of the same asset class if flows are negative. In 
contrast, if the estimated sensitivity is smaller than one, then the fund manager is 
actively decreasing the proportion of the corresponding asset class if flows are 
positive and actively increasing the proportion if flows are negative. To reject the null 
hypothesis that the sensitivity is one is equivalent to rejecting the hypothesis that the 
fund manager is actively maintaining a constant proportion of ES stocks to TNA. 

The difference-in-differences approach allows us to separate the effect of net 
flows across ESG and conventional funds, before and after the crash, which we can 
measure with the parameters 𝛾𝛾𝑗𝑗,2, for 𝑗𝑗 = 𝐺𝐺, 𝐵𝐵. The identification relies on two features 
linked to the crash that make it a quasi-natural experiment to study the effects of an 
ESG clientele in the presence of significant outflows. First, the unexpected nature of 
the crash gives a clear break in the sample, as discussed above. Later we will verify 
the parallel trends assumption in the variable net purchases. Second, the crash was 
not driven by economic conditions (or any aspect specific to ESG), but rather a virus 
pandemic. This allows us to consider ESG funds as a treated sample and conventional 
funds as a control sample. The sample of conventional funds allows us to control for 
unobserved changes in market conditions that affect everyone, such as changes in 
aggregate discount rates and risk tolerance or expectations of growth in the 
aggregate economy. Specifically, we are able to control for unobserved changes in 
expected returns to both asset classes that occur during the crash. Suppose fund 
managers across the board change the weight in terms of ES stocks in TNA due to 
expected return changes increasing these weights say by 𝛼𝛼% > 0. Thus, 𝑃𝑃𝐺𝐺𝑄𝑄𝐺𝐺.𝑡𝑡+1� =
𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡+1 + 𝛼𝛼� . The difference-in-differences parameters 𝜆𝜆𝑗𝑗,2 should not be affected by 
common changes in expected returns in ES stocks across ESG and conventional funds. 

A finding that 𝜆𝜆𝐺𝐺,2 < 0 implies that during the crash, conventional funds tilted 
their portfolios towards ES stocks more than ESG funds in the presence of inflows, 
and also that conventional funds tilted their portfolio away from ES stocks more than 
ESG funds in the presence of outflows. Thus, 𝜆𝜆𝐺𝐺,2 < 0 suggests a more stable trading 
strategy during the crash for ESG funds regarding their ES portfolio in general and 

 
8 Later we also include lagged fund-level churn ratio as a proxy for fund investment horizon. The churn 

ratio may also proxy for trading frictions in portfolio formation at the fund level. 
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specifically in the presence of outflows, as suggested by the acid test hypothesis 
(Powell (2020)). 

We also run regressions with fund-level, aggregate net purchases as the 
dependent variable. In these regressions, we exclude the firm-level control variables, 
and include only fund and quarter fixed effects. In this empirical model, which 
resembles the model in Cella et al (2013), the null hypothesis that the sensitivity of 
net purchases to fund flows equals one is a statement that the ratio of cash balances 
to total stock value remains constant over time for the average fund (see Lou (2012)).9 

This paper’s main null hypothesis is that ESG funds displayed the same trading 
intensity for ES stocks relative to fund flows, compared with conventional funds, from 
pre-crash to the crash (ie 𝐻𝐻0: 𝜆𝜆𝐺𝐺,2 = 0). A rejection of this hypothesis, specifically in 
favour of an alternative where 𝜆𝜆𝐺𝐺,2 < 0, is interpreted as an indication that ESG funds 
displayed greater resilience towards ES stocks than conventional funds during the 
crash, especially in the presence of fund outflows. There is a natural interpretation of 
𝜆𝜆𝐺𝐺,2 < 0 as an indication of a clientele effect. Consider the decision of a fund manager 
experiencing sudden outflows and having to liquidate some of her portfolio while 
watching the crash unfold. The fund manager will likely sell stock to meet current 
redemptions, but also to cover expected future withdrawals and thus avoid selling 
later at even lower prices. With an ESG clientele with demonstrated lower sensitivity 
to fund performance (Renneboog et al (2008), Bollen (2007) and Zhan and Zhang 
(2021)), ESG funds may end up being less aggressive sellers in general, and of ES 
stocks in particular as these are the distinctive assets that their investors appreciate. 
In addition, this clientele effect may support a self-fulfilling equilibrium in which fund 
managers display herding in non-ES stocks. In this equilibrium, fund managers expect 
that non-ES stocks will fall in value faster and postponing their sales will result in 
larger losses in case of continuing redemptions going forward. The ESG fund manager 
would then prefer to sell the non-ES stocks in the portfolio, generating a likely price 
drop and validating expectations that the prices of non-ES stocks would fall faster. 

4.2. Data sources and sample 

Our main data source for mutual fund holdings is Morningstar historical holdings, a 
proprietary data set that provides monthly portfolio holdings collected from mutual 
funds and exchange-traded funds domiciled in more than 50 countries.10 The only 
other paper we know that makes use of the same data set is Maggiori et al (2020). 
The data are collected from open-end funds that invest in equities, fixed income and 
other asset classes (eg commodities, convertible bonds and housing properties). The 
funds report all positions held, such as stocks, bonds, cash and alternative 
investments, including derivative positions. We obtain monthly portfolio information 
from December 2019 to June 2020 for all actively managed US equity mutual funds 
with disclosed ISIN identifiers available for their portfolio stocks. We focus on 2020 
data to be comparable with other papers on the Covid crisis, but later do a robustness 
analysis that includes 2019 data. From Morningstar Direct, we obtain information on 

 
9  Cella et al (2013) control for fund investor horizon in their tests; we leave the inclusion of this variable 

and the treatment of fund investor horizon for later in the paper, to keep the presentation of the 
tables more manageable. 

10 Across the world, funds report to Morningstar typically on a monthly basis and otherwise almost 
always quarterly. Morningstar uses these data to update their star ratings. 
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the characteristics of the US mutual funds in our sample, such as the Morningstar 
global category classification, net fund flows and total net assets. 

From the universe of funds in the Morningstar historical holdings data set, we 
select those funds for which at least 80% of the portfolio is disclosed. We then merge 
the data with Morningstar Direct using FundID to identify the legal domicile. We 
remove all funds not domiciled in the United States. We have 6,989 unique funds 
representing $29.2 trillion total net assets. We then remove index funds using the 
Morningstar Direct identifier for active versus passive funds, leaving us a sample of 
6,630 unique funds with $20.4 trillion TNA. After excluding non-equity fund 
categories (eg fixed allocation, fixed income), we obtain 3,176 unique mutual funds 
with $6.9 trillion TNA. This sample contains all funds with available quarterly data. We 
take out all of the funds that do not have monthly data, resulting in a sample of 1,717 
unique actively managed mutual funds with $3.1 trillion of TNA. As a final filter, we 
remove funds for which we cannot compute the churn ratio (which requires at least 
25 months of past data). Our final sample has 1,699 unique mutual funds with TNA 
of $3.1 trillion as of December 2019. This sample contains a monthly average of just 
under 400,000 stock portfolio positions. 

Due to the granularity of our data set at fund and ISIN level on quantities and 
prices, we are able to compute net purchases for each stock and then aggregate to 
fund level as in Cella et al (2013). 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠𝑡𝑡,𝑖𝑖 equals the sum across all stocks 
held by fund 𝑖𝑖 of gross purchases minus gross sales during month 𝑡𝑡 as a percentage 
of the fund’s total dollar holdings at the end of month 𝑡𝑡 − 1. We include in this 
calculation all equities, both US and non-US, traded by US mutual funds. In the online 
appendix, we verify graphically the parallel trends assumption of similar behaviour of 
net purchases by ESG funds and non-ESG funds prior to the crash months (see Graph 
OA.1 in the online appendix).  

We collect several indicators of funds’ environmental, social and governance 
performance from Morningstar Direct. First, we denote as ESG funds those that report 
being ESG funds in their prospectuses. Second, we label as ESG funds those with four 
or five Morningstar Sustainability globe ratings as of January 2020. As a third 
definition, ESG funds are those that receive a low carbon designation from 
Morningstar as of January 2020. There are two main differences between using the 
fund’s prospectus information versus the globe ratings or low carbon designation. 
Prospectus information is dated and requires truthful disclosures to be credible, both 
of which may be a concern because Gibson Brandon et al (2022) report that US-
domiciled institutions that publicly commit to ESG policies appear to engage in 
greenwashing. Morningstar’s globe ratings and low carbon designation are instead 
updated monthly on the basis of the fund’s actual portfolio holdings over the 
previous 12 months. The assumption that portfolio holdings reveal the preference of 
fund managers is consistent with Gantchev et al (2024) who demonstrate that mutual 
fund managers are aware of potential benefits of owning ESG stocks. In our sample, 
in January of 2020, TNA of funds that identify as ESG in their prospectuses is $64 
billion, TNA of funds with four or five globe ratings is $894 billion, and TNA of funds 
with low carbon designation is $988 billion. Despite similar TNA values, only 17% of 
the funds have both a low carbon designation and a high globe rating, and 54% of 
the funds have both a low carbon designation and a low globe rating (untabulated). 
The pairwise correlation between a globe rating dummy and a low carbon 
designation dummy is 0.32, between a globe rating dummy and a prospectus dummy 
it is 0.24, and between a low carbon designation dummy and a prospectus dummy it 
is 0.16 (untabulated). 
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The low carbon designation is especially interesting as we are not able classify 
funds solely based on their ES designation, because Morningstar classifies funds as 
ESG funds, ie including governance attributes. By using the low carbon designation, 
we can focus on one of the most important dimensions for institutional investors in 
the environmental component in ESG, namely the climate risk associated with carbon 
emissions. As Pástor and Vorsatz (2020) indicate, investors appeared to favour 
environmental funds even more during the crash. Moreover, Garel and Petit-Romec 
(2021) find that stocks with high emission reduction scores performed particularly 
well during the crash. In addition, the findings in Ceccarelli et al (2024) suggest that 
investors have a preference for funds with a low carbon designation, and likewise 
Anderson and Robinson (2021) show that environmentally concerned investors tilt 
their retirement portfolios towards more sustainable investments. 

The main independent variable in our panel regressions is 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑠𝑠𝑖𝑖,𝑡𝑡, fund 
flows normalised by lagged TNA. Fund flows are truncated at the bottom and top 1% 
of the monthly distribution. Graphs 1–3 display average cumulative fund flows from 
January 2020 to June 2020 for both ESG funds (under the prospectus designation, 
four or five globe ratings, and the low carbon designation, respectively) and non-ESG, 
or conventional funds. ESG funds generally experienced a modest decrease in flows 
in February and March, except for ESG prospectus funds which saw continued inflows 
throughout June 2020. Funds with high globe ratings and funds designated as low 
carbon recovered partially in April. In contrast, non-ESG funds experienced a 
pronounced decline in net flows during the whole period, independently of the ESG 
definition used, especially starting in March. These patterns have been shown 
elsewhere (eg Pástor and Vorsatz (2020) for globe rated funds) and are confirmed 
here for our reduced sample of funds with available monthly holdings data. 
Understanding the consequences of the heterogeneous behaviour of flows across 
ESG funds is one of the objectives of this study. The exogenous crash that occurred 
in February and March 2020 is an ideal event for testing for an ESG clientele effect 
versus greenwashing, and we benefit from the higher monthly frequency data on 
portfolio holdings. 

