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Abstract

This paper investigates the impact of materiality on asset pricing, focusing on the
relevance of the Sustainability Accounting Standards Board (SASB) sustainability met-
rics. As investors place greater emphasis on environmental, social, and governance (ESG)
scores, it becomes crucial to identify which sustainability metrics are material and there-
fore should be used to construct these scores. Using raw, granular sustainability data
addresses this issue. However, this approach has its drawbacks as many data points are
missing. To overcome this, we tackle the challenge of missing ESG data using imputation
techniques. The empirical results reveal that some SASB metrics are significant in de-
termining exposures with respect to systematic latent factors. In particular, the number
of accidents, total waste, CO2 emissions, gender, and recycling metrics play a significant
role. However, not all material metrics have the same effect in all sectors. For example,
the findings underscore the need for standardized reporting frameworks that prioritize
(core) material sustainability metrics, guiding ESG investment strategies.
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1. Introduction

In recent years, sustainable investors have increasingly focused on materiality; however,
identifying which sustainability issues are material to companies, investors, and society
remains debated. This paper suggests that analyzing metrics individually is essential for
defining materiality. This approach yields a more granular depiction of materiality and
insights into which sustainability metrics provide explanatory power in the cross-section
of returns. Using the Sustainability Accounting Standards Board (SASB) framework, this
article presents evidence on materiality across sectors. For investors, these metrics should

encompass core concerns when assessing firms within a sector or industry.

ISSB Background and SASB Framework The International Sustainability Stan-
dards Board (ISSB) was established by the IFRS Foundation at COP26 in 2021 to develop
global sustainability reporting standards. The ISSB builds on existing sustainability re-
porting frameworks, with a strong emphasis on the SASB Standards developed by the
Value Reporting Foundation (VRF). The SASB Standards have seen rapid growth in
adoption in recent years, reflecting their importance in shaping sustainability reporting
practices (Petersen et al., 2022).” By integrating SASB alongside other frameworks—such
as GRI (Global Reporting Initiative), TCFD (Task Force on Climate-related Financial
Disclosures), IR (Integrated Reporting), and ISSB (International Sustainability Standards
Board), we recognize a set of leading sustainability reporting standards. These frameworks
offer guidance on ESG disclosures from varying perspectives, ranging from broad stake-
holder impact to financial materiality and integrated value creation, with ISSB aiming
to unify standards to enhance comparability and reduce fragmentation across jurisdic-
tions (Giner and Luque-Vilchez, 2022; Busco et al., 2020; Hummel and Jobst, 2024).
This initiative has also garnered support from major international bodies, including the
G7, G20, and IOSCO, underscoring the global demand for standardized sustainability
reporting while aligning with and complementing frameworks such as the European Sus-
tainability Reporting Standards (ESRS). This integration remains a work in progress,

as current developments aim to address key challenges related to scope, legitimacy, and

1. As of June 2024, 608 companies, representing 72% of the S&P Global 1200, have adopted the
SASB Standards to communicate ESG materiality in their investor disclosures. This highlights the
growing adoption of industry-specific reporting frameworks to meet investor demands for decision-useful
sustainability information. Source: SASB Global Use Data.

2. The number of companies using the SASB Standards grew by 375% between 2019 and 2020, and by
215% between 2020 and 2021. Nearly 1,300 companies now use the SASB Standards globally, and over
50% companies from the S&P Global 1200 index report using the framework.


https://sasb.ifrs.org/about/global-use/
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global applicability (Villiers et al., 2024).

Defining Materiality In the context of sustainability reporting, materiality serves as
a critical principle that guides firms in determining which sustainable information to
disclose. It is framed through two main approaches: single materiality, focusing on infor-
mation affecting financial decisions (Jorgensen et al., 2022), and double materiality, which
includes both financial and broader social-environmental impacts (Abhayawansa, 2022).
ISSB adopts a single materiality approach, defining material information as that which
could reasonably influence decisions if omitted, misstated, or obscured.® It is important
to keep in mind, however, that materiality is not static; as new sustainability issues and
material factors emerge, reporting practices must evolve to ensure relevant and timely
disclosure (Arias et al., 2024; Kuh et al., 2020).

Materiality is also sector-specific, as sustainability issues vary by sector characteris-
tics, regulatory requirements, and stakeholder expectations (Eccles et al., 2012). Khan
et al. (2016), Ioannou and Serafeim (2019), and Grewal et al. (2021) illustrate different
ways how materiality varies across sectors. For example, data privacy and cybersecurity
are material metrics for the technology sector, but not for the agricultural sector, where
water management and soil health are more relevant. The Sustainable Industry Classifi-
cation System© (SICS), developed by SASB, categorizes companies into 11 sectors and
77 industries.

