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Abstract

Socially-responsible investment mandates can cost nothing. Optimal systematic
portfolios, using many approaches and rich information in asset characteristics, can be
tilted to achieve ESG investing goals with negligible effects on performance. Nonethe-
less, strategies based on ESG-based mispricing can be profitable if we pool information
across ESG scores or use specific environmental criteria. Our evidence is inconsis-
tent with ESG measures conveying novel information about systematic risk; but it is
consistent with investors placing significant weight on certain ESG subcomponent in-
formation, and with ESG-driven mispricing having occurred.
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1 Introduction

Over the past two decades, the amount of investment linked to Environmental, Social, and

Governance (ESG) goals has seen tremendous growth (see Bialkowski and Starks, 2016).

According to the 2020 Global Sustainable Investment Review, sustainable-investing assets

reached $35.3 trillion globally at the start of 2020, a 15% increase over 2018 to represent

almost 36% of total assets under management. Similarly, the number of signatories of the

United Nations ‘Principles for Responsible Investment’ (PRI), institutional investors com-

mitted to ESG-oriented investment decisions, has increased from 734 to over 3000 between

2010 and 2020.

With rapidly growing demand from clients, fund managers are increasingly looking for ways

to integrate ESG goals into their investment strategies. However, the implications for port-

folio efficiency and performance from such actions are unclear. Economic theory gener-

ally argues that, all else equal, high-ESG firms should have lower expected returns since

socially-oriented investors require less compensation for holding high-ESG firms (e.g. Fama

and French, 2007; Pedersen et al., 2020; Pastor et al., 2021). While Hong and Kacperczyk

(2009), Luo and Balvers (2017), Bolton and Kacperczyk (2020), and Pastor et al. (2022) em-

pirically document higher risk-adjusted returns for “sin” stocks and high-carbon-emissions

firms, Edmans (2011) and Glossner (2021), among others, find that high-ESG firms outper-

form. Perhaps unsurprisingly given this mixed evidence, many fund managers who publicly

commit to responsible-investment goals do little to improve the ESG performance of their

portfolios (Kim and Yoon, 2020; Brandon et al., 2021). Without a clear picture on the costs

of pursuing ESG strategies, fiduciaries without a specific ESG mandate are naturally reluc-

tant to cater to changing investor demands. Hence, there may be a growing tension between

green-washing managers and clients who “want to own ethical companies in a saintly effort

to promote good corporate behavior, while hoping to do so in a guiltless way that does not

sacrifice returns” (Pedersen et al., 2020).
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Our main result is that optimal stock portfolios can be adjusted to achieve responsible-

investment goals without sacrificing returns—that is, ESG investing can have no cost. In con-

trast to previous research, which has primarily relied on Fama and French (1993) factors with

static regression-based betas, we consider ESG ratings within the context of a conditional

asset-pricing model, using the instrumented principal components analysis (IPCA) approach

of Kelly et al. (2019, 2020). Our empirical methodology allows us to bring rich conditioning

information into estimates of firms’ risk exposures, which in turn drive systematic-portfolio

weights. By including (what must be) just some of asset-managers’ large information set,

we find optimal portfolios with performance robust to a range of ESG-investing mandates.

We follow the taxonomy of ESG mandates as surveyed in Dimson et al. (2020). They report

that negative-screening accounts for nearly one-half of global assets tied to ESG-investing:

we find that these mandates have small effects on the portfolio’s average return, broadly

across ESG data providers.1 Positive-screening also exhibits modest effects on performance.

Going further, we consider the responsible-investing models of Pedersen et al. (2020) and

Pastor et al. (2021), which derive optimal portfolios incorporating ESG preferences, and

implement them using our empirical model estimates. Similar to before, we find small

performance effects for a range of reasonable ESG-preference settings. Taken altogether, the

evidence indicates that many systematic responsible investment strategies are possible with

little sacrifice to returns.

Next, we broaden our investigation to evaluate the information content of ESG scores with

respect to either systematic or non-systematic portfolios—allowing us to consider ESG-

integration mandates which account for another one-third of global assets according to Dim-

son et al. (2020). We find that ESG measures do not tell us anything about systematic risk

that is new to asset-managers’ existing and rich information set. However, we show that

particular ESG scores or combinations of ESG scores can define non-systematic portfolios

1We group together negative- and norms-based screening discussed by Dimson et al. (2020).
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with economically- and statistically significant average returns.2 This implies that some ESG

attributes lead to mispricing and can generate abnormal profits if information is carefully

chosen or elicited—which echoes results in Pastor et al. (2022) and Berg et al. (2021), as we

describe further below.

How might investors care about the ESG performance of firms, and yet prices fail to ad-

just such that ESG measures predict returns? To explain this observation, we consider the

equilibrium model of Pastor et al. (2021) and propose a simple extension: disagreement

across ESG criteria. As our robust empirical findings across different ESG data providers

and ESG mandates indicate, there are many ways to “do ESG”. If investors do not agree

on the definition of ESG criteria, equilibrium pricing need not reflect their ESG concerns,

as our systematic-portfolio results suggest (and essentially consistent with Berg et al., 2022;

Avramov et al., 2021; Christensen et al., 2021; Gibson et al., 2021). Yet, if there is informa-

tion upon which more investors agree, there could be exploitable mispricing—in line with

our non-systematic portfolio results. These contrasting ideas might be rationalized by an

idea as in Pastor et al. (2022), who measure significant ESG alpha over the past decade but

argue it results from unforecastable shocks that cannot be expected to persist.

Overviewing our results in more detail, the core of our analysis is estimating a conditional

asset-pricing model via IPCA, following Kelly et al. (2019) who show the model works well

for stock returns as we consider here. Our benchmark analysis estimates both factors and

betas (loadings) on those factors using returns and lagged characteristic data.3 As we detail

below, the estimated betas and factor means and covariances define a tangency portfolio

on the mean-variance efficient frontier. It is the weights of this tangency portfolio that

we negatively- or positively screen to achieve an ESG-investing mandate. Going further,

adding in the estimated idiosyncratic variances delivers stocks’ conditional mean vector and

2These portfolios are non-systematic because they are orthogonal to the estimated risk factors, as ex-
plained further below.

3The main results are robust to instead taking the factors as given from Fama and French (2015) and
Carhart (1997).
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covariance matrix. These two objects deliver Markowitz portfolio weights that the Pedersen

et al. (2020) and Pastor et al. (2021) models tilt using ESG information, thereby delivering

responsible-investing portfolios. Common across these approaches is that they start with

optimal systematic portfolios that can be derived in the absence of ESG information, and tilt

those portfolios in response to an ESG-investing mandate or preference. As mentioned above,

we find a range of mandates/preferences that deliver small effects on portfolio performance.

Alternatively, we allow ESG information to directly determine portfolio weights from the

beginning—what is called ESG-integration. Our first way of accomplishing this is systematic,

by including ESG measures in our beta and factor estimation via IPCA. Should our estimated

tangency portfolio improve markedly, then the ESG measures are providing incrementally

relevant information on systematic risk exposures. Our second way of integrating ESG is

non-systematic, by including ESG measures in our estimation of alpha. That is, we find

an ESG-based portfolio that is orthogonal to factor risk, and see if this portfolio delivers

significant profits. In order to find this portfolio, which we label beta-neutral, we develop an

extension of IPCA that separates the characteristics entering alpha and beta, as in concurrent

work by Chini and Rubin (2022).

An important aspect of our work is the large extent of ESG information we consider. Our

ESG-tilted (screened- and responsible-investing) portfolio results and systematic ESG inte-

gration results are robust to: using data from seven different ESG providers; using different

ESG index subcomponents; using industry-adjusted measures or not; and, various choices

of missing-value imputation. Our beta-neutral portfolio results are also extensive, but there

we find important distinctions: certain providers’ individual E subcomponent indices deliver

positive alpha, whereas the topline or S and G subcomponent indices do not; and, combining

topline, E, or S subcomponents across data providers also show evidence of mispricing. A

few of these last observations cleanly connect to Pastor et al. (2022) and Berg et al. (2021),

whose conclusions are supported and enhanced by our results.
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Our paper fits in a vibrant literature investigating the growing importance of responsible

investing and ESG information. Despite extensive research, there is widespread disagreement

in the literature on the return predictability of ESG characteristics. The lack of return

predictability in our systematic portfolios echoes Hartzmark and Sussman (2019) who find

no evidence that sustainable funds outperform non-sustainable funds, Pedersen et al. (2020)

who find that the KLD ESG scores do not significantly predict returns and carbon emissions

do not yield value-weighted alphas, and Gorgen et al. (2020) who find insignificant differences

in average returns for high- and low-carbon-emissions firms. In contrast, a long literature on

so-called “sin” stocks has found a premium for firms in industries like alcohol or tobacco.4

In a similar vein, Zerbib (2020) uses the holdings of “green” institutional investors to show

that excluded firms have a significantly higher average returns. Glossner (2021) documents

a negative Carhart (1997) alpha of -3.5% for firms with high reputation risk using RepRisk

ratings, and Baker et al. (2018) and Zerbib (2019) find a positive “greenium” for green bonds

over similar non-green bonds. Giglio et al. (forthcoming) provide a recent survey of the large

and growing literature on the effects of ESG-investing across many different asset classes.

We contribute to this rapidly growing literature along several important dimensions. First,

we use IPCA to extract aggregate risks that better-capture the mean-variance-efficient fron-

tier, as has been argued in Kelly et al. (2019, forthcoming). It is crucial to have the

best-possible depiction of systematic risks when we evaluate how firms’ ESG scores lead

to differences in average returns, so as to appropriately understand ESG’s effects if they

are risk-based, rather than inappropriately attribute them to an alpha because one’s factor

model is poor. Second, we take into account a large set of other firm characteristics, control-

ling for a substantial amount of the conditioning information investors have at their disposal

already in addition to ESG scores. Third, we use data from seven major ESG providers (and

evaluate both aggregate and subcomponent performance) in our empirical analysis, making

4Among others, Fabozzi et al. (2008), Luo and Balvers (2017), and Pedersen et al. (2020) find that non-sin
stocks earn negative CAPM and Fama and French (1993) alphas.
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our conclusions broad. Fourth—and this pertains even when we use the same factor mod-

els as other papers—we explicitly allow for ESG measures and other firm characteristics to

drive cross-sectional and time-series variation in alphas, betas, or both. This way we can

comprehensively evaluate ESG’s role in pricing assets, and distinguish whether a conditional

risk-based or mispricing-based explanation best fits ESG’s impact on returns.

Our paper also contributes to the literature on the costs of implementing ESG investment

mandates. Kim and Yoon (2020) and Brandon et al. (2021) document that signatories of the

UN Principles of Responsible Investment in the U.S. experience a significant increase in fund

inflows, but do not significantly increase fund-level ESG performance in their portfolios after

committing to ESG-investment goals, while also experiencing a decrease in returns (Kim and

Yoon, 2020). Ceccarelli et al. (2021) show that funds that received a ‘low-carbon’ label by

Morningstar in 2018 experienced significant fund inflows. While these funds outperformed

conventional funds in months with high salience of climate change risk, they offered signifi-

cantly lower diversification benefits throughout the sample. Similarly, Aragon et al. (2020)

find that university endowments receive higher donations following the adoption of socially

responsible investment (SRI) policies but exhibit greater management costs and portfolio

return volatility. Our results demonstrate how fund managers can implement a wide range

of ESG mandates without substantially compromising Sharpe ratios relative to the tangency

portfolio.

The paper proceeds as follows. Section 2 discusses the data and availability of ESG measures.

