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Abstract

We classify US active equity mutual funds by the objective for which they use ESG infor-

mation. Impact funds, incorporating non-pecuniary ESG preferences, manage under 5% of

ESG assets; the remainder is overwhelmingly held by opportunity funds using ESG data

for financial gain. Opportunity funds tilt only on financially material ESG dimensions and

inflate their ESG exposure before disclosure dates. Impact funds, instead, tilt toward firms

generating positive impact, show no greenwashing or window dressing, avoid firms commit-

ting ESG violations, and use shareholder voice to advocate for better environmental and

social outcomes. ESG funds cannot be treated as a monolithic category.
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ESG encompasses a wide variety of investments and strategies. I think investors should

be able to drill down to see what’s under the hood of these strategies. This gets to the

heart of the SEC’s mission to protect investors, allowing them to allocate their capital

efficiently and meet their needs.

Gary Gensler, SEC Chair, 2022 1

1 Introduction

Not all ESG funds are created equal. A fund that excludes tobacco stocks, one that channels

capital toward firms with a positive social impact, and one that leverages ESG data to sharpen

its return forecasts are all routinely labeled “ESG”. Yet they pursue fundamentally different ob-

jectives, hold different portfolios, and likely serve different investor clienteles. In her 2023 AFA

Presidential Address, Starks (2023) argues that the central fault line in sustainable finance runs

between “value” and “values”: between investors who incorporate ESG information to improve

financial performance and those who do so to express non-pecuniary preferences. Survey evidence

from Edmans et al. (2026) confirms that this diversity of motives is pervasive in practice, with

institutional investors reporting objectives ranging from purely financial integration to impact-

oriented mandates. Yet the empirical literature has largely treated ESG funds as a monolithic

category. This is problematic: in empirical work, pooling economically distinct strategies can

reverse conclusions about ESG fund behavior; and in policy, the design of disclosure mandates

and taxonomies hinges on understanding what different funds actually promise and deliver. This

paper provides a novel and comprehensive classification of US active equity mutual funds by the

objective for which they use ESG information, and traces the consequences of this heterogeneity

across fundamental dimensions of ESG fund behavior.

We classify funds into four mutually exclusive types based on a careful, manual reading of

the Principal Investment Strategy (PIS) section of their SEC-filed prospectuses. Exclusionary

funds apply negative screens to restrict their investment universe but do not otherwise use ESG

criteria to guide portfolio allocation. Impact funds directly incorporate non-pecuniary ESG prefer-

ences into their portfolio decisions, seeking to channel capital toward firms that generate positive

externalities. Opportunity funds use ESG information to enhance risk-adjusted returns, without

expressing a preference over ESG outcomes per se. Mention-only funds reference ESG terminology

without explaining how it is used. Each of the first three types has well-established roots in the

theoretical literature on ESG investing, as discussed at the end of this section. Our contribution

is to nest all of them within a unified empirical framework organized around a single principle:

1SEC Press Release on new ESG disclosure proposed rule.
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the objective for which ESG information enters the fund’s optimization. Extracting this objective

from prospectus text is a demanding task: the key distinction between, say, an impact fund and

an opportunity fund often hinges on a few words that reveal whether ESG information serves a

non-pecuniary preference or a financial objective. Automated methods, including large language

models, struggle to reliably detect these nuances, hence, we classify the entire corpus manually,

reading each prospectus in full, before using the resulting labeled sample to train a language model

for scalability (Internet Appendix VIII).

Our first set of findings challenges the prevailing narrative about the growth of ESG investing.

ESG funds grew from 4% of active equity funds in 2015 to 25% by 2023, but this expansion was

driven overwhelmingly by opportunity funds, whose share of ESG fund AUM rose from 9% to

79%. Impact funds also grew, but far more slowly, and their share of ESG AUM fell from 33% to

just 4%. Most opportunity funds were not created as ESG vehicles: 82% began as non-ESG funds

and later revised their prospectuses to incorporate ESG language, consistent with the integration

of increasingly material ESG factors into existing return-maximizing mandates. Impact funds, by

contrast, are predominantly “born ESG” (70% entered the sample with an impact classification)

and are the only category to experience sustained positive flow-driven AUM growth. Overall,

the rapid expansion of ESG investing, at least in the active equity space, seems to reflect the

mainstreaming of ESG as a financial input far more than the growth of non-pecuniary demand.

Our second set of findings establishes that these different objectives translate into starkly

different portfolio allocations. Using multiple measures of portfolio ESG orientation that capture

not only the average rating of a fund’s holdings but also which stocks it overweights, underweights,

and excludes relative to its benchmark, we show that impact funds display by far the strongest

tilt toward high-ESG stocks. Their portfolio ESG ratings are roughly three times higher than

those obtained by pooling all ESG funds into a single category, and significantly higher than those

of any other fund type. Exclusionary funds show a smaller tilt, consistent with the mechanical

effect of removing low-ESG stocks from the investible universe. Opportunity and mention-only

funds display only modest differences relative to non-ESG funds, suggesting that their use of ESG

information does not translate into a directional preference for high-ESG holdings.

ESG ratings, however, aggregate dimensions that serve very different economic purposes, so a

portfolio tilt toward high-ESG stocks need not reflect a non-pecuniary preference. To disentangle

the sources of these tilts, we decompose firms’ ESG ratings into an ESG-externality component,

capturing a firm’s impact on society and the environment, and an ESG-materiality component,

measuring how ESG factors affect financial performance. This decomposition reveals a sharp dis-

tinction: impact funds are the only type to tilt toward stocks with higher ESG-externality ratings,

consistent with their non-pecuniary preference for firms generating positive externalities. All other
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fund types, to the extent that they tilt at all, do so exclusively through the materiality channel.

We confirm these patterns in a distributional analysis across ESG-rating quintiles, which shows

that impact funds systematically shift portfolio weight from the bottom to the top quintile on both

dimensions, while opportunity funds display a much flatter profile on externality quintiles, but a

positive slope on materiality quintiles when actively conditioning on ESG-materiality information.

Finally, we formalize these patterns in a parsimonious theoretical framework where exclusionary,

impact, and opportunity funds solve distinct portfolio optimization problems, and show that the

model’s numerical predictions align closely with the empirical evidence across quintiles of both

rating components.

Our third set of findings exploits the granularity of our classification to deliver novel insights

on four questions of direct relevance for investors and regulators. First, we ask whether ESG funds

greenwash. We argue that greenwashing requires a gap between what a fund promises and what it

delivers, making it most relevant for impact funds. We flag funds as potential greenwashers if their

portfolio ESG ratings persistently fall in the bottom of the non-ESG distribution. Impact funds

have the lowest greenwashing rates across nearly all criteria, indicating that most funds claiming

non-pecuniary ESG objectives hold portfolios consistent with those claims. Applying the same

standards to other fund types would flag a much larger fraction as greenwashers, but this would

be misleading: these funds never promised high-ESG portfolios.

Second, we investigate ESG window dressing, the strategic inflation of ESG exposure around

quarterly disclosure dates. Following Parise and Rubin (2025), we estimate ESG factor loadings

in control, pre-disclosure, and post-disclosure windows, and decompose the aggregate result by

fund type. Window dressing is absent among impact and exclusionary funds and concentrated in

opportunity and mention-only funds. Opportunity funds exhibit a textbook inverted-V pattern:

ESG loading nearly triples before disclosure and reverts to baseline afterward. Impact funds, by

contrast, maintain the highest and most stable ESG loading across all windows. The aggregate

green window dressing documented by Parise and Rubin (2025) is, in our sample, an average of a

null effect for funds with binding ESG mandates and a large effect for those without.

Third, we ask whether impact funds are simply chasing high ESG ratings or whether they also

avoid firms that cause actual harm. ESG ratings measure how well firms manage ESG issues,

but a firm can score well while still committing violations; in our data, the two dimensions are

largely uncorrelated. To provide an independent test, we use a novel dataset of ESG violations

from Violation Tracker, covering legally adjudicated instances of environmental contamination,

labor abuses, fraud, and other regulatory breaches, and classify each offense as ESG-externality

or ESG-materiality related, mirroring our rating decomposition. Impact funds display the largest

reduction in violation exposure (14.5% less than non-ESG funds), with avoidance concentrated in
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externality-related offenses. Opportunity funds also avoid violators, but their avoidance is more

evenly distributed across externality and materiality violations, consistent with treating violation

history as a signal of financial risk rather than as a screen motivated by social concerns.

Fourth, we examine whether shareholder activism on ESG issues differs across fund categories.

Within the impact and opportunity categories, we isolate funds that explicitly disclose engaging in

ESG activism. Both impact and opportunity activists hold more concentrated portfolios than their

non-activist counterparts, consistent with needing to build meaningful ownership stakes for en-

gagement. Impact activists hold portfolios with lower ESG ratings than non-activist impact funds,

consistent with targeting firms with room for improvement, while opportunity activists display a

stronger ESG-materiality tilt than non-activist opportunity funds, consistent with concentrating

engagement on firms where financially material ESG improvements can yield the highest payoff.

The sharpest distinction emerges in proxy voting behavior. Using proposal-level ISS voting records

with proposal fixed effects—which compare how different fund types vote on the same ballot item—

we find that impact activists are substantially more likely to support shareholder-sponsored ESG

resolutions (23.9 pp. above non-ESG funds), doing so at uniformly high rates regardless of the

proposal category. Non-activist impact funds are more selective, concentrating support on propos-

als addressing environmental and social externalities. Opportunity funds, despite voting against

management more often than non-ESG funds on management-sponsored governance proposals,

show no differential support for shareholder-sponsored ESG proposals. Even among funds that

explicitly disclose shareholder activism, only impact activists back this commitment with their

votes, supporting shareholder-sponsored ESG resolutions at rates far above any other fund type.

Opportunity activists, despite disclosing engagement, vote indistinguishably from non-ESG funds

on the same resolutions.

This convergence of evidence reinforces the paper’s central finding: the different shades of

ESG funds matter. Our classification captures economically meaningful differences in investment

objectives that manifest consistently across different aspects of fund behavior, and unlocks novel

insights about ESG investing that are invisible when funds are treated as a homogeneous group.

Related literature. Our paper contributes to several streams of research on ESG investing.

Theory of ESG investing. A large and rapidly growing theoretical literature studies how non-

pecuniary ESG preferences and ESG information affect portfolio allocation, asset prices, and real

outcomes. Pastor et al. (2021) and Pedersen et al. (2021) develop equilibrium models in which

green or ESG-motivated investors coexist with conventional ones, generating a “greenium” and

affecting price informativeness; the green and ESG-motivated (Type-M) investors in these models

correspond to our impact funds, while the ESG-aware (Type-A) investors in Pedersen et al. (2021)
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correspond to our opportunity funds. Avramov et al. (2025) extend this to a dynamic setting

with ESG uncertainty. Goldstein et al. (2022) study how the coexistence of return-maximizing

and responsible investors affects price informativeness across multiple equilibria. Heinkel et al.

(2001) and Zerbib (2022) model how exclusionary strategies, corresponding to our exclusionary

funds, affect firms’ cost of capital and incentives for green investment. On the normative side,

Oehmke and Opp (2025) develop a theory of socially responsible investment and derive a micro-

founded ESG investment criterion, while Inderst and Opp (2025) analyze whether a taxonomy

for sustainable investment products is warranted in the presence of conventional environmental

policy tools. Berk and Van Binsbergen (2025) and Broccardo et al. (2022) compare the real effects

of exit (divestment) versus voice (engagement), arguing that direct engagement may be more

effective at improving firms’ ESG practices. Dasgupta et al. (2026) study the viability of socially

responsible funds when investors can free-ride, showing that exclusionary funds endogenously

create the conditions under which impact funds become viable through a symbiotic buy-low-

sell-high mechanism. Our paper provides the first comprehensive empirical mapping between

the investor types featured in these models and the actual behavior of mutual funds, using a

classification grounded in the same economic primitives (objectives and information) that organize

the theoretical literature.

Identifying and classifying ESG funds. Prior empirical work has relied on proxies that do

not capture heterogeneity in ESG fund objectives: fund names Cremers et al. (2024); Farroukh

et al. (2023); van der Beck (2023), Morningstar sustainability classifications Baker et al. (2022);

Raghunandan and Rajgopal (2022), PRI signatory status Gibson Brandon et al. (2022); Ceccarelli

et al. (2022), and holdings-based measures Lowry et al. (2026); Ghoul and Karoui (2022). These

approaches identify whether a fund is ESG but do not distinguish the objective for which ESG

information is used. Two recent papers also analyze fund prospectuses: Andrikogiannopoulou

et al. (2022) use text analysis to construct a green intensity measure and a greenwashing indicator,

distinguishing ESG from non-ESG funds but not among ESG types; Frankel et al. (2024) classify

funds as ESG-integration or ESG-focused following the SEC’s proposed disclosure framework,

which focuses on the importance of ESG information rather than the objective for which it is

used. In contemporaneous work, Yang and Yasuda (2025) train a BERT model on a hand-labeled

subset of PIS sentences, drawn from funds classified as sustainable by Morningstar, to classify US

mutual funds into financial, moral, and impact categories, linking fund intent and real outcomes.

Our approach is complementary: we classify the full corpus manually, allowing us to capture fine

distinctions that require close reading of each PIS in its entirety, while yielding a comprehensive

training sample for language models. In a related vein, Lowry et al. (2026) distinguish “committed”

from other ESG funds based on their incentives to engage, and find that only committed funds

contribute to real ESG improvements. Their classification is based on portfolio characteristics,
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while ours is based on disclosed objectives; the two approaches are complementary and yield

reinforcing conclusions on the importance of distinguishing among ESG fund types.

ESG fund holdings. The empirical evidence on whether ESG funds hold higher-ESG stocks is

mixed. Pastor et al. (2024), Lowry et al. (2026), and Raghunandan and Rajgopal (2022) find that

ESG funds do tilt toward higher-ESG holdings, whereas Gibson Brandon et al. (2022), Farroukh

et al. (2023), and Andrikogiannopoulou et al. (2022) find little difference between ESG and non-

ESG funds in the US. Ceccarelli et al. (2024) take a dynamic perspective, measuring whether fund

managers’ trades predict future ESG rating changes, and find that only a small fraction display

persistent proactive ESG skill.2 A key factor behind these conflicting results is that each study

uses a different method to identify ESG funds, leading to samples with different compositions of

fund types. Our granular classification resolves this tension: once ESG funds are decomposed by

objective, impact funds display large tilts while opportunity and mention-only funds do not, and

the aggregate result depends on the relative weight of each type in the sample.

Greenwashing, window dressing, and proxy voting. Several papers examine whether ESG funds

deliver on their promises. Andrikogiannopoulou et al. (2022) develop a text-based greenwashing

measure and find that investors cannot distinguish genuinely green funds from greenwashers.

Kim and Yoon (2023) show that PRI signatories do not improve their portfolio companies’ ESG

performance after signing. Liang et al. (2022) document a similar pattern among hedge funds:

PRI signatories with low ESG exposures attract large inflows but underperform, consistent with

greenwashing driven by agency problems. Parise and Rubin (2025) document aggregate evidence

of green window dressing around disclosure dates. Our paper contributes to this literature by

showing that greenwashing and window dressing are not general properties of ESG funds but are

concentrated in the fund types with the weakest ESG mandates. Impact funds, for which the

greenwashing concern is most economically relevant, display the lowest incidence of such behavior.

More broadly, our findings suggest that the widespread perception of greenwashing in mutual funds

may be an artifact of pooling fund types with fundamentally different objectives. On the voting

dimension, Dikolli et al. (2022) document that Morningstar-classified ESG funds are more likely

than non-ESG funds to support ES shareholder proposals, treating ESG funds as a single group. Li

et al. (2023) show that ESG funds vote against environmental and social proposals when passage is

uncertain, revealing a preference for financial returns over sustainability objectives. Our analysis

provides a finer lens: once ESG funds are decomposed by type, the tension between financial

and non-pecuniary objectives is not a general property of ESG funds but a feature of specific

types. Impact funds, and especially impact activists, actively support shareholder-sponsored ESG

resolutions, while opportunity funds do not, even when they disclose engaging in activism.

2For recent evidence on the risk-return trade-off of impact investing in the private equity context, see Jeffers
et al. (2024), who find that impact funds earn risk-adjusted returns comparable to traditional funds.
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Paper layout. Section 2 describes the data, presents our classification methodology, and com-

pares it with alternative approaches. Section 3 documents the ESG investment landscape, includ-

ing the growth, composition, and capital flows of ESG funds by type. Section 4 analyzes the invest-

ment behavior of ESG fund types through portfolio-level ESG ratings, the externality-materiality

decomposition, holdings across ESG-rating quintiles, and a theoretical framework formalizing the

predictions. Section 5 presents novel insights on greenwashing, green window dressing, ESG vio-

lations, and ESG activism. Section 6 concludes.

2 Classification of ESG Funds

We classify active equity mutual funds in the US based on how ESG information enters their

investment process. Our categorization distinguishes among three core strategies—exclusionary,

impact, and opportunity—that differ not in whether a fund considers ESG factors, but in the

objective for which it does so. This section describes the data, the classification methodology, and

its validation against alternative approaches.

2.1 Data

Our analysis spans April 2015–June 2023 and uses various data sources: fund-level characteristics,

returns, portfolio holdings, and prospectuses; and firm-level ESG ratings, ESG-violations and

proxy voting outcomes.

Fund-level data. We use the CRSP Survivorship-Bias-Free Mutual Fund dataset to identify

our sample and extract information on fund characteristics and returns. Starting from the universe

of equity funds, we exclude international funds, sector funds, index funds, and variable annuities.

We drop observations preceding each fund’s first offer date to account for incubation bias Evans

(2010), funds with less than $5 million in total net assets (TNA) Kacperczyk et al. (2008), and

funds with fewer than 12 months of observations. For each period, we aggregate observations

across share classes: we retain the first offer date of the oldest share class, sum TNA across all

share classes, and compute lagged-TNA-weighted averages of all other variables (fees, returns,

turnover).3 We follow the data appendix of Pastor et al. (2015) to match our sample to the

Morningstar Mutual Fund dataset, from which we obtain each fund’s Morningstar category, and

sustainability ratings. We identify funds whose family is a Principles for Responsible Investment

3We map share-classes to funds using CRSP Class Group identifier, WFICN identifier in MFLinks, and fund
names.
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(PRI) signatory through a fuzzy match between PRI account names and CRSP fund-family names.

We obtain portfolio holdings from the CRSP Mutual Fund Holdings dataset. Based on holdings

data, we apply two additional filters: we exclude funds holding fewer than 10 stocks and funds

holding, on average, less than 80% of their assets in common stock Kacperczyk et al. (2008). When

holding observations are missing or available only at quarterly frequency, we forward-fill them to

monthly frequency.4 Finally, we download the Mutual Fund Prospectus Risk/Return Summary

Data Set from the SEC’s EDGAR platform. We extract the Principal Investment Strategy (PIS)

section of each prospectus and match it to the CRSP Mutual Fund dataset using the link between

SEC CIK identifiers and fund identifiers. Since any material change to a fund’s management must

be reported to both the SEC and fund investors, for months in which a PIS section is unavailable,

we fill it with the most recently available version.

Stock-level data. We acquire firm-level ESG ratings from MSCI, Sustainalytics, and Refinitiv.

We use both overall ratings and their most disaggregated sub-components. To harmonize the

data across providers, we forward-fill all scores up to 12 months and re-scale all sub-components

to a [0, 100] range.5 We merge ESG scores to fund holdings using a mapping between each

provider’s identifiers and a CUSIP-to-PERMCO link. MSCI ratings offer the broadest coverage in

our sample period, so we use them in our baseline analysis and employ a combined rating across

providers in robustness tests reported in Internet Appendix IV. We obtain corporate violation

records from Violation Tracker and Violation Tracker Global, maintained by Good Jobs First,

which compile regulatory, civil, and criminal cases against publicly traded parent companies and

their subsidiaries, covering violations committed in the US and in over 75 countries across the

world. We restrict the sample to US-incorporated parents. Finally, we obtain proxy voting

data from ISS Voting Analytics. The dataset contains, for each fund–meeting–ballot item, the

fund’s vote, management’s recommendation, the proposal sponsor, the vote outcome, and ISS’s

classification of the proposal as Environmental, Social, or Governance. We link ISS fund identifiers

to CRSP fund groups through a quarterly mapping built from SEC series cik matches, where

available, and fuzzy fund-name matching otherwise; we link ISS company identifiers to CRSP

PERMCOs via a multi-stage CUSIP and ticker match.

4In our sample period, the vast majority of funds disclose holdings monthly.
5We consider only the most disaggregated sub-components. MSCI provides 38 monthly sub-components origi-

nally scaled to [0, 10]. Sustainalytics provides 225 monthly sub-components, mostly scaled to [0, 100], with a few
event-based ones scaled to [0, 5]. Refinitiv provides 394 annual sub-components, mostly scaled to [0, 1] or [0, 100],
with a few having an arbitrary range that we winsorize at the 0.01% level before re-scaling.
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Other. We also use Compustat, CRSP monthly stock database, Fama–French five factors and

momentum from Ken French’s data library, and Morningstar’s U.S. Sustainability Total Return

Index (MSEGUSTU).

2.2 Classification Methodology

Our classification leverages the narrative strategy descriptions that funds are required to provide

in the PIS section of their prospectuses. In this section, funds describe their main investment

methodology, including the types of securities they hold and the primary criteria used to select

them. If a fund incorporates ESG considerations into its asset selection process, this is where it

must disclose that information. The narrative nature of these disclosures allows us to infer the

objective with which ESG information enters a fund’s strategy, which in turn allows us to map

each fund to a specific ESG type.

2.2.1 ESG fund types

Our categorization builds on a rich theoretical literature on ESG investing. Each of the fund types

we define has well-established roots in existing models; however, these models typically feature

only a subset of the investor types that coexist in practice. Our contribution is to nest all of them

within a unified framework organized around a single guiding principle: the objective for which

ESG information enters a fund’s portfolio optimization.

Most theoretical models of ESG investing feature a baseline group of investors who do not

incorporate ESG information, e.g., the ESG-unaware (Type-U) investors in Pedersen et al. (2021),

or the conventional investors in Pastor et al. (2021), Avramov et al. (2025), and Zerbib (2022). In

our empirical setting, these correspond to non-ESG funds, identified through the dictionary-based

filtering described in Section 2.2.2. Among funds whose prospectuses reference ESG information,

we distinguish three core types—exclusionary, impact, and opportunity—based on the objective

for which that information is used, plus a residual category.

• Exclusionary funds apply negative screens based on ESG criteria to restrict their investment

universe, but do not otherwise use ESG information to guide portfolio allocation within the

investible set. For instance, a fund may exclude companies involved in tobacco, firearms,

or thermal coal, and then optimize its portfolio purely on risk and return. Exclusionary

strategies have been extensively studied in the sin stocks literature Hong and Kacperczyk

(2009), and are explicitly modeled by Heinkel et al. (2001), Zerbib (2022), and Broccardo
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et al. (2022). For example, a fund in our sample states that it “generally avoid[s] investments

in issuers [it] deem[s] to have significant alcohol, gaming or tobacco business.”

• Impact funds directly incorporate non-pecuniary ESG preferences into their portfolio allo-

cation decisions, alongside risk-return considerations. These funds seek to channel capital

toward companies that score well on ESG dimensions—not because doing so improves finan-

cial performance, but because they value those characteristics in their own right. This type

of investor is central to most theoretical frameworks on ESG investing: they correspond to

the ESG-motivated (Type-M) investors in Pedersen et al. (2021), to the green investors in

Pastor et al. (2021) and Avramov et al. (2025), and to the responsible investors in Goldstein

et al. (2022) and Zerbib (2022). A representative disclosure reads: “the fund will invest

in companies that [the adviser] believes have strong environmental and social profiles [...]

impact investors seek to use their investments to create a more fair and sustainable world.”

• Opportunity funds use ESG information to enhance risk-adjusted financial performance,

without expressing a non-pecuniary preference over ESG characteristics. They treat ESG

factors as material inputs into their assessment of a company’s future risks and returns. In

existing theoretical models, these investors are typically aware of how ESG considerations

affect asset prices and optimize accordingly: they correspond to the ESG-aware (Type-A)

investors in Pedersen et al. (2021), and to the return-maximizing investors in Goldstein et al.

(2022) and Heinkel et al. (2001) who exploit the price effects generated by the presence of

exclusionary or impact investors. A typical example: “ESG integration is driven by taking

into account material ESG risks which could impact investment returns, rather than being

driven by specific ethical principles or norms.”

• Mention-only is a residual empirical category for funds whose prospectuses briefly reference

ESG terminology without specifying how ESG enters their strategy. Unlike the three core

types, this category does not have a theoretical counterpart. These funds cannot be assigned

to any of the core categories based on their prospectuses alone; their true intent is a question

we explore empirically.

Within both the impact and opportunity categories, we further identify funds that disclose

engaging in ESG-related activism, i.e., using their position as shareholders to influence companies’

ESG policies. Both impact and opportunity funds may have ESG-related interests in the companies

they hold. The key distinction is their motive: impact activists aim to improve a company’s real-

world ESG outcomes, whereas opportunity activists seek to mitigate ESG-related financial risks

or to undertake ESG-related investments that can improve the company’s financial performance.

The theoretical importance of activism as a distinct channel—as opposed to the simple portfolio
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tilts of impact or opportunity strategies—has been emphasized by Broccardo et al. (2022) and

Berk and Van Binsbergen (2025), who argue that direct engagement may be more effective than

divestment in improving firms’ ESG practices. For example, an impact activist fund states: “the

fund may exercise its rights as a shareholder to practice constructive engagement and encourage

management to adopt more responsible policies,” while an opportunity activist discloses that it

“engages with management of certain companies regarding corporate governance practices as well

as what it deems to be materially important environmental and/or social issues.”