Inefficient allocation of firm resources to immaterial extra-financial activities can dam-
age shareholders’ interests and increase reporting costs (Buallay, 2019). The growing de-
mand for sustainable investments encourages companies to engage in activities that may
not directly benefit shareholders in the short term. Although these activities are expected
to benefit all stakeholders in the long run, they may be inefficient and potentially harm-
ful to shareholders’ interests in the short term. Therefore, identifying core materiality
metrics helps investors and corporations prioritize resource allocation and management.
Given that multiple standards without widespread market adoption can burden both cor-
porations and investors, we argue that the ISSB should focus on providing clear reporting

guidance and prioritizing a reduced set of core material metrics in their standards.

Motivation and Contributions This study analyzes the link between individual sus-

tainability metrics and financial returns, identifying which metrics drive performance,

3. While this paper focuses on financial impact on asset prices (single materiality), environmental and
social impacts are equally important but outside its scope.
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rather than aggregating them into overall ESG scores or SASB categories (Skiadopou-
los et al., 2024; Berchicci and King, 2022a, 2022b; Khan et al., 2016), granular studies
analyze the impact of specific metrics on pricing (Bams and Kroft, 2022; Lindsey et al.,
2023; Guerrero and Viteri, 2025). Related studies, such as Bender et al. (2023), Blank
et al. (2016), and Bams and Kroft (2022), examine the determinants of ESG scores and
their underlying metrics. Bams and Kroft (2022) focus sustainable performance using a
rank-ordering algorithm applied to granular ESG variables, relying on an unsupervised
approach. They argue that ESG ratings negatively correlate with companies’ sustainable
performance, indicating that optimizing portfolios and making divestment decisions based
on these ratings results in less sustainable portfolios than the market portfolio.

Rather than relying on composite ESG scores, we analyze individual sustainability
metrics, providing insights that are particularly valuable for SASB analysts assessing
materiality at the industry level. Our findings also inform investors seeking to identify
sustainability metrics that are most strongly linked to both sustainability outcomes and
financial performance, thereby encouraging companies to enhance disclosure in the areas
that matter most.

A key challenge is the missing sustainability data, as the ISSB framework is new,
sustainable disclosure remains voluntary, and international applicability is limited (Kulik
and Dobler, 2023; Serafeim, 2011). To address this, we employ imputation techniques
that preserve sample size and dataset coverage, outperforming simpler approaches like
complete-case analysis (removing missing values) or sector (industry) median imputations
(Bryzgalova et al., 2022; Freyberger et al., 2024; Crippa, 2023; Caprioli et al., 2024).

Since we rely on raw reported data, our analysis is free from methodological changes
commonly made by rating agencies (Berg et al., 2021). We contribute to the literature
by applying imputation and regularization techniques to a wide range of SASB metrics,
thereby improving the accuracy of the estimations (Caprioli et al., 2024). Although ESG
data can suffer from errors and biases (Berg et al., 2020), including back-filling (Kraussl et
al., 2024), arbitrary weightings, and opaque aggregation methods (Berg et al., 2022), such
issues are less pronounced when using raw sustainability metrics. Advanced imputation
methods help provide a more complete picture of sustainability performance, crucial for
decision-making in sustainable finance.

The paper is structured as follows. This section introduces and motivates the paper.
Section 2 reviews the literature. Section 3 presents the data. Section 3 introduces the
empirical imputation techniques and the latent factor model. Section 4 presents the
empirical results. Section 5 discusses the importance of including raw metrics, identifies

with metrics as material Section 6 discusses and concludes.
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2. Related Literature

Materiality and Stock Returns Building on SASB’s materiality framework the sem-
inal work of Khan et al. (2016) finds that firms with good ratings on material metrics
significantly outperform firms with poor ratings. Although their study provided the first
evidence for this relationship, it sparked extensive research and debate. More recently,
Berchicei and King (2022a) revisited these findings, identifying methodological issues that
inflated the reported returns of 13% returns over 20 years. They contend that the results
may be a statistical artifact influenced by matching, winsorization, data imputation, and
industry adjustments. Skiadopoulos et al. (2024) found that the alpha associated with
high SASB-based ESG scores disappears when controlling for traditional financial factors,
such as profitability and growth risk. This suggests that initial outperformance may be
driven by fundamentals, not materiality. In contrast, Xie et al. (2023) found evidence
of outperformance specifically associated with a SASB-based environmental dimension,
even after taking into account traditional risk factors. This emphasizes the importance
of using a more granular approach instead of relying on broad, potentially misleading,
aggregated ESG scores.

