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1 Introduction

Within the mutual fund industry, environmental, social, and governance (ESG) investing has gained

growing attention over the last several years. In the beginning, this interest stemmed from socially

responsible investors with a preference for making a positive impact on society, but investors are

also increasingly being attracted by financial motives (Edmans and Kacperczyk, 2022). Driven by

this increasing demand for sustainable investment, in recent years there has been a steady increase

in the number of sustainable investment funds, reaching a total of about 600 by the end of 2022,

according to Morningstar. However, the emergence of the phenomenon of greenwashing—the in-

tentional divergence of proclaimed from actual ESG practices—undermines the credibility of ESG

initiatives and raises skepticism among market participants about the authenticity of funds’ ESG

commitments. In this paper, we study a specific type of greenwashing behavior: funds’ propen-

sity to window dress their reported portfolio holdings to make them appear more heavily tilted

toward ESG investments. That is, a fund may invest in high-ESG stocks and/or disinvest from

low-ESG stocks right before its portfolio disclosure date and then reverse these trades right after.

We refer to this cosmetic behavior of disclosing disproportionately higher holdings in high-ESG

(often called green) stocks as green dressing.

Similar to other forms of window dressing, green dressing is not directly observable. This is

because funds’ holdings are not continuously observable by the public. According to the regu-

lations of the U.S. Securities and Exchange Commission (SEC), mutual funds are only required

to report to the SEC monthly portfolio holdings and, from these reports, only information for the

end of each fund’s fiscal quarter becomes publicly available.¹ The fact that information on funds’

daily portfolio holdings is not public not only allows fund managers to engage in various forms

of window dressing shortly before disclosure dates but also presents a challenge for investors to

detect these manipulations.

In this paper, we propose a novel measure to address the challenge of identifying green dress-

¹Since 2019, monthly portfolio holdings are reported on Form N-PORT; for detailed filing requirements, see
https://www.sec.gov/files/formn-port.pdf. Before 2019, the SEC collected portfolio holdings on a quarterly basis on
Forms N-Q and N-CSR, both of which are public filings.
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ing. Our green-dressing measure relies on two ideas inspired by the work of Andrikogiannopoulou

et al. (2022) on identifying on identifying funds’ true ESG investing and the work of Agarwal, Gay

and Ling (2014) on identifying performance-based window dressing. The first idea is that a port-

folio’s returns contain information about its tilt toward ESG investments. The second idea is that,

over a period of time close to the disclosure date, a fund’s returns—hence the ESG-related infor-

mation they contain—should, in principle, be close to the returns of the portfolio disclosed by the

fund, and so a systematic divergence between the two reveals green dressing. To implement these

ideas, we first calculate a portfolio’s returns-based ESG measure by conducting a Sharpe (1992)

style analysis of its returns and calculating a weighted average of its exposure to stock portfolios

sorted by their ESG scores. Then, we calculate a fund’s green-dressing measure by comparing (i)

the fund’s hypothetical returns-based ESG measure computed from the returns of the portfolio dis-

closed by the fund and (ii) the fund’s actual returns-based ESG measure computed from its actual

returns. To be precise, our baseline measure of a fund’s green-dressing is the difference between

the hypothetical and actual returns-based ESG measures calculated using daily returns during the

last calendar month of each disclosure period. High levels of discrepancy between the two mea-

sures would indicate that the portfolio held by the fund in the period leading up to the disclosure

date is different from the portfolio held on the disclosure date, suggesting possible green-dressing

behavior. In a simulation analysis, we find that, under a variety of reasonable assumptions, our

measure is quite effective at capturing green-dressing activity.

Our analysis focuses on all U.S. domestic equity funds for the period January 2016 to June

2020. The beginning of this sample period coincides with the adoption of the Paris Agreement,

a landmark event that largely raised both the public’s awareness of climate change and investors’

interest in ESG investing, hence it is during this period that fund managers are most likely to have

an incentive to green-dress their holdings. Indeed, we start our analysis by verifying that, in our

sample, investors respond to the ESG tilt of funds’ holdings and hence that fund managers have

an incentive to green-dress so they can attract more investment capital. Specifically, we calculate

a fund’s holdings-based ESG measure as the value-weighted ESG score of its portfolio holdings.
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Using this measure, we find that, while investors do not respond linearly to increases in a fund’s

holdings-based ESG measure, they direct significantly more capital to funds when this measure

ranks in the top decile within the fund’s investment category. This suggests that investors fo-

cus on extreme levels of holdings-based ESG measures, which is consistent with the literature

that highlights the importance of salience in investment decision making (Bordalo, Gennaioli and

Shleifer, 2012; Bordalo, Gennaioli and Shleifer, 2013). It also consistent with the original finding

by Hartzmark and Sussman (2019) that, when Morningstar introduced its sustainability ratings in

early 2016, investors responded by investing significantly more in the top-rated funds.

Next, we use our green-dressing measure to estimate the prevalence of green-dressing behav-

ior in the mutual fund industry. Specifically, for each fund, we conduct a paired !-test of the null

hypothesis that mean difference between its hypothetical and actual returns-based ESG measure

is zero. After controlling for false discoveries (see Storey, 2002), we find that the mean difference

is positive—indicating green dressing—for about 15% of funds and negative—indicating the re-

verse behavior—for almost no funds. We note that our hypothetical returns-based ESG measure is

backward-looking, as it utilizes the returns of the disclosed portfolio for the 30 days up until this

portfolio is disclosed. This could raise the concern that our evidence that a substantial proportion

of funds green-dress is driven by the increasing interest in ESG investments over time. To alleviate

this concern, we also calculate a forward-looking version of our green-dressing measure, i.e., one

that calculates the difference between hypothetical and actual returns-based ESG measures using

daily returns during the calendar month following (rather than preceding) the disclosure date. Our

results on the prevalence of green-dressing remain very similar.

We provide supplementary evidence of funds’ green dressing by analyzing the return patterns

of green and brown stocks around holdings disclosure dates, where green (brown) stocks are those

with ESG score in the top (bottom) quintile. We hypothesize that the intensive purchasing of green

stocks by green dressers before a disclosure date, followed by quick selling afterward, creates price

pressure that drives green stocks’ prices up before a disclosure date and down afterward; the re-

verse trend is expected for brown stocks. We empirically test this hypothesis using an event study
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over a window of (−3, +3) days around holdings disclosure dates. Indeed, we find that green

stocks drift upward before disclosure dates, followed by a downward drift after disclosure. Specif-

ically, green stocks, on average, earn a statistically significant cumulative average abnormal return

(CAAR) of 0.156% during the three days before the disclosure date and a CAAR of −0.135% in

the three days after. We find the opposite pattern for brown stocks’ returns. Furthermore, in a

panel regression analysis, we find a stock’s ESG percentile rank is positively associated with its

cumulative abnormal returns at quarter-end, but this relationship reverses at the beginning of the

following quarter.

Our finding that green dressing behavior exists leads us to explore several additional research

questions. First, which fund characteristics are associated with green dressing? Second, can in-

vestors distinguish between green-dressing funds and genuinely green funds? And, finally, is green

dressing associated with superior or inferior performance?

We find that green-dressing behavior is more likely to be observed for funds with self-proclaimed

ESG commitments and with poor past returns, which is consistent with the hypothesis that funds

are more likely to engage in green dressing when they have a strong incentive to do so. In addi-

tion, green dressing is associated with funds that have higher expense ratios and those targeted

to retail investors, consistent with the hypothesis that funds are more likely to green dress when

the likelihood of detection is lower. These results indicate that green-dressing funds differ from

non-green-dressing funds in meaningful and predictable ways, further validating our measure’s

ability to capture green-dressing behavior.

Next, we study how investors respond to green dressing. That is, do they recognize poten-

tial discrepancies between funds’ disclosed and actual holdings, consequently penalizing green-

dressing funds with lower flows, or not? We find that investors direct their flows to funds with

exceptionally high holdings-based ESG scores regardless of whether these funds are green dressers

or genuinely green. This means that, on average, investors are not sophisticated enough to detect

green-dressing behavior. This result is consistent with extant literature in behavioral finance doc-

umenting investors’ irrational reactions to cosmetic changes to investment products (e.g., Cooper,

4



Dimitrov and Rau, 2001; Cooper, Gulen and Rau, 2005; Andrikogiannopoulou et al., 2022).

Finally, we study whether green dressing is associated with higher or lower fund performance.