While each of the theoretical models cited above features a subset of these investor types,

no single framework encompasses all of them. Our classification is the first to provide a com-

prehensive empirical counterpart for the full spectrum of ESG investment objectives identified in

the theoretical literature. A more formal characterization of how each strategy maps to a fund’s

optimization problem is provided in Section 4.4. Internet Appendix II reports additional examples

of PIS sections assigned to each category.

2.2.2 Implementation

Our classification proceeds in three stages.

Stage 1: Dictionary-based filtering. We first separate candidate ESG funds from definite

non-ESG funds by selecting all prospectuses that mention ESG-related terminology. We employ an

extensive dictionary (reported in the Internet Appendix I) that includes generic ESG-related terms

(e.g., “social responsibility,” “environmental”), common acronyms (e.g., “ESG,” “SRI,” “SDG”),

and specific ESG-related issues (e.g., “climate change,” “child labor,” “firearms”). The dictionary

is not intended to be comprehensive of all possible ESG terminology, nor does the inclusion of any

of these terms in a PIS description automatically classify a fund as ESG. The sole objective of this

initial filtering is to separate definite non-ESG funds from candidate funds that may implement an

ESG-related strategy. The underlying assumption is that any fund implementing such a strategy

would mention at least one of the terms in the dictionary in its prospectus.

Stage 2: Manual classification. We then manually read each filtered PIS section and assign

it to one or more of the following labels: exclusionary, impact, impact activist, opportunity,

opportunity activist, and mention-only. Labels are not required to be mutually exclusive at this

stage. For instance, a fund may disclose both an impact objective and the use of exclusionary

screens; a reader would assign both the impact and exclusionary labels. To ensure reliability, we

divide the universe of unique PIS sections into three random subsets and assign each subset to

two independent readers, drawn from the three co-authors of this paper. When both readers agree
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on the complete set of labels, which occurred in 90.6% of cases, those labels are assigned directly.

Disagreements are resolved by the third reader, who serves as adjudicator.

Stage 3: Pecking order. To assign each fund-month observation to a single mutually exclu-

sive category, we apply the following pecking order. First, if a PIS section receives an impact

label, it is assigned to the impact category regardless of any additional labels. This reflects the

fact that impact funds may also employ exclusions or consider how ESG factors affect financial

performance, but their defining feature is their non-pecuniary preference.6 Second, conditional

on not being classified as impact, if a section receives an opportunity label, it is assigned to the

opportunity category regardless of whether it also mentions exclusions.7 Third, sections labeled

only as exclusionary are assigned to the exclusionary category. Fourth, remaining sections with

a mention-only label are assigned to the mention-only category. Within the impact and opportu-

nity categories, we further isolate funds that mention ESG-related activism, yielding the impact

activist and opportunity activist subcategories. In total, our classification produces four mutually

exclusive fund types—exclusionary (Exc), impact (Imp), opportunity (Opp), and mention-only

(Men)—and two sub-categories—impact activist (Imp Act) and opportunity activist (Opp Act).

Scalability. Our manual classification captures subtle differences in intent that automated meth-

ods struggle to detect. The key distinction between impact and opportunity funds often hinges

on a few words, such as whether a fund uses ESG information “to create a more fair and sus-

tainable world” or “to better assess strategic business issues that may impact the performance of

a company.” Such cues are sparse and can surface anywhere in the PIS, while the surrounding

language is often shared across fund types. Identifying a fund’s objective thus requires manually

reading and weighing each section as a whole.8 The resulting labeled corpus can be used to train

automated classifiers and extend our classification to newly filed prospectuses at scale. In Internet

Appendix VIII, we describe a document-level language model trained on our full corpus of manual

labels. The model attains strong out-of-sample performance, confirming that the distinctions our

classification captures are systematic and learnable, providing an extensible foundation for future

research.

6Among sections labeled as impact, 71% also mention exclusions and 33% mention opportunity motives.
7Among sections labeled as opportunity (and not impact), 25% also mention exclusions.
8We initially explored training a model on a small labeled subset as the primary classification input, with limited

success: transformer classifiers did not generalize from small samples, and generative models proved sensitive to
ESG terminology carrying different meanings across training corpora, precisely the ambiguity our classification
seeks to resolve.
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2.3 Comparison with Alternative Methodologies

To highlight the distinctive features of our classification, we compare it to three popular approaches

used in the academic literature to identify ESG funds. Unlike ours, these methods do not distin-

guish among different ESG objectives; instead, they separate ESG from non-ESG funds based on

coarser criteria. As we show below, this coarseness leads to substantial misclassification—both by

missing many funds with genuine ESG objectives and by labeling as sustainable funds that use

ESG information purely for financial purposes.

The first approach searches for sustainability-related terms in fund names (“Name ESG”), as

in Cremers et al. (2024), Farroukh et al. (2023), and van der Beck (2023), assuming that funds

branding themselves with ESG-related terms regard ESG as central to their strategy. The sec-

ond approach uses Morningstar’s “Sustainable Investment Overall” classification (“Mstar ESG”),

which identifies funds for which one or more sustainable investing approaches are central to the

investment process, based on regulatory filings Morningstar (2022). This variable is available

from 2020, limiting overlap with our sample. The third approach classifies a fund as sustainable

if its family is a signatory to the Principles for Responsible Investment (“PRI ESG”), following

Ceccarelli et al. (2022), Gibson Brandon et al. (2022), and Kim and Yoon (2023).

Figure 1 displays, for each ESG type in our classification, the percentage of fund-month obser-

vations classified as sustainable under each of the three alternative methods. Three key differences

emerge.

First, both fund-level methods (Name ESG and Mstar ESG) correlate most strongly with our

impact category: funds with non-pecuniary ESG objectives are the most likely to brand them-

selves accordingly or to be recognized as sustainable by Morningstar. However, these methods

miss a large share of impact funds. The Name ESG approach identifies only 18% of impact funds

and 3% of exclusionary ones, while Mstar ESG identifies 83% and 19%, respectively (the latter

over a shorter sample period). Funds that pursue ESG goals without prominently advertising

them in their names, or that do so through exclusions rather than positive screening, are largely

invisible to these approaches. Second, a substantial fraction of funds that we classify as oppor-

tunity also appear as sustainable under the alternative methods: 19% under Mstar ESG and 4%

under Name ESG. This reflects a fundamental difference in what these methods capture. Both

Name ESG and Mstar ESG focus on how important ESG factors are to a fund’s strategy, whereas

our method focuses on the objective for which ESG information is used. An opportunity fund for

which ESG analysis is a core part of its risk-return assessment may be classified as sustainable by

Morningstar, even though it expresses no non-pecuniary preference over ESG outcomes. Pooling

such funds together with impact funds, as these coarser methods implicitly do, conflates two eco-

nomically distinct investment strategies that, as we demonstrate in subsequent sections, produce
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very different portfolio allocations. Third, the PRI signatory approach classifies a large fraction

of funds across all categories as sustainable, indicating that PRI signatory families offer a wide

variety of fund types (including non-ESG ones), rather than specializing in sustainable strategies.

This makes PRI status a particularly noisy proxy for ESG investment objectives.

Table 1 quantifies these discrepancies by reporting Type 1 (false positive) and Type 2 (false

negative) error rates for each alternative method, benchmarked against our classification.9 The

Name ESG approach has a high false negative rate (82–89%) but a more moderate false positive

rate (36–46%). The Morningstar classification produces lower false negative rate (20–48%) but

higher false positive rate (41–50%). The PRI approach generates very high error rates in both

dimensions (52–64% false negatives, 95–97% false positives). These results underscore that existing

methods are not simply noisier versions of our classification—they capture fundamentally different

dimensions of ESG investing.

Our classification also differs from the SEC’s proposed disclosure rule, which distinguishes

between “ESG Integration” and “ESG Focused” funds based on the importance of ESG factors,

rather than the objective for which they are used.10 By providing a finer partition based on

economic objectives, our method recovers distinctions that are invisible to approaches based solely

on the prominence of ESG in a fund’s strategy. As we show in the following sections, these

distinctions map to meaningfully different investment behaviors.

3 The ESG Investment Landscape

Having classified active equity mutual funds by the objective for which they use ESG information,

we now document key trends in the allocation of capital to ESG funds, defined here as any

fund assigned to one of our four categories. Our granular classification reveals that the widely

documented growth in ESG investing masks substantial heterogeneity: the composition of ESG

funds has shifted dramatically over our sample period, with implications for how we interpret the

rise of sustainable finance.

Growth of ESG Funds. The top-left panel of Figure 2 shows a rapid increase in both the

number of ESG funds and their assets under management (AUM) between 2015 and 2023. ESG

funds represented 4% of active equity mutual funds in 2015, managing roughly 1% of AUM. By

2023, they reached 25% of funds and 20% of AUM—a sixfold increase in less than a decade. The

9We define as “correctly classified as sustainable” funds categorized as impact (Panel A) or as impact or exclu-
sionary (Panel B) by our method.

10Under the SEC’s proposal, “ESG Integration” funds consider ESG factors jointly with other factors, while
“ESG Focused” funds treat ESG as the primary criterion in asset selection.
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top-right panel shows that this trend is not confined to a few large fund families: the share of

families offering at least one ESG fund grew from 11% to 39% over the same period. The common

perception is that this growth reflects a surge in demand for funds allocating capital based on

non-pecuniary ESG preferences. Our classification reveals a starkly different picture. The bottom

panels decompose ESG fund growth by category, in terms of both the number of funds (bottom-

left) and AUM (bottom-right). Impact funds increased modestly, from 23 to 46, while opportunity

funds grew from just 5 to 239. As a result, impact funds declined from 38% of all ESG funds

in 2015 to only 13% by 2023. Opportunity funds rose from 8% to 66%. The shift is even more

pronounced in AUM. Opportunity funds grew from 9% of ESG fund AUM to 79%, while impact

funds fell from 33% to just 4%. Exclusionary funds, whose count remained essentially flat, saw

their share decline from 57% of AUM (49% of ESG funds) in 2015 to just 2% of AUM (9% of funds)

by 2023, as faster-growing categories expanded around them. Mention-only funds grew from 1%

of AUM (5% of funds) to 14% of AUM (12% of funds). These patterns suggest that ESG investing

growth, at least within active equity mutual funds, has been driven primarily by funds using ESG

information to improve risk-adjusted returns, rather than by funds pursuing non-pecuniary ESG

objectives. This distinction has direct implications for interpreting the demand for sustainable

investment products and for the potential real-economy effects of ESG capital flows.

New Funds vs. Existing Funds. A natural question is whether the increase in ESG funds

comes primarily from newly created funds or from existing funds that modify their prospectuses

to incorporate ESG information. Figure 3 addresses this by displaying, for each ESG type, the

percentage of funds that were classified as such at their first appearance in our dataset versus

those that transitioned from a different classification. A sharp distinction emerges between fund

types “born ESG” and those that become ESG over time. Most exclusionary (76%) and impact

(70%) funds enter the sample with those classifications, whereas most opportunity (82%) and

mention-only (84%) funds begin as non-ESG and later revise their prospectuses to incorporate ESG

language. Transitions between ESG types are rare: off-diagonal entries outside the first column

are negligible. These findings suggest that opportunity funds are not fundamentally changing their

investment objectives; rather, they are increasingly integrating material ESG considerations into

existing return-maximizing mandates. Crucially, these funds explicitly disclose their intent to use

ESG information to improve financial performance rather than pursue non-pecuniary objectives.

The predominance of transitions from non-ESG status among mention-only funds suggests that

they behave either as opportunity funds that use ESG information without making it explicit,

or as non-ESG funds that reference ESG terminology without meaningfully acting on it. The

distinction between a fund that becomes ESG by adding material considerations to an existing
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strategy and one that is born ESG with a non-pecuniary mandate is important for evaluating

greenwashing claims, a point we return to in Section 5.1.

Capital Flows. The growth in ESG fund AUM documented in Figure 2 reflects three sources:

funds switching type, investment returns, and net investor flows. Having shown in Figure 3 that

type-switching is a substantial driver—particularly for opportunity and mention-only funds—we

now isolate the contribution of net flows. Figure 4 displays the cumulative percentage change in

AUM attributable solely to net flows, by ESG type. It quantifies AUM growth absent returns

or type-switching and thus directly reflects investor demand. As a benchmark, non-ESG funds

experience a steady decline in cumulative flow-driven growth, consistent with the broader trend of

capital migrating toward passive investment vehicles. Exclusionary and opportunity funds follow

a similar trajectory, suggesting that investor demand for these categories does not differ markedly

from non-ESG funds. Impact funds stand out as the only category with sustained positive flow-

driven growth, despite their small and declining share of the ESG fund universe. This evidence

reveals a genuine appetite for non-pecuniary ESG investing among a subset of investors. Finally,

mention-only funds experience an early increase in flow-driven growth (2015–2018), followed by a

sharper decline than non-ESG funds.11 Taken together, these patterns reinforce the conclusion that

the rapid growth in ESG fund AUM is not primarily driven by investor demand for ESG products.

It, instead, reflects the reclassification of existing non-ESG funds, as previously documented.

Among the categories that attract differential investor demand, impact funds are the clearest

beneficiaries, suggesting that investors who actively seek out ESG funds favor those with explicit

non-pecuniary objectives.

4 Investment Behavior of ESG Funds

The previous section documented substantial differences across ESG fund types in their prevalence,

growth trajectories, and ability to attract investor flows. In this section, we ask whether these types

also differ in how they actually invest. We study the relationship between our fund classification

and the ESG ratings of fund holdings, progressively refining the analysis from overall ESG ratings

to their externality and materiality components, and from average portfolio ratings to the full

distribution of holdings across ESG quintiles.

11The large amplitude of changes for this category reflects the small number of funds during the early years of
our sample (2–7 funds in 2015–2018).
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4.1 Fund-Level ESG Ratings

We begin by investigating how the average ESG ratings at the fund portfolio level vary across the

identified categories of ESG funds. To this end, we aggregate monthly firm-level ESG ratings at

the fund portfolio level, using different weighting schemes to isolate distinct aspects of investment

behavior.

Denoting firm i’s ESG rating in month t by sESG
it , we first cross-sectionally standardize each

rating within a given month to make them comparable across time periods, obtaining the stan-

dardized rating

zESG
it ≡ sESG

it − Ecs
t [sESG

it ]√
V arcst [s

ESG
it ]

, (1)

and then construct four measures of fund-level ESG ratings in a given month:

• Value-weighted (ZVW
jt ): standardized ESG ratings are TNA-weighted across all stocks in a

fund’s portfolio,

ZVW
jt =

∑Njt

i wjit · zESG
it∑Njt

i wjit

, (2)

where wjit corresponds to the weight of asset i in the portfolio of fund j in month t.

• Over-weighted (ZOW
jt ): standardized ESG ratings are weighted by the excess portfolio weights

of the subset of stocks that the fund overweights relative to its benchmark,

ZOW
jt =

∑Mjt

i (wjit − wb
jit)

+ · zESG
it∑Mjt

i (wjit − wb
jit)

+
, (3)

where (wjit−wb
jit)

+ is the difference in weight of asset i in the portfolio of fund j and that of

its benchmark in month t if positive, and is zero otherwise. Mjt is the total number of assets

in the union of the portfolio of fund j and its benchmark. We follow Cremers and Petajisto

(2009) and identify a fund’s benchmark as the index that minimizes the fund’s active share

in a given month.

• Under-held (ZUH
jt ): standardized ESG ratings are weighted by the excess portfolio weights

of the subset of stocks that the fund underweights relative to its benchmark but for which

it holds positive weights,

ZUH
jt =

∑Mjt

i (wjit − wb
jit)

−
1{wjit>0} · zESG

it∑Mjt

i (wjit − wb
jit)

−
1{wjit>0}

, (4)
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where (wjit − wb
jit)

−
is the difference in weight of asset i in the portfolio of fund j and that

of its benchmark in month t if negative, and is zero otherwise.

• Not-held (ZNH
jt ): standardized ESG ratings are weighted by the excess portfolio weights of

the subset of benchmark stocks that the fund does not hold at all,

ZNH
jt =

∑Mjt

i (wjit − wb
jit)

−
1{wjit=0} · zESG

it∑Mjt

i (wjit − wb
jit)

−
1{wjit=0}

. (5)

To analyze mean differences in these measures across ESG types, we estimate the following

regression:

Zp
jt =

∑
θ∈Θ

βθ 1{θjt=θ} + η′Xjt + ιMStar×t + εjt, (6)

where p ∈ {VW,OW,UH,NH} denotes one of the four portfolio rating measures; θjt denotes fund

j’s ESG type in month t and the set Θ = {Exc, Imp,Opp,Men} collects all ESG fund types;

Xjt is a vector of fund-level controls (log age, log assets, expenses, turnover, fund flows, fund

flow volatility, and fund betas with respect to Fama–French–Carhart six factors); and ιMStar×t

represents Morningstar category × month fixed effects. Non-ESG funds serve as the excluded

category, and standard errors are clustered by fund and month. The fixed-effect structure ensures

that we compare funds within the same Morningstar category in the same month, effectively

controlling for time-varying differences in investment styles. As an initial investigation, we also

estimate the specification with a single ESG dummy replacing the category-specific indicators. In

our baseline specification, we use MSCI ESG ratings; Internet Appendix IV reports robustness

results using a combined measure that aggregates MSCI, Refinitiv, and Sustainalytics ratings.

Table 2 reports the estimates of these panel regressions. When comparing ESG funds as a

group against non-ESG funds (top panel), we find that ESG funds tend to hold and overweight

relative to their benchmarks, stocks with higher ESG ratings. Specifically, the value-weighted and

over-weighted portfolio ESG ratings of ESG funds are on average 39% (0.087/0.225) and 46%

(0.095/0.207) higher than those of non-ESG funds, respectively, at 1% significance. ESG funds

also tend to exclude from their portfolios stocks with lower ESG ratings, although the economic

magnitude is smaller: 8.4% (-0.024/0.286) lower, at 1% significance. There is no strong difference

in ESG ratings for stocks that funds hold but underweight relative to their benchmarks. These

results show that, as an overall group, ESG funds tilt their portfolios toward higher-ESG stocks

and, to some extent, away from lower-ESG ones. These average results, however, mask important

heterogeneity across ESG fund types. The advantage of our granular classification is that it

allows us to identify which strategies drive the documented average behavior and to uncover novel

patterns of ESG investing.
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Impact funds display by far the strongest tilt toward high-ESG stocks. Their value-weighted

and over-weighted portfolio ESG ratings are on average 108% (0.244/0.225) and 127% (0.264/0.207)

higher than those of comparable non-ESG funds, respectively—almost three times those obtained

for ESG funds as a whole. Moreover, the benchmark stocks they choose not to hold have signif-

icantly lower ESG ratings than those excluded by non-ESG funds: 28% lower (-0.079/0.286), at

1% significance. The ESG rating of stocks held but underweighted is not statistically different

from non-ESG funds. Taken together, these results indicate that impact funds tilt their portfolios

toward stocks with significantly higher ESG ratings than both non-ESG funds and the average

ESG fund, consistent with a directional preference for high-ESG holdings.

Exclusionary funds also display a positive tilt, but of smaller magnitude. Their value-weighted

and over-weighted portfolio ESG ratings are 28% (0.064/0.225) and 32% (0.066/0.207) higher than

non-ESG funds, respectively, at 1% significance. Interestingly, the stocks they hold but under-

weight also have higher ESG ratings than those of non-ESG funds (36% higher, 5% significance).

This pattern is consistent with the mechanics of an exclusionary strategy: removing low-ESG

stocks from the investment universe raises the average ESG rating of the entire investible set,

so that both overweighted and underweighted positions have higher ratings than those of uncon-

strained non-ESG funds. Crucially, the tilt is substantially smaller than for impact funds, since

portfolio allocation within the investible set is not guided by ESG preferences.

Opportunity funds display a different pattern. Their value-weighted and over-weighted portfo-

lio ESG ratings are only slightly higher than those of non-ESG funds—21% (0.047/0.225) and 25%

(0.052/0.207), respectively—and their under-held and not-held portfolios show no significant dif-

ferences. This is consistent with their disclosed strategy: they do not have a directional preference

over ESG ratings. They use ESG information to identify risk-return opportunities, potentially

overweighting some high-ESG stocks while underweighting others, yielding an ambiguous net ef-

fect. The small positive tilt may reflect favorable price trends of high-ESG stocks in our sample

period, which could create speculative opportunities they exploit.

Mention-only funds behave similarly to opportunity funds: their portfolio ESG ratings are

slightly higher than those of non-ESG funds, but of comparable magnitude. Despite the lack of

clarity in their ESG disclosures, this pattern suggests that their objective with regard to ESG

information is most likely pecuniary.

4.2 Decomposing ESG Ratings: Externality vs. Materiality

The analysis above relies on overall ESG ratings, which aggregate diverse underlying dimensions

into a single score. Some of these dimensions capture the externalities that a firm imposes on the

19



world through its actions—for example, its carbon emissions or labor practices—while others mea-

sure the material ESG risks and opportunities that could affect the firm’s financial performance—

for example, its exposure to regulatory risk or its ability to attract talent. Since our classification

is designed to capture fund intentions, a higher fund-level ESG rating may not necessarily indicate

a greater propensity toward impact investing, particularly if the portfolio tilt is driven primarily

by the materiality component of ESG ratings.

To address this concern, we decompose firms’ ESG ratings into two components: an ESG-

externality component (ESGx), capturing metrics related to the impact that a firm has on the

outside world; and an ESG-materiality component (ESGm), measuring how E, S, or G exposures

might materially affect the firm’s financial performance. This decomposition allows us to revisit

the portfolio analysis above and examine which component drives the documented portfolio tilts.

4.2.1 Decomposition Methodology

Our decomposition proceeds in two steps. First, we collect the sub-components of ESG ratings

provided by each agency. Second, we classify them as belonging to either the ESG-externality

group (ESGx) or the ESG-materiality group (ESGm). To do so, we use ChatGPT 4.1, querying

separate API calls for each sub-component with a prompt describing the two categories, and ask

the model to assign exactly one.12

We apply this methodology to MSCI ESG ratings, which at their most disaggregated level

comprise 38 sub-components ranging from “Carbon Emissions Score” to “Opportunities in Clean

Tech Score.” Their distribution across the Environmental (E), Social (S), and Governance (G)

pillars is as follows:

E S G

ESG externality 6 8 1

ESG materiality 8 7 8

The E and S sub-components are fairly evenly split between externality and materiality, whereas

most G sub-components are assigned to materiality. This is expected, since governance metrics

such as board structure or executive compensation primarily capture factors material to financial

performance rather than externalities imposed on the outside world.

12Internet Appendix III reports the prompt utilized, the categorization of each sub-component, and the model’s
explanation for each assignment. The categorization is robust to using alternative ChatGPT models.
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Once the categorization is completed, we construct a component rating for each group g ∈
{ESGx,ESGm} by averaging the scores of the sub-components belonging to that group:

sgit =
1

N g
it

∑
u∈Ug

it

sgit(u), (7)

where Ug
it is the set of non-missing sub-components for firm i at time t in group g, and N g

it is

their number.13 As with the overall rating, we cross-sectionally standardize each composite rating

within month:

zgit ≡
sgit − Ecs

t [sgit]√
V arcst [s

g
it]

. (8)

To understand how the two components relate to the overall rating, we estimate the following

regression:

zESG
it = βx · zESGx

it + βm · zESGm
it + εit. (9)

Table 3 reports the results under four specifications: unconstrained OLS; a constrained version

imposing βx + βm = 1; a specification in which zESGm
it is orthogonalized with respect to zESGx

it ;

and one combining both the constraint and orthogonalization. Estimates are stable across all

specifications: β̂x ranges from 0.403 to 0.507, while β̂m ranges from 0.517 to 0.570. The ESG-

materiality component carries slightly more weight than the externality component in determining

overall ESG ratings, though both are economically important. The similarity of constrained and

unconstrained estimates indicates that overall ESG ratings can be well-approximated as convex

combinations of the two components, and the negligible effect of orthogonalization confirms that

our constructed components are largely independent.14

4.2.2 Portfolio Analysis by Rating Component

We now repeat the regression analysis in (6), replacing the overall ESG rating with the two

component ratings zESGx
it and zESGm

it . Table 4 reports the results.

When ESG funds are considered as a single group (top panel), the average ESG-externality and

ESG-materiality ratings of their value-weighted portfolios are, respectively, 8% (0.041/0.516) and

19% (0.059/0.304) higher than those of non-ESG funds, at 1% significance. Patterns are similar

for over-weighted portfolios. These aggregate results, however, once again conceal substantial

heterogeneity across fund types.

13For meaningful aggregation, all sub-components are normalized to the same [0, 100] range.
14We have also estimated specification (9) within month and within Fama–French 48 industries, obtaining stable

estimates of βx and βm across both dimensions.
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Impact funds are the only type whose portfolios display significantly higher ESG-externality

ratings than those of non-ESG funds. Their value-weighted and over-weighted externality ratings

are 27% (0.140/0.516) and 31% (0.146/0.466) higher, respectively, at 1% significance. They also

display significantly higher ESG-materiality ratings—52% (0.157/0.304) and 56% (0.160/0.284)

higher for value-weighted and over-weighted portfolios, respectively. Impact funds are thus the

only category that tilts toward stocks scoring highly on both dimensions. This is consistent with

their dual mandate: as funds with non-pecuniary ESG preferences, they seek firms that generate

positive externalities; but as mutual funds subject to fiduciary duties, they also have pecuniary

interests that lead them to favor firms with strong ESG-materiality profiles.

Exclusionary funds present an asymmetric pattern. Their ESG-externality ratings are not

statistically different from those of non-ESG funds in either value-weighted or over-weighted port-

folios. In contrast, their ESG-materiality ratings are significantly higher—16% (0.048/0.304) for

value-weighted and 13% (0.037/0.284) for over-weighted portfolios. This suggests that their ex-

clusionary screens disproportionately remove stocks with low ESG-materiality scores—plausibly

firms in industries associated with material ESG risks (e.g., fossil fuels, weapons)—while having

a less pronounced effect on the externality dimension.