Net fund flows to ESG prospectus funds 
In percent 

Graph 1 
 

This graph plots aggregate cumulative net fund flows normalised by total net assets from 1 January 
to 30 June 2020 using monthly data, for two fund categories, whether or not they identify as ESG 
oriented in their prospectuses.  
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Firm-level ESG metrics are obtained from Refinitiv. We focus on the average of 
the environmental and social scores in 2019, denoted by ES, and omit the governance 
score following Albuquerque et al (2020). We identify ES stocks if their ES score is in 
the top quartile of the distribution. We compute net purchases of ES stocks (non-ES 
stocks) in the same fashion that we did for aggregate net purchases, though as 
suggested by the model, we use the dollar value of ES stocks (non-ES stocks) in the 
fund’s portfolio as the denominator. One noteworthy aspect regarding Refinitiv ES 

Net fund flows to ESG globe 4 and 5 funds 
In percent 

Graph 2 
 

This graph plots aggregate cumulative net fund flows normalised by total net assets from 1 January 
to 30 June 2020 using monthly data, for two fund categories: those with four or five Morningstar 
globe sustainability ratings (ESG funds) and those with fewer than four globe ratings (non-ESG or 
conventional funds).  

 

Net fund flows to ESG low carbon designation funds 
In percent 

Graph 3 
 

This graph plots aggregate cumulative net fund flows normalised by total net assets from 1 January 
to 30 June 2020 using monthly data, for two fund categories: those with a low carbon designation 
by Morningstar (ESG funds) and those without it (non-ESG or conventional funds).  
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scores is that they are calculated relative to an industry benchmark. It is therefore not 
expected that a single industry should drive the results in our paper. For example, the 
oil and gas industry is typically thought to have low environmental performance, but 
the firms in that industry need not have low environmental scores because of the 
relative scoring. Nonetheless, in a robustness analysis available in the online 
appendix, we omit the oil and gas industry (see Table OA.1 in the online appendix). 
We do so mostly because oil prices experienced a sharp decline in the first half of 
2020, so outflows from the industry could be related to the oil price change and not 
to it scoring low on ES. We obtain similar results for our main analysis. 

Summary statistics Table 1 

The table shows descriptive statistics for the variables used in the analysis. The sample includes all US actively managed equity 
funds with monthly holdings data available from Morningstar historical holdings in the period from December 2019 to June 
2020. Appendix Table A1 provides a description of the variables and units of measurement. 

 N Mean SD P05 Median P95 
All mutual funds       

Net purchases 9,332 -0.0101 0.0576 -0.0878 -0.0071 0.063 
Fund churn ratio 9,332 0.1119 0.0731 0.0384 0.0969 0.2287 
Fund flow 9,332 -0.0067 0.0435 -0.0648 -0.0068 0.0572 
Fund size 9,332 19.5988 2.0046 16.1973 19.7073 22.822 
Fund return 9,157 -0.0078 0.0995 -0.1883 0.0149 0.1381 
Fund liquidity 8,969 0.0044 0.0524 -0.0004 0 0.0439 
Market return 9,332 -0.0072 0.081 -0.1448 -0.0004 0.1282 
Market return volatility 9,332 0.0172 0.0125 0.0049 0.0127 0.0493 

ESG (prospectus)       

Net purchases 375 0.0049 0.0507 -0.0635 0.0017 0.0808 
Fund churn ratio 375 0.083 0.0446 0.021 0.0762 0.1556 
Fund flow 375 0.0071 0.0451 -0.0444 0.0004 0.0816 
Fund size 375 19.1078 1.8125 16.3579 19.1656 22.1605 
Fund return 363 -0.0033 0.0837 -0.1537 0.0172 0.1195 
Fund liquidity 356 0.0104 0.0282 0 0 0.0816 

ESG (four and five globes)       

Net purchases 3,047 -0.0055 0.053 -0.0782 -0.0055 0.0741 
Fund churn ratio 3,047 0.1027 0.0607 0.0376 0.0903 0.2071 
Fund flow 3,047 -0.0026 0.0444 -0.059 -0.0053 0.0707 
Fund size 3,047 19.4982 1.9588 16.3623 19.4791 22.7167 
Fund return 2,998 -0.0033 0.0908 -0.163 0.0155 0.1344 
Fund liquidity 2,952 0.0072 0.0219 0 0 0.0453 

ESG (low carbon designation) 
Net purchases 2,566 -0.0045 0.0482 -0.0638 -0.0055 0.0655 

Fund churn ratio 2,566 0.1018 0.0557 0.0394 0.0896 0.1948 
Fund flow 2,566 -0.0021 0.0404 -0.0463 -0.0058 0.0626 
Fund size 2,566 19.9152 1.9722 16.4693 19.9577 22.9915 
Fund return 2,528 0.0078 0.0863 -0.1346 0.0217 0.1447 
Fund liquidity 2,468 0.0065 0.0176 -0.0002 0 0.0379 
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Appendix Table A1 provides detailed definitions of the interest and control 
variables. Table 1 provides descriptive statistics for our full sample and for subsamples 
by ESG fund designation for the main variables. Note that there are many more funds 
classified as ESG based on globe ratings than there are based on prospectus 
declarations, an indication that more funds have converted to become ESG funds. 

5. Results 

We first report results for fund-level, aggregate net purchases and then report results 
on net purchases of ES and non-ES stocks. 

5.1. Aggregate net purchases 

Table 2 contains the results from six different regressions of fund-level net purchases 
on fund flows, as well as the controls and fixed effects detailed above. In columns (1) 
and (2) we use the fund’s prospectus to identify a fund as an ESG fund. In columns (3) 
and (4) we label a fund as an ESG fund if the fund has four or five Morningstar globe 
ratings, and in columns (5) and (6) the ESG label is given to Morningstar low-carbon-
designated funds. For each ESG fund designation, we report two sets of regressions: 
with and without fund and market returns, ESG index returns, market return volatility 
and fund liquidity. The reason for considering results without these performance 
variables is that they could subsume the crash dummy, since in our short sample the 
crash period coincides with the larger negative returns and higher volatility months 
of the sample. We report robust standard errors, clustered by fund. 

Consider the effect of the control variables first. Note that the results are similar 
across specifications. The results show that all funds sold more stocks (or bought 
fewer) during the crash than they did on average during the sample period, with ESG 
funds selling significantly fewer, as shown by the interaction term crash x ESG, all else 
equal. Outside the crash, fund size has no statistically significant effect for trading, 
after controlling for fund liquidity, with no statistically significant difference between 
ESG and conventional funds (with the exception of large low carbon funds that 
decreased net purchases during the sample relative to conventional funds). However, 
during the crash, larger conventional funds increased their net purchases by more 
than comparable ESG funds. Surprisingly, outside the crash, funds sold more after 
higher past performance, but purchased more stock if they had more liquid assets. 
Market returns had no effect on net purchases but higher volatility of aggregate stock 
market returns was associated with more net sales at the fund level. 

We next turn to the effect of fund flows on the behaviour of ESG and 
conventional funds. Recall that under the null hypothesis of the empirical model 
presented above, a coefficient of one means that the fund keeps a constant 
proportion of stock holdings to TNA (including cash) with every dollar of fund flow. 
Consider first the results shown in column 6 in Table 2 (panels A and B) for low carbon 
funds. Outside the crash months, the estimated coefficient associated with fund flows 
for conventional funds is 0.9760, for which we reject the hypothesis that it is zero at 
the 1% level and cannot reject the hypothesis that it is one at the 1% level. The 
coefficient for ESG funds is marginally smaller (0.0044 smaller). This evidence suggests 
that the empirical model constructed above provides a good characterisation of how 
funds change their stock holdings to TNA ratio in response to fund flows, outside the 
crash. This evidence is consistent with that in Lou (2012). 
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Determinants of mutual fund aggregate net purchases Table 2 

The table reports regressions for net purchases at the fund level (Panel A) and 𝑡𝑡-tests on linear combinations of parameters 
(Panel B). The dependent variable in Panel A is net purchases, total dollar purchases less total dollar sales made by fund 𝑖𝑖 during 
month 𝑡𝑡 as a percentage of the total dollar holdings of fund 𝑖𝑖 at the end of month 𝑡𝑡 − 1. The sample is composed of all US 
actively managed equity funds. The sample period is from January 2020 to June 2020. The variable crash takes the value of one 
in February and March. All variables are defined in the appendix (see Table A1). All models are estimated by ordinary least 
squares and include a constant term, but the coefficient is not reported. Standard errors are White-corrected for 
heteroskedasticity and clustered at the fund level. Quarter and fund fixed effects are included and p–values are in parentheses. 
* indicates significance at 1% (***), 5% (**), 10% (*). 

Panel A: Coefficient 
estimates 

ESG (prospectus) ESG (globe ratings) ESG (low carbon) 
(1) (2) (3) (4) (5) (6) 

Crash -0.0643*** -0.0581*** -0.0674*** -0.0627*** -0.0686*** -0.0624*** 
 (0.009) (0.010) (0.009) (0.010) (0.011) (0.011) 
Crash × ESG 0.0495** 0.0429* 0.0319** 0.0311** 0.0362** 0.0266* 
 (0.022) (0.022) (0.015) (0.015) (0.015) (0.015) 
Crash × fund flow 0.3482*** 0.3090*** 0.3755*** 0.3488*** 0.3916*** 0.3503*** 
 (0.030) (0.028) (0.040) (0.039) (0.037) (0.035) 
Crash × fund flow × ESG 0.0536 0.0805 -0.1046** -0.1047** -0.1595*** -0.1333*** 
 (0.090) (0.101) (0.051) (0.050) (0.048) (0.048) 
Crash × fund size 0.0030*** 0.0028*** 0.0032*** 0.0031*** 0.0033*** 0.0031*** 
 (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) 
Crash × fund size × ESG -0.0023** -0.0020* -0.0016** -0.0016** -0.0018** -0.0014** 
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 
Fund flow 0.9739*** 0.9828*** 0.9720*** 0.9813*** 0.9678*** 0.9760*** 
 (0.022) (0.021) (0.028) (0.028) (0.026) (0.026) 
Fund flow × ESG -0.1072* -0.1104* 0.0103 0.0099 -0.0037 -0.0044 
 (0.058) (0.062) (0.037) (0.037) (0.032) (0.033) 
Fund size 0.0204*** 0.0022 0.0218*** 0.0027 0.0275*** 0.0102* 
 (0.006) (0.007) (0.005) (0.004) (0.006) (0.006) 
Fund size × ESG -0.0023 -0.0047 -0.0168 -0.0155 -0.0315* -0.0334* 
 (0.013) (0.015) (0.014) (0.014) (0.018) (0.018) 
Fund return  -0.0455***  -0.0450***  -0.0477*** 
  (0.016)  (0.016)  (0.016) 
Crash × fund return  0.0225  0.0166  0.0157 
  (0.033)  (0.031)  (0.033) 
Market return  -0.0047  0.0056  -0.0078 
  (0.024)  (0.025)  (0.024) 
Market return volatility  -0.6591***  -0.6587***  -0.6784*** 
  (0.086)  (0.086)  (0.086) 
S&P 500 ESG index return  -0.0406  -0.0519  -0.0465 
  (0.032)  (0.033)  (0.034) 
Fund liquidity  0.1211*  0.2126***  0.1206* 
  (0.069)  (0.061)  (0.069) 
Crash × fund liquidity  0.0866***  0.0687  0.0858*** 
  (0.026)  (0.073)  (0.026) 
Observations 9,332 8,801 9,219 8,700 9,330 8,799 
R-squared 0.752 0.771 0.771 0.786 0.753 0.772 
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The crash months see a dramatic change in the trading intensities of all ESG and 
conventional funds, but especially for the ESG prospectus and conventional funds. In 
column 6, conventional funds increased their buying of stocks per unit of inflow by 
0.3503 relative to normal times, and low carbon funds increased their buying of stocks 
per unit of inflow by 0.2170 relative to normal times.11 The differential change is 
−0.1333 and is statistically significant at the 1% level. This means that low carbon 
funds were less aggressive buyers when they experienced inflows during the crash, 
but, more importantly, they were also less aggressive sellers when they faced 
redemptions, relative to conventional funds. We interpret this evidence as suggestive 
of a greater resilience of low carbon funds, especially when combined with the 
evidence in Graphs 1–3 (and in Pástor and Vorsatz (2020)) showing that ESG funds 
experienced relatively lower outflows than conventional funds during the crash, and 
even obtained inflows on average at least in April. The results obtained when we use 
Morningstar’s globe ratings to classify ESG funds (see column 4, panels A and B) are 
almost identical to those of low carbon funds. 