The theoretical link between ESG risk and asset returns is ambiguous (see Giglio, Kelly and

Stroebel, 2021; Pástor, Stambaugh and Taylor, 2021), and the empirical evidence and interpre-

tations on this relationship are also inconclusive (see Bolton and Kacperczyk, 2021; Pástor, Stam-

baugh and Taylor, 2022; Atilgan et al., 2023). We find that the performance of funds extreme

ESG holdings depends on whether they engage in green dressing or not. Specifically, we find that

genuinely green funds—which continuously hold green stocks—outperform other funds. On the

other hand, green-dressing funds—which only hold green stocks for a short period of time around

disclosure dates—underperform the genuinely green funds. Our results hold for various perfor-

mance measures, including market-adjusted returns, CAPM-adjusted returns, returns adjusted by

Fama and French (1993) 3-factor model and by the Carhart (1997) 4-factor model.

Our paper contributes to several strands of the literature. First, it is related to the emerging lit-

erature on greenwashing in ESG investment within the asset management industry (e.g. Raghunan-

dan and Rajgopal, 2022;Gibson Brandon et al., 2022;Kim and Yoon, 2023;Andrikogiannopoulou

et al., 2022;Liang, Sun and Teo, 2022). Specifically, Kim and Yoon (2023) find that U.S. mu-

tual funds that are the United Nations Principles for Responsible Investment (UNPRI) signatories

do not have better holdings-based ESG scores than non-UNPRI funds. This lack of differentia-

tion in holdings-based ESG scores, coupled with the absence of substantive ESG engagement or

active ESG-oriented voting practices, is interpreted as evidence of greenwashing. Moreover, An-

drikogiannopoulou et al., 2022 document widespread greenwashing in the mutual fund industry

by revealing the discrepancies between ESG claims in fund prospectuses and their actual ESG-

oriented holdings. Prior research relies on analyzing end-of-quarter portfolio holdings to evaluate

funds’ genuine level of ESG investment. However, as only end-of-quarter holdings are required

to be disclosed, these disclosures may not reflect the unbiased composition of the investment port-

folio over the reporting period. Our paper makes a key contribution by developing a method to

detect this ESG-related holdings manipulation, through which we confirm the prevalence of green
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window dressing in mutual fund industry.

In a contemporaneous study, Parise and Rubin (2023) examine a similar research question but

use a different method. They measure green dressing by comparing fund’s exposure to an ESG

index shortly before and after mandatory portfolio disclosure date. This method, however, has two

key limitations. First, it relies on a linear factor model to assess the ESG investment intensity, but

multicollinearity among the factors may lead to imprecise statistical inferences (Jiang, Liang and

Zhang, 2023). Second, the ESG exposures are estimated using a very short sample period—just 10

trading days in their main analysis—which undermines the reliability of the OLS estimates. Unlike

Parise and Rubin (2023), our approach to determining a fund’s actual ESG investment intensity

leverages the quadratic regression framework embedded in Sharpe (1992) style analysis. Prior

research has shown that this method is statistically robust and provides clear economic insights

into fund portfolio allocation (Brown and Goetzmann, 1997; Fung and Hsieh, 1997; Annaert and

Van Campenhout, 2007; Jiang, Liang and Zhang, 2022). We categorize U.S. stocks into quintiles

according to their rank of MSCI ESG scores. Then, applying Sharpe (1992) style analysis to fund

returns allows us to estimate the weights allocated by the fund among stock quintiles with varying

ESG risk. In contrast, using a simple linear regression of fund returns on a long-only ESG index,

as done by Parise and Rubin (2023), only captures exposure to a portfolio with the lowest ESG risk

and thus misses the full spectrum of the fund’s ESG positioning. In addition, in terms of research

question, instead of merely concluding that green dressing exists in mutual fund industry due to

systematically higher ESG exposure shortly before the mandatory disclosure date at the aggregate

level as in Parise and Rubin (2023), we go further by providing evidence on the actual proportion

of mutual funds engaging in green window dressing behavior.

Our paper also contributes to the long-standing literature on portfolio manipulations by fund

managers. Prior studies document that asset managers window dress their holdings before quarter-

end disclosures—by shifting into recently well-performing stocks to boost apparent performance

(e.g. Lakonishok et al., 1991; Ng and Wang, 2004; Hu et al., 2014; Agarwal, Gay and Ling, 2014),

reducing high-risk positions to appear safer (e.g. Musto, 1999; Agarwal, Daniel and Naik, 2011),

6



or purchasing more shares of already held stocks to artificially inflate portfolio value (e.g. Carhart

et al., 2002; Ben-David et al., 2013; Wang, 2024). Our paper expands this strand of literature by

evidencing a new form of window dressing: green dressing. Different from existing types of win-

dow dressing that aims at altering the portfolio’s perceived risk or return profile, green dressing

seeks to improve the portfolio’s sustainability image. This practice exploits the growing investor

demand for ESG investments, yet—like other window dressing strategies—presents a distorted

representation of portfolio holdings.

Finally, our paper adds to the literature documenting that investor flows are irrationally influ-

enced by the cosmetic actions of mutual funds. For instance, Cooper, Gulen and Rau (2005) find

that funds experience significant cumulative abnormal flows after changing their names to reflect

hot investment styles, even when they do not make corresponding changes to their holdings. Sim-

ilarly, Solomon, Soltes and Sosyura (2014) show that investors direct their flows toward holdings

with media-featured past-winning stocks, regardless of whether these stocks were included only

shortly before the disclosure date.We extend this strand of literature by examining whether in-

vestors respond differently to high-ESG holdings resulting from green dressing, another cosmetic

tactic by fund managers. Our findings show that investor flows do not distinguish between funds

that engage in green dressing and those that do not. In other words, investors tend to chase funds

with high ESG holdings, even if these holdings do not genuinely represent the fund’s ESG invest-

ment intensity in the previous quarter. This also highlights the need for regulators to address green-

dressing practices, which can mislead investors through the biased presentation of ESG holdings.

The rest of the paper is organized as follows. In Section 2, we introduce the data sources. In

Section 3, we describe the construction of our green-dressing measures. In Section 4, we present

evidence on green dressing. In Section 5, we present results on the determinants of green dressing

and its impact on fund flows and fund performance. In Section 6, we conclude.

7



2 Data

To construct the variables we use, we rely on data from multiple sources that we outline below.

2.1 Fund information

Our sample begins in January 2016 and ends in June 2020. We constrain our sample to data from

2016 onward, as it is a period marked by heightened public awareness of climate change following

the drafting of the Paris Agreement in December 2015. At this time, rising concerns over climate

risk and expectations for regulatory actions prompted investors to pay closer attention to the ESG

characteristics of investments. Thereby, we conjecture that, during this period, fund managers

have greater incentives to manipulate the level of ESG investment in reported portfolio holdings

with the aim of attracting socially responsible investors and of circumventing potential regulatory

interventions.

We retrieve fund-level data from the Center for Research in Security Prices (CRSP) Survivorship-

Bias-Free U.S. Mutual Fund Database. As our study focuses on U.S. mutual funds that predom-

inantly invest in domestic equities, we exclude fund categories such as bond, money market, bal-

anced, index, variable annuity funds and ETFs. We rely on a combination of CRSP’s objective

codes and flags along with keyword searches within the fund names to identify these fund cat-

egories and remove them from the sample.² The CRSP database provides an extensive range of

share class-level attributes, including daily net returns, monthly total net assets (TNA), and annual

expense ratios, portfolio turnover ratios, investment objectives, etc. It also updates information on

fund portfolio holdings on a quarterly basis.³ While the various share classes of a fund have iden-

tical holdings, they differ in TNA, fees, and net returns. Since our analysis is conducted at the

²The objective codes utilized in CRSP are aggregated from three distinct sources: Wiesenberger, Strategic Insight,
and Lipper. ETFs and variable annuity funds are identified and removed based on the ’et_flag’ and ’vau_fund’
variables within CRSP. Index funds are filtered out using the ’index_fund_flag’ variable, identifying specific terms
like "INDEX", "S&P", "DOW 30", and "NASDAQ" in fund names, and by excluding funds from certain families
(such as Dimensional Fund Advisors, Direxion, Potomac, ProFunds, and Rydex) known for index-like strategies.

³Notably, since 2008—encompassing our entire period of analysis—the CRSP mutual fund holdings database has
demonstrated enhanced completeness and reliability compared to the Thomson Reuters s12 database.
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fund level, we aggregate share-class data for TNA, fees, and net returns at the fund level. Next,

we discuss in detail the definitions and calculations for various fund characteristics variables.