Opportunity funds display no significant tilt in ESG-externality ratings, but their ESG-materiality

ratings are significantly higher than those of non-ESG funds—11% (0.033/0.304) for value-weighted

and 13% (0.038/0.284) for over-weighted portfolios. This is a key finding: it reveals that the slight

overall ESG tilt documented for opportunity funds in Table 2 is entirely driven by the materiality

component. This is precisely what we would expect from funds that use ESG information to

improve risk-adjusted returns: they select stocks with favorable ESG-materiality profiles because

these scores capture risks and opportunities relevant to financial performance, not because they

prefer firms that generate positive externalities.

Mention-only funds behave similarly to opportunity funds: no significant differences in ESG-

externality ratings, but higher ESG-materiality ratings in their value-weighted (11%) and over-

weighted (19%) portfolios. This reinforces the view that, like opportunity funds, they use ESG

information for pecuniary purposes.

In sum, the decomposition reveals a sharp distinction: impact funds are the only type that tilts

toward stocks with higher ESG-externality ratings. All other fund types displaying any tilt do

so exclusively through the materiality component. This finding validates both our classification

methodology and our ESG-ratings decomposition, as revealed portfolio behavior aligns closely

with the stated objectives of each fund type.
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4.3 Fund Holdings Across ESG Ratings

The regression analysis above compares average portfolio ESG ratings across fund types. To

complement this comparison, we now study the distribution of portfolio holdings across ESG-

rating quintiles. This allows us to examine not only whether ESG funds tilt toward high-ESG

stocks on average, but also how their allocation varies across the ESG ratings distribution. We

estimate the following saturated specification:

wsum
jqt =

∑
θ∈Θ

βθ 1{θjt=θ} +
5∑

n=1

γq 1{q=n} +
∑
θ∈Θ

5∑
n=1

φω,q 1{θjt=θ}1{q=n} + η′Xjt + ιMstar×t + εjt, (10)

where wsum
jqt denotes fund j’s cumulative portfolio weight in stocks with ESG ratings in quintile

q in month t; θjt denotes fund j’s ESG type in month t and Θ collects all ESG fund types; Xjt

includes fund-level controls; and ιM×t denotes Morningstar category × month fixed effects. The

omitted categories are non-ESG funds and the middle quintile (q = 3), and standard errors are

clustered by fund and month.

The estimated relative cumulative weights held by each ESG fund type in each quintile, relative

to non-ESG funds, are therefore given by

∆ŵsum
θq =

β̂θ for q = 3,

β̂θ + φ̂θ,q for q ∈ {1, 2, 4, 5}.
(11)

Figure 5 plots these estimates for the four ESG fund types across quintiles of overall ESG ratings

(left panel), ESG-externality ratings (center panel), and ESG-materiality ratings (right panel).

Table 5 reports the full set of estimates and their statistical significance.

The left panel of Figure 5 reveals different allocation patterns across fund types. Impact funds

display a steep, monotonically increasing profile: they hold 6.7 percentage points less portfolio

weight in the lowest ESG quintile and 9.6 percentage points more in the highest (both at 1%

significance), relative to non-ESG funds. This implies a spread of over 16 percentage points

between the bottom and top quintiles, a large and economically meaningful tilt toward high-ESG

stocks. Other ESG fund types display much flatter patterns, with spreads of roughly 4 to 5

percentage points and generally weaker statistical significance.

The center panel sharpens the distinction. Impact funds exhibit a pronounced upward-sloping

pattern across quintiles of ESG-externality ratings, with a spread of nearly 14 percentage points

between the bottom and top quintiles. In contrast, exclusionary and mention-only funds display

essentially flat profiles, and opportunity funds show a much smaller spread around 3 percentage
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points. This confirms that only impact funds display an economically significant tilt toward stocks

that generate positive externalities.

The right panel reveals a more nuanced picture. Impact funds again display a steep upward-

sloping pattern, with a spread of roughly 11 percentage points between the bottom and top

quintiles. Exclusionary funds show a moderate tilt, underweighting the lowest quintile by about

2.4 percentage points (5% significance) while displaying no significant overweighting of the top

quintile, consistent with a strategy that removes low-materiality stocks without actively seeking

high-materiality ones.

Opportunity funds present an interesting pattern. Their allocation across quintiles of ESG-

materiality ratings is essentially flat. This may appear surprising for two reasons. First, these

funds explicitly claim to use ESG information for financial purposes. Second, in Table 4 we

documented that opportunity funds exhibit significantly higher average ESG-materiality ratings

than non-ESG funds. The apparent tension between a higher portfolio-level average and a flat

distributional profile can be reconciled by the substantial heterogeneity within the opportunity

category. A subset of opportunity funds may tilt strongly toward high-materiality stocks, pulling

the average upward, while many others reference ESG considerations in their prospectuses without

systematically conditioning their portfolio allocation on ESG-materiality scores. When these funds

are pooled together, the concentrated tilts of the former group are diluted by the latter, producing

a higher mean but no discernible pattern across quintiles.

To explore this heterogeneity, we isolate a subgroup of opportunity funds with a revealed sen-

sitivity to ESG-materiality information, defined in each month as the top tercile of opportunity

funds ranked by their cumulative portfolio weight in the top quintile of ESG-materiality ratings.

This subgroup, labeled “Opp, high q5” in Figure 5, displays a dramatically different pattern: a

steep monotonically increasing profile across materiality quintiles, with approximately 3.8 percent-

age points less weight in the bottom quintile and 8.0 percentage points more in the top quintile,

both highly significant. The spread between the bottom and top quintiles (nearly 12 percentage

points) is comparable in magnitude to that of impact funds across overall ESG ratings. This find-

ing confirms that, within the broad opportunity category, there are funds that do systematically

exploit ESG-materiality information in their portfolio construction.

Taken together, the distributional analysis reinforces and extends the portfolio-level results.

These empirical patterns align strongly with the economic objectives that each fund type discloses

in its prospectus, providing key evidence that our classification captures meaningful differences in

investment behavior.
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4.4 Theoretical Framework

We conclude this section by developing a parsimonious theoretical framework that formalizes how

ESG information enters the portfolio optimization problem of each fund type, and verify whether

the empirical patterns documented above are consistent with the model’s predictions. Given the

scope of this analysis, we focus on a static partial equilibrium setting where asset prices are

exogenously given.15

Assets. Company i is characterized by the triplet (ri,mi, xi), where ri is the equity excess

return realized at the end of the period, mi is the ESG materiality, and xi the ESG externality

created by the company over that period.16 Intuitively, a company can take ESG corporate actions

that affect its own performance (generating ESG materiality) or society at large (generating ESG

externality). For example, investing in energy-efficient operations may reduce costs and improve

margins (materiality), while reducing carbon emissions benefits the environment (externality)

regardless of whether it affects the firm’s bottom line.

We assume (ri,mi, xi) are jointly normal with

ri ∼ N (r̄, σ2
r), mi ∼ N (0, σ2

m), xi ∼ N (0, σ2
x), (12)

where the unconditional moments are constant and average ESG materiality and externality are

normalized to zero. Importantly, while a company’s ESG materiality affects its financial perfor-

mance positively, the ESG externality can have either sign. We capture this distinguishing feature

by assuming

Cov(ri,mi) = σrσmαi and Cov(ri, xi) = σrσxβi, (13)

where αi ∈ [0, 1) is the average correlation between company i’s excess return and its ESG mate-

riality, and βi ∈ (−1, 1) the average correlation between the return and its ESG externality. The

sign restriction on αi reflects that material ESG factors have, by definition, a positive relationship

with financial performance. For instance, a company that proactively reduces its reliance on fossil

fuels lowers its exposure to carbon pricing regulation and stranded asset risk, thereby protecting its

long-term financial performance. In contrast, βi is unrestricted: a company that pays significantly

above-market wages to improve worker welfare may see its returns improve if higher compensation

15For studies that focus on the asset pricing implications of ESG investing, see Pastor et al. (2021), Pedersen
et al. (2021), and Avramov et al. (2025).

16We assume that mi and xi are already expressed in a metric that makes them comparable to ri.
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attracts talent and boosts productivity, or decline if the additional labor costs are not offset by

productivity gains. Both ESG materiality and ESG externality are orthogonal across companies.

Ratings. A rating agency collects information about companies’ ESG materiality and ESG

externality in the form of noisy signals about mi and xi,

smi = mi + σϵm · ϵmi, sxi = xi + σϵx · ϵxi, (14)

and aggregates them into an overall ESG rating

si = ωmi · smi + ωxi · sxi, (15)

where (ωmi, ωxi) capture the relative importance of ESG materiality and ESG externality in the

rating. Noise components are orthogonal across assets and signals. Throughout our analysis, we

assume that ESG funds observe the individual signals smi and sxi, rather than only the aggregate

rating si. This assumption is natural given that all sub-components of ESG ratings are easily

available, allowing funds to construct their own ESG-materiality and ESG-externality measures—

precisely as we did in our empirical decomposition in Section 4.2.

Funds. In line with our classification in Section 2, we distinguish among three ESG fund types:

exclusionary (E), impact (I), and opportunity (O).17 Each fund type θ ∈ {E, I,O} starts with

capital Wθ0, allocates ϕθ to risky assets, and ends the period with Wθ1 = Wθ0(1 + rf ) + ϕ′
θr. All

fund types maximize the expectation of a CARA objective f(Wθ1) = − exp{−γWθ1}, conditional
on their information set, yielding a mean-variance allocation problem.18

• Non-ESG funds (N) serve as a benchmark. Their objective is only driven by financial

considerations, ignoring ESG information entirely. Their allocation problem is

ϕ∗
N = argmax

ϕN

E[ϕ′
Nr]−

γ

2
Var[ϕ′

Nr]. (16)

• Exclusionary funds maximize the same financial objective as non-ESG funds, but over a

restricted investment universe. Without taking a stand on which exclusionary fund excludes

which asset, but capturing the idea that low-ESG assets are more likely to be excluded, we

17For clarity, our theoretical framework abstracts from activism. In Section 5.4, we zoom in on impact and
opportunity activists and empirically investigate their investment and voting behavior.

18We use the same objective function to emphasize that differences across fund types stem from how they
incorporate ESG information, not from different risk attitudes.
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model the average asset allocation of exclusionary funds as a scaled-down version of that of

non-ESG funds, where the scaling positively depends on the assets’ ESG ratings:

ϕ∗
Ei = ϕ∗

Ni · Λ(si), (17)

where Λ(si) = (1+e−si)−1 is a standard logistic function, satisfying Λ(si)
′ > 0, limsi→∞ Λ(si) =

1, and limsi→−∞ Λ(si) = 0. The scaling can be interpreted as the likelihood that an asset is

not excluded, or the fraction of exclusionary funds that do not exclude that asset. The higher

the ESG rating of an asset, the lower the fraction of funds that exclude it, and consequently

the higher the scaling.

• Impact funds incorporate both financial and non-pecuniary ESG considerations, conditioning

on the ESG signals (sm, sx). We model the non-pecuniary component as driven by the ESG

externality a company generates, making the impact funds’ objective f(φW1I +(1−φ)ϕ′
Ix),

where φ governs the relative importance of financial versus non-pecuniary considerations.

Their allocation problem is

ϕ∗
I = argmax

ϕI

φ
(
E[ϕ′

Ir|sm, sx]−
γ

2
φVar[ϕ′

Ir|sm, sx]
)

+ (1− φ)
(
E[ϕ′

Ix|sm, sx]−
γ

2
(1− φ)Var[ϕ′

Ix|sm, sx]− γφCov[ϕ′
Ir, ϕ

′
Ix|sm, sx]

)
. (18)

• Opportunity funds use ESG information purely for financial gain, conditioning on (sm, sx):

ϕ∗
O = argmax

ϕO

E[ϕ′
Or|sm, sx]−

γ

2
Var[ϕ′

Or|sm, sx]. (19)

Opportunity funds care about companies’ ESG-materiality and ESG-externality ratings only

to the extent that they can help improve their financial performance. Therefore, their

allocation may include investments in both high- and low-ESG companies, depending on

how ESG ratings correlate with returns.

All three ESG fund types use ESG information, but in economically distinct ways. Exclusionary

funds restrict their investible set without altering the allocation within it. Impact and opportunity

funds both condition on ESG signals, but only impact funds have a non-pecuniary motive that

directly rewards ESG externalities. In practice, these types need not be mutually exclusive, but

we maintain a stark distinction to isolate each type’s defining feature.

Optimal allocations. Assuming returns are independent across assets—it provides a more

transparent analysis—the next proposition characterizes the optimal allocation of each fund type.
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Proposition 1. The optimal capital allocation to asset i by non-ESG funds is ϕ∗
Ni = r̄/(γσ2

r),

whereas the corresponding amounts invested by exclusionary, impact, and opportunity funds are

ϕ∗
Ei =

r̄

γσ2
r

· Λ(si), ϕ∗
Ii =

φr̂i + (1− φ)x̂i

γ(φ2σ̂2
ri + (1− φ)2σ̂2

xi + 2φ(1− φ)σ̂rxi)
, ϕ∗

Oi =
r̂i

γσ̂2
ri

, (20)

respectively, where the conditional moments r̂i, x̂i, σ̂
2
ri, σ̂

2
xi, and σ̂rxi are given by

r̂i = E[ri|sm, sx] = r̄ + αi
σrσm

σ2
m + σ2

ϵm

smi + βi
σrσx

σ2
x + σ2

ϵx

sxi, (21)

x̂i = E[xi|sm, sx] =
σ2
x

σ2
x + σ2

ϵx

sxi, (22)

σ̂2
ri = Var[ri|sm, sx] = σ2

r

(
1− α2

i

σ2
m

σ2
m + σ2

ϵm

− β2
i

σ2
x

σ2
x + σ2

ϵx

)
, (23)

σ̂2
xi = Var[xi|sm, sx] = σ2

x

(
1− σ2

x

σ2
x + σ2

ϵx

)
, (24)

σ̂rxi = Cov[ri, xi|sm, sx] = σrσxβi

(
1− σ2

x

σ2
x + σ2

ϵx

)
. (25)

Proof. See Internet Appendix IX.

Since all assets share the same unconditional return distribution, the non-ESG fund allocates

equally across all assets. Differences in the optimal allocations of ESG funds are therefore driven

entirely by heterogeneity in ESG ratings (smi, sxi) and in the asset-specific correlations (αi, βi).

The allocation of opportunity funds depends on ESG ratings only through the conditional

expected return r̂i. The materiality signal smi enters with a coefficient proportional to αi > 0,

generating an unambiguous tilt toward high-materiality stocks. The externality signal sxi enters

with a coefficient proportional to βi, which can be positive or negative, so the net effect on portfolio

allocation is ambiguous. In contrast, the allocation of impact funds is shaped by two forces: r̂i

(weighted by φ) and the conditional expected externality x̂i (weighted by 1−φ). The externality

signal enters directly through x̂i, creating a tilt toward high-externality stocks that is entirely

absent from the opportunity funds’ problem. This is the key theoretical distinction: impact funds

are the only type for which ESG-externality information has a direct, unambiguous effect on

portfolio allocation, over and above any indirect effect through expected returns. Finally, the

exclusionary fund’s allocation depends on the overall rating si through Λ(·), which mechanically

increases (decreases) the weight of assets with high (low) ESG scores. It is worth pointing out

that the larger weights of high-ESG assets are not driven by an explicit intention to increase the

exposure to those assets (positive screening), but rather by the constraint to remove the exposure

to low-ESG assets (negative screening).
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Numerical predictions. We now verify that these allocations reproduce the empirical patterns

documented in Tables 2–4 and Figure 5. We generate asset heterogeneity by varying αi, βi, smi,

and sxi independently: 5 equally spaced values of αi ∈ [0, 0.6] and βi ∈ [−0.5, 0.5], and 15

representative realizations for each signal. Other parameter values are: r̄ = 0.1, σr = σx = σm =

0.15, σϵx = σϵm = 0.4, ωmi = ωxi = 0.5, γ = 10, φ = 0.5.

Using the optimal allocations from Proposition 1, we first compute value-weighted portfolio

ratings SESG
θ =

∑
i wθisi, S

ESGx
θ =

∑
iwθisxi, and SESGm

θ =
∑

iwθismi, where wθi = ϕ∗
θi/

∑
ℓ ϕ

∗
θℓ.

The table below reports these portfolio ratings relative to non-ESG funds (which are zero by

construction):

ESG ESGx ESGm

Exc 0.03 0.03 0.03

Imp 0.08 0.12 0.04

Opp 0.02 0.00 0.04

Despite the parsimony of the setting, the model reproduces the main empirical patterns. Impact

funds have the highest portfolio ratings across all three measures, with the largest difference on

the externality dimension—consistent with their non-pecuniary preference for firms that generate

positive externalities. Opportunity funds show no difference in their portfolio ESG-externality rat-

ing relative to non-ESG funds, but do tilt their holdings toward stocks with high ESG-materiality

ratings—consistent with their purely pecuniary use of ESG information. Finally, the negative

screening of exclusionary funds leads to a modest and symmetric increase in portfolio ESG ratings

across all three measures, reflecting the mechanical effect of removing low-rated stocks from the

investible set.

We then construct quintiles of each rating measure and compute cumulative portfolio weights

within each quintile, wsum
θq =

∑
i∈Qq(ζ)

wθi, for θ ∈ {E, I,O}, q ∈ {1, . . . , 5}, and ζ ∈ {si, smi, sxi}.
Figure 6 reports the results as deviations from non-ESG allocations (∆ŵsum

θq ), and the patterns

closely mirror the empirical evidence in Figure 5. Across quintiles of overall ESG ratings (left

panel), impact funds display a steep monotonically increasing profile, exclusionary funds a mod-

erate upward slope, and opportunity funds a flatter pattern. Across externality quintiles (center

panel), the distinction sharpens: impact funds exhibit a pronounced tilt while exclusionary and

opportunity funds are essentially flat—opportunity funds because the ambiguous sign of βi washes

out any systematic pattern, and exclusionary funds because their screens depend on the overall

ESG rating. Across materiality quintiles (right panel), both impact and opportunity funds display

upward-sloping profiles, since both benefit from the positive correlation between materiality and

returns (αi > 0), while exclusionary funds show a moderate mechanical tilt.
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Overall, the theoretical predictions align closely with the empirical evidence across all three

dimensions. This confirms that the portfolio allocation patterns documented in this section are

not merely statistical artifacts but rather the natural outcome of optimizing portfolios under the

different objectives that our classification captures.

5 Novel Insights from Granular ESG Classification

5.1 Greenwashing

A central concern in the ESG investment debate is whether funds that market themselves as

sustainable actually deliver on their promises. Funds that claim to pursue ESG objectives but hold

portfolios indistinguishable from, or even worse than, conventional funds are commonly labeled

“greenwashers.” Our classification allows us to bring greater precision to this question, both in

defining which funds should be evaluated for greenwashing and in measuring the extent to which

it occurs.

An important conceptual point is that greenwashing requires a gap between what a fund

promises and what it delivers. In our framework, this concern applies most directly to impact

funds, since they are the only type that explicitly promises to pursue non-pecuniary ESG objec-

tives, i.e., to channel capital toward firms that generate positive externalities. If an impact fund’s

portfolio exhibits ESG ratings no better than those of a typical non-ESG fund, there is a clear

disconnect between its stated objective and revealed behavior.

For the other ESG fund types, the greenwashing label is less appropriate. Opportunity funds

explicitly disclose using ESG information for financial purposes, not to generate positive exter-

nalities. A low ESG rating in their portfolio is not a broken promise—it is consistent with their

mandate. Similarly, exclusionary funds promise only to avoid certain categories of stocks, not to

tilt toward high-ESG ones, and mention-only funds make no specific ESG promises. Nonetheless,

to provide a complete picture, we report greenwashing statistics for all ESG fund types, while

emphasizing that the economic interpretation differs across categories.

Identifying greenwashers. We flag a fund as a potential greenwasher if its portfolio-level ESG

rating falls in the bottom of the distribution of non-ESG fund ratings for a sufficiently large fraction

of its lifetime. Formally, a fund receives the greenwasher label if its value-weighted portfolio ESG

rating (or one of the two component ratings) falls below a given percentile of the cross-sectional

distribution of non-ESG fund ratings for more than a specified share of the months in which the

fund appears in our sample.
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We vary both thresholds to assess robustness. For the definition of “bottom,” we consider

two cutoffs: below the 10th percentile and below the 25th percentile of the non-ESG distribution.

For the definition of “sufficiently large fraction,” we consider two persistence thresholds: at least

50% and at least 75% of the fund’s lifetime. The combination of these two dimensions produces

four increasingly stringent criteria, ranging from a lenient standard (below the 25th percentile for

at least 50% of the fund’s lifetime) to a strict one (below the 10th percentile for at least 75%).

We apply this procedure separately to three rating measures: the overall ESG rating, the ESG-

externality component (ESGx), and the ESG-materiality component (ESGm). For impact funds,

the externality component is the most economically relevant metric, since their defining feature is

a non-pecuniary preference for firms that generate positive externalities.

Findings. Figure 7 reports the percentage of funds flagged as potential greenwashers in each ESG

category, for each combination of rating measure, percentile threshold, and persistence threshold.

The most important finding is that impact funds have the lowest greenwashing rates across

nearly all criteria and rating measures. Under the strictest definition (below the 10th percentile

for at least 75% of lifetime), no impact fund is flagged on the overall ESG rating or the materiality

component, and only 2% are flagged on the externality component. Even under the most lenient

definition (below the 25th percentile for at least 50% of lifetime), only 5% of impact funds are

flagged on the overall ESG rating, 11% on the externality component, and 5% on the materiality

component. These rates are the lowest or among the lowest across all ESG fund types. The low

incidence of greenwashing among impact funds is reassuring: it indicates that the vast majority

of funds claiming non-pecuniary ESG objectives do in fact hold portfolios with ESG ratings well

above the bottom of the non-ESG distribution. Combined with the evidence from Sections 4.1–4.3

that impact funds display the largest portfolio tilts toward high-ESG stocks, this suggests that

concerns about widespread greenwashing among ESG funds are overstated.

Turning to the other fund types, mention-only and opportunity funds display higher flagging

rates than impact funds across all criteria and rating measures. Under the lenient definition, 17%

of mention-only funds and 24% of opportunity funds are flagged on the overall ESG rating; on the

externality component, the figures are 27% and 23%, respectively. These rates are comparable to,

and sometimes exceed, those of non-ESG funds, consistent with the finding in Section 4.1 that the

ESG profiles of their portfolios are only marginally different from non-ESG funds. However, as

noted above, interpreting these figures as greenwashing requires caution: neither type promises to

hold high-ESG portfolios, so a low ESG rating does not constitute a broken promise as it would

for an impact fund. Exclusionary funds occupy an intermediate position. Their flagging rates

are generally lower than those of opportunity and mention-only funds, but higher than those of
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impact funds. This is consistent with the mechanics of an exclusionary strategy: removing certain

low-ESG stocks from the investible set raises the average ESG rating of the portfolio, but the

absence of positive screening means that some exclusionary funds may still hold portfolios with

overall ESG ratings in the lower tail.

In sum, our analysis reveals that greenwashing is rare among the funds for which it matters

most: impact funds display the lowest greenwashing rates across nearly all criteria and rating

measures, indicating that the vast majority of funds claiming non-pecuniary ESG objectives hold

portfolios consistent with those claims. The higher flagging rates observed among opportunity

and mention-only funds are less informative about greenwashing per se, since these fund types do

not promise to hold high-ESG portfolios.

An important caveat to both this analysis and the portfolio-level results in Section 4, however,

is that they rely on portfolio holdings disclosed at the end of each quarter. If funds strategically

adjust their portfolios around disclosure dates, the holdings observed by investors and researchers

may not be representative of the positions held during the remainder of the quarter. This concern

is particularly relevant for ESG funds: a fund could maintain a low-ESG portfolio for most of

the quarter, tilt toward high-ESG stocks shortly before the disclosure date, and revert afterward,

appearing to deliver on its ESG mandate while in practice doing so only intermittently. In the

next subsection, we directly address this concern by studying the dynamics of ESG factor expo-

sure around quarterly disclosure events, which allows us to assess whether the portfolio patterns

documented so far reflect persistent investment behavior or strategic pre-disclosure repositioning.

5.2 Green Window Dressing

A fund engaging in window dressing temporarily inflates a portfolio characteristic before a manda-

tory disclosure date, only to reverse the position once the snapshot has been taken. Parise and

Rubin (2025) provide evidence of such strategic behavior among ESG funds: they document that

the average ESG factor loading of these funds rises significantly in the days before quarterly

disclosures and reverts immediately afterward—evidence of “green” window dressing. Our gran-

ular classification of ESG funds allows us to ask a sharper question: which fund types drive this

aggregate finding?

Hypotheses. Two opposing views generate distinct predictions. Under the first view, funds

adhere to their mandates. Impact and exclusionary funds hold high-ESG assets as a persistent

feature of their strategy—baked into the objective function for impact funds, and a structural

consequence of the constrained investible universe for exclusionary ones. Neither type needs to
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temporarily inflate an exposure it already maintain, and transaction costs deter the round-trip

repositioning that window dressing requires. By contrast, opportunity and mention-only funds

operate without binding ESG constraints yet are often classified as sustainable by third-party

rating providers (Figure 1), creating an incentive to inflate ESG exposure at the disclosure snapshot

to secure a ratings boost and attract ESG-motivated flows. This view predicts window dressing

concentrated in opportunity and mention-only funds, and absent among impact and exclusionary

funds.

Under the second view, funds deviate from their mandates. Persistent adherence to a strict

ESG mandate involves genuine return trade-offs, so funds under the most demanding mandates—

impact and exclusionary—face the greatest temptation to relax ESG exposure mid-quarter and

restore it before the snapshot. Under this view, window dressing should be most pronounced

precisely among impact and exclusionary funds.