Results differ significantly, however, for ESG funds based on their prospectus 
designations (see column 2, panels A and B). The evidence shows that during normal 
times ESG prospectus funds were buying stock less than one-to-one of fund inflows, 
but conventional funds kept their stocks holdings to TNA constant. In addition, during 
the crash months ESG prospectus funds’ trading intensities increased so much that 
they became equal to those of conventional funds (both fund types increased their 
stock holdings relative to TNA significantly). This difference in behaviour for ESG 
prospectus funds, and other differences we note below, may be indicative of 
greenwashing. 

5.2. Net purchases of ES and non-ES stocks 

In this subsection, we separate net purchases of ES stocks from net purchases of non-
ES stocks for each fund in order to estimate equation 7. The results are in Table 3. In 
the two columns labelled (1), we use the fund’s own prospectus designation, in the 
next two columns, labelled (2), ESG funds have four or five Morningstar globe ratings, 
and in the final two columns, labelled (3), we label as ESG funds all those with a low 
carbon designation. For each ESG/non-ESG fund designation, we report results for 
net purchases of non-ES stocks and net purchases of ES stocks. The regressions 
include fund fixed effects and quarter times stock-portfolio fixed effects, as well as 

 
11 The significant increase in trading intensity, especially for conventional funds, is consistent with a 

decline in fund cash and equivalents on average throughout 2020, per unit of inflow. 

  Panel B: 𝑡𝑡-tests on linear combinations of parameters 
  Sensitivity of net purchases by non-ESG funds to: 
  Fund flow/normal 0.9739*** 0.9828*** 0.9720*** 0.9813*** 0.9678*** 0.9760*** 
  Fund flow/crash 1.3221*** 1.2918*** 1.3474*** 1.3301*** 1.3594*** 1.3263*** 
  Sensitivity of net purchases by ESG funds to: 
  Fund flow/normal 0.8666*** 0.8724*** 0.9823*** 0.9912*** 0.9641*** 0.9716*** 
  Fund flow/crash 1.2685*** 1.2619*** 1.2532*** 1.2354*** 1.1962*** 1.1886*** 
  Diff-in-diff (crash-normal): 
  Non-ESG funds/fund flow 0.3482*** 0.3090*** 0.3755*** 0.3488*** 0.3916*** 0.3503*** 
  ESG funds/fund flow 0.4019*** 0.3895*** 0.2709*** 0.2441*** 0.2321*** 0.2170*** 
  ESG - non-ESG/fund flow 0.0536 0.0805 -0.1046** -0.1047** -0.1595*** -0.1333*** 
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the stock-portfolio controls listed above. We report robust standard errors clustered 
by fund. 

The results across columns 1 to 3 are similar with regard to the control variables. 
Starting with the fund-level controls, the crash dummy variable on its own does not 
capture any additional trading in either ES stocks or non-ES stocks. The effect of fund  

 

Determinants of mutual fund net purchases of ES and non-ES stocks Table 3 

The table reports regressions for net purchases at the fund level (Panel A) and 𝑡𝑡-test on linear combinations of parameters 
(Panel B). The dependent variables in Panel A are net purchases of ES stocks and of non-ES stocks. The sample is composed of 
all US actively managed equity funds. The sample period is from January 2020 to June 2020. The variable crash takes the value 
of one in February and March. All variables are defined in the appendix (see Table A1). All models are estimated by ordinary 
least squares and include a constant term, but the coefficient is not reported. Standard errors are White-corrected for 
heteroskedasticity and clustered at the fund level. Quarter and fund fixed effects are included and p–values are in parentheses. 
* indicates significance at 1% (***), 5% (**), 10% (*). 

Panel A: Coefficient 
estimates 

ESG (prospectus) ESG (globe ratings) ESG (low carbon) 
(1) (2) (3) 

 non-ES ES non-ES ES non-ES ES 
Crash 0.0312 -0.0158 0.0013 -0.0020 0.0318 -0.0162 
 (0.022) (0.029) (0.022) (0.032) (0.023) (0.031) 
Crash × ESG 0.1059 -0.0567 0.0519** -0.0297 0.0185 -0.0030 
 (0.072) (0.051) (0.025) (0.033) (0.025) (0.030) 
Crash × fund Flow 0.3017*** 0.3295*** 0.3129*** 0.4272*** 0.2947*** 0.4306*** 
 (0.041) (0.054) (0.052) (0.071) (0.048) (0.066) 
Crash × fund Flow × ESG 0.3487* -0.1762 0.0245 -0.2813*** 0.1118 -0.3730*** 
 (0.200) (0.123) (0.086) (0.098) (0.092) (0.093) 
Crash × fund size 0.0014** 0.0004 0.0022*** -0.0001 0.0014* 0.0005 
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 
Crash × fund size × ESG -0.0053 0.0031 -0.0025** 0.0012 -0.0009 -0.0003 
 (0.004) (0.003) (0.001) (0.002) (0.001) (0.001) 
Fund flow 1.0552*** 0.7692*** 1.0579*** 0.7361*** 1.0533*** 0.7209*** 
 (0.021) (0.038) (0.026) (0.048) (0.026) (0.047) 
Fund flow × ESG -0.0216 -0.0682 -0.0109 0.1002 -0.0003 0.1558*** 
 (0.171) (0.081) (0.048) (0.067) (0.046) (0.060) 
Fund size -0.0097** 0.0139* -0.0122** 0.0183** -0.0099* 0.0181** 
 (0.005) (0.008) (0.006) (0.009) (0.006) (0.008) 
Fund size × ESG -0.0166 -0.0254 0.0038 -0.0143 -0.0004 -0.0205 
 (0.026) (0.020) (0.009) (0.014) (0.010) (0.014) 
Fund return -0.0370*** -0.0334** -0.0348*** -0.0327** -0.0383*** -0.0358** 
 (0.011) (0.016) (0.011) (0.016) (0.011) (0.016) 
Crash × fund return -0.0035 0.0837 -0.0052 0.0982 -0.0073 0.1075 
 (0.041) (0.072) (0.041) (0.073) (0.044) (0.076) 
Market return -0.0594 -0.0856 -0.0617 -0.0810 -0.0632 -0.0871 
 (0.044) (0.056) (0.044) (0.056) (0.044) (0.056) 
Market return volatility -0.8712*** -0.1543 -0.8591*** -0.1289 -0.8821*** -0.1240 
 (0.119) (0.170) (0.120) (0.171) (0.121) (0.171) 
S&P 500 ESG index return 0.0254 -0.0172 0.0320 -0.0212 0.0247 -0.0270 
 (0.047) (0.058) (0.047) (0.058) (0.047) (0.058) 
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size is positive for ES stocks and negative for non-ES stocks (to reconcile with a 
negative effect on aggregate net purchases, one must consider the shares of ES and 
non-ES stocks in each fund), and is similar for ESG funds. As with aggregate net 
purchases, funds sold more ES and non-ES stocks after funds’ own performance had 
been high during normal times. Market volatility decreases net purchases for non-ES 
stocks, but not for ES stocks – a sign of the resilience of ES stocks. 

We turn now to the stock-level controls. Portfolios whose stocks have high 
leverage experienced increased sales during the crash but only for non-ES stocks. 
These findings are consistent with Ramelli and Wagner (2020) who show that stocks 
with higher leverage experienced larger price declines, and with Albuquerque et al 
(2020) who show that stocks with higher ES ratings experienced smaller price declines 
during the crash, even after controlling for firm leverage. In contrast, outside the 
crash, portfolios with stocks that have lower liquid assets are associated with 
increased net purchases, but only for ES stocks. 

Fund liquidity -0.1016 0.1238 -0.0466 0.3549*** -0.1006 0.1240 
 (0.127) (0.103) (0.119) (0.112) (0.126) (0.103) 
Crash × fund liquidity -0.0094 -0.0009 -0.0095 -0.0849 -0.0100 -0.0007 
 (0.058) (0.070) (0.060) (0.075) (0.058) (0.069) 
Firm churn ratio 0.1976 0.2143 0.1362 0.2273 0.1984 0.2425 
 (0.139) (0.322) (0.133) (0.321) (0.139) (0.322) 
Crash × firm churn ratio -0.1916* 0.0108 -0.0843 0.0127 -0.1931* -0.0012 
 (0.099) (0.110) (0.081) (0.111) (0.100) (0.109) 
Firm leverage 0.0768 -0.0372 0.0772 -0.0439 0.0834 -0.0387 
 (0.080) (0.111) (0.081) (0.111) (0.080) (0.110) 
Crash × firm leverage -0.0621*** 0.0052 -0.0599*** 0.0053 -0.0643*** 0.0063 
 (0.018) (0.025) (0.018) (0.026) (0.018) (0.025) 
Firm liquidity -0.0284 -0.2375* -0.0349 -0.2359* -0.0287 -0.2448* 
 (0.073) (0.142) (0.073) (0.143) (0.073) (0.143) 
Crash × firm liquidity -0.0204 0.0138 -0.0239 0.0121 -0.0217 0.0197 
 (0.016) (0.025) (0.016) (0.025) (0.016) (0.027) 
Observations 16,805 16,675 16,801 
R-squared 0.489 0.491 0.489 

  Panel B: 𝑡𝑡-tests on linear combinations of parameters 
  Sensitivity of net purchases of: 

 non-ES ES non-ES ES non-ES ES 
 (1) (2) (3) (4) (5) (6) 
  By non-ESG funds to:       
  Fund flow/normal 1.0552*** 0.7692*** 1.0579*** 0.7361*** 1.0533*** 0.7209*** 
  Fund flow/crash 1.3569*** 1.0987*** 

 
1.3708*** 1.1633*** 1.3480*** 1.1514*** 

  By ESG funds to: 
  Fund flow/normal 1.0336*** 0.7010*** 1.0469*** 0.8363*** 1.0530*** 0.8767*** 
  Fund flow/crash 1.6840*** 0.8544*** 1.3843*** 

 
0.9822*** 

 
1.4596*** 0.9342*** 

  Diff-in-diff (crash-normal): 
  Non-ESG funds/fund flow 0.3017*** 0.3295*** 0.3129*** 0.4272*** 0.2947*** 0.4306*** 
  ESG funds/fund flow 0.6504*** 0.1533 0.3374*** 0.1459** 0.4066*** 0.0575 
  ESG - non-ESG/fund flow 0.3487* -0.1762 0.0245 -0.2813*** 0.1118 -0.3730*** 
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Next consider the estimated coefficients associated with fund flows, and for now 
focus on columns 5 and 6 in panels A and B. For conventional funds, during normal 
times, the sensitivity of net purchases of ES stocks to fund flows is 0.7209, which is 
statistically smaller than one, whereas the sensitivity of net purchases of non-ES 
stocks to fund flows is 1.0533, which is not statistically larger than one. The trading 
intensities of low carbon funds during normal times are similar, with the exception 
that low carbon funds bought more ES stock per unit of inflow (a difference of 0.1558, 
significant at 1% level). The fact that the sensitivity of net purchases of ES stocks to 
flows is lower than of non-ES stocks during normal times (which in our sample is 
identified as January and April to June) means that the share of ES stocks grows for 
all funds given the average outflows during the same period (see Graph 3 for low 
carbon ESG funds). 