Section 3 discusses the empirical factor model, responsible-investing models, the formation of

systematic and non-systematic portfolios, and how ESG screens can be implemented. Section

4 presents the empirical results and extensive robustness analysis, with further pointers to

the online appendix. Section 5 discusses the effect of responsible-investing mandates on

portfolios’ ESG performance, and explores how disagreement can drive some of the results

we find. Section 6 concludes.
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2 Data

2.1 Returns and firm characteristics

Our data for returns and firm characteristics are obtained from CRSP and Compustat via

the codes provided by Jensen et al. (forthcoming). We select fifty characteristics, based

on those that provide the greatest firm-month coverage, which we refer to by their names

in Jensen et al. (forthcoming). They are: market equity and assets; cash-flow vari-

ables net income, sales; pay-out ratios eqnpo 1m, eqnpo 3m, eqnpo 6m, eqnpo 12m, ni at;

change in shares chcsho 1m, chcsho 3m, chcsho 6m, chcsho 12m; valuation ratios div3m me,

div6m me, div12m me, at me, ni me, nix me, sale me, xido at; leverage ratios debt me,

netdebt me, debt at; turnover, trading, and volume variables tvol, zero trades 21d,

zero trades 126d, dolvol 126d, turnover 126d, dolvol var 126d, turnover var 126d,

zero trades 252d, bidaskhl 21d, rvolhl 21d; past return variables ret 1 0, ret 2 0,

ret 3 0, ret 3 1, ret 6 0, ret 6 1, ret 9 0, ret 9 1, ret 12 0, ret 12 1, ret 12 7; quality-

minus-junk qmj safety, qmj prof; and, other variables seas 1 1an, age, mispricing perf.

In robustness checks, we restrict our attention to a subset of “slow” characteristics, defined as

having a low time-series volatility—this excludes all of the past-return variables, some trad-

ing variables, and most valuation ratios. These slow characteristics are: market equity,

div3m me, div6m me, div12m me, qmj safety, tvol, dolvol 126d, zero trades 252d, age,

assets, net income, qmj prof, ni at, debt me, netdebt me, sales, and sale me.

In order to estimate IPCA we require a firm-month observation to have all lagged charac-

teristics and the month’s return to be nonmissing. Figure 1 reports the time-series of the

number of all firms’ observations as the solid black line. As will shortly become evident, it

is useful to also restrict attention to a sample of large firms. To do so, we obtain NYSE

breakpoints from Ken French’s data library and define the large-firm cut-off as the median.

The number of large firm observations is plotted in Figure 1 as the solid red line.
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Figure 1: ESG availability and firm size
Notes – The total number of firm observations from the Jensen et al. (forthcoming) data (subject to our characteristic choice)
is represented by the black solid line. The red solid line is the number of firms in the data above the NYSE median size break
point. The remaining lines (of varying type, marker, and color) show how many firms have ESG data available from each
provider. MSCI data are reproduced by permission of MSCI Research LLC ©2022 MSCI Research LLC All rights reserved.

2.2 ESG characteristics

We obtain data on firm-level ESG scores from seven major data providers commonly used by

investors and in the academic literature (see e.g. Berg et al., 2022; Huang et al., 2021). Our

first data source is MSCI ESG KLD STATS (KLD), which is available from 1992 to 2018.

KLD was the first provider of socially responsible investing information in North America and

continues to be widely used in academic settings given its length of coverage. For each covered

firm, KLD uses a binary system to evaluate “strengths” and “concerns” across a wide range

of firm attributes within the following six dimensions of ESG: environmental impact (E),

community relations, product characteristics, employee relations, diversity, and governance

(G). Following the literature (e.g. Di Giuli and Kostovetsky, 2014), we construct the scores

for each of the six dimensions as well as the overall ESG score as the sum of strengths minus

the sum of concerns. We summarize community relations, product characteristics, employee
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relations, and diversity as the “social” (S) category, as is standard in the literature.5

Second, we obtain ESG scores from MSCI, which is widely used by both investors and

academics (e.g. Berg et al., 2022). MSCI generates ESG scores by assessing thousands of

data points across environmental (climate change, natural capital, pollution & waste, envi-

ronmental opportunities), social (human capital, product liability, stakeholder opposition,

social opportunities), and governance (corporate governance, corporate behavior) issues, us-

ing data from government sources, NGOs, corporate disclosure, models, and media sources.

Following the literature (e.g. Berg et al., 2021), we primarily focus on MSCI’s topline ESG

score, which is materiality-weighted and industry-adjusted relative to peers’ ESG perfor-

mance.6 While ESG scores are available at the monthly frequency starting in 2007, coverage

increased substantially in 2013, with a temporary dip in late 2013, as shown in Figure 1.

Third, we construct ESG scores using data from Thomson Reuters Asset4 (now published

under the name ‘Refinitiv ESG’).7 Asset4 coverage starts in 2003 and includes ESG informa-

tion based on over 450 individual data points across three “pillars”: ‘E’ (emissions, resource

use, product innovation), ‘S’ (workforce, human rights, community, product responsibility)

and ‘G’ (management, shareholders, CSR strategy).8 In a survey of investors by Sustain-

Ability, this data source was noted for its granular quantitative data.9 In our main analysis

we focus on the topline ESG score and the E, S, and G “pillar” scores from Asset4, which are

adjusted for materiality and ESG performance relative to peers at the industry- and country

(for governance) level for each data item.10

5In our robustness tests we also consider alternative KLD scores that are adjusted for changes in KLD’s
methodology and underlying data items.

6In additional tests we also consider MSCI ESG scores without industry adjustment as well as individual
category scores for E, S, and G.

7We continue to refer to this dataset as ‘Asset4’ in our analysis for consistency with prior literature.
8Asset4 further overlays their ESG score with indicators for ESG-related controversies.
9“Rate the Raters 2020” available at https://www.sustainability.com/thinking/rate-the-raters-2020/.

10Following Dyck et al. (2019), we also construct unadjusted ESG scores using an equal weighting scheme
of the underlying ESG data items in additional robustness tests. This also helps us address concerns about
changes in the Asset4 data aggregation methodology throughout our sample period as highlighted by Berg
et al. (2020).
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Fourth, we obtain ESG scores from Sustainalytics (now owned by Morningstar). Sustain-

alytics constructs ESG scores based on hundreds of individual data items according to a

proprietary weighting scheme. We obtain the E, S, and G category scores as well as the ag-

gregated topline ESG score for the sample period from 2009 to 2019. In the SustainAbility

survey, Sustainalytics was mentioned as one of the most high-quality and useful providers

by both investors and industry experts.

Fifth, we obtain ESG data from RepRisk, which is available to us for the sample period from

2007 to 2020. RepRisk uses both algorithms and analysts to monitor company-specific news

events related to 28 ESG issues (e.g. air pollution, product controversies, discrimination,

and labor practices) using over 80,000 public sources in 20 languages such as print and social

media, regulators, think tanks, and newsletters. The company advertises its transparency

of methods and the external nature of its sources, which provide a counterpoint to providers

relying primarily on company-provided data. Based on the occurrence of ESG-related con-

troversies, RepRisk provides a Reputation Risk Rating (RRR) using a letter rating (AAA

to D). We translate this letter scale to a numerical scale (ranging from 1 to 10 in one-unit

increments) such that a higher number indicates a better rating.

Sixth, we add ESG scores from S&P Global. S&P Global uses an industry-specific weighting

scheme across 130 question-level items per firm to construct scores across the E, S, and G

dimensions, considering a firm’s ESG data availability, quality, relevance, and performance.

We obtain the topline ESG score as well as the E,S, and G dimension scores. Compared to

the other ESG data sources in this paper, S&P Global ESG coverage starts late (coverage

begins in 2013) and is very sparse even among large firms, as shown in Figure 1. Hence,

results based on S&P should be interpreted with caution. We primarily include this dataset

for completeness.

Seventh, and last, we include data on greenhouse gas (GHG) emissions at the firm-year level

from S&P Trucost. Compared to the other six ESG data sources, Trucost GHG data does
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not aggregate ESG-related data items across a wide range of topics, but rather focuses on a

single, quantifiable issue, i.e. greenhouse gas emissions. Given its nature, ‘Trucost GHG’ is

therefore primarily a measure of environmental (E) performance. S&P Trucost uses a variety

of data sources, including the Carbon Disclosure Project (CDP), EPA filings, corporate social

responsibility and sustainability reports, and financial disclosure documents to collect GHG

emissions information. The data is available starting in 2004. Our main measure of firms’

GHG emissions is the sum of direct and tier-1 supplier emissions, scaled by revenue. This

includes both the emissions resulting directly from the firms’ own operations (i.e. ‘scope 1’)

and from the firm’s first-tier upstream supply chain—their direct suppliers. We choose this

measure to capture all GHG emissions over which the firm has some control, and multiply

it by −1 so that higher emissions mean a lower score.11

The ESG measures are reported at different frequencies. In particular, KLD, Asset4, and

S&P ESG scores and Trucost GHG emissions are reported annually, while MSCI, Sustain-

alytics, and RepRisk scores are available at the monthly frequency. For the latter, timing

them is quite simple: they are in the investor’s information set at the end of that month in

which they are reported. But the former are tougher to time definitively. In fact, this issue

is quite similar to the well-known issue of timing firms’ accounting variables for the purpose

of portfolio sorting, for instance as done by the seminal Fama and French (1993)—therefore

we adopt their well-known convention. If a score that is available at the annual frequency

(KLD, Asset4, S&P, Trucost) is given for year y, we assume that it is observed by the investor

starting in June of year y + 1 and remains constant for the subsequent twelve months.

2.3 ESG coverage and summary statistics

The availability of our ESG measures varies tremendously over the sample period, as Figure

1 makes plain. The KLD measures (green dashed-dot line) are available starting in 1992 for a

11In additional tests we also use scope 2 emissions, i.e. Greenhouse gas (GHG) emissions from consumption
of purchased electricity, heat or steam, as an alternative measure of GHG emissions.
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small number of firms, with noticeable increases in coverage in 1996, 2002, and particularly

2004. Asset4 measures (blue dashed-dot line) start in 2004, again for a small number of

firms, and with a noticeable increase in coverage in 2016. Trucost (light gray marked line)

also begins in 2004, with a gradual increase in coverage until a large expansion in 2017.

MSCI (green dotted line) starts in 2007 with modest coverage, and expands in 2013 to reach

coverage levels similar to KLD. RepRisk (blue dotted line) starts in 2007 with relatively

large coverage that slightly declines over time. Sustainalytics (dark gray marked line) starts

in 2009 with a small number of firms, bumps up in 2010, and remains steady. S&P (black

dot marked line) begins much later and has lower coverage than other providers. This issue

of ESG score availability is one we take seriously by a variety of means.

Figure 2 illustrates that ESG coverage is related to firm size, reported on a log scale. In each

panel, percentiles of the distribution of all firms with available ESG coverage is reported by

gray lines: the minimum and maximum (p0 and p100, respectively) as dotted lines at the

top and bottom, the p10 and p90 as dashed lines closer to the middle, and the median p50 as

a solid line. In addition, the NYSE-median large-firm cut-off is plotted as the red dashed

line. The gray and red lines are identical in every panel. What changes between panels

are the blue lines, which plot the percentiles of the size distribution of firms for which that

provider’s ESG score is nonmissing. As with the gray lines, we use dotted lines for p0 and

p100, dashed-dot lines for p10 and p90, and a solid line for p50.

Figure 2 broadly says that ESG coverage is skewed towards large firms. We see this plainly

for the KLD data panel. For the first several years, the median firm with a KLD rating is

as big as the 90th percentile of all firms, judging by the relationship of the solid blue line to

the top gray dashed-dot line. A bit less than 90% of the KLD firms are above the NYSE

median, judging from how the bottom blue dashed-dot line hovers below the red dashed line.