Empirical design. We follow the event-study design of Parise and Rubin (2025). For each

quarterly portfolio disclosure event d (the last trading day of the quarter), we estimate the ESG

factor loading β̂ESG
j,d,w of fund j by OLS within three non-overlapping windows w: a control (ctrl)

window spanning the second month of the quarter (excluding the first and last trading days), a pre-

disclosure (pre) window covering the 10 trading days immediately before the disclosure date, and a

post-disclosure (post) window covering the 10 trading days beginning two days after. Our baseline

specification augments the Fama-French-Carhart six factors with the returns on the Morningstar

U.S. Sustainability Total Return Index (FFC6+ESG); robustness results using alternative factor

models are reported in the Internet Appendix V.

For each fund type θ ∈ {Non−ESG,ESG,Exc, Imp,Opp,Men}, we compute three statistics:

∆β̂ESG
θ,pre =

1

Nθ

∑
(j,d): j∈θd

β̂ESG
j,d,pre − β̂ESG

j,d,ctrl, (26)

∆β̂ESG
θ,rev =

1

Nθ

∑
(j,d): j∈θd

β̂ESG
j,d,post − β̂ESG

j,d,pre, (27)

∆β̂ESG
θ,net =

1

Nθ

∑
(j,d): j∈θd

β̂ESG
j,d,post − β̂ESG

j,d,ctrl, (28)

where Nθ =
∑

d |θd| is the number of fund-event pairs in category θ. ∆β̂ESG
θ,pre measures the pre-

disclosure increase in ESG loading relative to the within-quarter baseline, with a positive value

being necessary for window dressing. ∆β̂ESG
θ,rev captures the post-disclosure reversal, with a negative

value indicating that the increase is unwound. ∆β̂ESG
θ,net measures the net change from baseline to

post-disclosure, with a value indistinguishable from zero indicating a full temporary repositioning.
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Inference relies on a wild bootstrap that accounts for cross-sectional correlation of residuals across

calendar dates (Parise and Rubin, 2025).19

Findings. Table 6 reports level estimates and changes in ESG exposure by fund type (Panel A),

as well as cross-type differences relative to non-ESG funds (Panel B). Figure 8 presents these

results graphically.

We begin by reproducing the main finding of Parise and Rubin (2025) within our sam-

ple.20 Pooling all ESG fund types, we find a significant pre-disclosure increase in ESG exposure

(∆β̂ESG
ESG,pre = 0.221, 1% significance) accompanied by a full post-disclosure reversal (∆β̂ESG

ESG,rev =

−0.185, 1% significance), with the net post-control change statistically indistinguishable from

zero. Non-ESG funds also display a positive pre-control delta (0.151, 1% significance), but crit-

ically their reversal is insignificant and the net change remains positive (0.104, 5% significance),

indicating a persistent, rather than strategic, increase in ESG loading. Notably, the cross-type

difference between the aggregate ESG and non-ESG pre-control deltas is itself not statistically

significant. As the decomposition by fund type will make clear, this is because the aggregate

ESG effect averages over types with sharply divergent behaviors. Indeed, decomposing the ESG

universe by fund type reveals a striking pattern of heterogeneity, strongly consistent with the first

hypothesis above.

Impact funds exhibit no window dressing. In the control window, they display the highest

ESG loading across all fund types (0.329, 1% significance), exceeding non-ESG funds by 0.163

(1% significance). This elevated baseline, also shown in the left panel of Figure 8, is consistent

with their non-pecuniary ESG objective generating a structurally high loading even in the period

furthest from disclosure incentives. Their ESG exposure is essentially flat across all three windows,

as shown by the green line in the center panel. The pre-control delta (0.018), reversal (0.010), and

net change (0.048) are all statistically insignificant. Notably, despite having the highest control-

period ESG loading, impact funds show no pre-disclosure repositioning. Exclusionary funds display

a nearly identical profile: the pre-control delta (0.001), reversal (0.076), and net change (0.099) are

all insignificant. This is consistent with ESG exposure being determined by structural investment

restrictions rather than by active repositioning within the investible universe.

Opportunity funds exhibit the classic window dressing pattern. In the control window, their

ESG loading (0.217) is statistically indistinguishable from that of non-ESG funds, consistent with

an investment approach that does not require persistent ESG tilts. In the pre-disclosure window,

19We use B = 9,999 bootstrap iterations. Cross-type tests use the same global draw to form the bootstrap
distribution of ∆β̂ESG

A −∆β̂ESG
B .

20Our sample of ESG funds is larger than that used by Parise and Rubin (2025), who include only the subset
classified as sustainable by Morningstar or containing ESG keywords in the fund name (see Figure 1 for the overlap).
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however, their loading nearly triples to 0.553—a pre-control delta of 0.336 (1% significance)—

followed by an almost exact reversal of −0.338 (1% significance). The post-disclosure loading

returns to 0.217, identical to the control level, with a net change of −0.000. The center panel of

Figure 8 illustrates this vividly: the ESG beta trajectory of opportunity funds traces an inverted

V, spiking in the pre-disclosure window and reverting to baseline immediately afterward.

Mention-only funds display the most extreme pre-disclosure increase. Their ESG loading rises

from 0.276 in the control window to 0.737 pre-disclosure, yielding the largest pre-control delta

among all fund types (0.462, 1% significance). Unlike opportunity funds, however, the reversal is

only partial: −0.245 (1% significance), offsetting roughly half of the pre-disclosure increase. The

post-disclosure loading settles at 0.493, significantly above the control level, with a net change

of 0.220 (5% significance)—the only category for which this measure is reliably different from

zero. This partial reversal suggests that mention-only funds engage in strategic pre-disclosure

repositioning, but that some of their pre-disclosure increase may also reflect a genuine (if transient)

shift in portfolio composition that is not fully unwound.

These results demonstrate that green window dressing is not a general property of ESG funds.

It is concentrated in the two types with the weakest ESGmandates (opportunity and mention-only)

and absent among those with binding commitments (impact and exclusionary). The aggregate

ESG window dressing documented by Parise and Rubin (2025) reflects, in our sample, a null

effect for about 39% of ESG fund observations and a pronounced effect for the remainder, which

accounts for most ESG AUM (see Section 3).

This finding has direct implications for investors and regulators. An investor relying on a

fund’s pre-disclosure ESG factor loading to assess its ESG orientation would be systematically

misled: the funds displaying the highest ESG loading at the disclosure snapshot are not impact

funds, with genuine non-pecuniary preferences, but opportunity and mention-only funds, with

the weakest ESG mandates. The persistent ESG commitment of impact funds is most visible

precisely when no disclosure incentive is present—in the mid-quarter control window—not when

investors observe portfolios. More broadly, these results reinforce the paper’s central message:

aggregate ESG indicators obscure economically important heterogeneity, and a classification based

on investment objectives is necessary to assess which funds deliver on their ESG promises.

5.3 ESG Violations

The analyses in Section 4 established that different ESG fund types hold portfolios with systemat-

ically different ESG ratings. Ratings are produced by third-party agencies based on firms’ policies,

disclosures, and management practices. They primarily measure how firms manage ESG issues
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(i.e., the systems and commitments they have in place), rather than providing a comprehensive

measure of realized ESG outcomes. As a result, a firm can score well by adopting extensive envi-

ronmental policies and producing detailed sustainability disclosures, while still generating negative

externalities or committing ESG violations. The well-documented disagreement across ESG rat-

ing providers further suggests that ratings reflect subjective assessments of ESG management and

disclosure quality, rather than objective measures of ESG outcomes.

This raises a pointed question about the portfolio tilts documented in Section 4: are impact

funds genuinely avoiding firms that harm the world, or are they simply selecting firms that look

good on ESG? In other words, are they just chasing high ratings? To address this, we use a novel

dataset of firm-level ESG violations—legally adjudicated instances of environmental contamina-

tion, labor abuses, consumer protection failures, fraud, and other regulatory breaches—and study

how fund holdings covary with realized ESG misconduct. Unlike ratings, violations cannot be

managed through better disclosure or policy adoption. They provide hard evidence of actual

harm or regulatory failure, offering a fundamentally different lens for evaluating whether our fund

classification captures meaningful differences in real-world ESG outcomes.

Data on ESG violations. We use firm-level data on corporate misconduct over 2015–2023

from Violation Tracker, which reports the firms involved, offense dates, the nature of each offense,

and associated penalties.

We classify each violation along two dimensions. First, we assign each violation to the Envi-

ronmental (E), Social (S), or Governance (G) pillar. ESG violations span a wide range of offenses:

environmental violations include breaches of the Clean Air Act and Clean Water Act, improper dis-

posal of hazardous waste, oil spills, and illegal release of toxic substances such as PFAS or PCBs;

social violations include employment discrimination, workplace safety failures, violations of the

Americans with Disabilities Act, off-label promotion of medical products, and consumer protec-

tion abuses; governance violations include accounting fraud, securities violations, anti-competitive

practices, and breaches of the False Claims Act.

Second, mirroring our decomposition of ESG ratings in Section 4.2, we classify each violation

as either ESG-externality—capturing offenses whose primary harm is borne by society or the

environment—or ESG-materiality—capturing offenses whose primary harm is borne by the firm.

We perform this classification using ChatGPT 4.1.21, obtaining the following cross-tabulation:

21Internet Appendix VI provides details on the classification methodology and the prompts used.
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E S G

ESG externality 26 41 9

ESG materiality 0 1 22

The structure is striking. All 26 Environmental violations are classified as externality-related,

reflecting their direct consequences for ecosystems and public health (e.g., water pollution, toxic

gas leaks, hazardous waste mismanagement). The vast majority of Social violations (41 out of

42) are also classified as externality-related, capturing harms to individuals and communities such

as employment discrimination, unsafe workplaces, and violations of consumer rights. Governance

violations, by contrast, are overwhelmingly materiality-related (22 out of 31), reflecting failures in

corporate accountability—fraud, false claims, anti-competitive practices—that primarily expose

firms to financial and legal risk.

Figure 9 provides additional context on the violation data. The top panels display the average

number of violations per firm-month, broken down by ESG pillar (top-left) and by our externality-

materiality classification (top-right), over the sample period. Social violations are the most fre-

quent, followed by Environmental and Governance violations; correspondingly, externality-related

violations outnumber materiality-related ones. The bottom panels display the average penalty

amount as a percentage of market capitalization. While Environmental and Social penalties are

typically small relative to firm size, Governance penalties, which include fraud settlements and

false claims penalties, are substantially larger, consistent with the view that materiality-related

violations carry greater direct financial consequences for firms.

Confirming that violations capture a fundamentally different ESG dimension, the correlation

between ESG rating and violation exposure is very low in our data. This supports using violations

to independently test whether our fund classification captures meaningful differences beyond what

ESG ratings alone reveal.

Measuring fund exposure to violations. For each fund-month, we compute the portfolio-

weighted exposure to violator stocks:

ViolatorSharejt =
∑
i

wjit · Vit, (29)

where wjit is the weight of stock i in fund j’s portfolio in month t and Vit ∈ {0, 1} equals one if

stock i has at least one ESG violation in month t. We then estimate:

ViolatorSharejt =
∑
θ∈Θ

βθ 1{θjt=θ} + η′Xjt + ιMStar×t + εjt, (30)
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where θjt denotes fund j’s ESG type in month t and the set Θ = {Exc, Imp,Opp,Men} collects

all ESG fund types; Xjt is a vector of fund-level controls (log age, log assets, expenses, turnover,

fund flows, fund flow volatility, and fund betas with respect to Fama–French–Carhart six factors);

and ιMStar×t represents Morningstar category × month fixed effects. Non-ESG funds serve as

the excluded category, and standard errors are clustered by fund and month. Each βθ measures

the difference in violation exposure between fund type θ and non-ESG funds within the same

investment category and month. We repeat this specification separately for externality-related

violations (V x
it ) and materiality-related violations (V m

it ).

Findings. Column (1) of Table 7 reports the results for overall ESG violations. The average

violation exposure among non-ESG funds is 13.8% of portfolio weight, providing a natural bench-

mark. Impact funds display the largest reduction in violation exposure: 2 percentage points less

than non-ESG funds (1% significance), corresponding to a 14.5% lower exposure relative to the

non-ESG mean. Opportunity funds also hold significantly less in violator stocks: 1.3 percentage

points less (1% significance), a 9.4% reduction. Exclusionary funds show a smaller and marginally

significant reduction of 1.1 percentage points, while mention-only funds display a statistically in-

significant difference. These results establish that portfolio differences across fund types are not

limited to ESG ratings: they extend to measurable differences in exposure to firms that have

committed actual ESG violations.

Columns (2) and (3) of Table 7 decompose results by violation type, revealing a sharp asym-

metry. For externality-related violations—e.g., environmental contamination, labor abuses, con-

sumer harm—impact funds display the largest and most significant reduction: 2 percentage points

less than non-ESG funds (1% significance), a 15.6% decrease. Opportunity funds follow with a

1.2 percentage point reduction (1% significance), a 9.4% decrease. Exclusionary funds show a

smaller, marginally significant, reduction of 0.9 percentage points, while mention-only funds show

no significant reduction. For materiality-related violations—e.g., fraud, false claims, governance

failures—all ESG fund types except mention-only display lower exposures than non-ESG funds.

Crucially, the reduction for impact funds is only marginally significant, whereas exclusionary and

opportunity funds show stronger statistical support (5% and 1%, respectively). Economically, im-

pact and exclusionary funds reduce exposure by 13.3% of the non-ESG mean, opportunity funds

by 6.7%.

The pattern uncovered by decomposing violations is economically informative and distinct

from what ESG ratings reveal. Impact funds’ avoidance of violator stocks is disproportionately

concentrated in externality-related offenses, i.e., violations that directly harm people or the envi-

ronment and align most closely with their stated non-pecuniary preferences. This indicates that
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impact funds are not simply selecting firms with polished ESG profiles; they are systematically

less exposed to firms that cause verifiable real-world harm. Opportunity funds also avoid violator

stocks, but the composition of their avoidance differs. Their reduction in exposure is more evenly

distributed across externality- and materiality-related violations, a finding that is consistent with

opportunity funds treating violation history as a signal of financial risk (i.e., governance failures,

fraud, or regulatory breaches could lead to penalties, litigation and reputational costs threatening

returns), rather than as a screen motivated by concerns about social or environmental harm.

The distinction between avoiding firms that harm the world and those that face financial

risk from ESG failures echoes the externality-materiality decomposition of ESG ratings from

Section 4.2, but now emerges from a completely independent data source. The convergence of

evidence across ESG ratings and violations reinforces the paper’s central finding: our classification

captures economically meaningful differences in fund objectives that manifest consistently across

multiple dimensions of ESG investment behavior.

5.4 ESG Activism

The preceding sections classified ESG funds into four mutually exclusive types based on the ob-

jective for which they use ESG information, and documented that these types differ sharply in

their portfolio allocations, greenwashing behavior, window dressing patterns, and exposure to

ESG violations. Throughout this analysis, we treated impact and opportunity funds as single

categories. Within each, however, a subset of funds explicitly disclose engaging in ESG-related

activism—using their position as shareholders to influence companies’ ESG policies. In this sec-

tion, we separate these activist subcategories and examine two questions: how do impact activists

and opportunity activists differ from their non-activist counterparts in portfolio characteristics,

and do these differences extend to their actual voting behavior?

5.4.1 Portfolio Characteristics of Activist Funds

Table 8 reports portfolio characteristics for all six ESG fund types, including the activist sub-

categories, estimated using the same specification as in Section 4.1 with Morningstar category ×
month fixed effects and fund-level controls. A first observation is that both activist subcategories

hold more concentrated portfolios than their non-activist counterparts. Impact activists hold sig-

nificantly fewer stocks than impact funds (the log number of stocks is 0.227 lower, 5% significance),

and opportunity activists similarly hold fewer stocks (0.160 lower, 5% significance). This pattern is

consistent with the mechanics of shareholder engagement: meaningful dialogue with management

requires a sufficiently large ownership stake, which is easier to achieve in a concentrated portfolio.
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Opportunity activists also exhibit significantly lower portfolio turnover than all other fund types

(−14.7 percentage points relative to non-ESG funds, 1% significance), suggesting that these funds

hold positions for longer horizons to sustain their engagement efforts.

Turning to ESG portfolio ratings (columns 3–5), the activist subcategories display an inter-

esting pattern relative to their parent types. Impact activists hold portfolios with significantly

higher overall ESG ratings than non-ESG funds (0.162, 1% significance), but their tilt is less

pronounced than that of non-activist impact funds (0.261). The same ordering holds for both

the externality and materiality components: in each case, impact activists display a smaller tilt

than non-activist impact funds. This is consistent with the view that activists deliberately target

firms with room for ESG improvement rather than selecting firms that already score well. A fund

seeking to improve a company’s environmental practices has little reason to engage a firm that

is already an ESG leader; the marginal return to engagement is higher for firms with moderate

ESG profiles. Yet, impact activists still hold portfolios with significantly higher ESG ratings than

non-ESG funds, suggesting that their objective is to obtain incremental improvements rather than

to radically transform the practices of the worst ESG offenders.

Opportunity activists display a different pattern. Their overall ESG rating (0.107) and ESG-

materiality rating (0.080) are significantly higher than those of non-ESG funds and notably larger

than those of non-activist opportunity funds (0.031 and 0.020, respectively). This stronger tilt

is consistent with a strategy that concentrates holdings in firms with relatively strong ESG-

materiality profiles, where engagement on financially material ESG issues can yield the highest

payoff. On the externality dimension, neither opportunity activist nor non-activist opportunity

funds display a significant tilt, reinforcing the finding from Section 4.2 that the opportunity motive

operates exclusively through the materiality channel.

Portfolio-level voting propensity. Before turning to proposal-level voting records, we provide

a first look at voting behavior by aggregating a commonly employed proxy for shareholder activism,

the fraction of votes cast against management’s recommendation, at the fund portfolio level.

Columns 6–9 of Table 8 report this measure separately for Environmental & Social (ES) proposals,

Governance (G) proposals, ESG-externality proposals, and ESG-materiality proposals.22

Both impact and impact activist funds vote against management significantly more often than

non-ESG funds, and they do so across all proposal categories. The effect is particularly pro-

nounced for ES and ESG-externality proposals (columns 6 and 8), where impact (impact activist)

22We classify proposals into ESG-externality and ESG-materiality categories using a ChatGPT-based methodol-
ogy analogous to that applied to ESG violations in Section 5.3; details are provided in Internet Appendix VII. ES
proposals are those classified by ISS as addressing Environmental and/or Social topics but not Governance once.
ESG-externality proposals are those whose primary intended beneficiary is external to the firm and its shareholders.
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funds’ dissent rates exceed those of non-ESG funds by 24.3 (27.7) and 25.3 (25.4) percentage

points, respectively, at 1%-to-5% significance. Opportunity activists also appear to vote against

management more often than non-ESG funds, with dissent rates 14.2 percentage points higher on

ES proposals and ESG-externality proposals (5% significance). Non-activist opportunity funds,

by contrast, show elevated dissent only on governance and ESG-materiality proposals (columns 7

and 9), consistent with their financially motivated use of ESG information.

These portfolio-level results, however, should be interpreted with caution. These figures con-

flate three effects: how a fund votes on a given proposal (voting behavior), which stocks it holds

(portfolio composition), and how concentrated those holdings are (position size). A fund with a

concentrated portfolio that overweights firms facing contentious ES proposals will mechanically

display a higher fraction of votes against management, even if it votes identically to a diversified

non-ESG fund on each ballot item. To cleanly isolate voting behavior from composition effects,

we turn to proposal-level analysis with proposal fixed effects.

5.4.2 Proxy Voting Behavior

Portfolio characteristics reveal what funds hold, but they do not reveal how funds exercise their

voice as shareholders. To study voting behavior directly, we turn to proposal-level proxy voting

records from ISS, covering the period 2015–2023. The unit of observation is a fund × meeting

× proposal item. After merging the ISS ballot-item panel with our CRSP-based fund character-

istics, the estimation sample contains approximately 11.1 million observations across 1,539 funds

and 29,203 meetings. We examine three dependent variables that capture distinct dimensions of

voting behavior: (i) Voted, an indicator equal to one if the fund cast a vote on the proposal, cap-

turing participation; (ii) Against Management, an indicator equal to one if the fund voted against

management’s recommendation, conditional on voting; and (iii) For Shareholder Proposal, an indi-

cator equal to one if the fund voted in favor of a shareholder-sponsored resolution, conditional on

voting. The third variable differs from the second because management occasionally recommends

in favor of shareholder proposals; For Shareholder Proposal captures explicit affirmative support

for shareholder-initiated resolutions regardless of management’s stance.

The proposal composition of the voted sample is heavily skewed toward governance: governance-

only proposals account for 97.4% of ballot items, while environmental and social proposals together

constitute only 2.5%. ESG-externality proposals represent 1.7% of the sample and shareholder-

sponsored ones 5.1%.
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Overall voting patterns. We estimate the following regression at the fund × meeting × pro-

posal level:

yjmp =
∑
θ∈Θ

βθ 1{θj=θ} + η′Xjm + ιp + εjmp, (31)

where yjmp is one of the three voting outcomes (Voted, Against Management, or For Shareholder

Proposal) for fund j at meeting m on proposal p; Θ = {Exc, Imp, Imp Act,Opp,Opp Act,Men}
and θj denotes the ESG type of fund j; Xjm is the same vector of fund-level controls used through-

out the paper; and ιp denotes proposal fixed effects. Non-ESG funds are the excluded category,

so each βθ measures the difference in voting behavior between fund type θ and non-ESG funds on

the same ballot item. Each proposal is specific to a single meeting, so proposal fixed effects absorb

all variation across meetings and proposals and identify the coefficients purely from differences

in how fund types vote on the same ballot item. This is the cleanest test of differential voting

behavior, since it holds constant everything about the proposal itself—its topic, its wording, the

firm it concerns, and the meeting at which it is considered.

Columns 1–3 of Table 9 report the results. Participation rates are high across all fund types

(ȳ = 0.968), with the only notable difference being that opportunity funds are slightly less likely

to vote (−0.016, 1% significance). The more informative dimension is how funds vote when they

do participate. Impact activists stand out: they are significantly more likely to vote against man-

agement (7.6 percentage points above non-ESG funds, 5% significance) and substantially more

likely to support shareholder-sponsored proposals (23.9 percentage points, 1% significance). Non-

activist impact funds also vote against management more often than non-ESG funds and display

economically large support for shareholder proposals (16.3 percentage points), though both ef-

fects are estimated with less precision than for impact activists. Among the opportunity types, a

striking contrast emerges, which the portfolio-level results in Table 8 could not reveal. While op-

portunity funds vote against management more often than non-ESG funds (2.6 percentage points,

1% significance), they show no differential support for shareholder-sponsored proposals (−0.005,

statistically indistinguishable from zero). Opportunity activists display a marginally significant

tendency to vote against management (4.5 percentage points), but their support for shareholder

proposals is also statistically indistinguishable from that on non-ESG funds. In other words, the

elevated portfolio-level dissent rates documented for opportunity activists in Table 8 reflect a com-

bination of portfolio composition effects and routine governance dissent on management-sponsored

items (such as executive compensation packages or board nominees), rather than active support

for shareholder-initiated ESG resolutions. Mention-only funds display no significant differences in

voting behavior beyond a marginally lower participation rate.
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The contrast between impact and opportunity funds on shareholder proposals is particularly

revealing. Shareholder-sponsored resolutions are the primary vehicle through which investors

seek to change corporate ESG behavior (Aggarwal et al. (2024)): they call for specific actions

such as setting emissions reduction targets, improving diversity disclosures, or adopting human

rights policies. The fact that impact funds (and especially impact activists) strongly support

these resolutions while opportunity funds do not is consistent with the fundamental distinction

in our classification: impact funds seek to change corporate behavior for non-pecuniary reasons,

while opportunity funds use ESG information to improve financial returns and see little value in

advocating for changes that may not be financially material.

Differential voting by proposal category. To examine whether voting varies by proposal

category, we replace proposal fixed effects with meeting fixed effects ιm and interact the fund type

indicators with a proposal category dummy Catp:

yjmp =
∑
θ∈Θ

βθ 1{θj=θ} + γ Catp +
∑
θ∈Θ

δθ 1{θj=θ} × Catp + η′Xjm + ιm + εjmp, (32)

where Catp is an indicator equal to one for ES proposals (with G proposals as the omitted category)

in columns 4–6 of Table Table 9, or for ESG-externality proposals (with ESG-materiality proposals

as the omitted category) in columns 7–9. Meeting fixed effects in this specification absorb all

meeting-level variation and identify the interactions from differences in voting across proposal

categories within the same meeting.

The interaction terms reveal that non-activist impact funds vote differentially across proposal

categories. The Imp × Cat. coefficient on Against Management is 0.187 (5% significance) under

the ES/G classification and 0.192 (1% significance) under the externality/materiality classifica-

tion, indicating that impact funds’ tendency to vote against management is substantially amplified

when the proposal concerns environmental or social issues rather than governance. For For Share-

holder Proposal, the interaction is 0.116 (1% significance) under the ES/G classification and 0.099

(1% significance) under the externality/materiality classification, confirming that non-activist im-

pact funds’ support for shareholder resolutions is concentrated in proposals that address ESG

externalities. Impact activists display similarly large and significant interactions on Against Man-

agement (0.229 and 0.216 under the two classifications, both significant at the 1% level), but their

interaction on For Shareholder Proposal is not significant. The insignificant interaction, coupled

with a high and statistically significant baseline coefficient, indicates that impact activists sup-

port shareholder resolutions at uniformly high rates regardless of the proposal category, whereas

non-activist impact funds are more selective, concentrating their support on ES and externality

proposals.
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Opportunity funds present a contrasting pattern. Their interaction terms on Against Manage-

ment are small and insignificant (−0.010 and 0.004), indicating that their voting against man-

agement does not vary with the type of proposal. However, their interaction on For Shareholder

Proposal is positive and significant (0.046 under ES/G and 0.057 under externality/materiality),

a finding that may appear surprising given that opportunity funds show no overall support for

shareholder proposals (column 3). The resolution is that the baseline effect for opportunity funds

on shareholder proposals is slightly negative for governance proposals, and the positive interaction

shifts it closer to zero (but not positive) for ES and externality proposals. In other words, oppor-

tunity funds are less opposed to shareholder proposals when they concern environmental or social

issues than when they concern governance, but they do not actively support them. Opportunity

activists display a similar pattern: their interactions on Against Management are likewise insignif-

icant (0.050 and 0.044), and their interactions on For Shareholder Proposal are at most marginally

significant under one classification (0.058 under ES/G) and insignificant under the other (0.032

under externality/materiality). Despite their explicit disclosure of engagement activities, oppor-

tunity activists’ voting behavior across proposal categories is largely indistinguishable from that

of non-activist opportunity funds.