During the crash, though, low carbon funds kept their share of ES stocks constant 
(sensitivity of 0.9342, insignificantly different from one), whereas conventional funds 
increased the sensitivity of net purchases of ES stocks to fund flows significantly to 
1.1514. The difference-in-differences coefficient is −0.3730, representing the 
additional sensitivity for conventional funds during the crash. Both fund types 
increased their trading intensities for non-ES stocks during the crash: the increase for 
conventional funds is 0.2947 and for low carbon funds 0.4066, both significant at 1% 
level (the difference of 0.1118 is not statistically significant). Since conventional funds 
mostly experienced outflows, these results suggest that conventional funds were on 
average selling both ES and non-ES stocks. For non-ES stocks, the trading intensities 
of both low carbon and conventional funds increased by about the same amount 
resulting in no difference in behaviour from prior to the crash to the crash period 
across the fund types. Overall, these results support the hypothesis that ESG (low 
carbon designated) funds demonstrated stability towards ES stocks during the crash, 
but they also significantly increased net purchases for non-ES stocks when they 
experienced inflows, which for low carbon funds happened in April and May. Thus, 
the evidence supports the view that ESG funds provided support for ES stocks during 
the crash. 

The results above are confirmed when we split fund flows into inflows (ie positive 
fund flows) and outflows (ie the symmetric of negative fund flows) for each fund type 
(see Table OA.2 in the online appendix). For low carbon funds, their trading intensities 
stay the same for ES stocks during the crash compared with normal times for both 
inflows and outflows. Conventional funds bought more ES stocks during the crash 
when they encountered inflows (an increase of 0.5724, significant at 1% level), but 
they also, more importantly, sold more ES stocks when the funds experienced 
outflows (an increase of 0.3001, significant at 1% level). For non-ES stocks, both low 
carbon and conventional funds bought more during the crash when the funds 
experienced inflows (0.3962 and 0.2066, respectively, both significant at 1% level). 
Likewise, both fund types sold more non-ES stocks during the crash when the funds 
had outflows (−0.3592 and −0.3921, respectively, both significant at 1% level). As with 
the results in Table 2, the results do not change in any material way if instead we 
classify ESG funds using globe ratings (columns 3 and 4). 

Again, differences arise when the funds’ prospectus designation is used (columns 
1 and 2). ESG prospectus funds changed their trading intensities of ES stocks during 
the crash in the same direction and magnitude as conventional funds, with the 
difference-in-differences coefficient estimate equal to 0.1762 that we cannot reject as 
equal to zero. In addition, ESG prospectus funds bought more non-ES stocks per unit 
of fund flows during the crash compared with conventional funds (the difference-in-
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difference coefficient is 0.3487, significant at 10% level), increasing their share of non-
ES stocks in their portfolios as these funds experienced inflows on average during the 
sample period. This behaviour is consistent with greenwashing as it runs counter to 
the funds’ stated purposes. 

6. Alternative hypotheses and robustness checks 

6.1. Morningstar star funds 

We next investigate the possibility that funds with a high globe rating and low-
carbon-designated funds behaved differently, because these funds encountered 
lower outflows or even some inflow during the crash. We do this by comparing the 
trading behaviour of star-rated funds with that of all ESG funds, since funds with high 
star ratings experienced lower outflows on average during the crash – five-star funds 
even received small amounts of inflows. Similarly to non-ESG funds, funds with low 
star ratings experienced significant outflows on average (see Pástor and Vorsatz 
(2020)). 

Table 4 contains the results. Columns 1 and 2 replicate the estimations in Table 2 
and the two columns under the label 3 replicate the estimations conducted in Table 3. 

Considering columns 1 and 2, we observe significant changes in trading 
intensities during the crash in response to fund flows for low-rated star funds, but no 
statistically significant changes for high-rated star funds. Focusing on the critical 
difference-in-differences parameter, we find, however, no significant difference 
across low-rated and high-rated star funds. When comparing trading intensities for 
non-ES and ES stocks (columns 3 and 4), the increases are of the same magnitude 
during the crash: the difference in the change in trading intensities across funds is 
0.0019 for non-ES stocks and −0.0276 for ES stocks, none of which are significantly 
different from zero. Thus there are no differences in trading behaviour across low and 
high star funds during the crash compared with normal times for aggregate fund 
purchases, as well as between ES and non-ES stocks. This provides a clear contrast to 
ESG and conventional fund behaviour differences during the crash: funds with high 
globe ratings and low carbon funds exhibited stable trading behaviour towards ES 
stocks, whereas conventional funds and ESG prospectus funds increased their trading 
intensities for ES stocks, with a statistically significant difference between the two fund 
groups. 
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Net purchases by star rated funds Table 4 

The table reports regressions for net purchases at the fund level (Panel A) and 𝑡𝑡-test on linear combinations of parameters (Panel 
B). In columns (1) and (2), the dependent variable is aggregate net purchases, in column (3) it is net purchases of non-ES stocks, 
and in column (4) it is net purchases of ES stocks. The sample is composed of all US actively managed equity funds. The sample 
period is from January 2020 to June 2020. The variable crash takes the value of one in February and March. All variables are defined 
in the appendix (see Table A1). All models are estimated by ordinary least squares and include a constant term, but the coefficient 
is not reported. Standard errors are White-corrected for heteroskedasticity and clustered at the fund level. Quarter and fund fixed 
effects are included and p–values are in parentheses. * indicates significance at 1% (***), 5% (**), 10% (*). 

Panel A: Coefficient estimates Star ratings 
(1) (2) (3) 

   non-ES ES 
Crash -0.0663*** -0.0591*** 0.0172 -0.0181 
 (0.010) (0.010) (0.022) (0.031) 
Crash × high-rated funds -0.0772 -0.0532 0.0042 -0.1310 
 (0.062) (0.059) (0.061) (0.111) 
Crash × fund Flow 0.3925*** 0.3487*** 0.3475*** 0.3467*** 
 (0.030) (0.028) (0.047) (0.057) 
Crash × fund flow × high-rated 
funds 

-0.2606 -0.2518 0.0019 -0.0276 

 (0.178) (0.179) (0.195) (0.268) 
Crash × fund size 0.0032*** 0.0030*** 0.0013* 0.0004 
 (0.000) (0.000) (0.001) (0.001) 
Crash × fund size × high-rated funds 0.0039 0.0026 -0.0002 0.0069 

 (0.003) (0.003) (0.003) (0.006) 
Fund flow 0.9416*** 0.9555*** 1.0449*** 0.7679*** 
 (0.016) (0.017) (0.021) (0.040) 
Fund flow × high-rated funds 0.2787 0.2882 -0.0549 -0.0624 
 (0.203) (0.205) (0.167) (0.205) 
Fund size 0.0194*** 0.0001 -0.0130** 0.0178** 
 (0.007) (0.008) (0.005) (0.008) 
Fund size × high-rated funds 0.0262* 0.0233* 0.0044 -0.0111 
 (0.013) (0.013) (0.023) (0.026) 
Fund return  -0.0435*** -0.0357*** -0.0318* 
  (0.017) (0.011) (0.017) 
Crash × fund return  0.0226 0.0073 0.0681 
  (0.034) (0.043) (0.072) 
Market return  -0.0083 -0.0945** -0.0587 
  (0.025) (0.047) (0.057) 
Market return volatility  -0.6521*** -0.8643*** -0.1865 
  (0.092) (0.125) (0.168) 
S&P 500 ESG index return  -0.0307 0.0612 -0.0370 
  (0.034) (0.050) (0.059) 
Fund liquidity  0.1170 -0.2135* 0.4207*** 
  (0.074) (0.120) (0.138) 
Crash × fund liquidity  0.0662** -0.0188 -0.1028 
  (0.034) (0.055) (0.085) 
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6.2. Fund investment horizon 

Investor horizon is another mechanism for fund loyalty towards ES stocks. The basic 
hypothesis is motivated by the work of Cella et al (2013), who show that during 
market turmoil periods, long-term institutional investors trade their holdings less 
than other investors. As long-term investors tend to have a preference for ES stocks 
(Starks et al (2017)), it appears reasonable to hypothesise that investor loyalty towards 
ES stocks is tied to investors’ trading horizon. 

Following Cella et al (2013), we proxy the trading horizon of institutional 
investors by their churn ratio, a portfolio turnover measure formalised by Gaspar et 
al (2005), and denote it by fund churn ratio to distinguish from the stock-level churn 
ratio variable.12 A high fund churn ratio indicates a short trading horizon by the fund’s 

 
12 For each mutual fund, we compute the churn ratio every month. The trading horizon is then measured 

by the average churn ratio over the last 36 months (a minimum of 25 months is required). See 
Appendix A for a complete definition of fund churn ratio. By averaging across different stocks held 
by a mutual fund, the churn ratio removes idiosyncratic firm-level shocks that may affect investors’ 

 

Firm churn ratio   0.1238 0.3384 
   (0.140) (0.335) 
Crash × firm churn ratio   -0.0960 -0.0071 
   (0.080) (0.110) 
Firm leverage   0.0885 -0.0626 
   (0.083) (0.114) 
Crash × firm leverage   -0.0531*** 0.0170 
   (0.019) (0.026) 
Firm liquidity   -0.0323 -0.2394 
   (0.075) (0.147) 
Crash × firm liquidity   -0.0172 0.0175 
   (0.017) (0.026) 
Observations 8,609 8,260 15,798 
R-squared 0.752 0.767 0.485 
Panel B: 𝑡𝑡-tests on linear combinations of parameters 
  Sensitivity of net purchases of: 
   non-ES ES 
 (1) (2) (3) (4) 

  By low-rated funds to: 
Fund flow/normal 0.9416*** 0.9555*** 1.0449*** 0.7679*** 
Fund flow/crash 1.3342*** 1.3042*** 1.3925*** 1.1146*** 

  By high-rated funds to: 
Fund flow/normal 1.2203*** 1.2438*** 0.9900*** 0.7055*** 
Fund flow/crash 1.3523*** 1.3406*** 1.3395*** 1.0246*** 

  Diff-in-diff (crash-normal): 
Low-rated funds/fund flow 0.3925*** 0.3487*** 0.3475*** 0.3467*** 
High-rated funds/fund flow 0.1319 0.0968 0.3495* 0.3191 
High-rated–low-rated funds/fund 
flow 

-0.2606 -0.2518 0.0019 -0.0276 
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investors. Table 1 shows that the average fund churn ratio for all mutual funds in our 
sample is 0.1119. The fund churn ratio is lower for all ESG funds, but especially for 
ESG prospectus funds (0.083 for ESG prospectus funds, 0.1027 for those with high 
globe ratings and 0.1018 for funds with low carbon designation). Hence, conventional 
funds have on average shorter trading horizons, consistent with Starks et al (2017). 