Building on the implications of using raw sustainable metrics, we employ the latent
factor asset pricing model developed by B. T. Kelly et al. (2019, 2020). This model
captures hidden factors influencing asset returns, providing a sophisticated framework to
examine the relationship between financial and sustainable characteristics. Recent appli-
cations of this approach demonstrate its utility in analyzing ESG characteristics: Chini
and Rubin (2022) estimates the IPCA sequentially to differentiate between financial and
sustainable (green) characteristics, while Lindsey et al. (2023) applies it to distinct ESG
dimensions. Following this literature, we model the IPCA using sustainability character-
istics to identify the specific factors driving returns, thereby advancing our understanding

of how materiality affects asset prices.

Imputations to increase coverage It is well known that ESG data sets often suffer
from significant flaws, leading to inconsistencies in ESG ratings due to varying method-
ological choices: weights, scopes and measurements (Berg et al., 2022), data back-filling
(Berg et al., 2020; Kraussl et al., 2024), and missing data (Sahin et al., 2022; Caprioli
et al., 2024; Crippa, 2023). More particularly, Sahin et al. (2022) examines the impact of
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ESG missingness and its bias on scoring. Caprioli et al. (2024) compares different estima-
tion techniques to account for uncertainty in ESG imputations.* Given the high sparsity
of ESG data, imputing missing values poses substantial challenges. Kotsantonis and Ser-
afeim (2019) and Berchicei and King (2022a, 2022b) emphasize that different imputation
techniques can lead to varying outcomes. For instance, Lindsey et al. (2023) apply me-
dian imputation, while others use industry-level averages Li (2024), and some remove
observations with missing values. Recent studies have introduced more advanced impu-
tation techniques particularly adapted for financial datasets, though they have yet to be
widely applied to ESG data. For example, Bryzgalova et al. (2022) propose a factor model
based on firm characteristics that accounts for cross-sectional and temporal dependencies.
Crippa (2023) using Bryzgalova et al. (2022) imputes the Environmental dimension scores
from Refinitiv and MSCI. Caprioli et al. (2024) employ multiple imputation techniques to
correct for selection bias. These methods can increase data coverage, though the choice of
imputation technique remains crucial as it can significantly impact subsequent analyses
and investment decisions, though further research is needed to establish best practices for

ESG investments.

3. Data

3.1. Returns and firm characteristics

Return and fundamental data are obtained from CRSP/Compustat North America for
US data and from Compustat Global for international data. International returns are
expressed in U.S. dollars, calculated using Compustat’s exchange rates. The realized
returns and characteristics are from Jensen et al. (2023) available through WRDS. We
apply specific filters to ensure one observation per security per month, focusing on common
stocks and primary exchanges. We include a dummy variable in the data set, where 1
signifies inclusion in the S&P1200 Global index and 0 otherwise.

Table 1 presents the return statistics for each subsample. In particular, there are

considerable variations in the number of observations across the different subsamples.
Panel A presents the broad market segmentation, revealing distinct patterns in stock
returns from 2004 to 2023. The full dataset shows an average monthly return of 0.44%,
with US firms (37.19% of the sample) consistently outperforming non-US firms (0.64%
versus 0.32%), accompanied by slightly higher volatility (SD of 9.67% vs. 9.24%). Panel

4. The results presented in this paper aligns with these studies showing that naive imputations such
as sector (industry) medians worsen the explanatory power for asset pricing for some sectors.


https://wrds-www.wharton.upenn.edu/pages/get-data/contributed-data-at-wrds/global-factor-data/
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Table 1: Descriptive statistics: stock returns.
The table presents summary statistics for returns. Panel A shows the full sample
divided into US and non-US firms. Panel B further breaks down the data based on
LSEG coverage. Panel C categorizes firms based SASB reporting post-2015. FEach
panel includes statistics such as the number of observations (N), percentage, mean,
standard deviation (SD), and percentiles (5th, 25th, median, 75th, and 95th). The
sample period is 2004 to 2023, and 2015 to 2023 for Panel D.

N. perc mean SD. 5th 25th  median 75th 95th
Panel A: Full, USA and ex-USA sample

Full Sample 1250435 100  0.44 941 -14.69 -5.23 0.43 6.06 15.89
USA 466607 37.19 0.64 9.67 -15.07 -5.19 0.67 6.41 16.50
ex-USA 783828 62.47 0.32 9.24 -14.53 -5.24 0.27 5.84 15.54
Panel B: LSEG coverage
LSEG 705807 56.25 0.56  9.20 -14.30 -4.99 0.57 6.03 15.69
n/a LSEG 544628 43.40 0.27 9.67 -15.19 -5.55 0.25 6.11 16.11
USA, LSEG 288825 23.02 0.76  9.55 -14.81 -4.95 0.80 6.36 16.58
USA, n/a LSEG 177782 14.17 044  9.87 -1549 -558 0.48 6.51 16.39
ex-USA, LSEG 416982 33.23 0.43 894 -13.93 -5.01 0.40 5.80 15.06