The large expansion in 2004 noticeably drops the 10-50-90 percentiles, implying increased

coverage of small firms. Nonetheless, throughout its history the KLD percentiles lie above
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Figure 2: Firm size and ESG availability
Notes – Cross-sectional size distribution over time, for each ESG data provider. The dotted lines show the minimum p0 and
maximum p100, the dashed lines show the 10th percentile p10 and 90th percentile p90, and the solid line the median p50. In all
panels: the gray lines show the distribution of all firm data using our characteristics using Jensen et al. (forthcoming), and the
red dashed line shows the NYSE median breakpoint. For each panel, the blue lines show the distribution of firms for that ESG
provider. MSCI data are reproduced by permission of MSCI Research LLC ©2022 MSCI Research LLC All rights reserved.
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the percentiles of all firms, showing us that the coverage is better for larger firms.

The remaining panels show that this feature is similar for other ESG providers. The largest

90% of Asset4 firms are larger than the median of the firm size distribution for almost its

entire history, with this p10 line lying close to the NYSE median for the most part. The same

is true for Trucost and S&P, at least until Trucost’s expansion in coverage at that the end of

the sample. The median of Sustainalytics firms lies just below the p90 of all firms, and the

10th percentile of Sustainalytics firms is just about at the NYSE median. Similarly, for MSCI

and RepRisk, half of firms are above the NYSE median and distributions are consistently

skewed towards large firms.

The broad takeaway here is that firms that receive ESG coverage tend to be bigger. Hence,

we will have a paucity of ESG information in the sample of all firms. For this reason, our main

tests restrict attention to the sample of large firms, defined as those larger than the NYSE

median. This reduces the impact of imputing ESG scores when we do so. Furthermore, Kelly

et al. (2019) show that systematic-investment performance is lower in large firms, which we

also observe in our data. Therefore large firms provide a more-stringent test of systematic

strategies’ profitability and the impact of ESG scores thereupon.

3 Model and Portfolio Construction

In this section we describe IPCA, responsible-investing models, and the systematic and non-

systematic portfolios based thereupon.
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3.1 Basic IPCA model

Our basic framework is Kelly et al. (2019)’s restricted IPCA model:

rn,t+1 = β′
n,tft+1 + εn,t+1, where βn,t = Γ′

βzn,t, (1)

for the K × 1 exposure βn,t to the K × 1 factors ft+1, and the L× 1 firm characteristics zn,t.

The timing says that βn,t is known before ft+1, which follows arbitrage-pricing theory. By

estimating Γβ we allow firm characteristics to give information on how a stock’s exposure

to aggregate factors varies both cross-sectionally and over time. The factors f could be

jointly estimated along with Γβ, or instead the factors could be exogenously specified as

portfolio returns representing systematic risk. In either case, Γβ is estimated by a large

panel regression of stock returns on the interaction of factor realizations and lagged firm

characteristics. Following Kelly et al. (2019), we stack rn,t+1 into the vector rt+1 and z′n,t

into the Nt × L matrix Zt,
12 so we can concisely state the first-order conditions upon which

one iterates until convergence to the least-squares estimates:

ft+1 =
(
Γ′
βZ

′
tZtΓβ

)−1
Γ′
βZ

′
t (rt+1 − ZtΓα) (2)

vec(Γ′
β) =

(
T−1∑
t=1

Z ′
tZt ⊗ ft+1f

′
t+1

)−1(T−1∑
t=1

[
Zt ⊗ f ′

t+1

]′
rt+1

)
. (3)

Kelly et al. (2019) and Kelly et al. (forthcoming) use this model to describe stock and bond

returns, respectively, and find unprecedented success by a variety of measures.13 Further-

more, they find that estimating f leads to significant gains, relative to instead exogenously

taking the factors as well-known portfolios (such as Fama and French, 2015; Hou et al., 2015,

amongst others). Kelly et al. (2021) emphasizes a key point: an element of Γβ is nonzero

only to the extent that the corresponding characteristic meaningfully drives differences in

12Empirically the number of stocks varies, hence the notation Nt.
13Kelly et al. (2020) provide asymptotic analysis of the estimator.
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a return’s covariance with aggregate risk. Hence, we construct a systematic portfolio when

basing the portfolio weights on βn,t, even when they are instrumented by characteristics.14

3.2 Systematic investment strategies

Systematic investment strategies are based only on stocks’ aggregate risk exposures βn,t

estimated in the restricted IPCA model. Theoretically, the mean-variance-efficient frontier

is provided by the tangency portfolio constructed from systematic-risk factors. Indeed, the

stock evidence in Kelly et al. (2019) and Kelly et al. (2021), and bond evidence in Kelly

et al. (forthcoming), suggest that IPCA-based tangency portfolios are very profitable.

Suppose that the factors have excess return mean m and covariance S, which we take as

static for simplicity. Then the K × 1 factor -tangency portfolio weights are

wfactan =
1

ι′KS
−1m

S−1m (4)

for a K × 1 ones vector ιK . Meanwhile, the IPCA-model-implied factor weights are the

projection onto betas. That is, stack β′
n,t into the Nt ×K matrix βt, and the K ×Nt factor

weights are

Wf,t = (β′
tβt)

−1
β′
t ≡

[
wf,1,t · · · wf,K,t

]
(5)

where wf,k,t is the portfolio weight for the k
th factor. Therefore, the 1×Nt tangency portfolio

weights combine (4) and (5):

w′
tan,t = w′

factanWf,t (6)

14Kelly et al. (2021) provide evidence that characteristics predict future covariance with the market port-
folio, as well as a host of aggregate risk factors, supporting this view.
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3.3 Negative and positive screening

The main idea of ESG screening approaches is that ESG measures are not used to estimate

the model, but instead to achieve an ESG mandate. Therefore, we take the wtan,t vectors

as given by the model estimation, and then adjust certain elements wi,tan,t according to the

chosen screening specification. Screening occurs by choosing a desired ESG threshold and

which weights one will allow to be screened. From the cross-sectional distribution of the

ESG measures, call it the vector ζt, we choose the threshold as a certain percentile, called

pscreen, on (0,100).

We consider two negative screens and one positive screen. The first negative screen zeros

out a weight wi,tan,t if the ESG score of firm i in t is below the threshold, i.e. ζi,t < pscreen.

This means that both long (wi,tan,t > 0) and short (wi,tan,t < 0) positions are screened:

Pedersen et al. (2020) note the importance of this for achieving ESG mandates because bad-

ESG stocks (those with negative scores) can be shorted, thereby improving the portfolio’s

aggregate ESG performance.15 The second negative screen zeros out wi,tan,t if ζi,t < pscreen

and wi,tan,t > 0. This means that only long positions are screened. This type of screen allows

bad-ESG stocks to be shorted, but not to be held. Our positive screen is simple: we zero

out wi,tan,t unless ζi,t > pscreen.
16

It is worth noting how these screens interact with the missing values in ESG measures.

Portfolios implementing the two negative screens could include firms with missing ESG

information depending on what one assumes about their values: if we don’t see that it is a

bad-ESG stock, we don’t screen it. The positive screen, instead, excludes firms with missing

ESG information if we impute it below the threshold: if we don’t see that it is a good-ESG

stock, we don’t include it. Hence, negatively-screened portfolios will include more stocks

than positively-screen portfolios in our setting.

15We look for evidence of this in our specific empirical application below.
16Note, we do this regardless of whether it is a long or short position.
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3.4 Responsible-investing models

In addition to screened portfolios, we construct optimal portfolios from the responsible-

investing models of Pedersen et al. (2020) and Pastor et al. (2021) (for which we use the

shorthand PFP and PST, respectively). These take into account firms’ expected returns,

covariances, and ESG information in a way that is reminiscent of the screened portfolios

above. That is, the expected returns and covariances are independent of ESG information

and would naturally define an optimal Markowitz portfolio in the absence of ESG concerns.

The two frameworks then include ESG information into investor preferences, and thereby

tilt the Markowitz portfolio, similar to how the screens tilted tangency weights. To explain

the responsible-investing portfolios, we simply repeat those papers’ expressions, adjusting

the notation for our explicitly conditional context.

The model of Pedersen et al. (2020) assumes that investors pursue the highest possible

Sharpe ratio, subject to a target average ESG score. Using wt as the Nt× 1 portfolio weight

vector, st as the Nt × 1 vector of ESG scores, define the average ESG score s̄ =
w′

tst
s′tιNt

. Their

Proposition 3 expresses the optimal weights as

wPFP,t = Σ−1
t (µt + πt(st − ιNt s̄)) (7)

for the scalar πt defined in their paper, returns’ covariance matrix Σt, and returns’ mean

µt.
17 This expression requires that the portfolio is net long, that is w′

tιNt ≥ 0, so that the

average ESG score s̄ has a natural interpretation. Conveniently, we find that our model-

implied Markowitz portfolio is net long over our entire sample. Reminiscently, Pastor et al.

(2021) derive optimal weights as

wPST,t = Σ−1
t (µt + dst) (8)

17We set the investor’s relative risk-aversion parameter to equal 1.
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where the scalar d ≥ 0 is the investor’s “ESG taste.”18 Assume for the moment that

“bad” ESG is denoted by negative values in s: the PST weight then reduces the effective

expected return for bad-ESG stocks. While (7) and (8) are clearly conceptually similar,

some differences emerge in Section 4.2 below.

Since we use the restricted model estimates for the screened tangency portfolios, we use

the same estimates to give us the mean and covariance that (7) and (8) require. Therefore

µt = βtλ where λ is the K×1 price of factor risk, which we estimate as the factor mean since

they are tradable. For simplicity, we use a strict factor decomposition of stocks’ covariance

matrix and assume the idiosyncratic return covariance matrix Σε is diagonal: hence, Σt =

βtSβ
′
t + Σε.

19

When we use wPFP and wPST , we should note the units of the ESG score s. As noted above

in Section 2, we follow previous studies in normalizing the other firm characteristics to be

ranks translated to the [−0.5, 0.5] interval. So when using ESG measures in the model, we do

the same: at each time the median ESG score is 0, the minimum is −0.5, and the maximum

is 0.5. Therefore, for the Pedersen et al. (2020) wPFP , we will want to consider s̄ in this

interval. For the Pastor et al. (2021) wPST , this scaling also seems appropriate: if a firm

has median ESG, then the value of snt = 0 in (8) implies no tilt from the Markowitz weight.

In this case, we will want to set the taste parameter d so that different values of snt do not

lead to unreasonable tilts away from the Markowitz weights. For instance, with d = 0.01 the

expected return is effectively shifted by ±0.5% monthly as the ESG moves from the median

to an extreme, which could be considered a large ESG adjustment.

18Again, set relative risk-aversion to equal 1.
19For any firm in our data with fewer than ten monthly observations, we set its idiosyncratic variance equal

to the average idiosyncratic variance of all firms—this only affects a few hundred stock-month observations.
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3.5 ESG integration and a modified IPCA model

In addition to various ESG screens and tilts, an important category of ESG strategies is

focused on ‘ESG integration’ (see Dimson et al., 2020). To explore how ESG integration may

affect portfolio performance, we next examine if ESG measures provide useful information

for optimal portfolio weights. There are two main routes we take to including ESG measures

into the IPCA model.

The first route includes the ESG measures in firm characteristics zn,t and estimates Γβ.

In this way, ESG is treated like any other firm characteristic, and the model is just the

basic restricted one presented in Section 3.1. For this ESG-integrated model, we report the

performance of the tangency portfolio and compare to the performance when ESG measures

were not included.