For brevity, in Table 5 we present the results for net purchases of ES stocks and 
of non-ES stocks and omit the results for aggregate net purchases. Fund investor 
horizon appears to matter most for low carbon designation funds (column 3). In 
particular, during the sample period, conventional funds with longer-term investors 
(lower churn ratio) sold more ES stocks. Low carbon funds behaved in the opposite 
way: they sold more non-ES stocks and bought more ES stocks. This behaviour did 
not significantly change during the crash period. To see the effect that adding fund 
churn ratio has on our main variable of interest, fund flows, we again focus on the 
difference-in-differences coefficient, which can be read from the triple interaction, 
crash dummy x fund flows x ESG dummy. Again, the results show that trading 
intensities of high globe, low carbon and conventional funds changed dramatically 
and in a similar way during the crash for non-ES stocks, but for ES stocks the change 
in trading intensity during the crash for ESG funds was significantly smaller than that 
for conventional funds. 

As in the previous results, ESG prospectus funds displayed significantly different 
behaviour than other ESG funds. ESG prospectus funds with fewer long-term investors 
(high churn ratio) bought considerably more non-ES stocks. Looking at the triple 
interaction crash dummy x fund flows x ESG dummy, we can see that ESG prospectus 
funds bought more non-ES stocks than conventional funds during the crash. Adding 
fund churn ratio to the regression did not alter the result that we obtained earlier. 
The results confirm once more that ESG prospectus funds’ trading behaviour is 
consistent with greenwashing. 

  

 
holding periods. At the same time, by averaging over a long time period, we mitigate the effect of 
investor-specific shocks that may generate deviations in the investor’s holding period from its 
preferred horizon. 
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Investor horizon and net purchases of ES and non-ES stocks Table 5 

The table reports regressions for net purchases at the fund level (Panel A) and 𝑡𝑡-test on linear combinations of parameters 
(Panel B). The dependent variables in Panel A are net purchases of ES stocks and of non-ES stocks. The sample is composed of 
all US actively managed equity funds. The sample period is from January 2020 to June 2020. The variable crash takes the value 
of one in February and March. All variables are defined in the appendix (see Table A1). All models are estimated by ordinary 
least squares and include a constant term, but the coefficient is not reported. Standard errors are White-corrected for 
heteroskedasticity and clustered at the fund level. Quarter and fund fixed effects are included and p–values are in parentheses. 
* indicates significance at 1% (***), 5% (**), 10% (*). 

Panel A: Coefficient 
estimates 

ESG (prospectus) ESG (globe ratings) ESG (low carbon) 
(1) (2) (3) 

 non-ES ES non-ES ES non-ES ES 
Crash 0.0368* -0.0151 0.0021 -0.0067 0.0374 -0.0145 
 (0.022) (0.029) (0.024) (0.031) (0.023) (0.031) 
Crash × ESG 0.1199* -0.0751 0.0672** -0.0185 0.0046 -0.0006 
 (0.072) (0.054) (0.027) (0.034) (0.028) (0.031) 
Crash × fund flow 0.3051*** 0.3298*** 0.3133*** 0.4267*** 0.3014*** 0.4324*** 
 (0.041) (0.055) (0.052) (0.071) (0.048) (0.066) 
Crash × fund flow × ESG 0.3626* -0.1813 0.0330 -0.2775*** 0.1002 -0.3733*** 
 (0.197) (0.124) (0.084) (0.098) (0.092) (0.094) 
Crash × fund size -0.0725** -0.0013 -0.0294 0.0177 -0.0891** -0.0052 
 (0.033) (0.024) (0.033) (0.038) (0.038) (0.027) 
Crash × fund size × ESG -0.1815 0.1213 -0.0875 -0.0567 0.0643 -0.0097 
 (0.165) (0.105) (0.068) (0.053) (0.055) (0.048) 
Fund flow 0.0010 0.0004 0.0021*** 0.0000 0.0010 0.0005 
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 
Fund flow × ESG -0.0054 0.0035 -0.0029** 0.0009 -0.0005 -0.0004 
 (0.003) (0.003) (0.001) (0.002) (0.001) (0.001) 
Fund size 1.0532*** 0.7686*** 1.0571*** 0.7363*** 1.0509*** 0.7180*** 
 (0.021) (0.038) (0.026) (0.048) (0.026) (0.047) 
Fund size × ESG -0.0100 -0.0691 -0.0153 0.0994 0.0074 0.1524** 
 (0.176) (0.078) (0.046) (0.067) (0.046) (0.061) 
Fund return -0.0899 0.0864 -0.0738 0.1126 -0.1311 0.1852** 
 (0.104) (0.091) (0.126) (0.132) (0.117) (0.091) 
Crash × fund return 0.0031 0.0838 -0.0022 0.0971 0.0037 0.1090 
 (0.041) (0.073) (0.041) (0.073) (0.043) (0.076) 
Market return -0.0629 -0.0862 -0.0631 -0.0817 -0.0674 -0.0883 
 (0.044) (0.056) (0.044) (0.056) (0.044) (0.056) 
Market return volatility -0.8577*** -0.1516 -0.8531*** -0.1292 -0.8701*** -0.1040 
 (0.120) (0.171) (0.120) (0.172) (0.121) (0.170) 
S&P 500 ESG index return 0.0297 -0.0174 0.0334 -0.0206 0.0269 -0.0236 
 (0.047) (0.058) (0.047) (0.058) (0.047) (0.058) 
Fund liquidity -0.0982 0.1261 -0.0491 0.3509*** -0.0978 0.1286 
 (0.122) (0.103) (0.116) (0.113) (0.120) (0.102) 
Crash × fund liquidity -0.0081 -0.0005 -0.0139 -0.0871 -0.0033 -0.0045 
 (0.058) (0.071) (0.057) (0.074) (0.059) (0.070) 
Firm churn ratio 0.1775 0.2113 0.1328 0.2284 0.1721 0.2311 
 (0.135) (0.322) (0.132) (0.320) (0.135) (0.322) 
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6.3. Sample with longer time series 

We redo the main analysis extending the sample period by 12 months, back to 
January 2019. We conduct this analysis in order to potentially better control for any 
prior trends for funds that were classified as ESG and non-ESG in the main sample 
period. The longer sample also allows us to benchmark our results to the 
corresponding months of 2019. The shorter time series of the first half of 2020 
constitute our main focus, in order to be compatible with other papers on Covid-19 
that share the goal of better isolating the crisis. The longer data set from January 2019 
to June 2020 (in which we use December 2018 to calculate the first net sales 
observations) leads to more than triple the number of fund-month observations from 
about 16,000 in Table 3 to around 53,000 in the new results. The Morningstar data 
that we have lacks the historical values of the firm-level variables that we use to 
construct several stock-level controls and so the regressions we present omit these 
controls. 

Crash × firm churn ratio -0.1059 0.0085 -0.0342 0.0133 -0.0956 0.0010 
 (0.082) (0.111) (0.084) (0.113) (0.081) (0.110) 
Firm leverage 0.0807 -0.0374 0.0763 -0.0445 0.0819 -0.0375 
 (0.080) (0.111) (0.081) (0.110) (0.080) (0.110) 
Crash × firm leverage -0.0624*** 0.0053 -0.0603*** 0.0057 -0.0638*** 0.0060 
 (0.018) (0.025) (0.018) (0.026) (0.018) (0.025) 
Firm liquidity -0.0351 -0.2389* -0.0411 -0.2393* -0.0372 -0.2432* 
 (0.073) (0.142) (0.073) (0.143) (0.073) (0.143) 
Crash × firm liquidity -0.0172 0.0136 -0.0209 0.0119 -0.0180 0.0201 
 -0.1059 0.0085 -0.0342 0.0133 -0.0956 0.0010 
Observations 16,805 16,675 16,801 
R-squared 0.49 0.492 0.49 

  Panel B: 𝑡𝑡-tests on linear combinations of parameters 
  Sensitivity of net purchases of: 

 non-ES ES non-ES ES non-ES ES 
 (1) (2) (3) (4) (5) (6) 
  By non-ESG funds to:       
  Fund flow/normal 1.0532*** 0.7686*** 1.0571*** 0.7363*** 1.0509*** 0.7180*** 
  Fund flow/crash 1.3584*** 1.0985*** 1.3703*** 1.1630*** 1.3523*** 1.1504*** 
  Fund churn ratio/normal -0.0899 0.0864 -0.0738 0.1126 -0.1311 0.1852** 
  Fund churn ratio/crash -0.1624 0.0852 -0.1032 0.1303 -0.2202* 0.1801* 
  By ESG funds to: 
  Fund flow/normal 1.0432*** 0.6996*** 1.0418*** 0.8357*** 1.0583*** 0.8704*** 
  Fund flow/crash 1.7110*** 0.8481*** 1.3881*** 0.9849*** 1.4599*** 0.9295*** 
  Fund churn ratio/normal 1.3045** -0.2488 0.1367 -0.0874 0.3242* -0.3886 
  Fund churn ratio/crash 1.0505* -0.1288 0.0198 -0.1263 0.2994* -0.4034 
  Diff-in-diff (crash-normal): 
  Non-ESG funds/fund flow 0.6678*** 0.1485 0.3462*** 0.1492** 0.4016*** 0.0590 
  ESG funds/fund flow 0.3626* -0.1813 0.0330 -0.2775*** 0.1002 -0.3733*** 
  ESG - non-ESG/fund flow -0.0725** -0.0013 -0.0294 0.0177 -0.0891** -0.0052 
  non-ESG funds/fund flow -0.2540 0.1200 -0.1169* -0.0390 -0.0248 -0.0148 
  ESG funds/fund flow -0.1815 0.1213 -0.0875 -0.0567 0.0643 -0.0097 
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We proceed with some re-definitions. ESG funds are classified in the following 
way: prospectus definitions are unchanged; globe rating and low carbon designation 
definitions are fixed in windows of six months – that is, we use the December 2018 
values of these variables to classify funds from January 2019 to June 2019, then use 
the June 2019 value to classify funds from July 2019 to December 2019, and so on. 
Note that because the fund-ESG classification changes when we use the extended 
time series, we include a fund-ESG dummy in the regressions where we also employ 
fund fixed effects. Firms are classified as ES firms based on the last available 
observation before January 2019, which is then kept fixed for the full sample. 

The results from these robustness tests are virtually the same as in the main 
analysis and a table with these results can be found in the online appendix. Again, 
focusing on the difference-in-differences coefficient associated with the triple 
interaction crash dummy x fund flows x ESG dummy, the results show that funds with 
high globe ratings, funds with a low carbon designation and conventional funds 
significantly increased net purchases of non-ES stocks per unit of fund flow during 
the crash. However, only conventional funds increased net purchases of ES stocks per 
unit of fund flow during the crash. Recalling that conventional funds experienced 
outflows the most, these results suggest that conventional funds sold, on average, 
non-ES stocks and ES stocks during the crash. In contrast, because funds with high 
globe ratings and low carbon funds encountered lower outflows and even saw a 
rebound in flows in April, they show stability towards ES stocks and some buying of 
non-ES stocks, at least in April (and also May for low carbon funds). In contrast, ESG 
prospectus funds bought significantly more non-ES stocks and to a lesser extent ES 
stocks, thus tilting their portfolios towards non-ES stocks. 