The voting analysis reinforces and extends the paper’s central findings. The funds that most

actively use their shareholder voice to advocate for changes in corporate ESG behavior are impact

funds, especially impact activists, whose voting patterns reveal a genuine commitment to influenc-

ing real-world ESG outcomes. Opportunity funds, despite their higher propensity to vote against

management on management-sponsored governance proposals, show no meaningful support for

shareholder-sponsored resolutions, the primary channel for ESG-related corporate change. The

elevated dissent rates observed for opportunity activists at the portfolio level dissolve once we

compare voting on the same proposal, revealing that what appeared to be activist ESG engage-

ment is better characterized as financially motivated governance dissent combined with portfolio

composition effects. The distinction between holding high-ESG stocks (which opportunity funds

do, at least on the materiality dimension) and actively voting to improve corporate ESG behavior

(which only impact funds do) adds a final dimension to the evidence that the different shades of

ESG funds matter.

6 Conclusion

The label “ESG fund” encompasses strategies with fundamentally different objectives, yet the aca-

demic literature, industry practice, and regulatory frameworks have largely treated these strategies

as interchangeable. This paper shows that they are not. By classifying US active equity mutual
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funds based on the objective for which they use ESG information, we uncover a landscape that

defies the prevailing narrative. The explosive growth of ESG investing has been driven not by

funds with non-pecuniary preferences but by opportunity funds that integrate ESG factors into

their return-maximizing mandates. Impact funds, the only type that genuinely channels capital

toward firms generating positive externalities, represent a small and shrinking share of the ESG

universe. Yet they are also the type that most consistently delivers on its promises: they hold

the highest-ESG portfolios, display no evidence of greenwashing or green window dressing, are the

least exposed to firms that commit ESG violations, and, when engaging in shareholder activism,

actively vote to improve corporate ESG behavior.

The externality-materiality decomposition introduced in this paper proves essential for under-

standing these differences. Impact funds are the only type that tilts toward stocks with higher

ESG-externality ratings. All other fund types that tilt at all do so exclusively through the materi-

ality channel. This pattern emerges consistently whether we examine ESG ratings, the distribution

of holdings across rating quintiles, the predictions of our theoretical framework, or the entirely

independent domain of corporate violations. The robustness of this finding across such diverse

sources of evidence underscores that our classification captures a real and economically meaningful

distinction in how funds use ESG information.

These findings carry direct implications. For investors, our results provide a clear framework for

assessing whether a fund’s portfolio behavior aligns with its stated objectives. For regulators, they

suggest that disclosure mandates organized around the importance of ESG factors miss the more

consequential distinction: the objective for which those factors are used. And for researchers, they

demonstrate that pooling ESG funds into a single category can produce misleading conclusions,

and that the investor types featured in theoretical models of ESG investing have distinct and

identifiable empirical counterparts in the mutual fund industry. Recognizing the different shades

of ESG funds is a necessary first step toward accurately evaluating the promises, the behavior,

and ultimately the real-world impact of sustainable finance.
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Figure 1: Classification Comparisons

This figure displays, for each ESG type identified by our classification, the percentage of fund-month
observations that would be classified as sustainable under three alternative methodologies: the presence
of sustainability-related terms in the fund name (see Internet Appendix I for the full list of terms); Morn-
ingstar’s Sustainability categorization (variable: Sustainable Investment Overall, available from 2020);
and whether the fund’s family is a signatory to the Principles for Responsible Investment (PRI). Each
bar represents the overlap between a given ESG type in our classification and a given alternative method.
Statistics for the Fund Name and PRI methodologies cover the full sample period 2015-2023, while those
for Morningstar cover the sample period 2020-2023.
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Figure 2: Growth of ESG Funds

This figure displays the time-series evolution of ESG investing among active equity US mutual funds over
the period 2015–2023. The top-left panel plots the percentage of ESG funds in terms of number and
AUM. The top-right panel plots the percentage of fund families with at least one ESG fund. The bottom
panels decompose the number of ESG funds (left) and their total net assets in $1000s (right) by ESG
category.
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Figure 3: New versus Existing Funds

This figure displays the percentage of funds in each ESG type (rows) broken down by their ESG type at
first appearance in our dataset (columns). Diagonal entries indicate the share of funds that were classified
in their current type from inception.
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Figure 4: Capital Flows to ESG Funds

This figure displays the cumulative percentage change in AUM due solely to net flows, by ESG type. The
measure compounds monthly net-flow growth rates starting from the first month of our sample.
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Figure 5: Fund Holdings Across ESG-rating Quintiles

This figure plots the estimated relative cumulative portfolio weights ∆ŵsum
θq in (11) for each ESG fund

type across quintiles of overall ESG ratings (left panel), ESG-externality ratings (center panel), and ESG-
materiality ratings (right panel). Values represent the difference in cumulative portfolio weight held in
each quintile relative to non-ESG funds in the same Morningstar category and month, after controlling
for fund-level characteristics. In the right panel, “Opp, high q5” denotes top tercile of opportunity funds
ranked by their cumulative portfolio weight in the top quintile of ESG-materiality ratings. The underlying
estimates and their statistical significance are reported in Table 5.
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Figure 6: Fund Holdings Across ESG-Rating Quintiles: Theoretical Predictions

This figure plots the theoretical portfolio weights within each quintile of overall ESG ratings (left panel),
ESG-externality ratings (center panel), and ESG-materiality ratings (right panel), expressed as deviations
from the allocations of non-ESG funds.
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Figure 7: Greenwashing

This figure reports the percentage of funds in each ESG type flagged as potential greenwashers, defined as
funds whose portfolio-level ESG rating falls below a given percentile of the non-ESG fund distribution for
more than a specified fraction of the fund’s lifetime. Rows correspond to three rating measures: overall
ESG, ESG-externality, and ESG-materiality. Columns correspond to ESG fund types. The top panels
use the 10th percentile threshold; the bottom panels use the 25th percentile. The left panels require the
condition to hold for at least 50% of the fund’s lifetime; the right panels require at least 75%.
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Figure 8: ESG Window Dressing

This figure displays average ESG factor loadings estimated from the FFC6+ESG model with 10 trading-
day pre- and post-disclosure windows. The left panel plots ESG beta levels by window (control, pre-
disclosure, post-disclosure) for each fund type. The center panel connects the three windows for each
fund type to illustrate the dynamics of ESG exposure around disclosure dates. The right panel plots
the delta ESG betas (pre minus control, post minus pre, post minus control) with bootstrap confidence
intervals. Table 6 reports the underlying estimates.
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Figure 9: ESG Violations

This figure summarizes the ESG violation data over the period 2015–2023. The top panels display the
average number of violations per firm-month, broken down by ESG pillar (left) and by our externality-
materiality classification (right). The bottom panels display the average penalty amount as a percentage
of market capitalization, with the same breakdowns. Violations are classified into E, S, and G pillars
based on the nature of the offense, and into externality and materiality categories using ChatGPT 4.1,
as described in Section 5.3.
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Table 1: Classification Comparison: False Positives and False Negatives

This table compares our classification of ESG funds with three alternative methodologies commonly
used in the literature: Morningstar’s Sustainability categorization (variable: Sustainable Investment
Overall); a classification based on the presence of sustainability-related terms in the fund name (see
Internet Appendix I for the full list of terms); and whether the fund’s family is a signatory to the
Principles for Responsible Investment (PRI). We report misclassification rates using our classification
as the benchmark. In Panel A, we define as correctly classified any fund that our method categorizes
as impact. In Panel B, we expand this definition to also include exclusionary funds. False positive
rates are the percentage of observations classified as sustainable by the alternative method that do
not belong to the relevant categories under our classification. False negative rates are the percent-
age of observations belonging to the relevant categories under our classification that are not identi-
fied as sustainable by the alternative method. Statistics for the Fund Name and PRI methodologies
cover the full sample period 2015–2023, while those for Morningstar cover the sample period 2020–2023.

Panel A: Impact Funds

Morningstar Fund Name PRI Signatory

False Positive (Type 1 Error) 50% 46% 97%

False Negative (Type 2 Error) 20% 82% 52%

Panel B: Impact or Exclusionary Funds

Morningstar Fund Name PRI Signatory

False Positive (Type 1 Error) 41% 36% 95%

False Negative (Type 2 Error) 48% 89% 64%
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Table 2: Fund Level ESG Ratings

This table reports estimates of the regression specification in (6), where the dependent variable is one
of four measures of fund-level portfolio ESG ratings: value-weighted, over-weighted, under-held, or not-
held, as defined in equations (2)–(5). ESG ratings are cross-sectionally standardized within month as
in equation (1). In the top panel, 1ESG

jt is a single dummy for ESG funds. In the bottom panel, it
is replaced by separate dummies for each ESG category (Exc, Imp, Opp, Men). Non-ESG funds are
the excluded category. Controls include log age, log assets, expenses, turnover, flows, flow volatility,
and fund betas with respect to Fama–French–Carhart six factors. All specifications include Morningstar
category × month fixed effects. Standard errors are clustered by fund and month; t-statistics are re-
ported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

Portfolio ESG Ratings

Value-weighted Over-weighted Under-held Not-held

(1) (2) (3) (4)

ESG 0.087∗∗∗ 0.095∗∗∗ 0.059∗ -0.024∗∗∗

(6.74) (6.84) (1.85) (-3.16)

Adj. R2 0.541 0.469 0.146 0.643

Exc 0.064∗∗∗ 0.066∗∗∗ 0.157∗∗ -0.011
(2.93) (2.82) (2.17) (-1.09)

Imp 0.244∗∗∗ 0.264∗∗∗ 0.100 -0.079∗∗∗

(8.58) (8.04) (1.27) (-3.89)

Opp 0.047∗∗∗ 0.052∗∗∗ 0.017 -0.014
(3.11) (3.29) (0.46) (-1.45)

Men 0.048∗∗ 0.065∗∗ 0.012 -0.000
(2.23) (2.58) (0.18) (-0.02)

Adj. R2 0.550 0.478 0.147 0.644

Controls Y Y Y Y

MStar×Month FE Y Y Y Y

Obs. 143,635 143,634 92,030 143,637

ȳNon-ESG 0.225 0.207 0.437 0.286
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Table 3: ESG-Externality and ESG-Materiality Ratings

This table reports estimates of the regression specification in (9). Models (1) and (3) are
unconstrained; Models (2) and (4) impose the constraint βx + βm = 1, where β̂m is ob-
tained as 1 − β̂x and its standard error is not separately defined. Models (3) and (4) or-
thogonalize zESGm

it with respect to zESGx
it before estimation. t-statistics are reported in paren-

theses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

zESG
it

(1) (2) (3) (4)

zESGx
it 0.403*** 0.430*** 0.507*** 0.483***

(32.48) (391.08) (41.63) (483.67)

zESGm
it 0.543*** 0.570 0.543*** 0.517

(55.82) (.) (55.82) (.)

Constant N N N N

Constrained N Y N Y

Orthogonalized N N Y Y

Obs. 234,882 234,882 234,882 234,882

Adj. R2 0.54 0.39 0.54 0.50
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Table 4: Fund-Level ESG-Externality and ESG-Materiality Ratings

This table reports estimates of the regression specification in (6), where the dependent variable is one of four measures of fund-
level portfolio ratings—value-weighted, over-weighted, under-held, or not-held—constructed using the ESG-externality rating zESGx

it

(columns 1–4) or the ESG-materiality rating zESGm

it (columns 5–8), as defined in Section 4.2. In the top panel, 1ESG
jt is a single

dummy for ESG funds. In the bottom panel, it is replaced by separate dummies for each ESG category (Exc, Imp, Opp, Men).
Non-ESG funds are the excluded category. Controls and fixed effects are as in Table 2. Standard errors are clustered by fund and
month; t-statistics are reported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

Portfolio ESG-externality Rating Portfolio ESG-materiality Rating

Value-weighted Over-weighted Under-held Not-held Value-weighted Over-weighted Under-held Not-held

(1) (2) (3) (4) (5) (6) (7) (8)

ESG 0.041∗∗∗ 0.049∗∗∗ 0.044∗∗ 0.014 0.059∗∗∗ 0.062∗∗∗ 0.037 -0.014∗∗

(4.01) (4.13) (2.10) (1.46) (6.87) (6.39) (1.51) (-2.20)

Adj. R2 0.870 0.818 0.403 0.821 0.807 0.741 0.538 0.823

Exc 0.035 0.035 0.021 0.067∗∗∗ 0.048∗∗∗ 0.037∗∗ 0.114∗∗ 0.001
(1.50) (1.32) (0.47) (3.26) (3.78) (2.40) (2.30) (0.06)

Imp 0.140∗∗∗ 0.146∗∗∗ 0.047 -0.004 0.157∗∗∗ 0.160∗∗∗ 0.089 -0.041∗∗

(5.98) (4.97) (0.92) (-0.13) (7.39) (6.14) (1.57) (-2.25)

Opp 0.015 0.024∗ 0.051∗ -0.001 0.033∗∗∗ 0.038∗∗∗ -0.007 -0.012∗

(1.23) (1.77) (1.91) (-0.15) (3.11) (3.31) (-0.25) (-1.68)

Men 0.008 0.020 0.048 0.019 0.034∗∗ 0.055∗∗∗ 0.022 0.000
(0.38) (0.81) (0.85) (1.53) (2.47) (3.40) (0.38) (0.05)

Adj. R2 0.871 0.819 0.403 0.822 0.809 0.742 0.539 0.824

Controls Y Y Y Y Y Y Y Y

MStar×Month FE Y Y Y Y Y Y Y Y

Obs. 143,635 143,634 92,017 143,637 143,635 143,634 92,030 143,637

ȳNon-ESG 0.516 0.466 0.816 0.594 0.304 0.284 0.521 0.380
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Table 5: Distribution of Fund Holdings Across ESG Ratings

This table reports estimates of the regression specification in (10), where the dependent variable is the
cumulative portfolio weight held by fund j in stocks belonging to quintile q of ESG ratings in month
t. The omitted categories are non-ESG funds and the middle quintile (q = 3). Reported coefficients
represent the relative cumulative weights ∆ŵsum

ωq as defined in equation (11). Panel A uses quintiles
of overall ESG ratings; Panel B uses quintiles of ESG-externality ratings; Panel C uses quintiles of
ESG-materiality ratings. In Panel C, the coefficients for “Opp, high q5” are obtained from a separate
regression estimated on the subsample of the top tercile of opportunity funds ranked by their cumulative
portfolio weight in the top quintile of ESG-materiality ratings, together with non-ESG funds. Controls
and fixed effects are as in Table 2. Standard errors are clustered by fund and month; t-statistics are
reported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

q1 q2 q3 q4 q5

(1) (2) (3) (4) (5)

Panel A: Quintiles of ESG Ratings

Exc -2.032*** -1.146** -0.618 0.486 2.160**
(-2.69) (-2.47) (-1.65) (1.08) (2.19)

Imp -6.674*** -2.950*** -0.913** 1.850*** 9.631***
(-10.88) (-5.47) (-2.21) (3.89) (6.98)

Opp -2.700*** -0.141 0.684*** 0.033 2.682***
(-4.99) (-0.43) (2.92) (0.11) (4.05)

Men -3.133*** -0.171 0.358 -0.364 1.333
(-3.70) (-0.28) (0.79) (-0.54) (1.15)

Panel B: Quintiles of ESG-externality Ratings

Exc -2.391* -1.291 -0.226 0.980 1.467
(-1.93) (-1.23) (-0.36) (1.05) (0.78)

Imp -4.915*** -3.999*** -2.012*** 2.991*** 8.862***
(-4.72) (-3.39) (-2.89) (3.92) (4.25)

Opp -1.114* -0.811 -0.211 0.200 2.169**
(-1.71) (-1.39) (-0.57) (0.43) (2.08)

Men -0.182 0.526 -0.869 -1.114 0.257
(-0.12) (0.38) (-1.17) (-1.03) (0.10)

Panel C: Quintiles of ESG-materiality Ratings

Exc -2.390** -0.708 0.111 0.991 0.732
(-2.08) (-1.22) (0.24) (1.53) (0.65)

Imp -4.137*** -2.947*** -0.576 1.805*** 7.019***
(-4.69) (-4.20) (-1.24) (3.41) (4.48)

Opp 1.271** 0.590 0.150 -0.430 -1.021
(2.46) (1.53) (0.55) (-1.34) (-1.47)

Opp, high q5 -3.765*** -2.455*** -0.824** 0.516 7.984***
(-6.26) (-4.58) (-2.00) (1.44) (8.71)

Men 0.538 -0.334 0.099 -0.138 -1.825
(0.54) (-0.42) (0.18) (-0.26) (-1.34)

59



Table 6: ESG Window Dressing

This table reports estimates of ESG factor loadings around quarterly portfolio disclosure dates, by fund
type. ESG betas are estimated from the FFC6+ESG model within three non-overlapping windows: a
control window spanning the second month of the quarter, a pre-disclosure window covering the 10 trading
days before the disclosure date, and a post-disclosure window covering the 10 trading days beginning
two days after. Panel A reports level ESG betas for each window (columns 1-3) and their differences
(columns 4-6): pre minus control in (26), post minus pre in (27), and post minus control in (28). Panel B
reports the corresponding differences relative to non-ESG funds. Inference is based on a wild bootstrap
procedure with 9,999 iterations; bootstrap t-statistics are reported in parentheses. For pre minus control
and post minus pre, significance stars reflect one-sided p-values; for levels and post minus control, they
reflect two-sided p-values. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Estimates

Levels of ESG Betas Changes in ESG Betas

Control Pre Post Pre − Control Post − Pre Post − Control

(1) (2) (3) (4) (5) (6)

Non-ESG 0.167*** 0.318*** 0.269*** 0.151*** -0.072 0.104**
(6.98) (7.57) (6.69) (3.15) (-1.23) (2.22)

ESG 0.238*** 0.459*** 0.284*** 0.221*** -0.185*** 0.048
(7.16) (8.86) (4.98) (3.59) (-2.38) (0.72)

Exc 0.193*** 0.193*** 0.292*** 0.001 0.076 0.099
(6.07) (3.73) (5.65) (0.01) (1.02) (1.64)

Imp 0.329*** 0.347*** 0.368*** 0.018 0.010 0.048
(11.07) (8.50) (7.17) (0.35) (0.15) (0.80)

Opp 0.217*** 0.553*** 0.217*** 0.336*** -0.338*** -0.000
(5.15) (8.07) (3.03) (4.19) (-3.38) (-0.00)

Men 0.276*** 0.737*** 0.493*** 0.462*** -0.245*** 0.220**
(6.45) (12.46) (5.96) (6.37) (-2.39) (2.38)

Panel B: Estimate Differences Relative to Non-ESG

ESG 0.071*** 0.141*** 0.015 0.070 -0.113* -0.057
(3.01) (3.44) (0.37) (1.46) (-1.92) (-1.19)

Exc 0.026 -0.125*** 0.023 -0.150*** 0.148*** -0.005
(1.29) (-2.77) (0.72) (-3.04) (2.64) (-0.14)

Imp 0.163*** 0.029 0.100*** -0.134*** 0.082 -0.057
(7.27) (0.82) (2.68) (-3.17) (1.58) (-1.31)

Opp 0.050 0.235*** -0.051 0.185*** -0.266*** -0.105
(1.46) (4.10) (-0.86) (2.75) (-3.20) (-1.53)

Men 0.109*** 0.419*** 0.225*** 0.310*** -0.173* 0.116
(3.00) (7.83) (3.05) (4.79) (-1.88) (1.42)
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Table 7: Fund-Level Exposure to ESG Violations

This table reports estimates of the regression specification in (30), where the dependent variable is
the portfolio-weighted share of stocks with at least one ESG violation in month t, as defined in
equation (29). Column (1) uses all ESG violations (Vit); column (2) uses ESG-externality viola-
tions (V x

it ); column (3) uses ESG-materiality violations (V m
it ). The classification of violations into

externality and materiality categories is described in Section 5.3. The omitted category is non-ESG
funds. Controls include log age, log assets, expenses, turnover, flows, flow volatility, and fund be-
tas with respect to Fama–French–Carhart six factors. All specifications include Morningstar category
× month fixed effects. Standard errors are clustered by fund and month; t-statistics are reported
in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

All ESG-externality ESG-materiality
violations violations violations

(1) (2) (3)

Exc -0.011* -0.009* -0.002**
(-1.92) (-1.74) (-2.25)

Imp -0.020*** -0.020*** -0.002*
(-4.12) (-4.38) (-1.73)

Opp -0.013*** -0.012*** -0.001***
(-5.34) (-5.22) (-3.16)

Men -0.004 -0.003 -0.000
(-1.07) (-1.03) (-0.23)

Controls Y Y Y

MStar×Month FE Y Y Y

Obs. 143,724 143,724 143,724

Adj. R2 0.742 0.726 0.550

ȳNon-ESG 0.138 0.128 0.015
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Table 8: ESG Activism: Portfolio Characteristics and Voting Propensity

This table reports estimates of portfolio characteristics and voting behavior by ESG fund type, including the activist subcategories. The
dependent variables are: portfolio turnover (column 1); log number of stocks held (column 2); value-weighted portfolio ESG ratings
for the overall, ESG-externality, and ESG-materiality measures (columns 3–5); and the fraction of votes cast against management on
Environmental & Social proposals only (column 6), Governance proposals only (column 7), ESG-externality proposals (column 8), and
ESG-materiality proposals (column 9). Non-ESG funds are the excluded category. Controls include log age, log assets, expenses, turnover,
flows, flow volatility, and fund betas with respect to Fama–French–Carhart six factors. All specifications include Morningstar category ×
month fixed effects. t-statistics are reported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

Portfolio ESG Ratings Fraction of Votes Against Management

Turnover log(Stocks) Overall ESG-ext. ESG-mat. ES only G only ESG-ext. ESG-mat.