Fund size. We define the fund size as the log of fund-level TNA. We calculate a fund’s TNA

by summing the TNAs of its individual classes.

Fund return. We calculate a fund’s daily net returns by computing the weighted average of

returns for each class, using the beginning-of-month TNA values of each class as weights.

Expense ratio. Similarly, fund-level expense ratio is also a weighted average of expense ra-

tios of its classes. As in Roussanov, Ruan and Wei (2021), we adjust a fund’s expense ratio for

amortized loans

Fund Flow. We calculate quarterly fund flows for fund " during fiscal quarter ! as:

Flows",! =
TNA",! − TNA",!−1

(
1 + 𝑁",!

)
TNA",!−1

(
1 + 𝑁",!

) , (1)

where TNA",! is total net assets and 𝑁",! is the net return of fund " over quarter !.

Fund performance. Our main measure for fund performance is fund alpha estimated from the

Carhart (1997) 4-factor model. Specifically, we first estimate daily alphas using daily fund and

factor returns over the past 12 months. Subsequently, we sum up the daily alphas over a specified

fiscal quarter to obtain the quarterly $. For robustness purposes, we also measure fund performance

using the market-adjusted return, which is the fund return minus the return of the market portfolio.

Additionally, we estimate fund alphas from alternative asset pricing models, i.e., the Capital Asset

Pricing Model (CAPM) and the Fama and French (1993) 3-factor model. The market return is rep-

resented by the value-weighted return for all stocks listed on the NYSE, Amex and NASDAQ. The

risk-free rate is represented by the one-month Treasury bill rate. Returns for factor-mimicking port-

folios for size, value, and momentum factors are sourced from Kenneth French’s online database.

Performance-based window dressing. We calculate the measure of performance-based window

dressing, which is “backward holding return gap” defined in Agarwal, Gay and Ling (2014).

Other variables used in our analysis are Fund age; Turnover; Fund for institutions, defined as

a dummy taking a value of 1 if a fund is targeted to institutional investors; Fund style, identified

9



by the CRSP investment objective code; and Marketing expense, defined as a combination of a

fund’s 12b-1 fee and front load. To reduce the effect of outliers, we winsorize fund characteristics

variables at the 1% and 99% levels.

In addition to fund-level information, our analysis utilizes information on stock prices and

returns, which is also available from CRSP.

Our final sample contains 2,144 unique funds, observed during the period January 2016 and

June 2020. In Panel A of Table 1, we present summary statistics for the characteristics of all funds

in our sample. The average fund is about 17.61 years old, has total net asset value of about 1.8

billion U.S. dollars, fund inflows of about 0.07% per quarter, and Carhart (1997) 4-factor alpha

of about −0.72% per quarter, and is equally likely to be primarily targeted to institutional or to

retail investors.

2.2 ESG ratings

We obtain firm-level ESG ratings data from MSCI, which we subsequently utilize to calculate

fund-level ESG scores. MSCI’s ESG ratings range from 0 to 10, with higher value indicating

greater resilience to ESG-related risks. Given its extensive cross-sectional coverage and lowest

noise levels for U.S. firms, as evidenced by Berg et al. (2022), we rely on the MSCI database as

our primary source for ESG ratings. In addition, we obtain fund-level globe ratings data from

Morningstar, which were first published in March 2016. The globe ratings are based on the per-

centile rank of the fund’s sustainability score within its Morningstar category. Funds in the top

10% are rated Globe 5, whereas those in the bottom 10% are rated Globe 1. We also identify

whether a fund is a UNPRI signatory by referencing the signatory directory provided on the UN-

PRI website, which provides information on each signatory’s name and signature date.⁴ Using

this data, we calculate the following measures to capture a fund’s ESG characteristics.

Holdings-based ESG measure. Our holdings-based ESG measure is calculated as the value-

⁴The UNPRI website is at https://www.unpri.org/signatories/signatory-resources/signatory-directory.
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weighted average of the stock-level ESG scores. That is, we define

ESG%
",! :=

∑
&∈𝑅! 𝑆",&,!ESG&,!∑

&∈𝑅!
$$𝑆",&,! $$ , (2)

where 𝑆",&,! is the value of fund "’s quarterly reported holdings in stock &, ESG&,! is the ESG score

for stock & in quarter !, and 𝑅! is the universe of stocks for which we have an ESG score in quarter !.⁵

ESG commitment. This is an indicator variable that takes value 1 if, as of the end of a given

fiscal quarter, a fund is a UNPRI signatory or its name contains ESG keywords.⁶

Border fund. As in Gantchev, Giannetti and Li (2024), this is an indicator variable that takes

value of 1 if, at the end of a given fiscal quarter, the percentile rank of a fund’s portfolio sustain-

ability score is within ±2.5% of the cutoff between the Globe 4 and Globe 5 ratings.

3 Construction of the green-dressing measure

Our green-dressing measure builds on the returns-based ESG measure introduced by Andriko-

giannopoulou et al. (2022). As we discuss below in detail, this returns-based ESG measure reflects

the average level of ESG investment for a portfolio over a period of time. For each fund-quarter, we

construct two sets of returns-based ESG measures. One is calculated using the daily returns of a

hypothetical portfolio composed of a fund’s quarter-end reported holdings as in Agarwal, Gay and

Ling (2014), while the other is calculated using the fund’s actual daily returns. Subsequently, we

capture green-dressing behavior by calculating the difference between these two sets of measures.

3.1 Returns-based ESG measure

As in Andrikogiannopoulou et al. (2022), we calculate the returns-based ESG measure to capture

a portfolio’s average level of ESG investing throughout a period of time. This measure, in turn,

builds on the returns-based style analysis of Sharpe (1992). In each fiscal quarter t, we first es-

⁵Note that 𝑆",#,! is positive for long and negative for short positions. We divide by the sum of the absolute value
of the holdings in each stock, because otherwise the measure is not well defined (e.g., if the total value of longs equals
that of shorts).

⁶The list of ESG keywords we use is “ESG”, “environmental”, “social”, “governance”, “climate”, “green”,
“sustainable”, “ethic”, “renewable”, “alternative energy”, “carbon”, “human right”, “SRI”, “impact”.
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timate an asset-class factor model using the realized daily returns of the fund and of each asset

class in the last month of that quarter.⁷ Specifically, we estimate

𝑁",!,) = $",! + F′
!,)w",! + *",!,), (3)

where 𝑁",!,) is the net return of fund " in day ) of quarter !, F!,) is the vector of returns of the various

asset categories, w",! represents a collection of non-negative style weights on each asset category

that sum up to 1, and *",!,) denotes the residual return which is due to selection rather than style.

We categorize U.S. stocks into quintiles according to their rank of MSCI ESG scores, and include

them in the model; the return of each ESG quintile is the value-weighted average return of all

stocks in this quintile weighted by their market-capitalization. Consistent with Sharpe (1992), we

also include other asset categories into the model: emerging markets stocks, developed markets

stocks, government bonds, corporate bonds, and mortgage-backed securities.

We thus obtain an estimate, 𝑉̂,
",! , of each fund’s style weight on the qth ESG quintile in each

fiscal quarter !. Then, we assign scores q ranging from 1 to 5 to the five ESG quintiles, with 1

representing the lowest ESG quintile and 5 representing the highest ESG quintile. And, finally,

we combine the estimated style weights and the scores to calculate the actual returns-based ESG

measure for fund i in fiscal quarter t as

ESG-
",! =

5∑
,=1

, · 𝑉̂,
",! . (4)

Then, we repeat the above calculations, replacing in Equation 3 the fund’s actual returns with

those of the portfolio that the fund reports in its quarter-end disclosure, to calculate the correspond-

ing hypothetical returns-based ESG measure, denoted by ẼSG-
",! .

An alternative approach to measuring ESG investment intensity is to estimate ESG factor load-

ing using a linear factor model. However, this method often suffers from statistical inference issues

arising from multicollinearity among different risk factors (Brown and Goetzmann, 1997; George

Jiang, Bing Liang and Huacheng Zhang, 2023). In contrast, our method allows for a precise as-

⁷In Section 3.2 below, we explain why, in the context of constructing our green-dressing measure, it is preferable
to use daily returns from the last month of a quarter rather than from the entire quarter.
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sessment of portfolio weights allocated to stocks across different ESG-risk quintiles, rather than

merely gauging exposure to stocks with extreme ESG risk levels. Moreover, it avoids the afore-

mentioned statistical problems.