6.4. Defining crash dummy using only March 

The Covid-19 stock market crash started at the end of February and continued to the 
third week of March. An alternative definition of the crash dummy is to assign only 
the value of one to the month of March. Graphs 2 and 3 show that outflows from 
conventional funds are more pronounced in March, but also that funds with high 
globe ratings and low carbon funds experienced outflows. This is especially true for 
the low carbon funds, that encountered even more outflows than conventional funds 
at that point. ESG prospectus funds encountered inflows throughout the whole 
period, including March (see Graph 1). A Table with the results can be found in the 
online appendix. The results show that, if anything, there is a slightly bigger change 
in trading intensities for conventional funds for both ES and non-ES stocks, and for 
ESG funds for non-ES stocks. However, low carbon funds displayed no change in 
trading intensity from pre-crash to crash for ES stocks, whereas funds with high globe 
ratings and ESG prospectus funds increased their trading intensity for ES stocks. 

Conclusions 

This paper looks at different ESG classifications of US actively managed mutual funds. 
The paper provides evidence that not all ESG funds are created equal, with ESG 
prospectus funds’ trading strategies differing from those of funds with high globe 
ratings and low carbon designation funds during the Covid stock market collapse. In 
this paper, we use the exogenous stock market crash of February and March 2020 as 
a quasi-natural experiment to study changes in trading behaviour across ESG funds 
and conventional funds during a significant market downturn. Overall, the results are 
consistent with funds with high globe ratings and low carbon designation funds living 
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up to their ESG ratings. Prospectus-based ESG designated funds display a pattern of 
trading similar to conventional funds in response to fund flows, which is suggestive 
of greenwashing. These results shed light on why ESG funds performed relatively well 
during the crash: they kept their ES stock portfolio share constant, while at the same 
time selling more of their underperforming non-ES stocks or, when receiving inflows, 
opportunistically buying non-ES stocks. It would be interesting to examine these 
issues and mechanisms using European actively managed equity mutual fund data as 
ESG investing is more prevalent in Europe and actively managed funds are more 
dominant than they are in the United States. We leave that for further study. 
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Appendix 

 

Variable definitions Table A1 
 

Crash A dummy variable that takes a value of one during February and March 
2020 (when global financial markets collapsed) and zero otherwise. 

ESG globe 
rating 

A dummy variable that takes a value of one if the fund receives, at 
December 2019, a sustainability rating of four or five globes, and zero 
otherwise. Morningstar assigns sustainability ratings by ranking all scored 
funds within a Morningstar Global Category by their Historical 
Sustainability Scores. The ranked funds are then divided into five groups, 
based on a normal distribution, and each receives a rating from “high” to 
“low.” Percentile rank rating depiction: high – five globes (top 10%); above 
average – four globes (next 22.5%); average – three globes (next 35%); 
below average – two globes (next 22.5%); low – one globe (bottom 10%). 
Source: Morningstar Direct. 

ESG low 
carbon 
designation 

A dummy variable that takes a value of one if the fund has a low carbon 
designation at December 2019, and zero otherwise. This is based on two 
metrics, Morningstar Portfolio Carbon Risk Score and The Morningstar 
Portfolio Fossil Fuel Involvement. Funds may receive the low carbon 
designation, which allows investors to easily identify low carbon funds 
within the global universe. To receive the designation, a fund must have a 
12-month average portfolio carbon risk score below 10 and a 12-month 
average fossil fuel involvement by fewer than 7% of assets. Source: 
Morningstar Direct. 

ESG 
prospectus 

A dummy variable that takes a value of one if the fund incorporates 
environmental, social and governance (ESG) principles into the investment 
process or through engagement activities, and zero otherwise. Source: 
Morningstar Direct. 

Firm churn 
ratio 

The weighted average of the churn ratios of firm j’s investors. Source: 
Morningstar historical holdings and Morningstar Direct. 

Firm  
leverage  

The book value of debt divided by the book value of total assets as of 
December 2019. Source: Morningstar Direct. 

Firm  
liquidity 

The value of cash divided by the book value of total assets as of December 
2019. Source: Morningstar Direct. 

Fund  
churn ratio 

This variable measures how frequently institutional investors trade the 
stocks in their portfolios and is constructed as in Gaspar et al (2005). This 
variable is measured in the period ending in month 𝑡𝑡. Source: Morningstar 
historical holdings. 
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Fund  
liquidity 

Cash (ie currency and coins, negotiable cheques and balances in bank 
accounts) divided by net assets under management in month 𝑡𝑡 − 1. Source: 
Morningstar Direct. 

Fund flow The monthly change in net assets under management less the returns in 
month 𝑡𝑡 divided by net assets under management in month 𝑡𝑡 − 1. Source: 
Morningstar Direct. 

Fund  
size 

Total net asset value of the fund in log of USD millions in month 𝑡𝑡. Source: 
Morningstar Direct. 

Fund  
return 

The return of the fund as provided by Morningstar in month 𝑡𝑡 − 1. Source: 
Morningstar Direct. 

Market 
return 

The return of the reference index as defined in the prospectus or provided 
by Morningstar in month 𝑡𝑡. Source: Morningstar Direct. 

Market 
return 
volatility 

The standard deviation of the market daily returns during month 𝑡𝑡. Source: 
Morningstar Direct. 

Net 
purchases 

The net dollar purchases, gross dollar purchases minus gross dollar sales, 
made by mutual fund 𝑖𝑖 during month 𝑡𝑡 as a percentage of the total dollar 
holdings of the same fund at the end of month 𝑡𝑡 − 1. Source: Morningstar 
historical holdings. 

Refinitiv 
environ-
mental and 
social score 

A dummy variable that takes a value of one if the stock receives an ES score 
above the top quartile of the distribution and zero otherwise. The ES score 
is the average of the environmental and the social scores as of December 
2019. Source: Refinitiv. 

S&P 500  
ESG index 
return 

The return of the S&P 500 ESG index as provided by Morningstar in month 
𝑡𝑡. Source: Morningstar Direct. 

Star  
rating 

A dummy variable that takes a value of one if the fund receives, at December 
2019, a star rating of four or five stars, and zero otherwise. To determine a 
fund’s star rating for a given time period (three, five or 10 years), the fund’s 
risk-adjusted return is plotted on a bell curve. If the fund scores in the top 
10% of its category, it receives five stars (highest); if it falls in the next 22.5% 
it receives four stars (above average); a place in the middle 35% earns three 
stars (average); those lower still, in the next 22.5%, receive two stars (below 
average); and the bottom 10% get only one star (lowest). The overall 
Morningstar rating is a weighted average of the available three-, five- and 
10-year ratings. Source: Morningstar Direct. 
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Online appendix 

  

Fund net purchases and sustainability rating 
In percent 

Graph OA1 
 

This graph plots aggregate fund net purchases from January 2019 to June 2020 using monthly net 
purchases for two fund categories, those with four or five Morningstar globe sustainability ratings 
(ESG funds) and those with fewer than four globe ratings (non-ESG or conventional funds).  
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Determinants of mutual fund net purchases of ES and non-ES stocks, 
excluding oil and gas industry 

Table OA1 

The table reports regressions for net purchases at the fund level (Panel A) and t-test on linear combinations of parameters 
(Panel B). The dependent variables in Panel A are net purchases of ES stocks and of non-ES stocks. The sample is composed of 
all US actively managed equity funds. The sample period is from January 2020 to June 2020 and it excludes firms operating in 
the oil and gas industry. The variable crash takes the value of one in February and March. All variables are defined in Table A1 
of the paper. All models are estimated by ordinary least squares and include a constant term, but the coefficient is not reported. 
Standard errors are White-corrected for heteroskedasticity and clustered at the fund level. Quarter and fund fixed effects are 
included and p–values are in parentheses. * indicates significance at 1% (***), 5% (**), 10% (*). 

Panel A: Coefficient 
estimates 

ESG (prospectus) ESG (globe ratings) ESG (low carbon) 
(1) (2) (3) 

 non-ES ES non-ES ES non-ES ES 
Crash 0.0293 -0.0130 0.0008 0.0025 0.0314 -0.0127 
 (0.023) (0.029) (0.023) (0.032) (0.024) (0.031) 
Crash x ESG 0.0860 -0.0577 0.0438* -0.0360 0.0088 -0.0056 
 (0.078) (0.051) (0.025) (0.033) (0.026) (0.030) 
Crash x fund flow 0.2989*** 0.3281*** 0.2989*** 0.4277*** 0.2917*** 0.4267*** 
 (0.042) (0.054) (0.053) (0.071) (0.049) (0.066) 
Crash x fund flow x ESG 0.3520* -0.1846 0.0523 -0.2889*** 0.1138 -0.3659*** 
 (0.200) (0.118) (0.086) (0.098) (0.092) (0.093) 
Crash x fund size 0.0011* 0.0004 0.0019** -0.0003 0.0011 0.0004 
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 
Crash x fund size x ESG -0.0043 0.0032 -0.0022* 0.0016 -0.0004 -0.0001 
 (0.004) (0.003) (0.001) (0.002) (0.001) (0.001) 
Fund flow 1.0515*** 0.7688*** 1.0545*** 0.7351*** 1.0486*** 0.7221*** 
 (0.022) (0.038) (0.027) (0.048) (0.027) (0.047) 
Fund flow x ESG -0.0089 -0.0487 -0.0098 0.1048 0.0062 0.1534** 
 (0.172) (0.073) (0.049) (0.066) (0.048) (0.060) 
Fund size -0.0095* 0.0130 -0.0120** 0.0175* -0.0101* 0.0167** 
 (0.005) (0.008) (0.006) (0.009) (0.006) (0.008) 
Fund size x ESG -0.0149 -0.0227 0.0036 -0.0147 0.0007 -0.0183 
 (0.026) (0.020) (0.010) (0.014) (0.010) (0.014) 
Fund return -0.0349*** -0.0300* -0.0327*** -0.0293* -0.0363*** -0.0323** 
 (0.011) (0.016) (0.011) (0.016) (0.011) (0.016) 
Crash x fund return -0.0021 0.0723 -0.0023 0.0859 -0.0042 0.0957 
 (0.042) (0.072) (0.042) (0.073) (0.045) (0.076) 
Market return -0.0718 -0.0792 -0.0746* -0.0744 -0.0754* -0.0807 
 (0.045) (0.056) (0.045) (0.056) (0.045) (0.056) 
Market return volatility -0.8023*** -0.1313 -0.7875*** -0.1070 -0.8113*** -0.1020 
 (0.122) (0.171) (0.122) (0.171) (0.123) (0.171) 
S&P 500 ESG index return 0.0329 -0.0149 0.0398 -0.0187 0.0318 -0.0242 
 (0.047) (0.058) (0.048) (0.058) (0.048) (0.058) 
Fund liquidity -0.0832 0.1225 -0.0276 0.3527*** -0.0825 0.1226 
 (0.126) (0.102) (0.118) (0.107) (0.126) (0.102) 
Crash x fund liquidity -0.0056 -0.0012 -0.0045 -0.0848 -0.0063 -0.0007 
 (0.058) (0.070) (0.060) (0.073) (0.059) (0.068) 
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Firm churn ratio 0.2318 0.2211 0.1669 0.2327 0.2329 0.2487 
 (0.142) (0.322) (0.135) (0.321) (0.142) (0.322) 
Crash x firm churn ratio -0.1879* 0.0068 -0.0784 0.0087 -0.1902* -0.0057 
 (0.103) (0.110) (0.084) (0.111) (0.103) (0.109) 
Firm leverage 0.0473 -0.0439 0.0463 -0.0510 0.0532 -0.0453 
 (0.084) (0.111) (0.084) (0.111) (0.083) (0.111) 
Crash x firm leverage -0.0528*** 0.0042 -0.0506*** 0.0046 -0.0548*** 0.0053 
 (0.018) (0.025) (0.018) (0.026) (0.018) (0.025) 
Firm liquidity -0.0320 -0.2340 -0.0390 -0.2322 -0.0325 -0.2412* 
 (0.078) (0.143) (0.078) (0.143) (0.078) (0.144) 
Crash x firm liquidity -0.0195 0.0133 -0.0227 0.0117 -0.0199 0.0196 
 (0.016) (0.025) (0.016) (0.025) (0.017) (0.027) 
Observations 16,806 16,676 16,802 
R-squared 0.485 0.487 0.485 