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Exc 3.076 -0.068 0.064∗∗∗ 0.035 0.048∗∗∗ 0.154∗∗ 0.020 0.193∗∗∗ 0.022∗

(0.67) (-0.52) (2.93) (1.50) (3.78) (2.24) (1.61) (2.72) (1.73)

Imp -7.096 0.269 0.261∗∗∗ 0.147∗∗∗ 0.170∗∗∗ 0.243∗∗∗ 0.052∗∗ 0.253∗∗∗ 0.054∗∗

(-1.26) (1.57) (8.26) (5.98) (6.99) (3.27) (2.26) (3.85) (2.27)

Imp Act -5.959 -0.227∗∗ 0.162∗∗∗ 0.104 0.097∗∗ 0.277∗∗∗ 0.041∗ 0.254∗∗ 0.044∗

(-0.73) (-2.61) (2.75) (1.66) (2.48) (3.06) (1.75) (2.35) (1.91)

Opp -2.885 -0.036 0.031∗∗ 0.005 0.020∗ 0.023 0.016∗∗∗ 0.033 0.016∗∗∗

(-1.12) (-0.66) (2.22) (0.45) (1.85) (0.83) (2.93) (1.24) (2.90)

Opp Act -14.723∗∗∗ -0.160∗∗ 0.107∗∗∗ 0.051 0.080∗∗∗ 0.142∗∗ 0.036∗ 0.142∗∗ 0.038∗

(-4.31) (-2.22) (2.76) (1.61) (3.48) (2.07) (1.74) (2.00) (1.79)

Men 10.410∗ -0.236∗∗ 0.048∗∗ 0.008 0.034∗∗ 0.042 0.015 0.050 0.016
(1.67) (-2.35) (2.23) (0.38) (2.47) (0.91) (1.07) (1.17) (1.13)

Controls Y Y Y Y Y Y Y Y Y

MStar×Month FE Y Y Y Y Y Y Y Y Y

Obs. 143,724 143,724 143,635 143,635 143,635 30,287 73,703 26,241 73,664

Adj. R2 0.096 0.304 0.551 0.871 0.809 0.198 0.076 0.256 0.083

ȳNon-ESG 57.863 4.432 0.225 0.516 0.304 0.332 0.044 0.287 0.045
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Table 9: ESG Activism: Proxy Voting Behavior

This table reports estimates of proxy voting behavior by ESG fund type, including the activist subcategories. The dependent variables are: whether the fund voted
on the proposal (columns 1, 4, 7); whether the fund voted against management (columns 2, 5, 8); and whether the fund voted in favor of shareholder-sponsored
proposals (columns 3, 6, 9). Columns 1–3 include proposal fixed effects. Columns 4–6 include meeting fixed effects and interact fund type dummies with an in-
dicator for ES proposals (with G proposals as the omitted category). Columns 7–9 include meeting fixed effects and interact fund type dummies with an indica-
tor for ESG-externality proposals (with ESG-materiality proposals as the omitted category). Non-ESG funds are the excluded category. Controls include log age,
log assets, expenses, turnover, flows, flow volatility, and fund betas with respect to Fama–French–Carhart six factors. Columns 3, 6, and 9 restrict the sam-
ple to shareholder-sponsored proposals. t-statistics are reported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

Overall ES vs. G Proposals ESG-ext. vs. ESG-mat. Proposals

Voted Against For Shldr Voted Against For Shldr Voted Against For Shldr
Mgmt Prop Mgmt Prop Mgmt Prop

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Exc -0.011 0.020∗∗∗ 0.087 -0.012 0.019∗∗ 0.092∗∗ -0.012 0.019∗∗∗ 0.070
(-1.30) (3.16) (1.43) (-1.39) (2.46) (2.19) (-1.36) (2.61) (1.30)

Imp -0.007 0.046∗ 0.163∗∗ -0.008 0.042 0.106 -0.007 0.043∗ 0.129
(-1.18) (1.76) (2.14) (-1.32) (1.63) (1.48) (-1.27) (1.68) (1.60)

Imp Act -0.004 0.076∗∗ 0.239∗∗∗ -0.005 0.066∗∗ 0.226∗∗∗ -0.005 0.070∗∗ 0.235∗∗∗

(-0.41) (2.25) (4.07) (-0.58) (2.03) (6.61) (-0.52) (2.12) (4.81)

Opp -0.016∗∗∗ 0.026∗∗∗ -0.005 -0.017∗∗∗ 0.028∗∗∗ -0.031 -0.017∗∗∗ 0.027∗∗∗ -0.028
(-5.83) (4.63) (-0.18) (-6.15) (4.83) (-1.12) (-6.04) (4.77) (-1.03)

Opp Act 0.002 0.045∗ 0.062 0.001 0.043∗ 0.026 0.002 0.044∗ 0.048
(0.53) (1.84) (1.27) (0.27) (1.79) (0.43) (0.37) (1.82) (0.91)

Men -0.013∗ 0.000 0.028 -0.014∗∗ -0.000 0.003 -0.014∗∗ -0.000 -0.001
(-1.94) (0.06) (0.64) (-2.05) (-0.07) (0.06) (-2.01) (-0.07) (-0.02)

Cat. -0.020∗∗∗ 0.224∗∗∗ -0.135∗∗∗ -0.017∗∗∗ 0.177∗∗∗ -0.141∗∗∗

(-4.54) (20.11) (-9.12) (-4.05) (16.44) (-9.04)

Exc × Cat. 0.043∗∗∗ 0.063 -0.010 0.040∗∗∗ 0.097 0.044
(4.20) (0.68) (-0.18) (3.75) (1.17) (1.12)

Imp × Cat. 0.038∗∗∗ 0.187∗∗ 0.116∗∗∗ 0.034∗∗∗ 0.192∗∗∗ 0.099∗∗∗

(5.98) (2.20) (3.98) (5.79) (2.87) (4.07)

Imp Act × Cat. 0.044∗∗∗ 0.229∗∗∗ 0.022 0.041∗∗∗ 0.216∗∗∗ 0.010
(4.03) (3.03) (0.36) (3.71) (3.14) (0.20)

Opp × Cat. 0.043∗∗∗ -0.010 0.046∗∗ 0.040∗∗∗ 0.004 0.057∗∗∗

(9.46) (-0.31) (2.06) (8.87) (0.13) (3.20)

Opp Act × Cat. 0.027∗∗∗ 0.050 0.058∗ 0.022∗∗∗ 0.044 0.032
(4.07) (1.49) (1.93) (3.38) (1.23) (1.21)

Men × Cat. 0.037∗∗∗ 0.047 0.045 0.033∗∗∗ 0.065∗ 0.072∗∗∗

(4.39) (1.11) (1.49) (3.96) (1.69) (2.62)

Controls Y Y Y Y Y Y Y Y Y
FE Proposal Proposal Proposal Meeting Meeting Meeting Meeting Meeting Meeting

Obs. 11,107,487 10,726,797 536,366 11,114,543 10,734,753 536,443 11,114,543 10,734,753 536,443

Adj. R2 0.411 0.394 0.310 0.232 0.114 0.204 0.232 0.103 0.205

ȳNon-ESG 0.968 0.050 0.374 0.968 0.050 0.374 0.968 0.050 0.374
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INTERNET APPENDIX

“Different Shades of ESG Funds”

by Simona Abis, Andrea M. Buffa and Meha Sadasivam

I ESG Dictionary

ESG-related terminology. ESG, environmental, carbon, SRI, human rights, green, climate

change, renewable energy, social responsibility, pollution, sustainable business practice, sustain-

able development goals, clean energy, SDG, greenhouse emissions, greenhouse gas emissions, clus-

ter munitions, child labor, alternative energy, solar, adopt more responsible, adopt responsible,

implement responsible, responsible supply, biblically responsible, catholic church, islam, toxic, ir-

responsible marketing, gambling, tobacco, palm oil, pesticides, small arms, thermal coal, nuclear,

alcohol, animal testing, adult entertainment, fossil fuel, weapons, specialty leather, genetically

modified organism, military contracting, abortion, stem cells, pornography, firearm, handgun,

liquor, casino, anti-family, terrorism, social screens, environmental screens, governance screens.

ESG-terms searched in fund names. ESG, SRI, SDG, CSR, environment, social, governance,

impact, climate, equality, ethic, responsible, green, clean, sustain, renew, diversity, women, low

carbon, progressive energy, fossil fuel free, alternative energy, energy solution, eco leader, ecological

strategy.

II Examples of Prospectus Classifications

This appendix reports representative excerpts from the Principal Investment Strategy (PIS) sec-

tions of fund prospectuses assigned to each ESG category. For each example, the passages that

most directly reveal the fund’s ESG objective are highlighted in italics.

Exclusionary

(i) generally, we avoid investments in issuers we deem to have significant alcohol, gaming or

tobacco business.
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(ii) the fund invests at least % of its net assets, plus any borrowings for investment purposes,

in equity securities of companies of any size with an environmental, social and governance

esg rating of bb or above by msci or an equivalent rating by another esg rating agency that

also demonstrate, in the view of fred alger management, inc. , promising growth potential.

(...) fred alger management, inc. employs fundamental analysis to identify innovative and

dynamic companies and uses msci’s esg ratings to consider how such stocks rank within an

industry or sector based on a company’s conduct in offering products or services that promote

positive environmental, social and/or governance policies, or have a positive impact in these

areas, addressing concerns such as climate change, resource depletion, health and safety,

employee relations and diversity, bribery and corruption, and fostering board diversity and

structure. the fund does not bar companies in any industries.

(iii) in seeking long-term capital appreciation, the fund will invest, under normal circumstances,

at least % of its net assets plus borrowings for investment purposes in equity securities

of large and mid-capitalization United States companies that nti believes have favorable

environmental, social and governance esg characteristics under a third-party vendors rating

methodology. (...) Using a quantitative, factor based approach, the fund intends to invest in

companies that: i meet certain criteria for esg factors as provided by a third-party research

vendor; ii exhibit strong business fundamentals, solid management and reliable cash flows;

and iii are located, headquartered in, incorporated in or otherwise organized in the united

states. (...) the fund is managed according to a quantitative model developed by nti to define

an investable universe, nti excludes securities of companies involved in esg controversies or

those that violate global norms like the united nations global compact. nti also removes

companies that do a poor job of managing their esg risks and opportunities relative to their

peers as well as those with material involvement in controversial business practices, including,

but not limited to, tobacco and civilian firearms. nti engages a third-party research vendor to

provide esg data for United States companies. the third-party vendor identifies esg areas of

risk and opportunity, evaluates exposure and management, and ranks and rates companies

against their industry peers. after defining the investable universe, nti evaluates the quality

of the remaining securities and removes those securities that do not meet the proprietary

quality methodology.

Impact

(i) The fund may also invest in companies organized or traded outside the United States. In the

course of pursuing their financial objectives, impact investors seek to use their investments

to create a more fair and sustainable world. Domini believes that by factoring social and en-
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vironmental sustainability standards into their investment decisions, investors can encourage

greater corporate accountability. Domini evaluates the fund’s potential investments against

its social and environmental standards based on the businesses in which an issuer engages, as

well as on the quality of the issuer’s relations with key stakeholders, including communities,

customers, ecosystems, employees, investors, and suppliers.

(ii) The investment adviser tries to emphasize companies that it believes both offer attractive

investment opportunities and demonstrate a positive awareness of their impact on the soci-

ety in which they operate. Potential investments for the fund are first selected for financial

soundness and then evaluated according to the fund’s ethical investment criteria. The fund

seeks to invest in companies that the investment adviser believes exhibit positive accomplish-

ments with respect to one or more of the ethical factors. Ethical factors considered may

include: fairness of employment policies and labor relations; involvement in the community;

efforts and strategies to minimize the negative impact of business activities and products

on the environment and to embrace alternatives to reduce polluting and unnecessary animal

suffering; and management and board governance.

(iii) The advisor intends to take into account the impact that companies may have on the envi-

ronment and other sustainability considerations when making investment decisions for the

United States Sustainability Core Portfolio. Relative to a portfolio without these considera-

tions, the portfolio will exclude or underweight securities of companies that, according to the

portfolio’s sustainability impact considerations, may be less sustainable as compared either

to other companies in the portfolio’s investment universe or other companies with similar

business lines. Similarly, relative to a portfolio without sustainability impact considera-

tions, the portfolio will overweight securities of companies that, according to the portfolio’s

sustainability impact considerations, may be more sustainable as compared either to other

companies in the portfolio’s investment universe or other companies with similar business

lines. In considering sustainability impact and other factors that the advisor believes may

be important to investors, the advisor may consider carbon and other greenhouse emissions,

or potential emissions, land use, cluster munitions manufacturing, landmine manufacturing,

civilian firearms manufacturing, biodiversity, involvement in toxic spills or releases, oper-

ational waste, water use, tobacco, palm oil, coal, involvement with private prisons and/or

immigrant detention facilities, child labor and factory farming activities, among other fac-

tors.

(iv) The fund’s investment adviser, Eventide Asset Management, LLC (“Eventide” or the “Ad-

viser”), analyzes the performance of potential investments not only for financial strengths

and outlook, but also for the company’s ability to operate with integrity and create value for
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customers, employees, and other stakeholders. While few companies may reach these ideals

in every area of their business, these principles articulate the Adviser’s highest expectations

for corporate behavior. Securities may be sold when the Adviser believes that they no longer

represent relatively attractive investment opportunities or when the Adviser believes the un-

derlying company is no longer consistent with the Adviser’s principles. The Adviser seeks

to invest in companies that reflect the following values: respecting the value and freedom of

all people; this includes the right to life at all stages and freedom from addictive behaviors

caused by gambling, pornography, tobacco and alcohol. Demonstrating a concern for jus-

tice and peace through fair and ethical relationships with customers, suppliers and business

partners and through avoidance of products and services that promote weapons production

and proliferation. Promoting family and community. Exhibiting responsible management

practices. Practicing environmental stewardship.

(v) We invest mainly in common stocks of United States companies of any size, with a focus on

companies whose products and services we believe provide solutions that directly contribute

to sustainable social, environmental and economic development (impact companies).

Impact Activist

(i) The adviser considers: performance over time relative to peers and established goals; ac-

countability and disclosure; and impacts on stakeholders. For each potential investment,

the adviser seeks to understand the company’s products and services and evaluate overall

performance in four broad categories: corporate governance, human capital management,

environmental impacts, and community impacts. The fund may avoid companies it judges

to have substandard performance in one or more of these areas. In addition, the adviser

utilizes active ownership to encourage sustainable business policies and practices and greater

ESG transparency. Active ownership strategies include proxy voting, dialogue with company

management, sponsorship of shareholder resolutions, and public policy advocacy.

(ii) We favor companies that conserve natural resources, reduce volume and toxicity of waste

generated, and manage direct and indirect greenhouse gas emissions. We assess a company’s

commitment to social standards including human rights, animal welfare, workplace health

and safety, and fair treatment of employees globally. We appraise companies adherence to

best practices in governance, including policies favoring transparency and accountability to

shareholders, and a commitment to diversity. (...) We use our voice as a shareowner to

raise environmental, social, and governance issues with the management of select portfo-

lio companies through a variety of channels. These may include engaging in dialogue with
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management, participating in shareholder proposal filings, voting proxies in accordance with

our proxy voting guidelines, and participating in the annual shareholder meeting process.

Through this effort, we seek to encourage a company’s management towards greater trans-

parency, accountability, disclosure and commitment to esg issues.

Opportunity

(i) The fund’s investment process integrates material sustainability and/or environmental, so-

cial and governance (ESG) considerations into the research process. ESG integration is

driven by taking into account material ESG risks which could impact investment returns,

rather than being driven by specific ethical principles or norms. The analysis of material

sustainability/ESG considerations can include many different aspects, including, for exam-

ple, the carbon footprint, employee health and well-being, supply chain management, fair

customer treatment and governance processes of a company. The fund’s portfolio managers

may still invest in securities with a higher ESG risk profile where the portfolio managers

believe the potential compensation outweighs the risks identified.

(ii) We incorporate ESG ratings as a stock specific risk control, where companies with poor ratings

will receive a higher amount of forecasted volatility than those with favorable ESG ratings.

(iii) Based in part on a proprietary environmental, social and corporate governance (ESG) scoring

model, companies’ ESG practices and risk factors are considered as part of the investment

process, namely for the purposes of identifying tail risk factors arising from a company’s ESG

practices and understanding how a company’s ESG risk factors might affect the company and

its performance. The portfolio managers maintain discretion to invest in companies with low

ESG scores and to exclude companies with high ESG scores from the fund’s portfolio.

(iv) The adviser evaluates financially material environmental, social, and governance (ESG) fac-

tors as part of the investment decision-making process for the fund. The adviser consid-

ers financial materiality as it is understood in generally accepted accounting principles—

information that would influence the judgment of an informed investor. The adviser assesses

the impact that ESG factors may have on revenues, expenses, assets, liabilities, and overall

risk.

(v) Wellington Management also evaluates a company’s business environment, management

quality, balance sheet, income statement, anticipated earnings, revenues and dividends, and

other related measures or indicators of value, including the evaluation of financially ma-

terial environmental, social, and/or governance (ESG) characteristics based on Wellington
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Management’s proprietary ESG research. Wellington Management believes the integration

of financially material ESG characteristics into its investment process allows it to better as-

sess strategic business issues that may impact the performance of a company. The factors

that Wellington Management considers as part of its fundamental analysis, including the

assessment of financially material ESG characteristics, contribute to its overall evaluation of

a company’s risk and return potential.

Opportunity Activist

(i) The subadvisor may give consideration to financially material environmental, social and/or

governance (ESG) criteria including, but not limited to, climate mitigation and resilience,

corporate culture, as well as executive compensation and senior-level succession planning.

When evaluating investments for the fund, the subadvisor has access to proprietary ESG

research to help evaluate a company’s risk and return potential. The subadvisor believes

the integration of financially material ESG factors into its investment process allows it to

better assess strategic business issues that may impact the performance of a company. ESG

factors are one of several factors considered when making an investment decision for the fund.

The subadvisor has discretion to determine the materiality of as well as the level at which

financially relevant ESG factors are imbedded into its overall fundamental analysis when

making an investment decision. The subadvisor also engages with management of certain

companies regarding corporate governance practices as well as what it deems to be materially

important environmental and/or social issues facing a company.

(ii) The portfolio managers systematically and explicitly include material environmental, social

and governance (ESG) risks and opportunities in investment analysis and investment deci-

sions for all securities to help identify high quality securities. The portfolio managers conduct

ongoing proprietary ESG research, including proactive engagement on ESG issues. The port-

folio managers assess all securities in relation to their exposure to and the management of

material ESG risks.

Mention-only

(i) The subadvisor may give consideration to certain environmental, social, and governance

(ESG) criteria when evaluating an investment opportunity.
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III Decomposition of ESG Ratings

Classification prompt. To classify each rating sub-component into ESG-externality and ESG-

materiality categories, we query ChatGPT 4.1 through independent API calls, one per sub-

component. Each call provides the model with the name and description of the sub-component

and asks it to assign exactly one of two categories: Category 1 (ESG-externality), for metrics pri-

marily relevant to funds that seek to generate a positive impact on society and the environment;

and Category 2 (ESG-materiality), for metrics primarily relevant to funds that evaluate material

ESG risks and opportunities to enhance financial performance. The full prompt is reproduced

below.

ESG is a set of principles that considers environmental, social, and corporate gov-

ernance issues. Mutual Funds concerned with ESG issues can be classified into two

categories, depending on their investment motives/mandates:

• Category 1: Funds that, in their portfolio selection process, evaluate companies’

ESG issues with the objective of generating a positive impact on the world.

• Category 2: Funds that, in their portfolio selection process, evaluate material

risks and opportunities associated with companies’ ESG issues with the objective

of enhancing financial performance.

Instructions: You will be given a metric and its description, as used by rating agencies

to produce ESG-based ratings of companies. After carefully evaluating the metric and

its description, select exactly one of the following options:

• “Category 1” if the metric is of primary importance for funds in Category 1.

• “Category 2” if the metric is of primary importance for funds in Category 2.

• “None” only if you cannot reasonably decide between the two categories, or if

neither applies.

You must select only one option. You are not allowed to select both categories. If your

answer marks both categories, it will be considered invalid.

Please provide your answer in the following format:

• Category: [1 or 2 or None]

• Explanation: [A brief explanation of why you chose this category, including why

you did *not* choose the other category or why you selected “None.”]

Thank you for your time and consideration.
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MSCI sub-components. The following table reports the resulting categorization for the 38 sub-

components of MSCI ESG ratings. The model assigns 15 sub-components to the ESG-externality

category and 23 to the ESG-materiality category.

Table III.1: MSCI Sub-Component Classification

Panel A: ESG-Externality

Sub-component MSCI Definition ChatGPT 4.1 Explanation

Access to Communications This key issue evaluates the extent to which

companies are taking advantage of opportunities

for growth in historically underserved markets,

including developing countries and underserved

populations in developed countries (such as rural

areas and the elderly). Companies with consider-

able operations in developing countries score well

on this key issue, as do those with substantial ac-

tivities focused on expanding access through rel-

evant initiatives and philanthropic efforts. Com-

panies focused mainly on developed countries and

well-served populations score lower. (Score: 0–10)

This metric is primarily concerned with the posi-

tive impact companies have on underserved popu-

lations by expanding access to communications. It

evaluates efforts to reach historically underserved

markets and populations, which aligns with the

objective of generating a positive social impact on

the world. While there may be financial oppor-

tunities associated with expanding into new mar-

kets, the focus of the metric is on the social benefit

and inclusivity, making it of primary importance

for the ESG-externality category.

Access to Finance This key issue evaluates the extent to which a

company provides lending, financing, or products

to underrepresented or underbanked communities.

Top performing companies will offer products and

services to communities with limited or no access

to financial products, where weak performers limit

their product offerings to more saturated financial

markets. (Score: 0–10)

This metric is primarily concerned with the pos-

itive social impact a company has by increasing

access to finance for underrepresented or under-

banked communities. The ESG-externality cate-

gory focuses on generating positive impact on the

world, which aligns directly with the intent of this

metric. While there may be some financial per-

formance implications, the main purpose of this

metric is to assess social impact, not financial risk

or opportunity.

Access to Healthcare This key issue evaluates companies’ efforts to im-

prove access to healthcare in developing coun-

tries and for underserved populations in developed

markets. In developing countries, companies that

adapt their business models to reflect the specific

needs of individuals in these markets through ar-

eas such as R&D, pricing, and licensing strategies

will score higher. In developed markets, compa-

nies that take advantage of opportunities driven

by regulatory changes to capture the uninsured

market will score higher. (Score: 0–10)

This metric is primarily concerned with the posi-

tive impact companies have on society by improv-

ing access to healthcare for underserved popula-

tions. It evaluates efforts to address social inequal-

ities and expand healthcare availability, which

aligns with the ESG-externality category. While

there may be some financial implications, the pri-

mary focus is on social benefit rather than finan-

cial performance.

Continued on next page
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Table III.1, Panel A: ESG-Externality (continued)

Sub-component MSCI Definition ChatGPT 4.1 Explanation

Biodiversity & Land Use This key issue is relevant to companies whose op-

erations risk having a high negative impact on

fragile ecosystems. Companies that have poli-

cies and programs designed to protect biodiver-

sity and address community concerns on land use

score well. Companies with operations that dis-

turb large and/or fragile, bio-diverse areas and

lack strategies to minimize and mitigate biodiver-

sity losses score poorly. (Score: 0–10)

This metric directly measures a company’s impact

on biodiversity and land use, which are environ-

mental concerns with a clear positive or negative

effect on the world. The ESG-externality category

prioritizes companies with strong biodiversity and

land use practices. While this metric may also

present material financial risks or opportunities,

its primary intent is to assess positive environ-

mental impact.

Carbon Emissions This key issue is relevant to those companies with

significant carbon footprints. Companies that

proactively invest in low-carbon technologies and

increase the carbon efficiency of their facilities

score higher. Companies that allow legal compli-

ance to determine product strategy, focus exclu-

sively on activities to influence policy setting, or

rely heavily on exploiting differences in regulatory

frameworks score lower. (Score: 0–10)

The Carbon Emissions Score is primarily con-

cerned with a company’s impact on the environ-

ment, specifically its carbon footprint and efforts

to reduce emissions. While carbon emissions can

also be financially material, the metric as de-

scribed emphasizes proactive environmental stew-

ardship rather than direct financial performance,

aligning it with the ESG-externality category.

Community Relations Companies are evaluated on their management of

local community relations, policies on conflict and

human rights, and efforts to distribute benefits to

local communities. Scores are based on the extent

to which the company’s operations may impact lo-

cal communities, and management practices to re-

duce community disturbance, distribute benefits,

and protect human rights. (Score: 0–10)

This metric is primarily concerned with the pos-

itive or negative impact a company has on local

communities, including human rights and bene-

fit distribution. These are core concerns for the

ESG-externality category. While such issues can

also present material risks or opportunities, the

focus of the metric is on societal impact rather

than direct financial performance.

Controversial Sourcing This key issue evaluates the extent to which com-

panies are at risk of incurring regulatory compli-

ance costs, reputational damage, or supply chain

disruptions resulting from reliance on raw materi-

als that originate in areas associated with severe

human rights and labor rights abuses. Companies

able to trace the origin of their raw materials and

certify that they were obtained in a way that min-

imizes social harm score higher, while companies

that do not work with their suppliers and use no

certified materials score lower. (Score: 0–10)

This metric directly evaluates a company’s impact

on social issues, specifically human rights and la-

bor rights abuses in their supply chain. Avoiding

or addressing controversial sourcing aligns with

the ESG-externality category. While there may be

financial risks associated with controversial sourc-

ing, the primary focus of this metric is on mini-

mizing social harm.

Electronic Waste This key issue is relevant to those companies that

produce electronic waste and face risks associated

with end-of-life recycling and/or disposal of elec-

tronic products. Companies that proactively ad-

dress e-waste concerns by establishing comprehen-

sive and well-managed product recovery and recy-

cling programs score higher, while companies with

a strictly compliance-driven approach score lower.

(Score: 0–10)

This metric is primarily concerned with the pos-

itive impact a company has on the environment

by managing electronic waste responsibly. The

primary intent is to assess the company’s con-

tribution to environmental sustainability, which

aligns with the ESG-externality category. The

ESG-materiality category would be more relevant

if the metric focused specifically on how e-waste

management affects financial performance or risk

exposure.

Continued on next page
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Table III.1, Panel A: ESG-Externality (continued)

Sub-component MSCI Definition ChatGPT 4.1 Explanation

Financial Product Safety This key issue evaluates the extent to which com-

panies offer financial products that lack trans-

parency or are highly likely to be financially un-

sustainable to the end-user. Companies that of-

fer transparent financial products based on a bor-

rower’s ability to repay score higher. Companies

that are highly exposed to over-leveraged borrow-

ers and rely on offering controversial products to

generate growth score lower. (Score: 0–10)

This metric is primarily concerned with the pos-

itive impact of financial product safety on soci-

ety, such as protecting consumers from unsustain-

able or predatory financial products. While there

may be some risk considerations for the ESG-

materiality category, the primary intent of this

metric is social impact, not financial performance

enhancement.

Human Capital Develop-

ment

This key issue evaluates companies’ ability to at-

tract, retain and develop human capital based

on their provision of benefits, training and de-

velopment programs, and employee engagement.

Companies that proactively manage human capi-

tal development through offering competitive ben-

efit packages, implementing formalized training

programs, and actively measuring employee satis-

faction score highest. Companies that rely heavily

on highly-skilled employees but show no evidence

of such employee engagement score poorly. (Score:

0–10)

This metric directly relates to the positive social

impact a company has on its workforce by fos-

tering employee well-being, development, and en-

gagement. While strong human capital practices

can also reduce risks and potentially enhance fi-

nancial performance, the primary intent of this

metric is to assess the company’s contribution to

social good, which aligns with the ESG-externality

category.

Opportunities in Clean

Tech

This key issue evaluates the extent to which com-

panies are taking advantages of opportunities in

the market for environmental technologies. Com-

panies that proactively invest in products and ser-

vices addressing issues of resource conservation

and climate change score higher. Companies lack-

ing strategies and investments targeting these ar-

eas score lower. (Score: 0–10)

This metric is primarily concerned with the ex-

tent to which companies are proactively invest-

ing in clean technologies and addressing environ-

mental issues such as resource conservation and

climate change. The focus is on the positive im-

pact companies can have on the world by advanc-

ing environmental solutions, which aligns with the

ESG-externality category. While such opportuni-

ties may also present financial benefits, the met-

ric’s description emphasizes the positive environ-

mental impact, not just financial performance.

Opportunities in Green

Building

This key issue evaluates the extent to which

companies are taking advantage of opportuni-

ties to develop or refurbish buildings with green

building characteristics including lower embod-

ied energy, recycled materials, lower energy and

water use, waste reduction, and healthier and

more productive working environments. Compa-

nies that proactively develop or refurbish build-

ings to achieve green building certifications score

higher, while companies that ignore opportunities

in green buildings score lower. (Score: 0–10)

This metric is primarily concerned with the pos-

itive environmental and social impact of compa-

nies’ actions, specifically their efforts to develop

or refurbish buildings with green characteristics.