3.2 Measure of green dressing

Next, we construct the measure of green dressing for each fund in each fiscal quarter. In the spirit

of Agarwal, Gay and Ling (2014), our green-dressing measure is defined as the difference between

(i) the hypothetical returns-based ESG measure, ẼSG-
",! , calculated from the returns of the portfo-

lio consisting of a fund’s disclosed end-of-quarter holdings, and (ii) the actual returns-based ESG

measure, ESG-
",! , calculated from the fund’s realized daily returns, i.e.,

GD",! = ẼSG-
",! − ESG-

",! . (5)

We note that, in our calculations, we use the daily returns in the last month of each fiscal quarter

rather than of the entire fiscal quarter. This is because a fund’s strategy, hence its holdings, may

change throughout the fiscal quarter. Narrowing our focus to returns over a shorter period miti-

gates the impact of changes in fund strategy on the difference between the hypothetical and the

returns-based ESG measures.

A contemporaneous study by Parise and Rubin (2023) measures green window dressing by

comparing ESG loadings in the 10 days before and after the portfolio disclosure date. However,

if fund managers do not immediately reverse the trades used to green their reported holdings after

disclosure date (Wang, 2024), their method may fail to detect green dressers. Moreover, estimat-

ing factor loadings with so few observations introduces substantial noise into the OLS estimates.

Our method, by comparison, overcomes these limitations. Indeed, in a simulation analysis, we

find that, under a variety of reasonable assumptions for green-dressing behavior, our measure is

quite effective at capturing green-dressing activity; we discuss more details on the analysis and

its results in Section 3.3.

In addition to this continuous green-dressing measure, we define dummy versions—denoted
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GDtop-10%
",! and GDtop-20%

",! —that indicate whether a fund’s continuous green-dressing measure, GD",! ,

is in the top 10% or the top 20%, respectively, within a fund’s investment category as of the end

of its fiscal quarter. These measures will be useful in our subsequent analyses, as they can help

us uncover potential non-linear effects as suggested by the literature on salience.

3.3 Validity of the green-dressing measure

In this subsection, we conduct a simulation analysis to check the validity of our green-dressing

measure. Let . be the number of funds in our fictitious data, where we set . = 2,144, which is

the number of funds in our real data. Also let / be the proportion of funds that green-dress; we

conduct three separate simulations with / set to 25%, 50% and 100%, respectively. Then, from

our real data, we randomly pick / · . funds among those with high (i.e., above-median) holdings-

based ESG measure, labeling them as potential green dressers. The remaining (1 − /) · . funds

are classified as non–green dressers.

To generate the returns for the / · . green dressers in our fictitious data, we work as follows.

The pre-disclosure window (i.e., the period during which funds are presumed to green-dress their

holdings) is defined as the 10-trading-day period preceding the disclosure date for all funds. The

returns over the pre-disclosure window, i.e., (−10, 0), are those of the potential green dressers we

picked from the real data. The remaining trading days in the month prior to the disclosure date

are referred to as the intermediate window. For the returns over the intermediate window, i.e.,

(−22,−10) ⁸and post-disclosure window, i.e., (0, +10), we use the returns of a randomly drawn

matching fund that has relatively low (i.e., below-median) holdings-based ESG measure. By doing

so, we ensure that the constructed returns of these funds mimic the behavior of green dressers, that

is, holding high-ESG stocks only shortly before the disclosure date, while holding low-ESG stocks

for the remainder of the disclosure period. The returns for the (1 − /) · . non-green-dressers in

our fictitious data are the returns of the corresponding funds in the real data.

Next, we calculate our green-dressing measure defined in Equation 3 for funds in the fictitious

⁸Here, we quote the average number of trading days in month, though the exact number varies across months.
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data. For each fund, we perform a paired !-test of the null hypothesis that the the mean difference

between the hypothetical and actual returns-based ESG measure is zero. Then we calculate the

proportion of funds with significantly positive and significantly negative mean difference and re-

port the results in Table 3. In the leftmost columns of Panel A of Table 3, we present the results.

For the fictitious data with 25% green-dressing funds, we observe that the proportion of funds with

significantly positive mean difference between hypothetical and actual ESG measure—so the pro-

portion of green dressers—is about 20% after accounting for false discoveries, using a test size

of 5%. As expected, with a test size of 10% and 1%, respectively, we find higher and lower pro-

portions, respectively, of 24% and 10%. We conclude that the estimated proportions are quite

close to the true proportion of 25% green-dressing funds in this fictitious data. We also present

the results for the fictitious data with 50% and 100% green-dressing funds in Panel A of Table

3. The performance of our measure here is a little worse, as respectively we estimate (after ad-

justing for false discoveries) that 32% and 60% of funds are green dressers using a test with size

5%, respectively. Despite being lower than the true proportion of 50% and 100%, these estimated

proportions are much higher than those estimated in the fictitious data with 25% green-dressing

funds. Furthermore, we note that the estimated proportions of funds with negative difference be-

tween hypothetical and actual holdings-based ESG measure (so exhibiting the opposite behavior

to green dressing) is close to zero in all cases, as it should be.

For comparison, we also compute the green-dressing measure proposed by Parise and Rubin

(2023), defined as the difference between pre- and post-disclosure ESG loadings, estimated using

a linear factor model with a market factor and an ESG factor proxied by the Morningstar US Sus-

tainability Index. Likewise, for each fund, we perform a paired t-test to assess whether the mean

difference between pre- and post-disclosure ESG loadings is different from zero. The results are

shown in the rightmost columns of Panel A of Table 3. We observe that, relative to our measure,

this measure consistently identifies a substantially lower proportions of green dressers, across all

test sizes and in every fictitious fund sample. Specifically, using a test size of 5%, it yields esti-

mates of only about 4%, 10%, and 20% of green dressers for fictitious datasets in which the true
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proportions of green dressers are 25%, 50%, and 100%, respectively. These results indicate that

this measure substantially underestimates the proportion of green dressers in the sample.

Our previous data generation process assigns a uniform pre-disclosure window of 10 days to

all green dressers. However, in practice, these windows may vary across funds. To better reflect

this, we now randomly assign different pre-disclosure windows to different funds: 2 days, 5 days,

7 days, and 10 days, with each window applied to 25% of the sample. We then calculate both

green-dressing measures for new fictitious datasets and rerun the aforementioned paired t-tests for

each fund. The results are presented in Panel B of Table 3. We show that our green-dressing mea-

sure continues to identify a substantial proportion of green dressers, with estimates even slightly

higher than those obtained when all funds were assigned the same pre-disclosure window. In con-

trast, the performance of Parise and Rubin (2023) deteriorates further when funds are assigned

with varying pre-disclosure windows. These results highlight a key limitation of the Parise and

Rubin (2023) measure: it requires the arbitrary selection of a short window before and after dis-

closure to estimate ESG loadings. If the chosen estimation window does not align with the actual

period during which the manager engages in green dressing, the resulting estimates are subject to

substantial noise. Taken together, these results indicate that our green-dressing measure can be

quite effective at capturing green-dressing behavior.

3.4 Summary statistics

In Panel A of Table 2, we present summary statistics for the funds’ ESG measures and characteris-

tics. Holdings ESG measure is the value-weighted mean of the fund investments’ ESG scores from

MSCI; its mean/median is 4.76/4.84. Returns ESG measure is the fund’s returns-based ESG score

calculated using the Sharpe (1992) style analysis; its mean/median is 2.65/2.55. ESG commitment

is an indicator variable taking value 1 if, at the end of the fiscal quarter, fund " is a UNPRI signa-

tory or its name contains ESG keywords; in our sample, funds have made such a commitment to

sustainability in about 20% of all fund-quarters. Border Fund is an indicator variable taking value

1 if, at the end of the fiscal quarter, the percentile rank of a fund’s portfolio sustainability score
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is within ±2.5% of the cutoff between the Globe 4 and Globe 5 ratings, as in Gantchev, Giannetti

and Li (2024); 5% of all fund-quarter observations are classified as border funds. In Panel B, we

present summary statistics for our green-dressing measure; its mean/median value is 0.05/0.02.

4 Evidence on green dressing

In this section, we show the empirical evidence on the motivation for and the existence of green

dressing in the mutual fund industry. Specifically, we first study whether investors respond to the

ESG tilt of funds’ holdings and hence that fund managers have an incentive to green-dress so they

can attract more investment capital. Then, for each fund, we perform a paired !-test to test whether

there is significant difference between the means of their hypothetical and actual returns-based

ESG measures. Finally, we provide further evidence of green dressing by investigating the patterns

of cumulative abnormal returns of green and and brown stocks around fund disclosure dates.