The second route uses both ESG and firm characteristics in a modified IPCA model as

follows. This modified model is a special case of Kelly et al. (2019)’s unrestricted model

that allows for characteristic-driven mispricing αn,t (as well as βn,t.) We impose that ESG

information drives alpha while non-ESG characteristics drive beta. Concurrent work in Chini

and Rubin (2022) pursues an extension like this as well.

Denote the ESG measures as Lζ × 1 vector ζn,t and other characteristics as zn,t. In this case,

we impose the that αn,t = Γ′
αζn,t and βn,t = Γ′

βzn,t, and the modified model is, thus,

rn,t+1 = Γ′
αζn,t + z′n,tΓβft+1 + εn,t+1. (9)

This model is not exactly Kelly et al. (2019)’s unrestricted model because zn,t and ζn,t are

different from each other. Hence we obtain modified versions of (2) and (3) along with a

new first-order condition for Γα; let ζt be the Nt × Lζ matrix stacking the ζ ′n,t:

ft+1 =
(
Γ′
βZ

′
tZtΓβ

)−1
Γ′
βZ

′
t (rt+1 − ζtΓα) (2.1)
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vec(Γβ) =

(
T−1∑
t=1

ft+1f
′
t+1 ⊗ Z ′

tZt

)−1(T−1∑
t=1

ft ⊗ [Z ′
trt+1 − Z ′

tζtΓα]

)
(3.1)

Γα =

(
T−1∑
t=1

ζ ′tζt

)−1(T−1∑
t=1

ζ ′t [rt+1 − ZtΓβft+1]

)
. (10)

At this point, it may be clear to the reader that ESG-integraton as we define it does not

necessarily improve a portfolio’s ESG performance. ESG information matters in Γβ to the

extent that it describes aggregate return covariance (Kelly et al., 2021), and matters in

Γα to the extent it predicts returns. We take this approach to represent, perhaps, a more

opportunistic usage of ESG information than screened-portfolios or responsible-investing

models envision—which makes our results on ESG integration also of interest to profit-

maximizing investors with no ESG concerns themselves.

3.6 Non-systematic ESG-based portfolios

In the unrestricted model of Kelly et al. (2019), which we do not use in this paper, one uses

all characteristics in the beta and alpha. With that unrestricted specification αn,t = Γ′
αzn,t,

one must impose an assumption to separately identify Γβ and Γα: Kelly et al. (2019) impose

Γ′
αΓβ = 0, meaning that risk loadings “explain as much of the asset’s mean returns as

possible”. Based on this, Kelly et al. (2019) define a non-systematic investment strategy

called a “pure-alpha portfolio”

wα,t = Zt (Z
′
tZt)

−1
Γα, (11)

because Γ′
αΓβ = 0, Γα is a combination of characteristics that is orthogonal to every risk

exposure’s combination of characteristics. Moreover, this condition ensures that wα,t is cross-
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sectionally orthogonal to all factors’ betas because

β′
twα,t = Γ′

βZ
′
tZt (Z

′
tZt)

−1
Γα = Γ′

βΓα = 0.

Therefore the pure-alpha portfolio has no factor risk. We do not estimate an unrestricted

IPCA model and hence do not construct such pure-alpha portfolios,20 but explain this to

motivate the non-systematic portfolios we do build from the modified model.

Naively using the strategy in (11) with the modified model of (9) does not ensure the portfolio

avoids factor risk. The unrestricted model’s orthogonality condition is no longer even well-

defined because Γβ has row dimension L while Γα has a different row dimension Lζ .
21 Since

ζ and Z are distinct, if we naively used (11) (i.e. swap out Z for ζ) we see that

β′
tζt (ζ

′
tζt)

−1
Γα = Γ′

βZ
′
tζt (ζ

′
tζt)

−1
Γα ̸= 0,

unless Z ′
tζt = 0.

Therefore, in the modified model of (9) we need a new construction in order to arrive at a

portfolio with no factor risk. We call this a “beta-neutral” portfolio:

wα⊥β,t =
(
I − βt(β

′
tβt)

−1β′
t

)
αt =

(
I − ZtΓβ(Γ

′
βZ

′
tZtΓβ)

−1Γ′
βZ

′
t

)
ζtΓα. (12)

Clearly it is the case that β′
twα⊥β,t = 0 for every t, regardless of the value of Γα.

22 Interpreting

wα⊥β,t: in order to construct a portfolio with no factor risk, one only uses the part of ζt that is

cross-sectionally orthogonal to the factor betas. In the case where ζ contains ESG measures,

those measures can deliver mispricing only to the extent they are cross-sectionally orthogonal

20In unreported results we found no interesting role for ESG information in pure-alpha portfolios coming
from unrestricted model estimates.

21For example, suppose Lζ = 1 (as will be the case in Section 4): the only way the scalar Γα could be
said to be “orthogonal” to Γβ in any meaningful sense is when Γα = 0 and vector multiplication “becomes”
scalar multiplication; for Lζ > 1 we cannot even use this.

22This construction differs from Chini and Rubin (2022) who instead orthogonalize the ζt with respect to
Zt—we only orthogonalize with respect to ZtΓβ .
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with the instrumented betas. Beta-neutral portfolios are constructed to answer the question:

are there profitable ESG-based portfolios that are not compensation for aggregate risk?

3.7 Missing ESG Values and Estimation Details

For the screened portfolios, the missing ESG scores are not a problem: the negative and

positive screens handle missing ESG in different, but apparent ways. For the responsible-

investing models and the ESG-integration in the model, however, an observed ESG score

is necessary. For the responsible-investing models, the portfolio formulae (7) and (8) are

defined only for nonmissing ESG scores. For the ESG-integration, we require nonmissing

observations to estimate the model.

Of the many ways of imputing missing ESG values, we consider mainly two. Our primary

way imputes missing data with the median ESG score each month, i.e. zero. A value of

zero implies that a missing ESG score necessarily contributes nothing to βn,t or αn,t. It

also implies that, given that we don’t see information about the firm, we assume its ESG

score is average. The second way, used in robustness analysis, is born from the idea that

missing ESG information could actually be a negative ESG signal about the firm—imputing

an average ESG score might be far too positive. In the absence of evidence that the firm is

performing well at ESG, it may instead be safer to assume it is doing poorly. Therefore, one

could also consider the imputation of missing ESG scores with a value of −0.5, the worst

value possible on our transformed scale. We will see in Section 4.4 that imputing a zero,

where it matters at all, provides conservative results relative to imputing −0.5.

Although the ESG screens discussed above are implemented without imputing ESG values,

note they are equivalent to screens in data where we have imputed. If a missing value is

imputed to be zero, then the firm will be zeroed-out by a positive screen if pscreen > 50 and

zeroed-out by a negative screen if pscreen ≥ 50. If a missing value is imputed to be −0.5,

then the firm will be zeroed-out in any negative or positive screen.
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We include a constant as an instrument alongside the firm characteristics and use the five-

factor model as our benchmark, following Kelly et al. (2019). For ease of interpretation, we

rescale all portfolios’ annualized volatility to 10%. Of course, this has no effect on t-statistics;

it serves to put the various portfolios’ means on the same footing, and allows the reader to

easily see the annualized Sharpe ratio via dividing the mean return by 10. We present t-

statistics for mean returns from Newey and West (1987) with three lags—the three lags are

for robustness, and little is changed using instead White (1980) standard errors—and in the

text report Sharpe ratio t-statistics coming from Lo (2003).

All of our results come from in-sample estimation. Kelly et al. (2019) and Kelly et al.

(forthcoming) have shown that IPCA parameters are quite stable due to the great deal of

dimension reduction employed, with limited impact of in- versus out-of-sample estimation.

Moreover, out-of-sample analysis would be hindered by the short sample of some of the

ESG measures we consider. Finally, our focus is really on the comparative static exercise of

including versus ignoring ESG scores: in-sample results give ESG measures the best chance

of providing predictive information, giving ESG information a lower bar for significance.

4 Results

In this section, we present our main results. These benchmark results reflect several empirical

choices. First, given that Figure 2 shows that ESG measures are most widely available for

large firms, we focus our attention on results for firms above the NYSE median equity market

capitalization each month. Second, we use the median p50 ESG score to be our screening

threshold. Third, where necessary, we impute missing ESG values as zero (the median).

Fourth, we use each data provider’s topline ESG score. Later in this section, we discuss the

robustness of the results with respect to changes to percentile thresholds, different target

ESG levels for the responsible investing portfolios, alternate measures of systematic risk,
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and varied information sets. Across the analyses, we focus our attention on results from the

more recent 2010–2020 sample period.

4.1 Screened portfolios

In Table I we report annualized mean returns for the unadjusted and negatively-screened

tangency portfolios, as well as (non-annualized) skewness and excess kurtosis. In the case of

negatively-screened portfolios, we view two sample periods (2000–2020 and 2010–2020) as

informative to report. After all, the negatively-screened tangency portfolios could represent

what savvy investors achieve when they optimally weight assets until an ESG mandate tells

then to zero-out a position. The Asset4, KLD, MSCI, RepRisk, and Trucost measures begin

prior to 2010, so we report performance based on these scores for the 2000-2020 period in

Panel A. Panel B reports the performance for 2010–2020, with the addition of the S&P

and Sustainalytics measures since all seven measures are observed after 2010.23 Though in

Table I we start chronologically with results for 2000-2020, we do this only for completeness.

We view the more recent 2010-2020 sample period of much more importance because ESG

interest has increased substantially in recent years (Giglio et al., forthcoming).

In Table I, the top line of Panel A reports that the tangency portfolio has a highly significant

annualized mean return of 16.68% (t = 7.47) on the full 2000–2020 sample. This implies a

Sharpe ratio of 1.67, which itself has a significant t-statistic of 2.15. Therefore, the tangency

portfolio is quite profitable with statistically- and economically significant average returns.24

For comparison, over this sample, the volatility-scaled market portfolio delivers an annual-

ized 4.16% mean return (t = 1.84), and hence a Sharpe ratio of 0.42. Thus, these tangency

portfolios provide economically- and statistically significant improvements over what a pas-

sive market strategy earns. There is a bit of negative skewness and excess kurtosis, as the

23But note the caveat, mentioned above and below, that S&P data is missing a lot.
24This number is comparable but modestly below the performance Kelly et al. (2019) report for their

large-firm sub-sample for the period 1970–2014.
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Table I
Negatively-screened tangency portfolios

Notes – Annualized mean, skewness, and excess kurtosis of the monthly returns, for tangency- and
negatively-screened portfolio returns. Panel A reports results from the 2000–2020 sample period, while
Panel B uses the more recent 2010–2020 sample period. The screening threshold is the median p50, and
the ESG measure is the topline ESG score. In parentheses are t-statistics for means from Newey and West
(1987) with three lags. Portfolios scaled to have 10% annualized volatility.