The focus is on proactive engagement with sus-

tainability opportunities, which aligns with the

ESG-externality category. While there may be fi-

nancial benefits associated with green buildings,

the metric is framed around sustainability contri-

butions, not financial performance or risk mitiga-

tion.

Continued on next page
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Table III.1, Panel A: ESG-Externality (continued)

Sub-component MSCI Definition ChatGPT 4.1 Explanation

Opportunities in Nutrition

and Health

This key issue evaluates the extent to which com-

panies are innovating to take advantage of the

market for healthier products. Companies that

offer products with an improved nutritional or

healthier profile and have sought credible verifi-

cation for its healthier status score higher, while

companies that do not offer such products score

lower. (Score: 0–10)

This metric is primarily concerned with the posi-

tive impact companies can have on public health

by innovating and offering healthier products. It

aligns with the ESG-externality category, as it fo-

cuses on generating a positive impact on public

health and nutrition. While there may be finan-

cial implications, the primary intent of the metric

is to assess societal benefit, not financial perfor-

mance.

Raw Material Sourcing This key issue evaluates the extent to which com-

panies are exposed to risks of damaging their

brand value by sourcing or utilizing raw materi-

als with high environmental concerns. Companies

that have policies to source materials with lower

environmental impact and participate in initia-

tives to reduce environmental impact of raw ma-

terials production score higher. Companies that

do not utilize sustainably produced raw materials

and set no targets for use of such materials in the

future score lower. (Score: 0–10)

This metric is primarily concerned with the posi-

tive environmental impact of a company’s raw ma-

terial sourcing practices, such as using sustainably

produced materials and participating in initiatives

to reduce environmental impact. While there may

be some risk mitigation aspects relevant to finan-

cial performance, the primary intent of the metric

is to assess environmental responsibility, making

the ESG-externality category the best fit.

Tax Transparency This issue evaluates the extent to which a com-

pany’s estimated level of effective income tax rate

may be misaligned with revenue-weighted statu-

tory rates in its countries of operation. The

score is an absolute assessment of a company’s tax

transparency and payments on a 0–10 scale. Each

company starts with a score of 10 and points are

deducted based on the estimated level of tax gap

and involvement in tax-related controversies.

The Tax Transparency Score primarily reflects a

company’s alignment with ethical and responsi-

ble business practices, such as paying a fair share

of taxes and avoiding aggressive tax avoidance.

These are issues of positive impact on society

and governance, which are central to the ESG-

externality category. While tax transparency can

also be a material risk for financial performance,

the metric as described is more directly tied to

ethical and societal considerations.

Panel B: ESG-Materiality

Sub-component MSCI Definition ChatGPT 4.1 Explanation

Anticompetitive Practices This key issue evaluates the extent to which

companies face regulatory risks relating to anti-

competitive practices. Companies that have

avoided controversies in this area score higher,

while companies that have faced moderate or se-

vere controversies over the past three years score

lower. (Score: 0–10)

This metric is primarily concerned with the regu-

latory risks associated with anti-competitive prac-

tices, which can have a direct impact on a com-

pany’s financial performance through fines, legal

costs, and reputational damage. While avoiding

anti-competitive practices may also have a pos-

itive societal impact, the metric as described is

focused on risk assessment rather than generating

a positive impact on the world, aligning it with

the ESG-materiality category.

Continued on next page
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Table III.1, Panel B: ESG-Materiality (continued)

Sub-component MSCI Definition ChatGPT 4.1 Explanation

Business Ethics This issue evaluates the extent to which a com-

pany may face business ethics issues such as fraud,

executive misconduct, corruption scandals, money

laundering, anti-trust violations or insider trad-

ing. The score is an absolute assessment of a com-

pany’s corporate behavior on a 0–10 scale. Each

company starts with a perfect 10 and points are

deducted based on the absence of disclosed poli-

cies, exposure to business activities or geographies

facing a higher incidence of corruption, and in-

volvement in related controversies.

This metric is primarily concerned with assess-

ing the risk that business ethics issues pose to a

company’s financial performance and reputation.

Business ethics issues are directly linked to mate-

rial financial risks. While positive business ethics

can also have a broader societal impact, the pri-

mary use of this score in investment analysis is to

evaluate potential financial risks, making it most

relevant for the ESG-materiality category.

Business Ethics and Fraud This key issue evaluates industry-specific business

ethics issues that are not captured by any of the

other standard key issue benchmarks, including

but not limited to anti-competitive practices, pric-

ing fraud, controversial customer practices, and

insider trading. Companies that have avoided con-

troversies in these areas score higher, while com-

panies that have faced moderate or severe con-

troversies over the past three years score lower.

(Score: 0–10)

The Business Ethics and Fraud Score primarily

reflects material risks to a company’s financial

performance, such as legal penalties, reputational

damage, and regulatory scrutiny, all of which can

negatively impact shareholder value. While eth-

ical business practices may also have a positive

societal impact, the metric as described is mainly

used to assess risk exposure and financial impli-

cations, making it most relevant for the ESG-

materiality category.

Chemical Safety This key issue evaluates the extent to which com-

panies are at risk of losing access to markets or at

risk of facing costs related to reformulating their

products due to the presence of chemicals of con-

cern in their products. Companies that proac-

tively eliminate chemicals of concern from their

products score higher, while companies that al-

low legal compliance to determine product strat-

egy score lower. (Score: 0–10)

This metric is primarily concerned with the finan-

cial risks and opportunities associated with chemi-

cal safety, such as losing market access or incurring

costs for reformulation. These are material risks

that can affect a company’s financial performance.

While eliminating harmful chemicals may have a

positive impact on the world, the metric as de-

scribed is focused on the financial implications for

the company, aligning it with the ESG-materiality

category.

Climate Change Vulnera-

bility

This key issue evaluates insurance companies’ ex-

posure to risks to insured assets or individuals as-

sociated with the effects of climate change. Com-

panies that have integrated climate change effects

into their actuarial models while developing prod-

ucts to help customers manage climate change

related risks score higher, while companies that

do not acknowledge emerging risks score lowest.

(Score: 0–10)

This metric is primarily concerned with how cli-

mate change risks affect the financial performance

and risk profile of insurance companies. It evalu-

ates how well companies integrate climate change

into their business models to manage potential

losses and opportunities, which is directly relevant

for the ESG-materiality category. While positive

climate impact may result, the focus here is on

risk management and financial outcomes.

Continued on next page
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Table III.1, Panel B: ESG-Materiality (continued)

Sub-component MSCI Definition ChatGPT 4.1 Explanation

Corporate Behavior The Corporate Behavior Theme Score evaluates

the extent to which companies may face ethics is-

sues such as fraud, executive misconduct, corrup-

tion scandals, money laundering, anti-trust viola-

tions, or tax-related controversies. Each company

starts with a perfect 10 and points are deducted

based on the triggering of Key Metrics across

Business Ethics and Tax Transparency. (Score:

0–10)

This metric is primarily concerned with evaluating

the risk of ethics-related controversies that could

materially impact a company’s financial perfor-

mance, reputation, or regulatory standing. While

positive corporate behavior can also have a posi-

tive impact on the world, the primary use of this

score is to assess risk for investors, making it most

relevant for the ESG-materiality category.

Corporate Governance This key issue evaluates the extent to which com-

panies’ corporate governance practices in spe-

cific governance areas (audit, board, compensa-

tion/remuneration, shareholder rights) pose finan-

cial risks to shareholders. (Score: 0–10)

The metric specifically evaluates corporate gov-

ernance practices in terms of the financial risks

they pose to shareholders. This aligns directly

with the ESG-materiality category, which fo-

cuses on assessing material risks and opportuni-

ties to enhance financial performance. The ESG-

externality category is concerned with generating

a positive impact on the world, which is not the

primary focus of this metric.

Corruption & Instability This key issue evaluates the extent to which com-

panies are at risk of suffering operational disrup-

tions or loss of market access due to violence,

property destruction or sabotage, political insta-

bility, demands for bribes, and costly litigation

related to corrupt practices. Companies with pro-

grams, guidelines, and clear policies to avoid cor-

rupt business dealings score higher. Companies

with a history of community opposition, security

problems, and lack of transparency score lower.

(Score: 0–10)

This metric is primarily concerned with evaluating

the risks and opportunities associated with cor-

ruption and instability that could affect a com-

pany’s operational performance and financial out-

comes. The description emphasizes risk mitiga-

tion and operational continuity, which are finan-

cial considerations, making the ESG-materiality

category the most appropriate choice.

Energy Efficiency This key issue evaluates the extent to which

companies are managing the risk of increases or

volatility in energy costs across their operations.

Companies that take proactive steps to manage

and improve the energy efficiency of their oper-

ations score higher, while companies highly ex-

posed to energy-intensive business activities and

that ignore opportunities to improve energy effi-

ciency score lower. (Score: 0–10)

This metric is primarily concerned with how com-

panies manage the risk of energy cost increases

or volatility, which directly impacts financial per-

formance. While improving energy efficiency can

have positive environmental impacts, the metric’s

description emphasizes risk management and cost

control, making it most relevant for the ESG-

materiality category.

Financial System Instabil-

ity

This key issue evaluates the extent to which a

company contributes to systemic risk in financial

markets. Companies that institute strong gov-

ernance structures, demonstrate a high level of

transparency, and avoid large scale controversy

score well. Companies that are large and deeply

interconnected to other financial institutions but

have limited checks and balances score poorly.

(Score: 0–10)

This metric is primarily concerned with the mate-

rial risks and opportunities associated with a com-

pany’s governance and its potential to contribute

to systemic risk in financial markets. The pri-

mary focus is on financial stability and risk man-

agement, which aligns with the ESG-materiality

category. The ESG-externality category would be

more relevant if the metric focused on positive so-

cietal or environmental impact as the main objec-

tive.

Continued on next page
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Table III.1, Panel B: ESG-Materiality (continued)

Sub-component MSCI Definition ChatGPT 4.1 Explanation

Financing Environmental

Impact

This key issue measures the extent to which com-

panies are at risk of credit defaults resulting from

poor due diligence processes related to environ-

mental concerns. Companies that proactively ad-

dress the environmental risks embedded in their

financing decisions score higher, while companies

that have not articulated a strategy for managing

indirect environmental risks score lower. (Score:

0–10)

This metric is primarily concerned with assess-

ing the risk of credit defaults due to environmen-

tal issues, which directly relates to the financial

performance and risk management of a company.

While the metric does touch on environmental im-

pact, its main focus is on the financial implications

of environmental due diligence, not on generating

a positive impact on the world for its own sake,

aligning it with the ESG-materiality category.

Health & Safety This key issue evaluates the extent to which com-

panies are at risk of H&S accidents that can lead

to production disruptions, litigation, and liabili-

ties. Companies with comprehensive H&S man-

agement and superior track record operating in

countries with lower level of industrial fatalities

score higher, while companies with poor strategy

and track record score lower. (Score: 0–10)

This metric is primarily concerned with evaluat-

ing the material risks (such as production disrup-

tions, litigation, and liabilities) associated with

health and safety issues in companies. The fo-

cus is on how these risks can impact financial per-

formance, which aligns with the ESG-materiality

category. The ESG-externality category would be

more concerned with the positive impact on the

world, rather than the financial implications of

H&S management.

Insuring Health & Demo-

graphic Risk

This key issue evaluates insurance companies’ ex-

posure to emerging risks associated with public

health trends and demographic change. Compa-

nies that have systems in place to identify and

model emerging risks score higher, while compa-

nies that do not acknowledge emerging risks score

lower. (Score: 0–10)

This metric is primarily concerned with how well

insurance companies manage material risks and

opportunities related to health and demographic

changes, which can significantly impact their fi-

nancial performance. While there may be some

positive societal impact from better risk manage-

ment, the primary intent of this metric is to assess

financial resilience and risk, aligning it with the

ESG-materiality category.

Opportunities in Renew-

able Energy

This key issue evaluates the extent to which com-

panies are taking advantages of financial oppor-

tunities linked to the development of renewable

power production. Companies that proactively

invest in renewable power generation and related

services score higher, while companies lacking any

strategic interest in the field score lower. (Score:

0–10)

This metric focuses on the financial opportuni-

ties associated with renewable energy, specifically

evaluating how companies are leveraging these op-

portunities for potential financial gain. While in-

vesting in renewables may have a positive impact

on the world, the metric as described is primar-

ily about financial opportunity, not direct impact,

making the ESG-materiality category most appro-

priate.

Packaging Material &

Waste

This key issue evaluates the extent to which com-

panies are at risk of losing access to markets or at

risk of facing added costs to come into compliance

with new regulations related to product packaging

content and end-of-life recycling or disposal. Com-

panies that proactively reduce the environmental

impact of their packaging score higher, while com-

panies that have done little to address packaging

impacts score lower. (Score: 0–10)

This metric is primarily concerned with the risks

and opportunities associated with packaging ma-

terial and waste, specifically in the context of reg-

ulatory compliance and market access. The fo-

cus is on how these factors can affect a company’s

financial performance, making it of primary im-

portance for the ESG-materiality category. While

positive environmental impact is a secondary ben-

efit, the metric’s description centers on material

risks and opportunities.

Continued on next page
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Table III.1, Panel B: ESG-Materiality (continued)

Sub-component MSCI Definition ChatGPT 4.1 Explanation

Privacy & Data Security This key issue evaluates the extent to which com-

panies are at risk of incurring reputational damage

from a data security breach or controversial use

of personal data, or having their business model

undermined by evolving regulatory requirements

on privacy and data protection. Companies with

comprehensive privacy policies and data security

management systems score well. Companies offer-

ing few or no assurances regarding the protection

of personal data score lower. (Score: 0–10)

This metric is primarily concerned with the risk

of reputational damage, regulatory compliance,

and business model sustainability due to privacy

and data security issues. These are material risks

that can affect a company’s financial performance.

While strong privacy and data security practices

can have positive societal impacts, the metric as

described is focused on how these issues impact

the company’s risk profile and financial outcomes,

aligning it with the ESG-materiality category.

Product Carbon Footprint This key issue evaluates the extent to which com-

panies are exposed to higher input or produc-

tion costs for their carbon-intense products due

to increased energy costs in a carbon-constrained

world. Companies that measure and reduce car-

bon emissions of their products throughout the

value chain score higher. Companies that fail to

identify or evaluate the carbon footprint of their

products score lower. (Score: 0–10)

This metric is primarily concerned with the finan-

cial risks and opportunities associated with car-

bon emissions, such as increased input or produc-

tion costs in a carbon-constrained world. The fo-

cus is on how these factors affect a company’s fi-

nancial performance, which aligns with the ESG-

materiality category.

Product Safety and Qual-

ity

This key issue evaluates the extent to which com-

panies are at risk of facing major product recalls or

losing customer trust through major product qual-

ity concerns. Companies that proactively man-

age product quality by achieving certification to

widely acceptable standards score higher. Com-

panies that take a reactive approach to managing

recalls and product quality concerns score lower.

(Score: 0–10)

This metric is primarily concerned with the man-

agement of risks (such as product recalls and loss

of customer trust) that can have a direct im-

pact on a company’s financial performance. While

product safety and quality can have positive soci-

etal impacts, the metric as described is focused on

risk management and financial implications, align-

ing it with the ESG-materiality category.

Responsible Investment This key issue evaluates the extent to which com-

panies’ investment portfolios are exposed to ESG-

related risks. Companies that mitigate ESG risks

in their investments by integrating ESG risk anal-

ysis into their due diligence process score higher.

Companies that are more exposed to potential

ESG event risk and lack efforts to conduct ESG

due diligence score poorly. (Score: 0–10)

This metric is primarily concerned with how com-

panies manage ESG-related risks in their invest-

ment portfolios, with a focus on integrating ESG

risk analysis to mitigate potential negative finan-

cial impacts. The emphasis is on risk management

and due diligence, which aligns with the ESG-

materiality category. It is not primarily about

generating a positive impact on the world.

Supply Chain Labor Stan-

dards

This key issue evaluates the extent to which com-

panies are exposed to risks of production dis-

ruptions and brand value damage due to sub-

standard treatment of workers in the company’s

supply chain. Companies that establish labor

management policies meeting stringent interna-

tional norms and implement programs to verify

compliance score higher. Companies that lack a

comprehensive policy and compliance monitoring

systems score lower. (Score: 0–10)

This metric is primarily concerned with the risks

of production disruptions and brand value dam-

age, both of which are material financial risks for

a company. While improving labor standards can

also have a positive impact on the world, the de-

scription here emphasizes risk mitigation and fi-

nancial outcomes, not direct positive impact as

the primary motive, aligning it with the ESG-

materiality category.

Continued on next page
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Table III.1, Panel B: ESG-Materiality (continued)

Sub-component MSCI Definition ChatGPT 4.1 Explanation

Tax Gap Companies are evaluated on their estimated cor-

porate tax gap (i.e. gap between estimated effec-

tive tax rate and estimated corporate income tax

rate), revenue reporting transparency and their in-

volvement in tax-related controversies. (Score: 0–

10)

The Tax Gap Score primarily assesses the finan-

cial risks and opportunities associated with a com-

pany’s tax practices, such as the risk of regulatory

penalties, reputational damage, or financial loss

due to tax controversies. These factors are ma-

terial to a company’s financial performance and

are therefore of primary importance for the ESG-

materiality category. While tax transparency and

responsible tax behavior can have positive societal

impacts, the metric as described is more directly

tied to financial risk assessment.

Toxic Emissions and Waste This key issue evaluates the extent to which com-

panies are at risk of incurring liabilities associated

with pollution, contamination, and the emission

of toxic and carcinogenic substances. Companies

with strong programs and track record of reducing

emissions and waste score higher, while companies

that create large volumes of toxic and carcinogenic

emissions or waste yet lack programs to reduce or

control these substances score lower. (Score: 0–

10)

This metric is primarily concerned with the risk

of liabilities and the management of those risks,

which directly relates to the financial performance

and risk profile of a company. While reducing

toxic emissions and waste can have a positive im-

pact on the world, the description here emphasizes

risk and liability, making it most relevant for the

ESG-materiality category.

Water Stress This key issue evaluates the extent to which com-

panies are at risk of water shortages impacting

their ability to operate, losing access to mar-

kets due to stakeholder opposition over water use,

or being subject to higher water costs. Com-

panies that proactively employ water efficient

processes, water recycling and alternative water

sources score higher, while companies that lack

strategies to manage and reduce water use score

lower. (Score: 0–10)

The Water Stress Score primarily evaluates the

material risks and opportunities associated with

a company’s water use, such as operational dis-

ruptions, increased costs, or loss of market access.

These are financial risks that can impact a com-

pany’s performance. While positive water man-

agement can also have a positive impact on the

world, the metric as described is focused on risk

mitigation and operational efficiency, aligning it

with the ESG-materiality category.

Extension to other rating providers. We apply the same prompt to classify the sub-components

of Refinitiv and Sustainalytics ratings. Since each of these providers has hundreds of sub-components,

we do not report the full categorization for brevity. Instead, the following table summarizes the

cross-tabulation of the number of sub-components belonging to the Environmental (E), Social

(S), and Governance (G) pillars that are assigned to the ESG-externality and ESG-materiality

categories, for each of the three providers.
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MSCI Refinitiv Sustainalytics

E S G E S G E S G

ESG externality 6 8 1 97 129 38 64 63 29

ESG materiality 8 7 8 16 24 90 6 16 47

For MSCI, the sub-components are split roughly evenly between the externality and materi-

ality categories. Refinitiv and Sustainalytics, by contrast, have a substantially larger number of

externality-related sub-components, reflecting a greater emphasis on metrics that capture firms’

impact on society and the environment relative to metrics that capture financially material ESG

risks and opportunities.

IV Combined ESG Ratings

In our baseline analysis, we use MSCI ESG ratings because they offer the broadest coverage for

our sample period. In this appendix, we verify the robustness of our main results by replacing

the MSCI rating with a combined measure that aggregates ESG ratings from MSCI, Refinitiv,

and Sustainalytics. For each firm-month, we average across all available provider ratings (after

cross-sectional standardization within each provider) to obtain a single combined overall ESG

rating and, analogously, combined ESG-externality and ESG-materiality component ratings. This

approach mitigates the concern that our findings might be driven by idiosyncrasies of a single

rating provider.

Overall ESG ratings. Table IV.2 replicates the analysis of Table 2 using the combined rating.

The key patterns are robust. Impact funds continue to display by far the strongest tilt toward

high-ESG stocks: their value-weighted and over-weighted portfolio ratings are 45% (0.193/0.430)

and 51% (0.203/0.396) higher than those of non-ESG funds, respectively, both significant at the 1%

level. As with MSCI ratings, these coefficients are roughly three times larger than those obtained

by pooling all ESG funds into a single category. Exclusionary, opportunity, and mention-only funds

all display significant but substantially smaller tilts, with coefficients roughly one-fifth to one-third

of those for impact funds. The ordering of fund types and the overall pattern of significance are

fully consistent with the baseline, confirming that the results are not driven by the choice of rating

provider.

ESG-externality and ESG-materiality ratings. Table IV.3 replicates the analysis of Table 4

using the combined rating. The central finding from the baseline analysis is preserved: impact
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funds are the only type whose portfolios display significantly higher ESG-externality ratings than

those of non-ESG funds. Their value-weighted and over-weighted externality ratings are 18%

(0.098/0.541) and 22% (0.099/0.459) higher, respectively, both significant at the 1% level. No

other fund type shows a significant tilt on the externality dimension in the value-weighted or over-

weighted portfolios, confirming that the distinctive behavior of impact funds on the externality

dimension is not an artifact of MSCI’s particular rating methodology.

On the materiality dimension, impact funds again display the largest and most significant

tilt: 22% (0.093/0.423) for value-weighted and 24% (0.093/0.391) for over-weighted portfolios. A

notable difference relative to the baseline emerges for opportunity funds: their ESG-materiality tilt,

which is significant in the MSCI-only specification (Table 4, columns 5–6), becomes statistically

insignificant with the combined rating. This attenuation likely reflects the composition of the

combined materiality component. Because Refinitiv and Sustainalytics assign a much larger share

of their sub-components to the externality category (as shown in the Internet Appendix III), their

materiality components are constructed from a narrower and potentially less overlapping set of

metrics. When averaged with the MSCI materiality component, the resulting combined materiality

measure may introduce noise that dilutes the relatively modest tilt of opportunity funds, while

leaving the larger tilt of impact funds intact. Overall, these results confirm that the portfolio

allocation patterns documented in Section 4 reflect genuine differences in fund behavior rather

than artifacts of a particular rating methodology.
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Table IV.2: Fund-Level ESG Ratings: Combined Rating

This table replicates the analysis in Table 2 using a combined ESG rating that aggregates MSCI, Refinitiv,
and Sustainalytics ratings. The dependent variable is one of four measures of fund-level portfolio ESG
ratings: value-weighted, over-weighted, under-held, or not-held, as defined in equations (2)–(5). In the top
panel, 1ESG

jt is a single dummy for ESG funds. In the bottom panel, it is replaced by separate dummies
for each ESG category (Exc, Imp, Opp, Men). Non-ESG funds are the excluded category. Controls
and fixed effects are as in Table 2. Standard errors are clustered by fund and month; t-statistics are
reported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

Portfolio ESG Ratings (Combined)

value-weighted over-weighted under-held not-held

(1) (2) (3) (4)

ESG 0.071∗∗∗ 0.078∗∗∗ 0.039∗ -0.002
(6.23) (6.09) (1.94) (-0.27)

Adj. R2 0.794 0.807 0.391 0.794

Exc 0.057∗∗∗ 0.047∗∗ 0.117∗∗ 0.030∗∗

(2.88) (2.11) (2.44) (2.14)

Imp 0.193∗∗∗ 0.203∗∗∗ 0.094∗∗ -0.027
(7.31) (6.13) (2.24) (-1.14)

Opp 0.036∗∗ 0.046∗∗∗ -0.003 -0.009
(2.61) (3.04) (-0.11) (-0.88)

Men 0.054∗∗ 0.074∗∗∗ 0.005 0.014
(2.48) (2.93) (0.13) (1.18)

Adj. R2 0.796 0.809 0.392 0.794

Controls Y Y Y Y

MStar×Month FE Y Y Y Y

Obs. 143,637 143,636 92,185 143,637

ȳNon-ESG 0.430 0.396 0.702 0.531

19



Table IV.3: Fund-Level ESG-Externality and ESG-Materiality Ratings: Combined Rating

This table replicates the analysis in Table 4 using a combined ESG rating that aggregates MSCI, Refinitiv, and Sustainalytics ratings.
The dependent variable is one of four measures of fund-level portfolio ratings—value-weighted, over-weighted, under-held, or not-held—
constructed using the ESG-externality rating zESGx

it (columns 1–4) or the ESG-materiality rating zESGm
it (columns 5–8). In the top panel,

1ESG
jt is a single dummy for ESG funds. In the bottom panel, it is replaced by separate dummies for each ESG category (Exc, Imp,

Opp, Men). Non-ESG funds are the excluded category. Controls and fixed effects are as in Table 2. Standard errors are clustered by
fund and month; t-statistics are reported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

Portfolio ESG-externality Rating (Combined) Portfolio ESG-materiality Rating (Combined)

value-weighted over-weighted under-held not-held value-weighted over-weighted under-held not-held

(1) (2) (3) (4) (5) (6) (7) (8)

ESG 0.031∗∗∗ 0.036∗∗∗ 0.033∗ 0.024∗∗ 0.028∗∗∗ 0.029∗∗∗ 0.015 0.004
(3.29) (3.30) (1.87) (2.29) (4.01) (3.56) (0.97) (0.68)

Adj. R2 0.911 0.876 0.683 0.823 0.858 0.845 0.487 0.800

Exc 0.026 0.017 0.032 0.075∗∗∗ 0.027∗ 0.015 0.054 0.027∗∗

(1.40) (0.81) (0.83) (3.06) (1.97) (0.94) (1.59) (2.59)

Imp 0.098∗∗∗ 0.099∗∗∗ 0.053 0.032 0.093∗∗∗ 0.093∗∗∗ 0.052 0.000
(4.46) (3.33) (1.04) (1.08) (6.08) (4.50) (1.47) (0.02)

Opp 0.009 0.020 0.022 0.002 0.008 0.012 -0.012 -0.005
(0.80) (1.55) (1.15) (0.23) (0.93) (1.21) (-0.58) (-0.72)

Men 0.029 0.041 0.050 0.022 0.011 0.025 0.011 0.015∗

(1.31) (1.61) (1.39) (1.55) (0.84) (1.64) (0.33) (1.72)

Adj. R2 0.912 0.876 0.683 0.823 0.858 0.846 0.488 0.800

Controls Y Y Y Y Y Y Y Y

MStar×Month FE Y Y Y Y Y Y Y Y

Obs. 143,637 143,636 92,194 143,637 143,647 143,646 92,197 143,637

ȳNon-ESG 0.541 0.459 1.074 0.615 0.423 0.391 0.711 0.528
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V Alternative Factor Models for Green Window Dressing

In Section 5.2, we report green window dressing results using the FFC6+ESG specification as our

baseline. This appendix examines the sensitivity of these results to the choice of factor model.