4.1 Motivation for green dressing

For mutual fund investors, the ESG characteristics of the disclosed portfolio holdings serve, in

principle, as a source of information for them to evaluate funds’ ESG commitment and associated

risks. If investors indeed pay attention to this information hence capital flows respond to it, fund

managers might be motivated to manipulate their disclosed holdings’ ESG characteristics. We

examine the relation between fund flows and the holdings-based ESG characteristics, controlling

for fund past performance and other fund characteristics. Our specification is

Flows",!+1 = $&,! + 0ESG%
",! + 1′xi,t+*i,t, (6)

where Flows",!+1 is the quarterly net flow ratio of fund " in fiscal quarter ! + 1. As in Agarwal,

Gay and Ling (2014), we focus on quarterly fund flows because fund managers can choose to de-

lay the filing of Form N-PORT to the SEC (which contains the holdings information) by up to

60 days, and so quarterly flows may better capture investors’ response to information contained

in portfolio holdings; ESG%
",! is the holdings-based ESG measure at the end of fiscal quarter ! as
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introduced in Section 2.1; and x",! is a vector of fund characteristics that might influence fund

flows, including fund age, size, expense ratio, marketing expense, turnover ratio, funds for insti-

tutions, past performance and flows, the returns-based ESG measure and the performance-based

window dressing measure introduced by Agarwal, Gay and Ling (2014). We also control for fund

investment category-by-quarter fixed effects, with investment category identified by the CRSP in-

vestment objective code. Standard errors are clustered by fund and year-by-quarter.

The results from estimating this model are reported in column 1 of Table 4. We observe that

the estimated coefficient on the holdings-based ESG measure is not statistically different from zero.

This indicates either that investors do not care about the ESG characteristics of the disclosed port-

folio, or possibly that investors’ response is not linear. To test whether investors respond to high

levels of ESG commitment, we define an indicator variable that takes value 1 if a fund’s holdings-

based ESG measure is in the top 10% within its investment category at the end of the fiscal quarter.

We then re-estimate Equation 6, replacing the continuous holdings-based ESG measure with this

indicator variable, and report the results in column 2 of the table. We see that investor flows re-

spond positively and significantly (!-statistic of 2.39) to funds in the top decile of holdings-based

ESG measure. Specifically, we estimate that, on average, top-10% ranked funds experience ad-

ditional inflows of about 0.7% of their net asset value per quarter. This relationship serves as

potential motivation for fund managers to green-dress their portfolio holdings.

We note that our results verify in our sample the original finding by Hartzmark and Sussman,

2019 that, when Morningstar introduced its sustainability ratings in 2016, investors responded by

investing significantly more in the top-rated funds. More generally, our results are consistent with

the extant literature in mutual funds showing that investors’ investment decisions are not only in-

fluenced by funds’ past performance, but also by information inferred from their portfolio holdings

(see, e.g., Agarwal, Gay and Ling, 2014).
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4.2 Mean difference between hypothetical and actual ESG measure

As introduced in Section 3.2, at the end of each fiscal quarter, we construct two sets of returns-

based ESG measures for each fund: the hypothetical one (based on the returns of the fund’s dis-

closed holdings at the fiscal quarter end) and the actual one (based on the fund’s actual returns

during the last month of the fiscal quarter). For each fund, we conduct a paired !-test to determine

if there is a significant difference between the means of these two measures, with a positive differ-

ence corresponding to green-dressing behavior.⁹ Thus, for each fund ", we test the null hypothesis

%"
0 : 2

[
ẼSG-

",! − ESG-
",!

]
= 0. (7)

Next, we calculate the proportions of funds for which we reject this null hypothesis, and present

the results in Panel A of Table 5. We note that, since we conduct a large number of hypotheses

tests, we expect that some will be rejected even if all nulls are true. For example, with a test size

of 5%, we would reject the null for about 5% of funds if all nulls were true; half of these rejec-

tions (so 2.5%) would correspond to a positive and half to a negative mean difference. Using a

test size of 5%, we find that about 16% funds have significantly higher mean for the hypothetical

than for the actual ESG measure so, after subtracting the proportion of “false discoveries”, we

calculate that about 14% of funds exhibit evidence of green dressing. As expected, we see in the

table that using a test with larger (smaller) size hence higher (lower) power yields slightly higher

(lower) estimated proportions of green-dressing funds. Specifically, using a test size of 10% and

1%, respectively, we estimate (after controlling for false discoveries) a proportion of about 16%

and 9% green-dressing funds, respectively. Regardless, across test sizes, our finding that a sub-

stantial proportion of about 10% to 15% of funds green dress is quite robust. For comparison,

the proportion of funds that have significantly lower mean for the hypothetical than for the actual

ESG measure, hence that exhibit the opposite behavior to green dressing, is consistently close to

zero after controlling for false discoveries, which is indeed reassuring.

We note that our hypothetical returns-based ESG measure is backward-looking, as it utilizes

⁹For this part of analysis, we keep funds with at least 10 quarterly observations over the sample period.
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the returns of the disclosed portfolio for the 30 days up until this portfolio is disclosed. This could

raise the concern that our evidence that a substantial proportion of funds green-dress is driven by

the increasing interest in ESG investments over time. To alleviate this concern, we also calculate

a forward-looking version of our green-dressing measure, i.e., one that calculates the difference

between hypothetical and actual returns-based ESG measures using daily returns during the calen-

dar month following (rather than preceding) the disclosure date. We repeat our analysis using this

forward-looking measure and report the results in Panel B of Table 5. Our results here are very sim-

ilar to those in Panel A of the table using the backward-looking measure: The proportion of funds

that exhibit green-dressing behavior is slightly higher (e.g., 17% instead of 14%, for a test size of

5%), while the proportion of funds that exhibit the opposite behavior remains very close to zero.

To further check the validity of our results, we perform a placebo test. We compare the actual

returns-based ESG measure for the last month of the previous quarter with that for the first month

of the subsequent quarter. These should be similar for all funds, regardless of whether they green-

(or brown-) dress or not. For each fund, we conduct a paired !-test of the null hypothesis that these

two actual returns-based ESG measures have the same mean, and we present the results in Panel

C of Table 5. We see that, after controlling for false discoveries, across all test sizes, the null is

accepted for almost all funds. These results further validate our previous finding that a substantial

proportion of mutual funds green-dress.

4.3 Evidence from the returns of green and brown stocks

In this subsection, we provide evidence of green dressing in the mutual fund industry by investi-

gating the cumulative abnormal returns of green and brown stocks (i.e., high- and low-ESG stocks)

surrounding fund disclosure dates. The idea is that, if fund managers practice green dressing by

heavily purchasing (liquidating) green stocks shortly before (after) the disclosure dates, the result-

ing price pressure from intensive trading will drive the prices of green stocks upwards (down-

wards). Conversely, we should observe the opposite pattern in the price movements of brown

stocks if fund managers substantially reduce their positions of brown stocks before the disclosure
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date but reinvest in them immediately after. To examine this idea, we first employ an event-study

methodology.

In this analysis, the events are the fund holdings disclosures, which occur at the end of each

fund’s fiscal quarter. Since the fiscal quarters for most funds in our sample align with the calendar

quarters, the last trading day of each calendar quarter constitutes an event date. On each event date,

we partition U.S. stocks into quintiles by sorting them in ascending order using their latest MSCI

ESG score, and we classify as green stocks those in the top quintile and as brown stocks those in

the bottom quintile. We then calculate CAARs from −3 to +3 days for both categories. Specif-

ically, to calculate the CAAR for the green-stocks category, for each day ) in the event window

(−3, +3), we first estimate the abnormal daily return (AR) for green stock 3 using

AR 3 ,) =
(
𝑁 3 ,) − 𝑁 4 ,)

)
−
[
$3 + 0𝑓3

(
𝑁𝑓,) − 𝑁 4 ,)

)
+ 0SMB

3 SMB) + 0HML
3 HML)

]
, (8)

where 𝑁 3 , 𝑁 4 , and 𝑁𝑓 are the daily returns of stock 3 , the risk-free asset, and the market portfolio,

respectively, and SMB and HML are the daily returns of the small-minus-big and high-minus-low

factor-mimicking portfolios, and where the parameters of the Fama and French (1993) 3-factor

model are estimated using daily returns during the 150-day window ending 30 days before the

event. Then, the average abnormal daily return (AAR) for . events in this category for each day

) is

AAR) =
1
.