  Panel B: 𝑡𝑡-tests on linear combinations of parameters 
  Sensitivity of net purchases of: 

 non-ES ES non-ES ES non-ES ES 
 (1) (2) (3) (4) (5) (6) 
  By non-ESG funds to:       
  Fund flow/normal 1.0515*** 0.7688*** 1.0545*** 0.7351*** 1.0486*** 0.7221*** 
  Fund flow/crash 1.3505*** 1.0969*** 1.3535*** 1.1628*** 1.3403*** 1.1488*** 
  By ESG funds to: 
  Fund flow/normal 1.0427*** 0.7201*** 1.0448*** 0.8400*** 1.0548*** 0.8755*** 
  Fund flow/crash 1.6937*** 0.8636*** 1.3960*** 0.9788*** 1.4603*** 0.9363*** 
  Diff-in-diff (crash-normal): 
  non-ESG funds/fund flow 0.2989*** 0.3281*** 0.2989*** 0.4277*** 0.2917*** 0.4267*** 
  ESG funds/fund flow 0.6510*** 0.1435 0.3513*** 0.1388** 0.4055*** 0.0608 
  ESG - non-ESG/fund flow 0.3520* -0.1846 0.0523 -0.2889*** 0.1138 -0.3659*** 
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Determinants of mutual fund net purchases of ES and non-ES stocks, 
with inflows and outflows 

Table OA2 

The table reports regressions for net purchases at the fund level (Panel A) and t-test on linear combinations of parameters 
(Panel B). The dependent variables in Panel A are net purchases of ES stocks and of non-ES stocks. Inflows equal the positive of 
fund flows and outflows equal the symmetric of the fund flows if negative. The sample is composed of all US actively managed 
equity funds. The sample period is from January 2020 to June 2020. The variable crash takes the value of one in February and 
March. All variables are defined in Table A1 of the paper. All models are estimated by ordinary least squares and include a 
constant term, but the coefficient is not reported. Standard errors are White-corrected for heteroskedasticity and clustered at 
the fund level. Quarter and fund fixed effects are included and p–values are in parentheses. * indicates significance at 1% (***), 
5% (**), 10% (*). 

Panel A: Coefficient 
estimates 

ESG (prospectus) ESG (globe ratings) ESG (low carbon) 
(1) (2) (3) 

 non-ES ES non-ES ES non-ES ES 
Crash 0.0367* -0.0183 0.0057 -0.0081 0.0353 -0.0193 
 (0.022) (0.029) (0.022) (0.032) (0.023) (0.031) 
Crash × ESG 0.0664 -0.0492 0.0489* -0.0229 0.0118 0.0045 
 (0.075) (0.052) (0.026) (0.032) (0.025) (0.030) 
Crash × inflows 0.1985*** 0.4151*** 0.2194** 0.5916*** 0.2066** 0.5724*** 
 (0.070) (0.078) (0.089) (0.104) (0.084) (0.095) 
Crash × inflows × ESG 0.8812*** -0.2910** 0.0888 -0.4305*** 0.1896 -0.5003*** 
 (0.185) (0.143) (0.138) (0.139) (0.143) (0.136) 
Crash × outflows -0.3820*** -0.2441** -0.3686*** -0.2820** -0.3592*** -0.3001*** 
 (0.062) (0.096) (0.075) (0.121) (0.068) (0.113) 
Crash × outflows × ESG 0.5884* 0.0958 -0.0013 0.1590 -0.0328 0.2517 
 (0.328) (0.320) (0.130) (0.180) (0.153) (0.162) 
Crash × fund size 0.0013** 0.0006 0.0021*** 0.0001 0.0013* 0.0007 
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 
Crash × fund size × ESG -0.0043 0.0028 -0.0024* 0.0010 -0.0006 -0.0005 
 (0.004) (0.003) (0.001) (0.002) (0.001) (0.001) 
Inflows 1.1696*** 0.7653*** 1.1775*** 0.7006*** 1.1269*** 0.7227*** 
 (0.037) (0.052) (0.050) (0.061) (0.046) (0.068) 
Inflows × ESG -0.4512*** -0.0034 -0.0821 0.1156 0.0691 0.0737 
 (0.147) (0.105) (0.073) (0.096) (0.076) (0.088) 
Outflows -0.9756*** -0.7722*** -0.9863*** -0.7535*** -1.0079*** -0.7166*** 
 (0.030) (0.064) (0.034) (0.081) (0.037) (0.074) 
Outflows × ESG -0.3687 0.1382 -0.0128 -0.1058 0.0937 -0.2408** 
 (0.281) (0.123) (0.079) (0.106) (0.062) (0.096) 
Fund size -0.0094* 0.0143* -0.0116** 0.0189** -0.0106* 0.0195** 
 (0.005) (0.008) (0.006) (0.009) (0.006) (0.008) 
Fund size × ESG -0.0185 -0.0268 0.0027 -0.0165 0.0030 -0.0247* 
 (0.025) (0.020) (0.010) (0.014) (0.010) (0.014) 
Fund return -0.0355*** -0.0333** -0.0332*** -0.0333** -0.0371*** -0.0357** 
 (0.011) (0.016) (0.011) (0.016) (0.011) (0.016) 
Crash × fund return -0.0065 0.0883 -0.0067 0.1055 -0.0074 0.1126 
 (0.041) (0.072) (0.041) (0.073) (0.044) (0.076) 
Market return -0.0642 -0.0800 -0.0633 -0.0738 -0.0642 -0.0813 
 (0.044) (0.056) (0.045) (0.056) (0.044) (0.056) 
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Market return volatility -0.8875*** -0.1727 -0.8704*** -0.1477 -0.8917*** -0.1442 
 (0.120) (0.172) (0.121) (0.173) (0.122) (0.172) 
S&P 500 ESG index return 0.0282 -0.0197 0.0303 -0.0239 0.0225 -0.0288 
 (0.047) (0.058) (0.047) (0.058) (0.047) (0.058) 
Fund liquidity -0.1061 0.1229 -0.0484 0.3522*** -0.1018 0.1225 
 (0.125) (0.102) (0.118) (0.111) (0.125) (0.102) 
Crash × fund liquidity -0.0041 -0.0020 -0.0085 -0.0842 -0.0098 -0.0006 
 (0.059) (0.070) (0.060) (0.075) (0.058) (0.069) 
Firm churn ratio 0.1862 0.2250 0.1292 0.2397 0.1946 0.2556 
 (0.137) (0.322) (0.132) (0.321) (0.138) (0.323) 
Crash × firm churn ratio -0.1895* 0.0004 -0.0822 0.0031 -0.1914* -0.0167 
 (0.099) (0.110) (0.080) (0.111) (0.100) (0.110) 
Firm leverage 0.0784 -0.0352 0.0800 -0.0416 0.0868 -0.0368 
 (0.080) (0.111) (0.081) (0.111) (0.080) (0.111) 
Crash × firm leverage -0.0645*** 0.0048 -0.0616*** 0.0065 -0.0649*** 0.0052 
 (0.018) (0.025) (0.018) (0.026) (0.018) (0.025) 
Firm liquidity -0.0291 -0.2334 -0.0349 -0.2316 -0.0313 -0.2409* 
 (0.073) (0.142) (0.073) (0.143) (0.073) (0.143) 
Crash × firm liquidity -0.0184 0.0141 -0.0227 0.0126 -0.0201 0.0193 
 (0.016) (0.025) (0.016) (0.025) (0.016) (0.027) 
Observations 16,805 16,678 16,801 
R-squared 0.49 0.492 0.49 

  Panel B: 𝑡𝑡-tests on linear combinations of parameters 
  Sensitivity of net purchases of: 

 non-ES ES non-ES ES non-ES ES 
 (1) (2) (3) (4) (5) (6) 
  By non-ESG funds to:       
  Inflows/normal 1.1696*** 0.7653*** 1.1775*** 0.7006*** 1.1269*** 0.7227*** 
  Inflows/crash 1.3681*** 1.1803*** 1.3969*** 1.2922*** 1.3335*** 1.2951*** 
  Outflows/normal -0.9756*** -0.7722*** -0.9863*** -0.7535*** -1.0079*** -0.7166*** 
  Outflows/crash -1.3576*** -1.0164*** -1.3549*** -1.0355*** -1.3671*** -1.0167*** 
  By ESG funds to: 
  Inflows/normal 0.7183*** 0.7619*** 1.0954*** 0.8162*** 1.1960*** 0.7964*** 
  Inflows/crash 1.7981*** 0.8859*** 1.4035*** 0.9773*** 1.5921*** 0.8685*** 
  Outflows/normal -1.3443*** -0.6340*** -0.9991*** -0.8593*** -0.9142*** -0.9574*** 
  Outflows/crash -1.1379*** -0.7823*** -1.3690*** -0.9824*** -1.3063*** -1.0059*** 
  Diff-in-diff (crash-normal): 
  non-ESG funds/inflows 0.4151*** 0.2194** 0.5916*** 0.2066** 0.5724*** 0.4151*** 
  ESG funds/inflows 0.1240 0.3082*** 0.1610* 0.3962*** 0.0720 0.1240 
  ESG - non-ESG/inflows -0.2910** 0.0888 -0.4305*** 0.1896 -0.5003*** -0.2910** 
  non-ESG funds/outflows -0.2441** -0.3686*** -0.2820** -0.3592*** -0.3001*** -0.2441** 
  non-ESG funds/outflows -0.1483 -0.3699*** -0.1231 -0.3921*** -0.0485 -0.1483 
  ESG - non-ESG/outflows 0.0958 -0.0013 0.1590 -0.0328 0.2517 0.0958 
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Determinants of mutual fund net purchases of ES and non-ES stocks, 
extended time series 

Table OA3 

The table reports regressions for net purchases at the fund level (Panel A) and t-test on linear combinations of parameters 
(Panel B). The dependent variables in Panel A are net purchases of ES stocks and of non-ES stocks. The sample is composed of 
all US actively managed equity funds. The sample period is from January 2019 to June 2020. The variable crash takes the value 
of one in February and March. All variables are defined in Table A1 of the paper. All models are estimated by ordinary least 
squares and include a constant term, but the coefficient is not reported. Standard errors are White-corrected for 
heteroskedasticity and clustered at the fund level. Quarter and fund fixed effects are included and p–values are in parentheses. 
* indicates significance at 1% (***), 5% (**), 10% (*). 