ESG measure Mean Skewness Kurtosis

Panel A: 2000–2020
Tangency 16.68 (7.47) −0.46 2.09

Panel I: Screened, long-and-short
Asset4 15.96 (6.52) −0.28 2.54
KLD 17.04 (7.33) −0.04 1.38
MSCI 15.98 (7.08) −0.22 1.89
RepRisk 16.42 (7.07) −0.24 2.62
Trucost 17.14 (7.17) −0.10 2.60

Panel II: Screened, long-only
Asset4 12.96 (5.42) 0.11 0.44
KLD 13.11 (5.43) 0.04 0.73
MSCI 14.46 (6.24) −0.03 0.86
RepRisk 14.19 (6.03) 0.08 0.54
Trucost 12.85 (5.32) 0.16 0.38

Panel B: 2010–2020
Tangency 19.97 (7.18) −0.28 0.78

Panel I: Screened, long-and-short
Asset4 19.47 (6.89) −0.39 0.62
KLD 18.31 (6.93) −0.43 0.11
MSCI 20.24 (7.62) −0.33 0.40
RepRisk 22.18 (7.87) −0.35 0.67
S&P 20.35 (7.15) −0.31 0.73
Sustainalytics 20.89 (7.58) −0.31 0.54
Trucost 17.49 (6.77) −0.54 0.56

Panel II: Screened, long-only
Asset4 14.64 (4.51) −0.26 1.27
KLD 16.12 (4.96) −0.16 1.61
MSCI 15.89 (5.11) −0.26 1.41
RepRisk 14.35 (4.56) −0.22 1.18
S&P 19.17 (6.47) −0.34 0.93
Sustainalytics 16.76 (5.37) −0.31 1.61
Trucost 14.34 (4.62) −0.22 1.46
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market portfolio also exhibits, because this sample period includes the Great Recession of

2007–2009.

Panel A.I shows that negative screens of both long and short positions have little effect

on portfolios’ mean returns across several ESG score providers, which hover around 16–

17%. For KLD and Trucost, these statistics actually increase, although insignificantly so.25

Hence, we see that a variety of negative screens have small effects on systematic portfolio

performance—ESG investing objectives exhibit low or no cost.

Panel A.II shows that negatively-screening only the long leg can have larger effects. The mean

returns hover around 13–14%—so no screened portfolio has statistically-significantly different

mean returns than the tangency portfolio, though the economic significance is nontrivial.26

Overall, while the effects in Panel A.II are mildly larger than in A.I, the take-away remains

that ESG investing broadly has modest costs.

Turning to the more recent sample period, the top line of Panel B reports that the tangency

portfolio obtains a higher mean return of about 19.98% (t = 7.18). Some of this improvement

admittedly comes from the prevailing bull market: but the tangency portfolios doubles what

the volatility-scaled market delivers—an annualized 9.59% mean return (t = 3.74).27

Of course, our research question is on the impact of implementing ESG screens, and the

2010–2020 sample does not qualitatively change the answer. Panel B.I shows that little is

changed by negatively screening long-and-short positions, using most ESG providers, with

mean returns hovering around 17–22%. In fact, screening with MSCI, RepRisk, S&P or

Sustainalytics leads to improvements, though they are statistically insignificant. The impact

of screening using Trucost scores is a bit more notable, as the mean return falls to 17.49%,

25This is possible because we are not optimizing under an ESG constraint.
26Meanwhile, the excess kurtosis drops and skewness increases, sometimes becoming positive. For com-

pleteness we continue to report skewness and kurtosis so the reader can see that nothing drastic changes,
but do not focus our main discussion on them.

27The excess kurtosis, of these portfolios and indeed the market, drop on the more recent period because
we exclude the Great Recession.
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Table II
Positively-screened tangency portfolios

Notes – Annualized mean, skewness, and excess kurtosis of the monthly returns, for tangency- and positively-
screened portfolio returns. The sample period is 2010–2020. The screening threshold is the median p50, and
the ESG measure is the topline ESG score. In parentheses are t-statistics for means from Newey and West
(1987) with three lags. Portfolios scaled to have 10% annualized volatility.

ESG measure Mean Skewness Kurtosis

Tangency 19.97 (7.18) −0.28 0.78
Panel A: Screened
Asset4 15.29 (5.94) −0.45 0.00
KLD 16.43 (6.44) −0.28 0.19
MSCI 16.77 (6.19) −0.38 0.58
RepRisk 17.84 (6.00) −0.09 0.41
S&P 7.75 (2.81) −0.39 2.22
Sustainalytics 14.19 (5.57) −0.44 −0.11
Trucost 14.60 (5.75) −0.56 0.90

but the decrease is statistically insignificant. Panel B.II shows that long-only screens lead

to larger reductions. The decreases for the RepRisk and Trucost screens are statistically

significant (t-statistics just above 2) and for the Asset4 screen is marginally so, all about 5.5

percentage points less than the tangency portfolio’s. Thus, long-only screening has larger

effects overall.

Turning now to positively-screened systematic portfolios, recall that these can only include

firms with observed ESG information. Therefore, the full sample results are not so relevant,

in our view, because ESG information was so sparse before 2010. Accordingly, we focus on

the 2010–2020 sample that is more salient for positively-screened portfolios, as well as the

responsible-investing models and ESG-integration results described further below. To help

the reader, we repeat the tangency portfolio results in the following tables even though it is

identical to the top line of Table I Panel B.

Table II shows that positive screens reduce mean returns by more moderate amounts, to

range 14–18% across all but one ESG provider. The drops in Asset4-, Sustainalytics-, and

Trucost screened portfolios are economically, if not statistically, significant. For the S&P
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score, the reduction is significant, huge, and falls below the market average return—however

this is primarily driven by the more modest coverage in the S&P ESG data and makes the

obvious point that positive screens are problematic when the criteria are largely missing.

Tables I and II suggest that optimal portfolios can be negatively screened to achieve a

reasonable ESG mandate, with little reduction in average returns or overall profitability.

However, the particular ESG criteria does matter. Negatively screening long-only positions

has larger effects, adding a return-based distinction for this type of screen that adds to

Pedersen et al. (2020)’s point that overall ESG-performance can be hindered by long-only

screens. Positive screens have broadly larger effects still, which can be statistically significant.

Nevertheless, there exist several approaches that implement an ESG mandate and achieve

mean returns that are economically- and statistically identical to the unadjusted portfolio:

ESG investing can cost nothing.

4.2 Responsible-investing models

We next consider the performance of optimal portfolios coming from the responsible-investing

models of Pedersen et al. (2020) and Pastor et al. (2021). For the former, we take s̄=0.25:

this means that the portfolio-weighted average ESG score is the 75th percentile. For the

latter, we take d = 0.001: this means that the ESG-induced spread in effective expected

return between the best and worst ESG stock is 1.2% per annum.28 For these responsible-

investing models, as well as the ESG-integration results discussed in the next subsection, we

require nonmissing ESG scores. We impute values of zero, i.e. the median. In the top line

of Table III we report results for the Markowitz portfolio implied by our estimated model,

which differs only slightly relative to the the tangency portfolio’s performance.29

28That is, if the best and worst ESG stock had the same expected return apart from ESG information,
the effective expected return used by the responsible-investing objective would be 10 basis points per month
higher for the best ESG stock.

29We later show that the Markowitz portfolio, and hence each responsible-investing portfolio, implies
unreasonably large and variable weights, whereas the tangency portfolio does not.
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Table III
Responsible-investing optimal portfolios

Notes – Annualized mean, skewness, and excess kurtosis of the monthly returns, for responsible-investing
models’ optimal portfolio returns. The sample period is 2010–2020. The ESG measure is the topline ESG
score, and we impute a value of zero for all missing ESG observations. In the “Markowitz” line we report
performance of the Markowitz portfolio implied by our factor model estimates. For the Pedersen et al. (2020)
model we set s̄ = 0.25; for the Pastor et al. (2021) model we set d = 0.001. In parentheses are t-statistics
for means from Newey and West (1987) with three lags. Portfolios scaled to have 10% annualized volatility.

ESG measure Mean Skewness Kurtosis

Markowitz 20.85 (7.66) −0.32 0.17
Panel A: Pedersen et al. (2020)
Asset4 20.42 (7.52) −0.33 0.17
KLD 20.53 (7.56) −0.27 0.10
MSCI 20.40 (7.43) −0.31 0.22
RepRisk 20.91 (7.75) −0.30 0.17
S&P 20.86 (5.53) −0.17 −0.08
Sustainalytics 20.32 (7.33) −0.32 0.13
Trucost 20.79 (7.63) −0.23 0.02
Panel B: Pastor et al. (2021)
Asset4 15.83 (5.75) −0.29 0.23
KLD 17.54 (5.96) 0.05 −0.13
MSCI 18.33 (6.33) −0.23 0.27
RepRisk 19.79 (7.76) −0.22 0.14
S&P 19.98 (7.30) −0.39 0.04
Sustainalytics 16.63 (5.99) −0.22 −0.07
Trucost 16.16 (5.57) 0.06 −0.22

Table III Panel A reports that the Pedersen et al. (2020) optimal portfolios’ performance

is virtually unchanged from the tangency’s performance. These results obtain even with an

imposed average ESG score at the 75th percentile, which we shall later see is higher than the

tangency portfolio’s average ESG performance. Notably, this is true across all the ESG data

providers.

Panel B shows, instead, that different ESG scores lead to very different outcomes across the

optimal portfolios from Pastor et al. (2021)’s responsible-investing model. For RepRisk and

S&P, the mean returns are virtually unchanged from those of the tangency’s. But MSCI

scores result in a drop to 18.3%, KLD scores a drop to 17.5%, Sustainalytics scores a drop

30



to 16.6%, Trucost scores a drop to 16.2%, and Asset4 scores a drop to 15.8%. These are

increasingly economically, if not statistically, significant.

Therefore, responsible-investing models can deliver improved ESG performance without sac-

rificing returns, but the particulars matter. The Pedersen et al. (2020) model portfolios have

mean returns that are virtually unaffected by the choice of ESG data provider. On the other

hand, the Pastor et al. (2021) model portfolios are more sensitive to exactly which ESG score

is used. These results are qualitatively similar to the screened-portfolio results.

4.3 ESG integration

Now we integrate ESG information into the estimation of our model and the ensuing portfolio

creation. As discussed, we implement this in two ways. First, we include ESG information

amongst other characteristics in our estimation of beta, and ask whether this significantly

enhances the tangency portfolio’s performance. Second, we include ESG information in

our estimation of alpha to test whether this creates a significantly profitable (beta-neutral)

portfolio that is orthogonal to factor risk.

Table IV Panel A reports that integrating ESG measures into beta has virtually no effect

on estimates of aggregate risk. Those ESG-integrated tangency portfolios’ mean returns

are indistinguishable from the tangency portfolio without ESG information. This is even

true when we integrate all the measures into beta, as the last line of Panel A shows. The

take-away is: ESG scores tell us nothing about systematic risk that is not already known in

the other firm characteristics.

Turning to beta-neutral portfolios, the line above Panel B labeled “Tangency” reports what

should be the beta-neutral portfolio’s performance if expected returns are the result of only

aggregate risk: a zero average return. Panel B shows that individual ESG measures do

not uniformly define profitable non-systematic strategies—but distinctions emerge. The
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Table IV
ESG integration

Notes – Annualized mean, skewness, and excess kurtosis of the monthly returns, from IPCA models that
include ESG information. The sample period is 2010–2020. The ESG measure is the topline ESG score,
and we impute a value of zero for all missing ESG observations. Panel A includes the ESG measure as a
characteristic instrumenting beta and reports the tangency portfolio’s performance. Panel B uses the ESG
measure in alpha and reports the beta-neutral portfolio’s performance. Above Panel A in the “Tangency”
line is the performance of the tangency portfolio; above Panel B in the “Tangency” line is the theoretical
performance of the beta-neutral portfolio if the asset-pricing model were true and expected returns are the
result of only aggregate risk exposure. In Panels A and B, the line labeled “All” uses all seven measures in
beta or alpha, respectively. In parentheses are t-statistics for means from Newey and West (1987) with three
lags. Portfolios scaled to have 10% annualized volatility.