.∑
3=1

AR 3 ,) . (9)

Finally, we calculate the cumulative average abnormal return (CAAR) from the start to day ) of

the event window as

CAAR =
)∑

)=−3
AAR) . (10)

We repeat the same procedure to calculate the CAARs for the brown-stocks category.

We report the the AARs for each day in the event window for both the green and brown stocks

in Table 6, and we plot the CAARs for both categories in Figure 1. In Panel A of Table 6, we

see that green stocks on average consistently earn positive abnormal returns from event day −2 to

event day 0. As shown in Figure 1a, this implies an upward drift in CAARs leading up to the event
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date, i.e., the disclosure date. In contrast, green stocks yield negative abnormal returns right after

the event date, resulting in a downward drift in CAARs after the event date. Specifically, green

stocks generate a positive CAAR of 0.156% leading up to the fund disclosure date, contrasted with

a negative CAAR of −0.135% in the three days following it. These findings corroborate our earlier

results on green-dressing behavior surrounding the disclosure dates. Furthermore, they illustrate

that this behavior has asset pricing implications.

On the other hand, brown stocks exhibit the opposite pattern. As shown in Panel B of Table 6,

The AAR is statistically significant and negative on event day −1 (−0.161%), but becomes statis-

tically significant and positive on event day +1 (0.101%). Consequently, we observe from Figure

1b a decrease in CAARs leading up to the disclosure date, followed by a notable reversal there-

after. This suggests that funds divest from brown holdings prior to disclosure dates, but swiftly

reinvest in these holdings after that.

Next, we investigate the patterns of stock returns at quarter-end and quarter-beginning periods

under a panel regression setting. We begin by calculating the cumulative abnormal daily return

(CAR) for each stock over 3 days preceding and following the last trading day of each calendar quar-

ter, corresponding to event windows (−2, 0) and (+1, +3), respectively. If a substantial number

of fund managers engage in green dressing around portfolio disclosure dates, we should observe

a positive association between stock-level ESG performance and CAR prior to the disclosure date,

and a negative association in the short period that follows. To test this hypothesis, we then estimate

model 11 and 12

CAR(−2, 0) 3 ,! = $/,! + 01ESGperformance 3 ,! + 1′xj,t−1+*j,t, (11)

CAR(+1, +3) 3 ,! = $/,! + 01ESGperformance 3 ,! + 1′xj,t−1+*j,t, (12)

where CAR(−2, 0) 3 ,! is the CAR earned by stock 3 over the 3 trading days prior to the end of quar-

ter !, and CAR(+1, +3) 3 ,! is the CAR earned by stock 3 over the 3 trading days following the end of

quarter !. ESGperformance 3 ,! is the percentile rank (in ascending order) of the most recent MSCI

ESG score of stock 3 at the end of quarter !. Following Wang (2024), we control x 3 ,! , which is
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a vector of firm characteristics, including the logarithm of market capitalization, book-to-market

ratio, return on assets, debt-to-equity ratio, net profit margin and past quarter returns. We also

account for GICS-industry-by-quarter fixed effects.

Columns 1 and 2 in Panel A of Table 7 reports the results of estimating model 11 and 12,

respectively. We observe that coefficient on ESGperformance 3 ,! is positive and statistically signif-

icant (coefficient: 0.209, t-statistics: 2.795) in column 1, whereas it becomes significantly nega-

tive (coefficient: −0.132, t-statistics: −1.842) in column 2. These results are consistent with our

hypothesis. That is, prior to the end-of-quarter disclosure, fund managers tend to purchase high-

ranked ESG stocks aggressively while liquidating low-ranked ESG stocks. This demand-driven

trading pressure results in higher CARs for high-ranked ESG stocks relative to their low-ranked

counterparts. Following disclosure, however, funds unwind their positions in high-ranked ESG

stocks and increase their holdings of low-ranked ESG stocks, producing a reversed relationship

between stock’s ESG percentile rank and CAR. We also construct an alternative measure to capture

extreme stock-level ESG performance, defined as a dummy variable equal to 1 if a stock’s MSCI

ESG score ranks in the top 20% of the distribution for a given quarter. With this measure, we

re-estimate model 11 and model 12 and report the results in Panel B of Table 7. We find that top-

performing ESG stocks exhibit 0.122% higher CARs than other stocks in the three days preceding

the quarter-end, whereas this outperformance disappears at the beginning of following quarter.

5 Analysis of green dressing

In this section, we start by studying which fund characteristics are associated with green-dressing

behavior. This analysis is intended as an informal verification that our green-dressing measures

truly capture green-dressing behavior. Next, we investigate how investors react to green dressing.

That is, do they recognize the discrepancy between what funds claim to hold and what they actu-

ally hold, by responding differently to green dressers and genuinely green funds? If not, this would

imply a clear benefit of green dressing, as higher flows lead to higher management fees. Finally,

we check whether there is a difference in fund performance between green dressers and genuinely
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green funds. On the one hand, as we have discussed previously, it is not clear ex ante whether

green investments have higher or lower mean returns. On the other hand, the higher transaction

costs incurred by green dressing could lead to lower returns.

5.1 Determinants of green dressing

In this subsection, we investigate the fund characteristics of green dressers. First, we hypothesize

that funds are more likely to green-dress when they have strong incentives to do so. We anticipate

that funds that have publicly stated their ESG commitments, either by signing the UNPRI or by

including ESG keywords in their fund names, have more incentives to manipulate the perceived

sustainability of their holdings in order to maintain their public image as responsible investors.

Furthermore, motivated by the evidence by Hartzmark and Sussman (2019) that funds with the

highest sustainability rating—Morningstar’s Globe 5—attract more inflows, we conjecture that

funds with rating near the cutoff between Globe 4 and Globe 5 are more likely to manipulate their

holdings in an effort to be upgraded (or not to be downgraded). We also conjecture that overstat-

ing a fund’s ESG commitments through green dressing could be an attention-grabbing strategy to

divert investors’ focus from poor past performance.

Additionally, we expect that funds are more likely to engage in green-dressing activities when

there is a lower likelihood to be detected. This could be the case for funds with weaker governance,

which could be proxied by higher expense ratios (see Gil-Bazo and Ruiz-Verdú, 2009). It could

also be the case for funds targeted to retail investors, as they are less sophisticated in processing

information (see Evans and Fahlenbrach, 2012).

Motivated by these conjectures, we estimate the model

GDtop
",! =$&,! + 01ESGcommitment",! + 02BorderFund",!−1 + 03ExpenseRatio",!

+ 04InstitutionalFund",! + 05PastReturns",! + 1′xi,t+*i,t, (13)

where GDtop
",! is an indicator variable that takes value 1 if our continuous green-dressing measure

for fund " is ranked toward the top (10% or 20%) within its investment category at the end of fiscal
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quarter !. ESGcommitment",! is an indicator variable taking value 1 if fund " is a UNPRI signatory

or its name contains ESG keywords in fiscal quarter !. BorderFund",!−1 is an indicator variable

taking value 1 if fund "’s portfolio sustainability rank at the end of fiscal quarter ! − 1 is within

±2.5% of the cutoff between the Globe 4 and Globe 5 ratings, as in Gantchev, Giannetti and Li

(2024). ExpenseRatio",! is the logarithm of the expense ratio charged by fund " in fiscal quarter !.

InstitutionalFund",! is an indicator variable equal to 1 if fund " is targeted to institutional investors.

PastReturns",! is the mean of fund "’s monthly returns over the past 12-month period ending at the

end of quarter !. x",! is a vector of other fund characteristics such as fund size, age, turnover ratio,

and marketing and distribution fees. We also control for fund investment category-by-quarter fixed

effects, and cluster standard errors by fund and year-by-quarter.

In Table 8, we report the results from OLS and logistic estimations of Equation 13, using two

alternative definitions of our dummy green dressing measure—GDtop-10%
",! and GDtop-20%

",! . The esti-

mated coefficient on ESG commitment is significantly positive in all specifications. This is in line

with recent literature showing that UNPRI signatories fail to deliver on their ESG commitments

(see Gibson Brandon et al., 2022; Kim and Yoon, 2023). The coefficients on past returns are all

significantly negative, indicating a negative relationship between green dressing and past returns.

We also find evidence that funds with sustainability rating near the cutoff between Globe 4 and

Globe 5 are more likely to green dress; estimated coefficient signs and magnitudes are consistent

throughout, but the evidence is only statistically significant when using the GDtop-20%
",! dummy.