Figure V.1 displays ESG beta levels and delta betas for four specifications of increasing richness:

a bivariate model including only the market return and the ESG index (Mkt+ESG), the Fama–

French three-factor model augmented with the ESG index (FF3+ESG), the Fama–French–Carhart

four-factor model with the ESG index (FFC4+ESG), and the full six-factor model with the ESG

index (FFC6+ESG).

The key patterns documented in Section 5.2 are robust across specifications that include style

factor controls, but the bivariate Mkt+ESG model produces materially different results. In this

specification, ESG beta estimates are negative for several fund types in the control and post-

disclosure windows. This is driven by the correlation structure between the ESG index and the

omitted style factors for the event windows in our analysis, reported in the following table:

Mkt SMB HML RMW CMA MOM

ESG 0.990*** 0.165*** -0.067** -0.134*** -0.288*** -0.196***

(0.001) (0.028) (0.029) (0.028) (0.026) (0.028)

* p < 0.10, ** p < 0.05, *** p < 0.01 (two-sided Pearson test).

SE in parentheses, delta method: (1− ρ2)/
√
N − 2.

The ESG index is negatively correlated with the investment factor CMA, the momentum factor

MOM, the profitability factor RMW (all significant at the 1% level), and the value factor HML

(significant at the 5% level). When these factors are omitted from the regression, any fund-level

variation in these style exposures across windows is absorbed by the ESG loading, contaminating

the window dressing estimates. Combined with the near-perfect correlation between the ESG

index and the market return, the inclusion of style factors is necessary to obtain interpretable

ESG loading estimates.

Once style factors are included, the results stabilize. Starting from the FF3+ESG model, ESG

beta levels are positive for all fund types across all windows, and the characteristic inverted-V

profile for opportunity and mention-only funds begins to emerge. The FFC4+ESG model, which

adds momentum, and the FFC6+ESG model, which further adds profitability and investment,

yield progressively more stable estimates. In the FFC6+ESG specification, the green window

dressing pattern for opportunity and mention-only funds is sharp and statistically significant,

while the flat profiles for impact and exclusionary funds are cleanly identified.
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A potential concern with the FFC6+ESG specification is the limited number of degrees of

freedom: with eight parameters estimated over n = 10 observations per window, individual fund-

level betas are necessarily imprecise. Two considerations mitigate this concern. First, our wild

bootstrap procedure does not rely on the precision of individual estimates. It resamples the

OLS residuals of each fund-event-window cell and propagates estimation noise directly into the

bootstrap distribution of the cross-sectional mean, without requiring asymptotic approximations

at the fund level. Second, the quantity of interest is the cross-sectional average across all fund-

event pairs within a category, not any individual fund’s beta. With approximately 1,556 fund-event

pairs per quarter on average, individual imprecision is diversified away, and the precision of the

cross-sectional mean improves with the square root of the number of funds.

22



Figure V.1: Green Window Dressing: Alternative Factor Models

This figure displays average ESG factor loadings and their changes around quarterly disclosure dates
under four factor model specifications. Each row corresponds to a different specification: Mkt+ESG
(top), FF3+ESG (second), FFC4+ESG (third), and FFC6+ESG (bottom). Within each row, the left
panel plots ESG beta levels by window (control, pre-disclosure, post-disclosure) for each fund type, the
center panel connects the three windows to illustrate the dynamics of ESG exposure, and the right panel
plots the delta ESG betas with bootstrap confidence intervals.
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VI ESG Violations

We classify violations into ESG-externality and ESG-materiality categories using a two-step ap-

proach. In the first step, we issue one independent ChatGPT-4.1 API call per violation type,

providing the model with the full list of case-based descriptions for that type and asking it to

produce a concise summary of what the violation entails and its typical scope. The prompt is as

follows:

You will be given a primary offense type and a list of violation descriptions. Your task

is to provide a general definition of the offense in 2–3 sentences.

Focus your definition on:

(i) What constitutes this type of violation

(ii) Why it is considered a violation

(iii) The typical scope or domain where this violation occurs

Do not summarize specific cases. Provide a general explanation based on the category

name and/or the provided descriptions.

Return your response as a JSON object with the following fields:

• “primary offense”: the original offense type (as passed to you)

• “descriptions”: the list of descriptions (as passed to you)

• “summary”: a 2–3 sentence general definition of the offense type

Example response:

{“primary offense”: ”Failure to Disclose Climate Risk”,

“descriptions”: [

“The company failed to mention climate-related threats in its annual report.”,

“No mention of carbon emissions impact or regulatory exposure was made.”],

“summary”: ”This violation refers to the omission of material climate-related infor-

mation in regulatory or public disclosures. It is considered a violation because it can

mislead investors about environmental risks. Such issues typically arise in financial

filings, sustainability reports, or risk disclosures.”,}

If no descriptions are available, return an empty list for “descriptions” and base your

definition solely on the offense title.23

23In practice, the descriptions field is always suppressed from the response to avoid exceeding the model’s output
token limit.
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Return only the JSON object, without any extra text or commentary.

In the second step, we issue another set of independent ChatGPT-4.1 API calls, one per

violation type, providing the offense name together with the summary obtained in the first step.

Mirroring the procedure used to classify ESG rating sub-components (Internet Appendix III), we

ask the model to assign each violation type to exactly one of two categories: ESG-externality,

for violations whose primary harm falls on parties external to the firm, and ESG-materiality, for

violations whose primary consequences are borne by the firm itself. The prompt is as follows:

ESG violations are corporate infractions recorded by regulators, courts, and enforce-

ment agencies. They span a wide range of misconduct, from pollution and worker-

safety failures to security fraud and anti-competitive practices.

Violations can be classified into two categories according to the primary nature of the

harm they cause. You must assess the primary nature of the specific violation, not the

industry it occurs in or the company’s overall business.

Category 1: Violations whose primary harm is borne by parties external to the firm and

its shareholders — that is, infractions that damage the natural environment, society,

workers, local communities, consumers, or other external stakeholders. The defining

characteristic is that the primary intended (or actual) victim is external to the firm.

Category 2: Violations whose primary harm is borne by the firm itself, its sharehold-

ers, investors, regulators, or capital markets — that is, infractions that compromise

financial integrity, market fairness, or governance.

Key decision rule: Ask yourself who is the primary harmed party of this violation?

• If the primary harm falls on parties external to the firm and its shareholders (the

environment, workers, customers, communities, future generations) → Category

1

• If the primary harm falls on the firm’s own financial integrity, its shareholders,

investors, markets, or the regulatory system → Category 2

When the violation’s description suggests both dimensions, pay close attention to the

framing: violations framed around ”harm done to” external parties (environmental

damage, injuries, discrimination, consumer harm) are typically Category 1, while vio-

lations framed around ”deceiving” or ”misreporting to” investors, regulators, or coun-

terparties, are typically Category 2.
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Instructions:

You will be given a primary offense type and a short description of what that offense

typically entails, derived from violation-tracking data. After carefully evaluating the

offense type and its description, select exactly one of the following options:

“Category 1” if the violation belongs to Category 1

“Category 2” if the violation belongs to Category 2

“None” only if you cannot reasonably decide between the two categories, or if neither

applies.

You must select only one option. You are not allowed to select both categories. If your

answer marks both categories, it will be considered invalid.

Please provide your answer in the following format:

Category: [1 — 2 — None]

Explanation: [A brief explanation of why you chose this category, including why you

did *not* choose the other category or why you selected ”None”.]

Thank you for your time and consideration.

Finally, Violation Tracker organizes violation types into broader groups. We manually assign

each group to one of the three ESG pillars (Environmental, Social, or Governance), following the

conventions used in standard ESG taxonomies. The resulting classification is as follows:

• competition-related offenses: Governance – anti-trust, market integrity, corruption

• consumer-protection-related offenses: Social – customer rights, fair treatment, discrimination

• employment-related offenses: Social – labor rights, workplace fairness

• environment-related offenses: Environmental – pollution, climate, resource use

• financial offenses: Governance – accounting, transparency, AML

• government-contracting-related offenses: Governance – ethics in public procurement

• healthcare-related offenses: Social – patient safety, health access

• miscellaneous offenses: Governance – ethics, compliance, political finance

• safety-related offenses: Social – workplace/public safety

26



VII ESG Activism

We classify ISS agenda codes into ESG-externality and ESG-materiality categories using a single

ChatGPT-4.1 API call per code. The model receives the ISS item title and the agenda-code

description, and is asked to assign exactly one of two categories: Category 1 (ESG-externality),

for proposals whose primary intended beneficiary is external to the firm and its shareholders (e.g.,

the environment, workers, communities, future generations); and Category 2 (ESG-materiality),

for proposals whose primary objective is to benefit shareholders financially through risk reduction,

governance improvements, or management of financially material ESG risks. The prompt is as

follows:

Proxy voting encompasses a broad range of agenda items put to shareholders at com-

pany meetings, from routine governance matters to targeted environmental and social

proposals.

Agenda items can be classified into two categories according to their primary motive.

You must assess the primary motive of the specific proposal, not its topic area.

Category 1: Items whose primary objective is to change how the company impacts the

external world. That is, to alter the company’s effect on the natural environment,

society, its employees, communities, or other external stakeholders. The defining char-

acteristic is that the primary intended beneficiary of a successful vote is external to the

firm and its shareholders (e.g., the environment, workers, local communities, future

generations). The proposal succeeds when a real-world change in company conduct,

practices, or policies toward external stakeholders is achieved.

Category 2: Items whose primary objective is to benefit shareholders financially, by

reducing company risk, improving governance efficiency, enhancing earnings or cash

flows, increasing share price, or managing ESG-related financial risks that are material

to investors.

Key decision rule: Ask yourself if this proposal passes and is fully implemented, who

is the primary intended beneficiary?

• If the primary intended beneficiary is external to the firm and its shareholders

(environment, society, workers, communities, future generations) → Category 1

• If the primary intended beneficiary is the shareholder (through financial returns,

risk reduction, or better governance) → Category 2

When the proposal’s description suggests both motives, pay close attention to the fram-

ing: proposals framed around “reducing the company’s negative impact on X” are typ-
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ically Category 1, while proposals framed around “managing the financial risk from X

to the company” or “disclosing the financial materiality of X” are typically Category

2.

Instructions:

You will be given an ISS (Institutional Shareholder Services) agenda item code and its

description, as used in ISS proxy voting data. After carefully evaluating the agenda

item and its description, select exactly one of the following options:

“Category 1” if the item belongs to Category 1

“Category 2” if the item belongs to Category 2

“None” only if you cannot reasonably decide between the two categories, or if neither

applies.

You must select only one option. You are not allowed to select both categories. If your

answer marks both categories, it will be considered invalid.

Please provide your answer in the following format:

Category: [1 — 2 — None]

Explanation: [A brief explanation of why you chose this category, including why you

did *not* choose the other category or why you selected “None”.]

Thank you for your time and consideration.

28



VIII LLM for ESG Fund Classification

The manual classification described in Section 2.2 produces a richly labeled corpus that can be

leveraged to train automated classifiers. This appendix describes a hierarchical deep learning

model trained on these labels. Unlike the preliminary experiments referenced in Section 2.2,

which used a small ad hoc subset as the primary classification input, the model here is trained

on the complete manually labeled corpus and benefits from the targeted augmentation described

below, which together make reliable generalization feasible. While the paper’s results rest on the

manual classification itself, the model demonstrates that the resulting taxonomy is systematic and

recoverable from prospectus text, and that it can be extended to newly filed prospectuses at scale.

This model should be viewed as a foundation for future research; developing a fully optimized

classifier lies beyond the scope of the present paper, leaving ample room for richer architectures

and training designs.

VIII.A Dataset

We extract 12,688 unique PIS sections from US mutual fund prospectus filings. Each section is

manually assigned to one of five mutually exclusive labels: the four ESG categories from Section 2.2

(Exc, Imp, Opp, Men) and a non-ESG category. The label distribution is heavily skewed, with

non-ESG sections accounting for 88.3% of the corpus. During manual classification, the annotators

recorded the specific text spans within each section that justified their labeling decision. As we

describe below, these spans play a central role in the augmentation strategy.

VIII.B Preprocessing

We transform the raw labeled data into model-ready splits through five steps: deduplication, class

balancing, train-validation-test splitting, data augmentation, and hierarchical label construction.

De-duplication. Given the stickiness of PIS sections over time, and sometimes across funds in

the same family, we conservatively remove high-similarity sections, with the objective of minimizing

leakage across training and test sets. We start by embedding all sections using a pre-trained

sentence transformer (all-MiniLM-L6-v2) and apply agglomerative clustering to the resulting 384-

dimensional vectors, using average linkage with a cosine distance threshold of 0.7. Next, we

compute the cosine similarity between all pairs of sections within each cluster and discard any

section whose cosine similarity to a retained section exceeds 0.95. We deliberately set this cutoff

high so that the filter removes only near-verbatim repetitions while retaining sections that differ
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in substance, preserving genuine within-class variation. That filter removes 63.3% of the original

corpus. A subsequent cross-cluster pass at the same threshold removed no further sections. The

final corpus contains 4,651 unique PIS sections. These sections, despite sometimes having a

relatively high overall similarity, often still present very different ESG content. That is because

our method embeds the full PIS section, which describes many parts of a fund’s strategy, including

boilerplate on asset types or fund/family policies, rather than the ESG-relevant text alone. Indeed,

70% of clusters containing at least one ESG label span more than one label before de-duplication,

a share that is only mildly reduced after de-duplication (65%), with some clusters covering all

five labels of interest. This indicates that our approach preserves label diversity, despite the

surrounding boilerplate, while eliminating near-identical text.

Class balancing. After de-duplication, non-ESG sections outnumber ESG ones by a ratio of

roughly 6:1. In order to focus the model on all classes of interest, we reduce this gap by randomly

under-sampling the non-ESG class to 70% of the total ESG count, producing a working dataset

of 1,081 PIS sections.

Stratified sampling. We partition the data into training (60%), validation (15%), and test

(25%) sets using stratified random sampling by label. This ensures that sections belonging to

each label are split in the desired proportions (60-15-25) across training, validation and test sets.

Data augmentation. To sharpen the identification of ESG-relevant text and further address

class imbalance, we apply two augmentation strategies to the training set only (validation and

test sets remain untouched). The first strategy swaps annotator-identified ESG-relevant text

across same-class sections. For each ESG training section, we randomly replace one of its ESG-

relevant spans with an ESG-relevant span drawn from a different training section carrying the same

label, generating two augmented variants per section. Additional targeted rounds compensate for

under-representation of Exclusionary and Impact categories by adding two additional augmented

passes per section. The second strategy applies back-translation. Each original ESG section is

translated from English to French and back using pre-trained models (Helsinki-NLP opus-mt-en-fr

and opus-mt-fr-en), producing a paraphrased variant. To preserve the annotated ESG-relevant

text described above, the translation is applied only to unmarked portions of the text, and long

passages are split into chunks of 250 words before translation. One back-translated variant is

generated per original ESG section. Our augmentation strategy does not generate any novel ESG-

relevant text, it simply provides the model with additional realistic variants of where ESG-relevant

text might be found in a full PIS section. Given the full-text focus of our method, this helps the

model recognize ESG-relevant excerpts within a broader text, while increasing class balance and
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hence helping to focus the model’s attention on all labels of interest. All ESG-relevant text markers

are removed before training the model.

Hierarchical label construction. From the flat five-class label, we derive two auxiliary labels

that correspond to the two stages of our hierarchical classifier: (i) a binary indicator separating

ESG from non-ESG sections; (ii) a four-way family label grouping ESG sections into Exclusionary,

Impact, Opportunity, and Mention-only

VIII.C Model Architecture

Our classifier follows a hierarchical design in which a shared document encoder feeds into two

specialized classification heads, each responsible for one stage of the labeling hierarchy.

Document encoder. We build on the Longformer (Beltagy et al., 2020), a transformer ar-

chitecture that combines local sliding-window attention with selective global attention, enabling

efficient processing of long sequences. We use the pre-trained longformer-base-4096 model,

which contains approximately 149 million parameters. We designate the [CLS] token for global

attention so that its final hidden state (768 dimensions) aggregates information from the entire

section. This vector serves as the shared document representation for both classification heads.

Classification heads. Each head is a small two-layer feedforward network (MLP) with GELU

activation, LayerNorm for training stability, and dropout (p=0.1) for regularization. The two

heads differ in their output dimensionality:

• Binary head : separates ESG from non-ESG sections (768 → 384 → 2).

• Family head : assigns ESG sections to one of four families (768 → 384 → 4).

Hierarchical inference. At prediction time, the heads are queried sequentially. If the binary

head classifies a section as non-ESG, the family head is not consulted. Otherwise, the family

head determines one of four ESG families, which becomes the final label. Five-class probabilities

are obtained by multiplying softmax outputs along the path through the hierarchy. For example,

P (Imp) = P (ESG)× P (family = Impact).
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VIII.D Training

Loss function. We train each head with an inverse-frequency class-weighting cross-entropy loss

to account for residual class imbalance after augmentation, so that errors on rarer classes contribute

proportionally more to the loss. The binary head (ESG vs. non-ESG) additionally applies a focal

modulation (γ = 1.5) to emphasize harder examples. The overall objective is the sum of the two

head-specific losses, L = Lbinary + Lfamily, with the family loss computed only over ESG sections.

Optimization. We fine-tune using AdamW and standard regularization (weight decay, dropout,

label smoothing, and gradient clipping). To guard against overfitting, we monitor validation macro

F1 at the end of each epoch and apply early stopping with a patience of five epochs, retaining the

best-performing checkpoint. In practice, validation loss reaches its minimum within the first few

epochs, so the best checkpoint is selected well before the 20-epoch maximum is exhausted.

VIII.E Performance

We evaluate the trained model on the held-out test set, which contains no augmented samples.

Non-ESG sections remain the largest class (41% of the test set), though their share is reduced

relative to the 88.3% natural prevalence by the under-sampling previously described. Table VIII.4

reports the results. The model attains an overall accuracy of 0.93 and a macro-averaged F1 of

0.89, with per-class F1 scores ranging from 0.84 (Impact) to 0.99 (non-ESG). Two features of

these results are worth emphasizing. First, the macro-averaged F1 (the metric most sensitive to

imbalance, since it weights every class equally regardless of frequency) is high in absolute terms

and lies only 0.04 below the weighted average (0.93). Because non-ESG sections still constitute the

largest class in the test set (41%), a model achieving its accuracy primarily on the dominant class

would exhibit a wider gap between these two quantities; the small gap indicates that performance

extends to the rare ESG categories rather than resting on the non-ESG majority. Second, perfor-

mance is not only strong on the most distinct and numerous non-ESG class (F1 0.99) but remains

uniformly high across the four ESG families: 0.86 (Exclusionary), 0.84 (Impact), 0.91 (Opportu-

nity), and 0.87 (Mention-only). The narrow 0.15 spread between the weakest and strongest class is

consistent with the augmentation and inverse-frequency weighting strategy having mitigated the

minority-class collapse commonly reported when transformer classifiers are fine-tuned on heavily

skewed corpora (Henning et al., 2023).

The hierarchical Longformer classifier thus delivers balanced performance across all five classes

despite the pronounced initial imbalance. Its ability to distinguish among ESG fund types whose

prospectus language often differs by only a few words confirms that the distinctions captured
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by our manual classification are systematic and reliably recoverable from prospectus text, and

provides a scalable foundation for extending the classification to newly filed prospectuses as they

become available.

Future research could further refine this model for instance by: (1) targeting the remaining

misclassifications, which occur predominantly among the Exclusionary, Impact, and Opportunity

families, by better leveraging the manually annotated ESG-relevant text to disambiguate PIS

sections whose content spans multiple ESG categories; (2) calibrating the classifier under the

natural prevalence of ESG sections before large-scale deployment; (3) systematically assessing

sensitivity to pre-processing and training choices, which we fixed at reasonable defaults rather

than tuned exhaustively; (4) quantifying performance stability across multiple training runs and

random seeds, which would yield confidence intervals around the per-class estimates.

Table VIII.4: LLM Performance

This table reports the classification performance of the hierarchical Longformer model described in
Internet Appendix VIII, evaluated on the held-out test set. Precision measures the fraction of pre-
dictions for a given class that are correct; recall measures the fraction of true instances of a given
class that are correctly identified; F1-score is the harmonic mean of precision and recall. Macro av-
erage computes the unweighted mean across classes; weighted average weights each class by its share
of test observations. Accuracy reports the fraction of all test observations that are correctly classified.

Precision Recall F1-Score

Exc 0.96 0.79 0.86

Imp 0.84 0.84 0.84

Opp 0.88 0.94 0.91

Men 0.89 0.85 0.87

Non-ESG 0.98 0.99 0.99

Macro avg 0.91 0.88 0.89

Weighted avg 0.93 0.93 0.93

Accuracy 0.93
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IX Proofs

Proof of Proposition 1. We derive each fund type’s optimal allocation in turn. Since returns are

independent across assets, the portfolio problem separates into asset-by-asset optimizations.

Conditional moments. We first derive the conditional moments that enter the optimization

problems of impact and opportunity funds. The joint normality of (ri,mi, xi) and the signal

structure in (14) imply that (ri, smi, sxi) are jointly normal with Cov(smi, sxi) = 0 (since mi and

xi are orthogonal). Standard multivariate normal updating yields:

r̂i = E[ri|smi, sxi] = r̄ +
Cov(ri, smi)

Var(smi)
smi +

Cov(ri, sxi)

Var(sxi)
sxi

= r̄ +
αiσrσm

σ2
m + σ2

ϵm

smi +
βiσrσx

σ2
x + σ2

ϵx

sxi, (1)

where we use Cov(ri, smi) = Cov(ri,mi) = αiσrσm, Cov(ri, sxi) = Cov(ri, xi) = βiσrσx, Var(smi) =

σ2
m + σ2

ϵm, and Var(sxi) = σ2
x + σ2

ϵx. Similarly:

x̂i = E[xi|smi, sxi] =
Cov(xi, sxi)

Var(sxi)
sxi =

σ2
x

σ2
x + σ2

ϵx

sxi, (2)

since Cov(xi, smi) = Cov(xi,mi) = 0. The conditional variances and covariance follow from the

standard formula Var[Y | X] = Var[Y ]− Cov(Y,X)Var(X)−1Cov(X, Y ):

σ̂2
ri = Var[ri|smi, sxi] = σ2

r −
(αiσrσm)

2

σ2
m + σ2

ϵm

− (βiσrσx)
2

σ2
x + σ2

ϵx

= σ2
r

(
1− α2

i

σ2
m

σ2
m + σ2

ϵm

− β2
i

σ2
x

σ2
x + σ2

ϵx

)
,

(3)

σ̂2
xi = Var[xi|smi, sxi] = σ2

x −
σ4
x

σ2
x + σ2

ϵx

= σ2
x

(
1− σ2

x

σ2
x + σ2

ϵx

)
, (4)

σ̂rxi = Cov[ri, xi|smi, sxi] = βiσrσx −
(αiσrσm)(0)

σ2
m + σ2

ϵm

− (βiσrσx)(σ
2
x)

σ2
x + σ2

ϵx

= βiσrσx

(
1− σ2

x

σ2
x + σ2

ϵx

)
. (5)

Non-ESG funds. The non-ESG fund ignores ESG information and solves maxϕNi
r̄ ϕNi −

γ
2
σ2
r ϕ

2
Ni. The first-order condition is r̄ − γσ2

r ϕNi = 0, yielding ϕ∗
Ni = r̄/(γσ2

r).

Exclusionary funds. By construction, ϕ∗
Ei = ϕ∗

Ni · Λ(si) = r̄
γσ2

r
· Λ(si).

Opportunity funds. The opportunity fund conditions on (smi, sxi) and solves maxϕOi
r̂i ϕOi −

γ
2
σ̂2
ri ϕ

2
Oi. The first-order condition is r̂i − γσ̂2

ri ϕOi = 0, yielding ϕ∗
Oi = r̂i/(γσ̂

2
ri).
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Impact funds. The impact fund’s objective is − exp{−γ(φW1I + (1 − φ)ϕ′
Ix)}, where W1I =

WI0(1+ rf )+ϕ′
Ir. Under CARA-normal assumptions, maximizing expected utility conditional on

(smi, sxi) is equivalent to maximizing:

(φr̂i + (1− φ)x̂i)ϕIi −
γ

2

(
φ2σ̂2

ri + (1− φ)2σ̂2
xi + 2φ(1− φ)σ̂rxi

)
ϕ2
Ii. (6)

The first-order condition is:

φr̂i + (1− φ)x̂i − γ
(
φ2σ̂2

ri + (1− φ)2σ̂2
xi + 2φ(1− φ)σ̂rxi

)
ϕIi = 0, (7)

yielding ϕ∗
Ii =

φr̂i+(1−φ)x̂i

γ(φ2σ̂2
ri+(1−φ)2σ̂2

xi+2φ(1−φ)σ̂rxi)
.
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