ESG measure Mean Skewness Kurtosis

Tangency 19.97 (7.18) −0.28 0.78
Panel A: ESG-integrated tangency
Asset4 20.15 (7.25) −0.26 0.77
KLD 19.99 (7.18) −0.28 0.80
MSCI 19.99 (7.18) −0.28 0.78
RepRisk 20.02 (7.21) −0.28 0.77
S&P 19.95 (7.18) −0.28 0.78
Sustainalytics 20.07 (7.21) −0.27 0.79
Trucost 20.23 (7.20) −0.16 0.61
All 20.22 (7.23) −0.19 0.58

Tangency 0
Panel B: Beta-neutral
Asset4 2.55 (0.96) −0.36 0.17
KLD 4.73 (1.34) 0.26 −0.18
MSCI 3.88 (1.13) 0.86 1.08
RepRisk 2.41 (0.88) 0.03 0.44
S&P 0.19 (0.06) −0.45 2.75
Sustainalytics 2.68 (0.87) −0.01 0.16
Trucost 5.70 (1.89) 0.41 −0.16
All 6.70 (2.17) 0.26 −0.32

beta-netural portfolios for almost all providers have statistically insignificant mean returns.

However,the Trucost beta-neutral portfolio yields a marginally significant annualized mean

return of 5.70% (t = 1.89).

Notably, integrating all seven ESG topline scores creates a beta-neutral portfolio with a

significant average return. The last line of Panel B shows that the mean return is 6.70%, sig-
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nificant at the 5% level (t = 2.17). Therefore, we find that ESG information can collectively

reveal significant non-systematic returns.30 Admittedly, market returns over this period were

high and the estimated alpha is less than what the market earned over the period. However,

the beta-neutral portfolio is constructed to be orthogonal to aggregate risk, so this result

reflects a surprisingly anomalous average return coming from ESG information.

4.4 Robustness

In this subsection, we perform specification analysis for our results. We present variations

for each of the screening, responsible-investing models, and ESG-integration approaches.

Further, we explicitly connect our results to the recent related literature by considering the

ability of ESG sub-components (E dimension, Trucost GHG emissions) and a combination

of ESG scores (an IV approach) to predict returns in our conditional framework.

4.4.1 Screened portfolios

Table V evaluates the screened-portfolio results’ robustness to changing the screening thresh-

old to the 75th percentile p75, instead of the median as before, on the 2010–2020 sample.

Table V Panel A is remarkably similar to Table I Panel B.I for most ESG providers, showing

that negative-screening is little affected by the increased ESG threshold, when both long and

short positions are screened.

In Table V Panel B, there is a much larger effect of negatively screening at the higher p75

threshold when applied only to long positions. All measures except S&P see an economically

and statistically large drop in average returns. But the result for S&P is driven by missing

values that imply the screen has done very little—so we take little signal from the S&P result.

Of more interest are differences between providers like Trucost and MSCI, whose coverage

30If we increase the number of latent factors to ten, the beta-neutral average return is 7.79% (t = 2.45)—
hence the result does not come from restricting the dimension of the factor space.
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Table V
Robustness: screened tangency portfolios

Notes – Annualized mean, skewness, and excess kurtosis of the monthly returns, for tangency- , negatively-
screened, and positively-screened portfolio returns. Uses the 2010–2020 sample period. The screening thresh-
old is the 75th percentile p75, and the ESG measure is the topline ESG score. In parentheses are t-statistics
for means from Newey and West (1987) with three lags. Portfolios scaled to have 10% annualized volatility.

ESG measure Mean Skewness Kurtosis

Tangency 19.97 (7.18) −0.28 0.78
Panel A: Negatively screened, long-and-short
Asset4 19.62 (6.56) −0.20 0.40
KLD 15.81 (5.91) −0.35 0.19
MSCI 19.70 (7.32) −0.21 0.73
RepRisk 22.82 (7.88) −0.57 1.60
S&P 20.58 (7.18) −0.20 0.51
Sustainalytics 21.26 (7.59) −0.31 1.18
Trucost 18.29 (6.39) −0.70 0.90
Panel B: Negatively screened, long-only
Asset4 7.57 (2.34) −0.13 0.48
KLD 7.58 (2.26) 0.01 0.20
MSCI 10.89 (3.44) −0.21 0.51
RepRisk 9.18 (2.98) −0.15 0.29
S&P 17.67 (5.86) −0.37 0.68
Sustainalytics 12.24 (3.83) −0.24 0.89
Trucost 5.42 (1.76) −0.01 0.35
Panel C: Positively screened
Asset4 13.57 (5.19) −0.55 0.28
KLD 15.97 (6.37) −0.18 0.25
MSCI 14.73 (5.63) −0.53 1.13
RepRisk 11.01 (3.15) −0.61 7.33
S&P 7.00 (2.63) −0.44 2.35
Sustainalytics 13.01 (5.13) −0.52 0.26
Trucost 13.11 (4.63) −0.79 0.93

is reasonably similar: the former now has an insignificant average return of 5.42% (t = 1.76)

while the latter’s average return of 10.89% stays significant (t = 3.44). Turning now to the

positive screens in Panel C, we see a divergence in the effect of the higher threshold. All the

providers see lower returns, but the RepRisk screens are reduced by a larger amount, from

17.8% to 11%. On the whole, Panel C echoes the conclusions of Tables I and II that positive

screens can be more costly than negative screens.
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Table V says that negatively-screened portfolios can continue to deliver competitive returns

even at a higher screening threshold. But the particulars definitely matter, as some providers

or long-only screening have much larger effects. Positive screens on average have larger

deleterious effects from the higher threshold.

The online appendix reports further analysis that we summarize here. Lowering the threshold

to p25 does little for long-and-short negative screens, but broadly improves the long-only

negative- and positive screen results. Using a best-in-class (industry adjusted) measure does

not change the story much.31 Using the E, S, or G subcomponent indices with the median

threshold also leads to only small effects.

4.4.2 Responsible-investing optimal portfolios

Table VI considers the robustness of our results for responsible-investing models. For Ped-

ersen et al. (2020)’s model, we change the portfolio’s average ESG score s̄ to 0.4, the 90th

percentile of ESG performance. Panel A shows that this has very little effect on performance

(comparing to Table III Panel A). Hence, altering s̄ has only small effects on the portfolio

performance: why? The reason stems from Pedersen et al. (2020)’s equilibrium value of

π.32 In our empirical exercise, π has a very small absolute value across different s̄ choices.

For instance, using Trucost data the average π for s̄ = 0.25 is 0.0003, while for s̄ = 0.40 it

is 0.0004. Thus, wPFPt from (7) differs little from Σ−1µ across choices of s̄. This feature

of the Pedersen et al. (2020) model allows responsible-investing portfolios to attain various

targets with minimal deviations from the Markowitz portfolio weights, hence the very similar

performance.

Table VI shows that Pastor et al. (2021)’s optimal portfolios are quite sensitive to a higher

ESG preference parameter—Panel B doubles d to 0.002, meaning that the ESG-induced

31We do not do this for MSCI because its topline score is already industry-adjusted.
32Given by (c1,µs̄−cs,µ)/(css−2c1,ss̄+c11s̄

2) for c1,µ = ι′Σ−1µ, cs,µ = s′Σ−1µ, css = s′Σ−1s, c1,s = ι′Σ−1s,
and c11 = ι′Σ−1ι.
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Table VI
Robustness: responsible-investing optimal portfolios

Notes – Annualized mean, skewness, and excess kurtosis of the monthly returns, for responsible-investing
models’ optimal portfolio returns. The sample period is 2010–2020. The ESG measure is the topline ESG
score, and we impute a value of zero for all missing ESG observations. For the Pedersen et al. (2020) model
we set s̄ = 0.40; for the Pastor et al. (2021) model we set d = 0.002. In parentheses are t-statistics for means
from Newey and West (1987) with three lags. Portfolios scaled to have 10% annualized volatility.

ESG measure Mean Skewness Kurtosis

Markowitz 20.85 (7.66) −0.32 0.17
Panel A: Pedersen et al. (2020)
Asset4 19.93 (7.31) −0.32 0.19
KLD 20.25 (7.38) −0.22 0.08
MSCI 20.01 (7.22) −0.29 0.26
RepRisk 20.86 (7.76) −0.29 0.17
S&P 20.30 (5.32) −0.15 −0.10
Sustainalytics 19.69 (7.05) −0.30 0.12
Trucost 20.55 (7.49) −0.17 −0.00
Panel B: Pastor et al. (2021)
Asset4 10.12 (3.54) −0.28 0.60
KLD 13.43 (4.25) 0.17 −0.10
MSCI 15.08 (4.89) −0.03 0.26
RepRisk 16.52 (6.54) −0.13 0.23
S&P 17.80 (6.39) −0.36 −0.07
Sustainalytics 11.45 (3.93) −0.14 0.03
Trucost 11.78 (3.93) 0.15 −0.25

spread in effective expected return between the best and worst ESG stock is 2.4% per an-

num. Changes to the portfolio using several of the ESG provider metrics now lead to sig-

nificant drops in optimal portfolio performance, especially for Asset4, KLD, Sustainalytics,

and Trucost.33

4.4.3 ESG integration

Finally, we explore the robustness of our results on ESG integration in the IPCA model.

We first consider if ESG information gives us significant incremental information on beta,

33In the online appendix, we report negligible differences from imputing −0.5 instead of zero, or using E,
S, or G subcomponent indices.
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relative to other firm characteristics. Given the strong similarity amongst the lines of Table

IV Panel A, we only report results for all the measures included together. There are two

broad directions we take in Table VII: exploring the impact of alternate measures of aggregate

risks, and exploring the impact of altering the set of non-ESG information. The top lines

of Table VII report tangency portfolio results without ESG information. The first line

labeled “Tangency” is identical to what we have seen before. The following lines are new.

The “FF5C” line uses a six-factor model combining Fama and French (2015) and Carhart

(1997), and reports results from the tangency portfolio coming from instrumented exposures

thereupon.34 The label “slow non-ESG” indicates that we reduce the non-ESG information

set to the “slow” firm characteristics with low time-series volatility listed in Section 2.1.

Prior to including ESG information, the six FF5C factors with instrumented betas yields

an annualized mean return of 17.64%, about two percentage points below what what the

five latent factors deliver. If we instead estimate latent-factor IPCA using slow non-ESG

information, the tangency portfolio’s mean return is 17.72%; the instrumented-FF5C betas

deliver a mean return of 15.52%. These results make a couple points. First, the latent factor

model is closer to the mean-variance-efficient frontier than the FF5C factor model, thus a

superior depiction of aggregate risk, if not by much on this sample. Second, a reduction of

instrumenting information has effects that are visible but modest.

Table VII Panel A now includes all topline ESG measures into estimation of beta. We saw in

Table IV Panel A that this led to no change when using the full instrumental information set.

Comparing the lines labeled “Tangency, slow non-ESG”, we see the conclusion holds as well

for the smaller instrumental information set: there is only a slight insignificant improvement.