Moreover, we see that estimated coefficients on expense ratio and funds targeted on institutions

are significantly positive and negative, respectively, confirming our hypothesis that funds are more

likely to green dress when this activity is more likely to go undetected. Finally, as expected and

consistent with the extant literature on window dressing in mutual funds (e.g., Agarwal, Gay and

Ling, 2014), we find that portfolio turnover is strongly associated with green dressing.

Taken together, our results show that green dressing behavior is associated with stronger in-

centives to do so and a lower probability of being detected.
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5.2 Do investor flows respond to green dressing?

In this subsection, we examine how investor flows respond to green dressing. If investors are

sophisticated enough to detect funds’ green-dressing activities, then the relationship between flows

and the ESG characteristics of disclosed holdings should be weaker (or non-existent) for green-

dressing than for genuinely green funds. On the other hand, if investors are deceived and misled by

the cosmetic changes to fund holdings’ ESG characteristics, then this relationship should be similar

across both sets of funds. We test investors’ reactions to green dressing by estimating the model

Flows",!+1 = $&,! + 01ESG%,top
",! + 02GDtop

",! + 03ESG%,top
",! × GDtop

",! + 1′xi,t+*i,t, (14)

where GDtop
",! is our green-dressing dummy variable as above, and ESG%,top

",! is a dummy variable

indicating that fund "’s holdings-based ESG measure in quarter ! ranks in the top 10% within its

investment objective in that quarter. If investors can correctly process the available information to

identify the green dressers, then 03—the coefficient on the interaction term ESG%,top
",! × GDtop

",! —

should be negative. As in our other models, in this model we also control for various fund charac-

teristics, including the returns-based ESG measure and the performance-based window dressing

measure. We also control for investment category-by-quarter fixed effects and cluster standard

errors by fund and year-by-quarter.

In columns 1 and 2 of Table 9, we present the results from estimating Equation 14 for alterna-

tive green dressing measures, i.e., the green dressing dummies based on the top 10% and 20% of

the continuous green dressing measure. Across specifications, we see that the estimated coefficient

on the dummy indicating extreme holdings-based ESG measure is significantly positive, while the

coefficient on the interaction term ESG%,top
",! × GDtop

",! is not statistically different from zero. This

indicates that, while investors respond positively to funds with extremely high levels of holdings-

based ESG measure, they cannot distinguish whether these funds are green dressers or not.

Overall, our findings show that investors do not uncover the inconsistency between what funds

disclose about their holdings and what they actually invest in throughout the reporting period.

This implies that investors have bounded rationality and cannot detect the cosmetic actions taken
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by mutual funds, consistent with the findings of Cooper, Gulen and Rau (2005), and Andriko-

giannopoulou et al. (2022).

5.3 Green dressing and fund performance

As discussed in the introduction, the link between ESG risk and asset returns remains ambiguous.

Giglio, Kelly and Stroebel (2021) propose that the ESG risk premium is negative if government

action to punish brown firms is more likely to take place in economic expansion where produc-

tion and pollution are high. In contrast, Pástor, Stambaugh and Taylor (2021) suggest that the ESG

risk premium is positive if investors dislike the harm caused by climate risk and require higher

expected return to hold brown assets. However, they also suggest that green assets outperform

brown assets if there are unexpectedly increasing climate change concerns. As a result, it is not

clear whether we should expect green dressers to have lower returns (because they have higher

transaction costs) or higher returns (because they avoid investing in green stocks) than genuinely

green funds. Regardless, if we find that they have lower returns, this should weaken funds’ incen-

tive to green dress, and vice versa.

We estimate the model

Performance",!+1 = $&,! + 01ESG%,top
",! + 02GDtop

",! + 03ESG%,top
",! × GDtop

",! + 1′xi,t+*i,t, (15)

where Performance",!+1 is fund "’s performance in fiscal quarter !+1, and the other variables are as

defined previously. We estimate this model using various measures of performance, specifically,

market-adjusted returns as well as risk-adjusted returns based on the CAPM, the Fama and French

(1993) 3-factor model and the Carhart (1997) 4-factor model. Across specifications, we control for

past performance and various fund characteristics. We also include investment category-by-quarter

fixed effects, and cluster standard errors by fund and year-by-quarter. If green-dressing funds out-

perform (underperform) genuinely green funds, then 03—the coefficient on the interaction term

ESG%,top
",! × GDtop

",! —should be positive (negative).

We report the results from estimating this model using our two dummy green-dressing mea-
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sures (GDtop-10%
",! and GDtop-20%

",! ) in Panels A and B of Table 10, respectively. In both panels,

and for all measures of fund performance, we see that the estimated coefficient on the top-10%

holdings-based ESG indicator is significantly positive, while the estimated coefficient for the in-

teraction term of top-10% holdings-based ESG indicator and the green-dressing indicator is signif-

icantly negative in all specifications. These results indicate that the performance of funds whose

holdings-based ESG score is in the top decile depends on whether they are green dressers or gen-

uinely green funds. Funds that consistently hold high proportions of green assets over time (i.e.,

they are genuinely green funds) outperform other funds. But funds that only invest in green assets

heavily for a very short period of time around the disclosure dates (i.e., they are green dressers)

do not outperform other funds. Indeed, we find that green dressers significant underperform green

funds.

Notably, our finding on the outperformance of genuinely green funds further corroborates the

recent findings of a positive relationship between ESG performance and asset returns in Pástor,

Stambaugh and Taylor (2022) and Ardia et al. (2023).

6 Conclusion

In this paper, we investigate green window dressing within the mutual fund industry, i.e., the

practice of tilting portfolio holdings toward green stocks and away from brown stocks right before

holdings disclosure dates, to inflate investors’ perception of the fund’s ESG commitment. Since

green dressing is not directly observable, we first develop a novel measure to identify funds’ en-

gagement in green-dressing activities. Our measure is the discrepancy between the hypothetical

returns-based ESGmeasure imputed from a fund’s disclosed holdings and the fund’s actual returns-

based ESG measure.

Subsequently, we use our measure to study green dressing, specifically, its prevalence, its de-

terminants, and its implications for fund flows and fund performance. We find that a substantial

15% of all funds in our sample green-dress. Furthermore, we document that the cumulative ab-
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normal returns of green (brown) stocks on average drift upwards (downwards) before holdings

disclosure date, followed by a reversal afterwards. The return patterns of green assets and brown

assets further corroborate the prevalence of green dressing. We also investigate the determinants

of green dressing and its impact on fund flows and returns. Our results show that green dressing

is associated with funds with self-proclaimed ESG commitment, poor past performance, and weak

oversight. In terms of fund flows, we find that investors allocate similar amounts of capital to both

green-dressing and genuinely green funds, suggesting that investors are unable to distinguish be-

tween them. On the other hand, when compared with genuinely green funds, green dressers have

lower performance.

Overall, our findings uncover the prevalence of green window dressing in mutual funds, and

provide valuable insights for investors, policy makers, and other market participants who seek to

identify funds that overstate their ESG commitments through reported portfolio holdings.
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Table 1: Summary statistics of fund characteristics

In Panel A, we present summary statistics for the entire sample of 26,810 fund-quarters (2,144
funds at an average of 12.50 quarters each from January 2016 to June 2020). In Panel B, we present
summary statistics for the sample of 2,656 fund-quarters that have GD measure in the top 10% in
the same category-quarter group. Fund age is the number of years since the fund’s inception. Total
net asset value is measured in millions of U.S. dollars. Expense ratio is total annual management,
administrative, and 12b-1 fees and expenses, divided by year-end Total net asset value. Turnover
ratio is the minimum of aggregate purchases and sales of securities, divided by the average Total
net asset value over the calendar year. Marketing expenses are defined similar to Roussanov, Ruan
and Wei (2021) as the combination of 12b-1 fees and front loads. Fund inflows are the ratio of quar-
terly fund flows to the beginning-of-quarter Total net asset value. The Institutional-fund dummy
classifies each fund as targeted to institutional or retail investors using CRSP’s institutional class
indicator for its largest (by net asset value) share class. Net returns are the quarterly fund returns
net of fees, expenses, and transaction costs. Fund alpha is the quarterly fund alpha estimated from
the Carhart (1997) 4-factor model based on daily fund and factor returns in the past 12 months.
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Table 2: Summary statistics of fund ESG characteristics