Panel A: Coefficient 
estimates 

ESG (prospectus) ESG (globe ratings) ESG (low carbon) 
(1) (2) (3) 

 non-ES ES non-ES ES non-ES ES 
Crash -0.0169* 0.0078 -0.0377*** 0.0256 -0.0132 0.0121 
 (0.010) (0.014) (0.011) (0.018) (0.012) (0.017) 
Crash x ESG 0.0704 -0.0747 0.0654*** -0.0442 0.0002 -0.0178 
 (0.058) (0.052) (0.021) (0.028) (0.020) (0.026) 
Crash x fund flow 0.2748*** 0.2611*** 0.2881*** 0.3240*** 0.2796*** 0.3354*** 
 (0.034) (0.043) (0.040) (0.053) (0.039) (0.050) 
Crash x fund flow x ESG 0.3511** -0.1342 0.0277 -0.1838** 0.0647 -0.2686*** 
 (0.143) (0.114) (0.072) (0.084) (0.078) (0.079) 
Crash x fund size 0.0010** -0.0001 0.0020*** -0.0009 0.0007 -0.0002 
 (0.000) (0.001) (0.001) (0.001) (0.001) (0.001) 
Crash x fund size x ESG -0.0035 0.0039 -0.0033*** 0.0020 0.0002 0.0006 
 (0.003) (0.003) (0.001) (0.001) (0.001) (0.001) 
Fund flow 1.0236*** 0.8358*** 1.0229*** 0.8211*** 1.0241*** 0.8138*** 
 (0.012) (0.017) (0.013) (0.021) (0.014) (0.022) 
Fund flow x ESG -0.1054 0.0004 -0.0203 0.0476 -0.0168 0.0700** 
 (0.091) (0.082) (0.027) (0.030) (0.028) (0.031) 
Fund size -0.0002 -0.0022 -0.0009 -0.0027 -0.0012 -0.0026 
 (0.001) (0.002) (0.001) (0.002) (0.001) (0.002) 
Fund size x ESG -0.0131** -0.0005 0.0002 0.0002 0.0004 0.0004 
 (0.005) (0.006) (0.000) (0.001) (0.001) (0.001) 
Fund return -0.0184*** -0.0113 -0.0184*** -0.0107 -0.0179*** -0.0104 
 (0.005) (0.008) (0.005) (0.008) (0.005) (0.008) 
Crash x fund return 0.0914*** 0.0133 0.0894*** 0.0323 0.0825** 0.0382 
 (0.032) (0.043) (0.032) (0.043) (0.033) (0.046) 
Market return -0.0062 0.0157 -0.0011 0.0086 -0.0039 0.0115 
 (0.027) (0.030) (0.027) (0.030) (0.027) (0.030) 
Market return volatility -0.4578*** -0.1500 -0.4413*** -0.1304 -0.4628*** -0.1192 
 (0.074) (0.093) (0.075) (0.094) (0.076) (0.098) 
S&P 500 ESG index return 0.0331 -0.0134 0.0289 -0.0071 0.0322 -0.0097 
 (0.026) (0.029) (0.026) (0.029) (0.026) (0.029) 
ESG   -0.0041 -0.0035 -0.0078 -0.0074 
   (0.009) (0.012) (0.017) (0.018) 
       
Observations 53,816 52,873 53,592 
R-squared 0,395 0.393 0.392 
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  Panel B: 𝑡𝑡-tests on linear combinations of parameters 
  Sensitivity of net purchases of: 

 non-ES ES non-ES ES non-ES ES 
 (1) (2) (3) (4) (5) (6) 
  By non-ESG funds to:       
  Fund flow/normal 1.0236*** 0.8358*** 1.0229*** 0.8211*** 1.0241*** 0.8138*** 
  Fund flow/crash 1.2984*** 1.0969*** 1.3110*** 1.1452*** 1.3037*** 1.1492*** 
  By ESG funds to: 
  Fund flow/normal 0.8362*** 1.0026*** 0.8687*** 1.0074*** 0.8838*** 0.8362*** 
  Fund flow/crash 0.9631*** 1.3183*** 1.0089*** 1.3517*** 0.9507*** 0.9631*** 
  Diff-in-diff (crash-normal): 
  non-ESG funds/fund flow 0.2611*** 0.2881*** 0.3240*** 0.2796*** 0.3354*** 0.2611*** 
  ESG funds/fund flow 0.1269 0.3157*** 0.1402** 0.3443*** 0.0669 0.1269 
  ESG - non-ESG/fund flow -0.1342 0.0277 -0.1838** 0.0647 -0.2686*** -0.1342 



  

 

108 Evolving practices in public investment management 
 

 

Determinants of mutual fund net purchases of ES and non-ES stocks, 
excluding oil and gas industry 

Table OA4 

The table reports regressions for net purchases at the fund level (Panel A) and t-test on linear combinations of parameters 
(Panel B). The dependent variables in Panel A are net purchases of ES stocks and of non-ES stocks. The sample is composed of 
all US actively managed equity funds. The sample period is from January 2020 to June 2020 and it excludes firms operating in 
the oil and gas industry. The variable crash takes the value of one in February and March. All variables are defined in Table A1 
of the paper. All models are estimated by ordinary least squares and include a constant term, but the coefficient is not reported. 
Standard errors are White-corrected for heteroskedasticity and clustered at the fund level. Quarter and fund fixed effects are 
included and p–values are in parentheses. * indicates significance at 1% (***), 5% (**), 10% (*). 

Panel A: Coefficient 
estimates 

ESG (prospectus) ESG (globe ratings) ESG (low carbon) 
(1) (2) (3) 

 non-ES ES non-ES ES non-ES ES 
Crash 0.0690** -0.0463 0.0249 -0.0503 0.0664* -0.0362 
 (0.031) (0.050) (0.038) (0.054) (0.034) (0.055) 
Crash x ESG 0.2070 -0.1121 0.1143*** -0.0002 0.0440 -0.0107 
 (0.131) (0.079) (0.042) (0.047) (0.042) (0.044) 
Crash x fund flow 0.3531*** 0.3408*** 0.3797*** 0.4358*** 0.3378*** 0.4626*** 
 (0.047) (0.062) (0.057) (0.077) (0.053) (0.073) 
Crash x fund flow x ESG 0.2360 -0.1092 -0.0244 -0.2736** 0.1116 -0.4387*** 
 (0.202) (0.121) (0.096) (0.113) (0.105) (0.107) 
Crash x fund size 0.0038*** -0.0009 0.0056*** -0.0007 0.0041*** -0.0009 
 (0.001) (0.001) (0.001) (0.002) (0.001) (0.001) 
Crash x fund size x ESG -0.0110* 0.0066* -0.0059*** -0.0000 -0.0023 0.0001 
 (0.007) (0.004) (0.002) (0.002) (0.002) (0.002) 
Fund flow 1.0653*** 0.7882*** 1.0655*** 0.7591*** 1.0655*** 0.7412*** 
 (0.020) (0.036) (0.025) (0.046) (0.024) (0.044) 
Fund flow x ESG 0.0414 -0.1162 0.0051 0.0813 0.0038 0.1431** 
 (0.156) (0.085) (0.045) (0.065) (0.046) (0.057) 
Fund size -0.0155*** 0.0059 -0.0180*** 0.0096 -0.0162*** 0.0104 
 (0.005) (0.008) (0.006) (0.009) (0.006) (0.009) 
Fund size x ESG -0.0432 0.0015 0.0010 -0.0054 -0.0020 -0.0139 
 (0.027) (0.020) (0.010) (0.015) (0.011) (0.015) 
Fund return -0.0212** -0.0121 -0.0203* -0.0114 -0.0226** -0.0138 
 (0.010) (0.015) (0.010) (0.016) (0.010) (0.016) 
Crash x fund return 0.2486** -0.1273 0.2264** -0.1175 0.2475** -0.0875 
 (0.106) (0.176) (0.109) (0.185) (0.108) (0.186) 
Market return -0.0294 -0.1084* -0.0248 -0.1066* -0.0331 -0.1053* 
 (0.046) (0.057) (0.046) (0.058) (0.046) (0.057) 
Market return volatility -0.8947*** 0.1621 -0.8877*** 0.1911 -0.9165*** 0.1198 
 (0.250) (0.337) (0.255) (0.341) (0.251) (0.340) 
S&P 500 ESG index return 0.0492 0.0334 0.0464 0.0327 0.0493 0.0284 
 (0.041) (0.049) (0.042) (0.049) (0.041) (0.049) 
Fund liquidity -0.0707 0.1202 -0.0190 0.3127*** -0.0695 0.1191 
 (0.132) (0.094) (0.120) (0.104) (0.132) (0.094) 
Crash x fund liquidity -0.1436 0.0445 -0.1562* -0.0070 -0.1450 0.0423 
 (0.090) (0.083) (0.092) (0.086) (0.090) (0.079) 
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Firm churn ratio 0.1946 0.1897 0.1620 0.1997 0.1990 0.2068 
 (0.137) (0.322) (0.136) (0.322) (0.137) (0.323) 
Crash x firm churn ratio -0.1850** 0.2102 -0.1123 0.2279 -0.1951** 0.1713 
 (0.086) (0.230) (0.101) (0.235) (0.087) (0.241) 
Firm leverage 0.0771 -0.0305 0.0784 -0.0378 0.0836 -0.0286 
 (0.080) (0.110) (0.081) (0.111) (0.080) (0.110) 
Crash x firm leverage -0.1314*** 0.0004 -0.1326*** 0.0007 -0.1345*** 0.0043 
 (0.031) (0.039) (0.032) (0.041) (0.032) (0.039) 
Firm liquidity -0.0053 -0.2425* -0.0095 -0.2354* -0.0079 -0.2452* 
 (0.072) (0.143) (0.072) (0.143) (0.072) (0.144) 
Crash x firm liquidity -0.1157*** 0.1007*** -0.1169*** 0.0982** -0.1116*** 0.1051** 
 (0.028) (0.039) (0.029) (0.039) (0.029) (0.041) 
Observations 16,805 16,675 16,801 
R-squared 0.491 0.493 0.491 

  Panel B: 𝑡𝑡-tests on linear combinations of parameters 
  Sensitivity of net purchases of: 

 non-ES ES non-ES ES non-ES ES 
 (1) (2) (3) (4) (5) (6) 
  By non-ESG funds to:       
  Fund flow/normal 1.0653*** 0.7882*** 1.0655*** 0.7591*** 1.0655*** 0.7412*** 
  Fund flow/crash 1.4184*** 1.1290*** 1.4452*** 1.1949*** 1.4033*** 1.2039*** 
  By ESG funds to: 
  Fund flow/normal 1.1068*** 0.6720*** 1.0706*** 0.8404*** 1.0693*** 0.8844*** 
  Fund flow/crash 1.6958*** 0.9036*** 1.4259*** 1.0026*** 1.5187*** 0.9083*** 
  Diff-in-diff (crash-normal): 
  non-ESG funds/fund flow 0.3408*** 0.3797*** 0.4358*** 0.3378*** 0.4626*** 0.3408*** 
  ESG funds/fund flow 0.2316** 0.3553*** 0.1622* 0.4494*** 0.0239 0.2316** 
  ESG - non-ESG/fund flow -0.1092 -0.0244 -0.2736** 0.1116 -0.4387*** -0.1092 