Using the FF5C factor model instead changes nothing qualitative; this is visible by comparing

the “FF5C” line pair and the “FF5C, slow non-ESG” line pair. Thus, we find a great deal of

34That is, we use Mkt-RF, SMB, HML, CMW, RMA, and MOM as the factors. But the result we report
is different than the tangency portfolio of the FF5C factors themselves (which could not integrate ESG
information). On the 2010–2020 sample, that turns out to yield a volatility-scaled annualized mean return
of 13.88%, which is lower than what Table VII reports is obtained using instrumented exposures.
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Table VII
Robustness: ESG integration

Notes – Annualized mean, skewness, and excess kurtosis of the monthly returns, from IPCA models that
include ESG information. The sample period is 2010–2020. Unless otherwise stated, the ESG measure is the
topline ESG score, and we impute a value of zero for all missing ESG observations. Panel A includes the all
the ESG measures as characteristics instrumenting beta and reports the tangency portfolio’s performance.
Panel B uses the ESG measure in alpha and reports the beta-neutral portfolio’s performance. “Tangency”
means that five latent factors have been estimated. “FF5C” is the Fama and French (2015) and Carhart
(1997) six-factor model, while “FF3C” is the Carhart (1997) four-factor model. The label “slow non-ESG”
means that non-ESG characteristics are restricted to the slow (low time-series volatility) characteristics listed
in Section 2.1. “E” means we use the environmental subcomponent index instead of the topline index. “All”
means all seven data providers, “All*” excludes RepRisk, “All+” excludes Trucost, and “All*+” excludes
RepRisk and Trucost; “E*” means we use the E subcomponent for the five data providers except Trucost and
RepRisk, the former for whom we take their topline score as previously defined in Section 2.2; “MSCI IV” and
“MSCI IV, E” use the MSCI score as instrumented by the KLD score, for the topline and E subcomponent
index, respectively. In parentheses are t-statistics for means from Newey and West (1987) with three lags.
Portfolios scaled to have 10% annualized volatility.

ESG measure Mean Skewness Kurtosis

Tangency 19.97 (7.18) −0.28 0.78
Tangency, slow non-ESG 17.72 (6.99) −0.43 0.21
FF5C 17.64 (6.40) −0.15 −0.46
FF5C, slow non-ESG 15.52 (5.69) −0.34 −0.10
Panel A: ESG-integrated tangency
Tangency, slow non-ESG 18.22 (7.02) −0.38 0.27
FF5C 17.77 (6.40) −0.14 −0.47
FF5C, slow non-ESG 15.83 (5.76) −0.34 −0.19

Tangency 0
Panel B: Beta-neutral
Asset4, E 1.73 (0.65) −0.31 0.05
KLD, E 4.55 (1.47) 0.56 0.68
MSCI, E 7.49 (2.19) 0.11 0.99
S&P, E 1.56 (0.58) 0.40 2.63
Sustainalytics, E 0.84 (0.31) −0.19 −0.27
MSCI, E, FF3C 6.76 (1.90) 0.13 0.80
All*+, E 9.34 (2.71) 0.19 0.71
All*, E* 8.71 (2.62) 0.26 −0.25
MSCI IV 6.50 (2.00) 0.29 −0.42
MSCI IV, E 7.76 (2.41) 0.01 −0.30
All+, S 6.69 (2.04) 0.05 −0.46
All+, G 5.74 (1.85) −0.01 −0.20
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robustness to this result: ESG measures do not give significant information about systematic

risk exposures.35

Panel B turns to the question of whether ESG information instead defines profitable mis-

pricing over our sample. This further allows us to directly connect our results to the recent

literature, which considers the ability of E (MSCI) scores (Pastor et al., 2022) and attempts

at reducing noise in ESG scores (Berg et al., 2021) for predicting returns. We extend these

findings by integrating them in our explicitly conditional asset pricing framework.

Specifically, we consider extensions of the analysis presented in Panel B of Table IV, which

showed that ESG information collectively and Trucost GHG emissions provide significant

information about conditional mispricing. Primarily we ask: does the topline ESG score

obfuscate useful information that is present in one of the reported subcomponent indices?

At this point, it is useful to consider a qualitative difference that exists between Trucost

and the other data providers. Trucost measures carbon emissions which are, of course, an

environmental object. Since Trucost had the highest beta-neutral return in Table IV, it is

natural to ask if this resulted from its distinction as a focused E measure.

To this end, we calculate beta-neutral portfolios using the other ESG providers’ E component

measure.36 The lines in Panel B with “E” in the label provide the results. Remarkably, the

only ESG data provider for whom this has an significant impact is MSCI. In contrast to

the topline score, the MSCI environmental score defines a beta-neutral portfolio with an

economically and statistically significant return of 7.49% per annum (t = 2.19)—larger than

what Trucost delivered in Table IV. The results say that specific environmental scores can

be used to construct a profitable portfolio that is orthogonal to systematic risk.

In fact, this resembles what Pastor et al. (2022) find: a portfolio constructed using MSCI’s

E index delivers a significant alpha with respect to the Carhart (1997) four-factor model.

35For the ESG-integrated systematic portfolios, we find virtually no effect from the different specifications
detailed next for beta-neutral portfolios—so we refrain from a discussion.

36As mentioned before, RepRisk does not have an E subcomponent index.
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On a sample period of November 2012 to December 2020, just a bit shorter than our 2010–

2020 sample, Pastor et al. (2022) find an annualized alpha of 5.66% (t = 2.14): we call this

alpha unconditional because it comes from a regression of portfolio returns on factors with

static slopes, which is of course standard practice. Kelly et al. (2019) contrast these with

conditional alphas, coming from a model like IPCA that estimates conditional betas. To

more closely connect with Pastor et al. (2022), in line “MSCI, E, FF3C” we use the Carhart

(1997) four factors and find a conditional alpha of 6.76% per annum that is significant at the

10% level. Therefore, our results enhance Pastor et al. (2022)’s unconditional alpha result,

in fact finding a larger conditional alpha.

Going further, are there gains from combining the environmental scores? Yes. In line “All*+,

E” we combine the five environmental index scores from the providers other than RepRisk

and Trucost and obtain a beta-neutral annual average return of 9.34% (t = 2.71). If we

combine those five environmental subcomponents with Trucost’s topline score, in line “All*,

E*” we see a similar average return of 8.71% (t = 2.62).37

There are gains from combining ESG information—this aligns with the point in Berg et al.

(2021), who use ESG scores as instrumental variables for one another and find stronger return

predictability. To more closely connect to their work, we now consider using an IV-version

of the MSCI topline and E indices to define a beta-neutral portfolio. For these, we run a

first-stage regression of the MSCI score on the KLD scores of the same type (i.e. topline

and E).38 In the line “MSCI IV” we find that an approach like Berg et al. (2021) delivers

improvements—the beta-neutral average return is almost doubled to 6.5% (t = 2.00) and is

now significant. In the line “MSCI IV, E” we see that the instrumental variables approach

adds to the raw MSCI E index, as the beta-neutral average return is a little bigger.

Taken altogether, Tables IV and VII provide evidence from a conditional framework that

37As in footnote 30, for both of these results we checked against a ten factor model, and the average
returns were barely changed—the mispricing appears robust to the larger factor-space dimension.

38We choose KLD simply because it and MSCI are often nonmissing for the same firm-months; a more
sophisticated pruned-IV approach like Berg et al. (2021)’s may yield further improvements.
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specific ESG information can provide significant beta-neutral profits. The MSCI E score

(and to a lesser extent the Trucost score) does so, which supports Pastor et al. (2022)’s

results—other E scores do not. Pooling topline ESG or E scores can also work well—either

via a αt specification with Lζ > 1, or by a instrumental variables approach for MSCI indices

following Berg et al. (2021). Therefore, we essentially report return predictability along the

lines of what Berg et al. (2021) found, and enhance their finding by showing it results from

mispricing with respect to a conditional asset-pricing model.

How about other subcomponents? The online appendix reports that using individual S or

G subcomponent does not produce significant conditional alpha. However, combining the S

subcomponents gives a 6.69% annualized mean return that is just significant (t = 2.04), and

the combined G subcomponents is marginally significant (t = 1.85) at 5.74%.39

The online appendix reports the effects of instead imputing −0.5 (embodying the assumption

that missing ESG information indicates bad ESG performance): now the KLD and MSCI

toplines give marginally significant average returns, and the combination is half a percentage

point greater at 7.20% (t = 2.29) than the combination before in Table IV. For the E

subcomponent index, the −0.5 is even more impactful. Now MSCI E defines a beta-neutral

return of 9.12% (t = 2.61), about 1.5 percentage points greater than before in Table VII,

and only a little below the 9.34% (t = 2.71) average return of the combination of the E

subcomponents (excluding Trucost). Broadly speaking, we view this as suggesting the results

in Table VII are somewhat conservative, especially for E subcomponents. The alternate −0.5

imputation has small results for S and G or their combinations.

Therefore, we find a special role in alpha for E subcomponent indices. Several individual E

subcomponents create profitable beta-neutral portfolios on their own; combining the E scores

leads to further gains. Meanwhile, S and G subcomponent indices do not deliver significant

alpha on their own, but combining the S information yields a significant average return.

39Trucost is excluded from these combinations.
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5 Discussion

We elaborate on our main results in two ways. First, we report some salient properties of

tilted systematic portfolios that deliver an ESG mandate with modest effects on return per-

formance, thus providing more detail on trade-offs between ESG implementation and return

performance. Second, we reconcile the profitable mispricing results from ESG-integration

with the screening implications that ESG tilts do not significantly alter portfolio perfor-

mance.

5.1 Properties of ESG-tilted portfolios

In the following discussion we focus on the benchmark-specification portfolios from Section 4

that employ the MSCI topline ESG score. In particular, we show results from the negatively-

screened tangency portfolios using the median p50 threshold, and the Pastor et al. (2021)

optimal portfolio using the ESG taste parameter d = 0.001: the long-and-short screened

portfolio has an average return of 20.2%, the long-only screened portfolio an average return

of 15.9%, and the responsible-investing portfolio an average return of 18.3% (Tables I and

III). We consider properties of the portfolio weights themselves, as well as the portfolio-

weighted average ESG score s̄ (where missing ESG is imputed to be zero). Recall that s has

been rank-demeaned to live on the interval [−0.5, 0.5]: therefore s̄ values can be interpreted

as percentiles of the cross-sectional ESG score distribution, and to ease exposition in this

section we report it in those terms.

Figure 3 Panel A shows the sum of portfolio weights over time.40 Looking first at the tangency

portfolio weight (gray solid line), we see that this total portfolio weight consistently hovers

around 0.9, meaning that an investor invests 90% of their weight in these large stocks. The

long-and-short negatively-screened portfolio weight (black solid line) and Pastor et al. (2021)

40Of course, this is driven by our assumptions about risk aversion and volatility scaling.
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Figure 3: Portfolio weights and ESG performance
Notes – Time-series of portfolio properties for chosen portfolios using the MSCI topline score and median p50 threshold or
d = 0.001 ESG taste parameter. Panel A reports the sum of portfolio weights each period. Panel B reports the maximum
absolute weight each period. Panel C reports the portfolio-weighted average ESG score where missing ESG is imputed to be
zero, translated to the cross-sectional percentile for exposition. The solid black line is for the negatively-screened, long-and-
short, portfolio; blue dash-dotted line for the negatively-screen, long-only, portfolio; red dotted line for the Pastor et al. (2021)
optimal portfolio; and, the gray solid line for the unadjusted tangency portfolio. Reproduced by permission of MSCI Research
LLC ©2022 MSCI Research LLC All rights reserved.
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portfolio weight (red dotted line) also hover around 90–100%. Meanwhile, the long-only

negatively-screened portfolio weight (blue dash-dotted line) hovers around the much lower

40%, which makes sense given that we have zeroed out only long positions. By similar logic,

note that the long-only negatively-screened weight is always below both the long-and-short

and original tangency portfolio weights, as it must be.41 But in the first few years, when

MSCI coverage was lower, the long-only portfolio weight is only a little below that of the

tangency’s, while the long-and-short portfolio weight is higher, indicating that early in the

sample bad ESG performance tended to be associated with lower expected return stocks.