In Panel A, we present summary statistics for the funds’ ESG measures and ESG characteristics.
Holdings ESG score is the value-weighted mean of the fund investments’ ESG scores from MSCI,
the average ESG score in our sample is 4.76. Returns ESG score is the fund’s returns-based ESG
score calculated using the Sharpe (1992) style analysis. ESG commitment is an indicator variable
taking value 1 if fund " is a UNPRI signatory or its name contains ESG keywords in fiscal quarter
! and 0 otherwise. Border Fund is an indicator variable taking value 1 if rank of fund "’s portfolio
sustainability score at the end of fiscal quarter ! − 1 is within ±2.5% from the cutoff of the Globe
5 and Globe 4 ratings (which is 10%), as in Gantchev, Giannetti and Li (2024). In Panel B, we
present the summary statistics of our GD measure.
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Table 3: Validity of the green-dressing measure

This table reports the results of simulation tests on the validity of the green-dressing measure.
We conduct three separate simulations with proportions of green dressers / set to 25%, 50%
and 100% in the fictitious samples. Panel A reports results from the data generation processes in
which a uniform pre-disclosure window of 10 trading days is applied to all green dressers, while
Panel B reports results from the data generation processes in which pre-disclosure windows are
randomly assigned across funds, with 25% of the sample allocated to each of four window lengths:
2, 5, 7, and 10 trading days. In each panel, we report the proportions of funds that are identified
as green dressers using the green-dressing measure defined in Equation 5 (leftmost columns) and
in Parise and Rubin (2023) (rightmost columns), at the 10%, 5%, and 1% significance levels.
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Table 4: Fund flows and ESG characteristics of portfolio holdings

This table shows how fund flows respond to holdings-based ESG score. The specifications
differ in the measure of holdings-based ESG characteristics. Column 1 shows the results with
continuous holdings-based ESG score, and column 2 shows the results with a dummy indicating
if the holdings-based ESG score is in the top 10% within its investment category at the fiscal-
quarter-end. All specifications include investment category-by-quarter fixed effects and controls
for age, size, expense ratio, 12b-1 fees, turnover ratio, past 12-month mean return, past 12-month
mean flow ratio and dummies indicating if prior 12-month $ is in the bottom or top 10% for
for the investment category at the fiscal-quarter-end, and a dummy indicating funds targeted
on institutional investors. !-statistics from standard errors clustered two-ways at the fund and
year-by-quarter levels are reported. ∗/∗∗/∗∗∗ indicate significance at the 10%/5%/1% levels.
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Table 5: Hypothetical vs. actual ESG measure

This table reports the proportions of funds with significant positive (negative) mean difference
between hypothetical returns-based ESG score and actual returns-based ESG scores at the
10%/5%/1% significance levels. In Panel A, the hypothetical returns-based ESG score are
calculated from fund’s daily return of a hypothetical portfolio comprising a fund’s end-of-quarter
holdings that are assumed to have been held throughout the last month of the preceding fiscal
quarter, and the returns-based ESG score calculated from fund’s actual daily return in the last
month of the preceding fiscal quarter. In Panel B, the returns-based ESG scores are calculated
from fund’s daily return of a hypothetical portfolio comprising a fund’s end-of-quarter holdings
that are assumed to be held throughout the first month of the succeeding fiscal quarter, and the
actual returns-based ESG score are calculated from fund’s actual daily return in the first month
of the succeeding fiscal quarter. In panel C, we conduct a placebo test, where we compare the
actual returns-based ESG score for the previous fiscal quarter with that for the subsequent fiscal
quarter. Again, we report the proportions of funds with significant positive (negative) mean
difference at the 10%/5%/1% levels.
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Table 6: Abnormal returns of green and brown stocks surrounding fund disclosure date

This table presents the average abnormal stock returns over the event window from day −3 to
day +3 relative to the fund disclosure date (event day 0). Panel A reports results for green stocks,
defined as those in the top quintile of MSCI ESG scores, while Panel B reports results for brown
stocks, defined as those in the bottom quintile. Abnormal stock returns are estimated using the
Fama and French (1993) three-factor model with a 150-day estimation window that ends 30 days
prior to the event day 0. ∗/∗∗/∗∗∗ indicate significance at the 10%/5%/1% levels.
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Table 7: Stock-level ESG performance and cumulative abnormal returns at quarter start vs. end

This table shows the association between stock’s ESG performance and its CARs around the turns
of quarter. In Panel A, ESG performance is measured by the percentile rank of each stock’s most
recent MSCI ESG score, whereas in Panel B, it is represented by a dummy variable equal to 1 if
the score falls within the top 20% of the distribution. For both panels, column 1 reports the effect
of ESG performance on the cumulative abnormal return over the three trading days preceding the
quarter-end, while column 2 reports the corresponding effect over the three trading days following
the quarter-end. All specifications include industry-by-quarter fixed effects and firm controls for
logarithm of market capitalization, book-to-market ratio, return on assets, debt-to-equity ratio,
net profit margin and past quarter returns. !-statistics from standard errors clustered at the firm
level are reported. ∗/∗∗/∗∗∗ indicate significance at the 10%/5%/1% levels.
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Table 8: Fund characteristics related to green dressing

This table shows which fund characteristics are associated with green dressing. In column 1 and
2, we report the estimations from OLS regression. In column 3 and 4, we report the estimations
from logistic regressions. ESG commitment indicates if a fund is a UNPRI signatory or its
name contains ESG keywords in fiscal quarter !. Border Fund indicates if the rank of a fund’s
portfolio sustainability score at the end of fiscal quarter ! − 1 is within ±2.5% of the cutoff of
the Globe 5 and Globe 4 ratings (which is 10%), as in Gantchev, Giannetti and Li (2024). All
specifications include investment category-by-quarter fixed effects and fund controls for age, size,
expense ratio, 12b-1 fees, turnover ratio, prior 12-month mean return, prior 12-month mean flow
ratio, and a dummy indicating funds targeted to institutional investors. !-statistics from standard
errors clustered two-ways at the fund and year-by-quarter levels are reported. ∗/∗∗/∗∗∗ indicate
significance at the 10%/5%/1% levels.
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Table 9: Fund flows and green dressing

This table shows how fund flows respond to top 10% holdings-based ESG score. The effect
for green-dressing (GD) funds is shown in the row presenting the interaction of dummy of top
10% holdings-based ESG score with the dummy indicating GD funds. Column 1 shows the
results with the GD dummy based on the top 10% values of the continuous GD measure, and
column 2 shows the results with the GD dummy based on the top 20% values of the continuous
GD measure. All specifications include investment category-by-quarter fixed effects and fund
controls for age, size, expense ratio, 12b-1 fees, turnover ratio, past 12-month mean return, prior
12-month mean flows and dummies indicating if prior 12-month $ is in the bottom or top 10%
for the investment category at the fiscal-quarter-end, and a dummy indicating funds targeted
on institutional investors. !-statistics from standard errors clustered two-ways at the fund and
year-by-quarter levels are reported. ∗/∗∗/∗∗∗ indicate significance at the 10%/5%/1% levels.
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Table 10: Fund performance and green dressing

This table shows the effect on fund performance of funds holding stocks with high ESG scores,
for non-green-dressers and for green dressers. The differential effect for green-dressing funds is
shown in the row presenting the interaction of high ESG holdings with the dummy indicating
green-dressing (GD) funds. The two panels differ in the definition of the green-dressing dummy:
in Panel A (B), funds are classified as green dressers if their continuous green-dressing measure is
in the top 10% (20%). The specifications within each panel differ in the way fund performance is
estimated. In column 1, fund performance is the market-adjusted quarterly fund return. In columns
2–4, fund performance is $ estimated from a factor model using daily fund and factor returns over
the prior 12 months; in columns 2, 3, and 4, the factor model is the CAPM, the Fama and French
(1993) 3-factor model, and the Carhart (1997) 4-factor model, respectively. All specifications
include investment category-by-quarter fixed effects and fund controls for age, size, expense ratio,
12b-1 fees, past 12-month mean return and 12-month mean $, and a dummy indicating funds
targeted to institutional investors. !-statistics from standard errors clustered two-ways at the fund
and year-by-quarter levels are reported. ∗/∗∗/∗∗∗ indicate significance at the 10%/5%/1% levels.
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(a) Green stocks. (b) Brown stocks.

Figure 1: Event study of stock market reaction to quarterly fund-holdings disclosures for green
stocks (in Panel a) and brown stocks (in Panel b). Event day 0 is the end of each calendar quarter,
and the event window is the ±3 days around it. In each figure, the solid line plots the Cumulative
Average Abnormal Return (CAAR), the shaded area indicates the corresponding 95% confidence
intervals, and the horizontal dashed black line plots CAAR equal to zero. Green (brown) stocks
are those whose MSCI ESG score is ranked in the top (bottom) 20% as of the event date.
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