Panel B shows the maximum absolute weight on any single stock. Strikingly, the Pastor

et al. (2021) portfolio can sometimes place very large weight on single names: the maximum

weight magnitude shoots above 10% several times, and once to above 30%! This is due to

the fact that the Pastor et al. (2021) portfolio tilts the Markowitz portfolio, which itself (not

shown) also exhibits these large weights. Meanwhile, the tangency portfolio and its screened

versions never place more than 2% of wealth in a single stock, demonstrating an advantage

of the dimension-reduction naturally employed in the estimated factor portfolios and betas

thereupon.

Panel C shows the portfolio-weighted average ESG score s̄, a key measure of the portfolio’s

overall ESG performance.42 Once MSCI coverage expands in 2013, we see that all the

tilted portfolios exhibit substantially better ESG performance than the unadjusted tangency

portfolio. The latter has an average s̄ of 58 (58th percentile). The long-and-short negatively-

screened portfolio is always higher with an average 68, and the Pastor et al. (2021) optimal

portfolio is nearby with an average s̄ of 70. The long-only negatively-screened portfolio is

higher still with an average s̄ of 75.

A few observations are in order. First, the unadjusted tangency portfolio’s ESG performance

41Technically, if they all had the same volatility; in this empirical exercise the volatilities are similar.
42Indeed, this is exactly an input into the Pedersen et al. (2020) model: hence its s̄ (not shown) is constant

at a chosen level, by design.
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is surprisingly middle-of-the road: its profitable positions are not associated with bad-ESG

stocks and so its performance is above-median.43 Second, the nature of Pastor et al. (2021)’s

model ensures that its ESG performance is improved by the taste for ESG: its better ESG

performance does not come as a surprise, but instead is a feature of that portfolio design.

Finally, Figure 3 Panel C explains in more detail the trade-offs that exist between responsible-

investing mandates of different types. The long-only screen has modestly better ESG perfor-

mance (75 versus 68)—so in this case we do not see materialized the possibility that shorting

leads to better ESG performance, pointed out by Pedersen et al. (2020). Meanwhile, recall

that the long-and-short screen achieved a 20.2% average return while the long-only screen

achieved a 15.9%. Furthermore, there is no real difference in the ESG performance of the

long-and-short and Pastor et al. (2021) portfolios, but the latter obtains a lower 18.3% av-

erage return. Hence, we see meaningful trade-offs between ESG- and return performance;

additionally, the specifics by which ESG performance is improved matters too. One can

imagine many managers for whom the long-only screen would not be worth the sacrificed

return for the gained ESG performance, but of course any individual investor’s choice in the

matter would depend on the strength of their ESG preference. Nevertheless, the point is

that Figure 3 enriches the story coming from Table I: the choice of long-and-short screening

delivers a return benefit for an ESG cost. It is potentially useful for future research to explore

the trade-offs between return performance, ESG goals, and portfolio-tilting specifications.

5.2 ESG disagreement

We have shown that we can use ESG measures to tilt well-performing portfolios without

a significant reduction in performance. The tilts downweight bad-ESG stocks to achieve

an ESG-investing mandate. But if every investor does this, what is the equilibrium effect?

Won’t the stock’s price fall, expected return rise, and ESG begin to predict returns?

43Of course, well-performing firms might have increased resources to devote to ESG-related efforts, and
institutions might demand coverage for particular firms.
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For the preponderance of data considered, it turns out the answer is no. The extensiveness of

our empirical analyses provides a hint as to how this can be the case—there is no single way to

“do ESG.” We are not the first to document that different ESG measures disagree. Among

others, Berg et al. (2022), Avramov et al. (2021), Christensen et al. (2021), and Gibson

et al. (2021) document relatively low correlations across the ESG ratings from different data

providers and examine the implications for stock returns and ESG-alpha. Furthermore,

even within the same data provider, the top-level ESG score is an aggregation of several

subcomponents that investors may weight differently. In addition, there could be differences

between whether or not one industry-adjusts or otherwise normalizes scores. Hence, even

if all ESG investors in the market were to use the same ESG data source, one might still

observe significant differences in how they implement ESG mandates.

If different investors use different ESG measures or implementations to invest, what are the

equilibrium expected returns? Pastor et al. (2021) provides an answer.44 In this theory,

investor i forms the portfolio

wi,PST = Σ−1(µ+ dig̃i)

using return moments µ,Σ, the scalar ESG taste parameter di ≥ 0, and the agent-specific

ESG-measure vector g̃i.
45 If g̃i = 0, then the investment problem is completely unaffected

by ESG concerns and the investor does not distinguish firms’ ESG scores from one another.

Regardless of what gi are, market clearing implies their equation 6

µ = Σwmkt,PST − d̄g

where wmkt,PST is the market portfolio, d̄ =
∫
i
ωididi is a wealth-weighted average of the

44See their footnote 4 and its proof in their appendix.
45We set relative risk aversion to 1 and abstract from t subscripts, for simplicity.
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non-negative ESG tastes di across agents using wealth-weights ωi, and

g = (1/d̄)

∫
i

ωidig̃idi

is a wealth- and ESG-taste-weighted average of the investors’ ESG measures g̃i. If we just

had µ = Σwmkt,PST then we would be in the ordinary CAPM world and ESG tastes would not

affect expected returns. Clearly d̄ ≥ 0 with inequality if any wealth-weighted mass of agents

have positive ESG taste. Therefore, a generic way for expected returns to be unaffected by

ESG concerns, even if agents have them, is if g = 0.

Pastor et al. (2021) provide the decomposition

g = Eω(g̃i) + Covω(di/d̄, g̃i)

using wealth-weighted expectation and covariance, and note it is plausible to assume the

covariance is zero. Obviously if every g̃i = 0 then Eω(g̃i) = 0, but this is not necessary.

Instead suppose that every investor perceives differences between firms’ ESG scores and

invests accordingly, but that their g̃i differ. If Eω(g̃i) = 0, we are saying that the wealth-

weighted average ESG score does not distinguish between firms. In this case, equilibrium

expected returns are unaffected by ESG concerns, even when all agents have them.

Empirical support for this mechanism comes from comparing what different ESG measures

and providers say about the same firms. A simple way to make this comparison is to consider

the rank correlation between measures. A correlation of 1 tells us that the two measures

completely agree on firms’ ESG ranking. On the other hand, a correlation of 0 tells us that

the two measures’ rankings have no relationship to one another, as though their agreement

is random. Each month, we calculate the rank correlations and fit a kernel density to these

correlations to clean up things pictorially.46 Figure 4 shows a surface plot of these densities

46We use a Gaussian kernel estimated on 100 equally-spaced points on [−1, 1].
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Figure 4: Densities of cross-sectional rank correlations
Notes – Cross-sectional kernel density estimates of ESG measures’ rank correlations.

over the 2010–2020 sample period. The most striking feature of this three-dimensional

surface is how the peak hovers near 0.47

Does this imply that available ESG information is noise? Our beta-neutral portfolio results

provide evidence against this interpretation. From Table IV Panel B, we observe weakly

significant alphas for the Trucost measure and significant alpha when information across

providers is combined. Trucost is perhaps the most objectively quantifiable of our ESG

measures, providing information on green house gasses scaled by revenue. Insofar as investors

may differ in interpretations for what is important in ESG implementation, it is intuitive

that emissions might prove both focal and unambiguously measurable.

47This is additionally visible in the bottom plane of the figure where a contour plot shows that yellow and
green contours (the highest density values) straddle zero.
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This supposition is underscored in Table VII, which provides beta-neutral results for the

‘E’ score for each provider and various ways of combining information across providers for

E, S, and G separately. The observation that combining all information together for the

subcomponent indices reliably produces (at least weakly) significant alphas is evidence of

mispricing for each pillar category over the last decade. We see that the E component of

MSCI, one of the most widely used providers, also exhibits mispricing.

The evidence is broadly consistent with investors using multiple inputs to their ESG ap-

proaches. Indeed, from conversations with corporate CFOs, it is clear that firms communi-

cate with large shareholders about their particular preferences for ESG disclosures. More-

over, the SustainAbility survey of large institutional managers indicates that most investors

employ their own scoring methodologies using underlying data from multiple providers,

rather than relying on topline information. Therefore, there is a large variety of differ-

ent ways to measure and implement ESG, and they do not agree—this can imply that

equilibrium expected returns need not be affected by investors’ ESG preferences.

Separately, there are further related issues involving ESG implementation. For instance,

Brandon et al. (2021) find that institutional investors in the US do not have better ESG

scores even when they say they take ESG into account. This reality could add a layer of

cheap talk wherein investors need not commit to acting on stated ESG goals—yet another

mechanism by which stated ESG preferences could fail to affect equilibrium prices. Why

might investors wish to highlight their “responsible” portfolio construction, regardless of

actually acting upon it? Riedl and Smeets (2017) and Bauer et al. (2021) find that social

preferences and social signaling explain ESG adoption, not financial considerations. In fact,

their results say that investors expect lower returns and higher management fees, and are

thus willing to forgo financial performance—hence asset managers may wish to signal ESG

concerns to attract a clientele with lower fee-price elasticity. Consistent with this, Hartzmark

and Sussman (2019) find that sustainability causes outflows from low-sustainability (in our
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context, think bad-ESG) funds, and inflows to high-sustainability funds—and of course,

increases in assets-under-management increase fee revenue.

Thus, it seems clear that professional portfolio managers have incentives to advertise good

ESG performance.48 At the same time, there is no definitive rule for how to measure

ESG characteristics—as opposed to, say, accounting information produced under generally-

accepted accounting principles and subject to regulation by the SEC. It seems natural that

in such an environment one might expect many ESG methods and measure-providers to

flourish, and perhaps exist to cater to different portfolio-managers whose underlying pre-

ESG weights are different.49 Broadly speaking, a lack of uniform consensus (or regulation)

on definitive ESG measurement is a straightforward channel explaining the low cost of ESG

investing for much of our paper.

6 Conclusion

Using a conditional factor model with a wealth of firm information to examine the return

predictability for a host of ESG characteristics, we find that systematic portfolio weights

can be adjusted to improve the portfolio’s ESG performance without sacrificing profits.

Naturally, eliminating “bad” ESG firms from an optimal portfolio is less costly than selecting

only “good” firms given that not all firms are covered. Results from recent taste-oriented

responsible-investing models are qualitatively similar, though the cost to performance can

vary with the choice of information provider and model.

When we integrate ESG information in the conditional factor model, we find that ESG

measures do not provide independently significant information about a firm’s (financial) risk

48And, more recently, even bad: multiple anti-ESG funds have emerged, underscoring values-catering by
fund managers.

49From an investor protection perspective, there may be a greater impetus for ESG transparency in
advertised retail-facing funds—but it isn’t clear that convergence across data providers is optimal, and more
research is called for.
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exposures. And, when we constrain ESG information to be orthogonal to aggregate risk, we

find evidence that some information can earn alpha, and particularly so when information

is combined.

Overall, these findings highlight a degree of disagreement in ESG measures and investor

focus. In the model of Pastor et al. (2021), ESG implementation can have little to no cost

for investors if ESG-minded investors each measure ESG performance differently. We provide

evidence that common ESG measures disagree and also note that multiple providers offer

a sufficiently rich set of component information such that investors may focus on different

information.

It is, therefore, unclear if disagreement in ESG scoring is problematic, as noted in speeches

by policymakers at the SEC50 and the UN Climate Change Conference (COP26). If market-

competition or regulation increases the coordination of ESG measurement and implemen-

tation, theory suggests that ESG scores would begin to significantly predict returns. Nev-

ertheless, making that empirical statement will require controlling for the wealth of other

conditioning information that is available to investors, just as in this paper.

50See for example the ESG Subcommittee Update Report to the SEC Asset Management Advisory Com-
mittee, May 27, 2020.
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