ex-USA, n/a LSEG 366846 29.24 0.19 9.57 -15.08 -5.53 0.13 5.90 15.97

Panel C: S&P 1200 Constituents
S&P 1200 137244 10.94 0.62 850 -12.96 -4.34 0.65 5.62 14.19
non-S&P 1200 1113191 &R8.72 0.42 9.51 -1491 -5.34 0.40 6.12 16.07
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B examines ESG data coverage, identifying firms with at least one non-missing SASB
metric in the London Stock Exchange Group (LSEG) ESG database. LSEG-covered
firms, comprising 56.25% of the sample, report higher average monthly returns (0.56%)
compared to 0.27% for non-covered firms. In the USA, non-covered firms account for only
14% of the subsample, compared to 30% in the global sample. Panel C analyzes S&P 1200
constituents, which make up 10.94% of the sample. These large-cap stocks exhibit low
volatility, with a standard deviation of 8.50%, and an average return of 0.62%. Panel D
focuses on SASB reporting in the post-2015 period, showing that SASB reporters (8.70%
of the subsample, 2015-2023) achieve higher cross-sectional returns (0.52%) compared to
non-reporters (0.29%). However, these represent only 4% of the full sample, 2004-2023,
due to SASB framework launch in 2015. Figure 1 shows the evolution of SASB reporters
and the average proportion of reported SASB metrics (available in the LSEG database).
In contrast to SASB reports, SASB metrics have a longer history, with reporting rates
(proportion of companies with at least one reported variable) increasing significantly since
2004 - from 40% to nearly 100% for S&P1200 companies (red line) and from 20% to 80%

for WDF companies (orange line).

3.2. Sustainability data

Sustainability data is sourced from LSEG Data & Analytics (formerly Refinitiv, originally
Asset4). Available since 2002, it includes aggregated ESG scores and raw metrics. The
data is accessible upon the release of companies’ sustainability or financial reports, or
through LSEG analysts’ submissions. However, it is important to note that most sustain-
ability data come from sustainability reports, with only a minor influence from news or
ESG-related controversies. Consequently, it exhibits relatively little variation within a fi-
nancial year. We assume sustainability data are available at the annual financial reporting

frequency.’

LSEG and SICS mapping We utilize the mapping provided by LSEG to match SASB
metric codes to LSEG indicator codes. The mapping from SASB to LSEG is based on the

5. A 18-month period accommodates the varied publishing schedules of companies’ sustainability re-
ports. Although many companies release their reports in June, others publish in January, at different
months, and sometimes quarterly. This approach ensures that data from all companies are captured, re-
gardless of their specific reporting frequency or timing. Setting a 12-month period would result in missing
gaps solely due to these non-standard reporting intervals. Moreover, filling over the entire sample period
can be misleading; a company reporting data in 2010 but not thereafter would incorrectly show the same
values in 2023. An 18-month window is slightly less conservative than 12 months, but still restricts the
forward-filling issue.
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Comparison of SASB Report Non-Missing and is_rdp_nan1 Mean by Year

1.0 - —— WDF: SASB Report
—— WDF: SASB metrics
—— S&P1200 SASB Repo
—— S&P1200 SASB

0.8 -

Proportion
o
o
1

o
~
1

0.2-

0.0

I T T T T 1 T T T T 1 T T T T 1
2004 2009 2014 2019
Year

Figure 1: Evolution of SASB reporting and metrics: WDF and S&P 1200
Proportion of companies with at least one SASB metric found in LSEG database.
SASB reports are companies that have voluntarily adopted the standards by either
referencing SASB standards as a reporting framework or by specifically including
SASB metrics in their sustainability disclosures.
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SASB Standards as of December 19, 2023. During this last update, seven changes were
made, including four removals; and two additions related to financed emissions, GHG
emissions, and food safety (number of product recalls). Available SASB metrics on the
LSEG’s ESG content set, can have either a direct match (48%), partial (47%), or can
be derived (5%). We use the SASB master file to match firms to SICS classifications.
This file maps over 30,000 firms to SICS (11) sectors and (77) industries. We match
data using crosswalks to connect identifiers across the datasets.” Firms in Compustat
are uniquely identified by the GVKEY and Companyid, whereas SICS are attached to
firm identifiers—ISIN. We use WRDS Capital 1Q Identifiers to create crosswalks between
Compustat GVKEY (then Companyid) to ISIN identifiers.

SASB metrics SASB Standards include 656 distinct metrics, totaling 2,540 industry-
specific metrics. These are categorized into two types: 1,796 quantitative metrics and
692 discussion metrics. However, about half of these metrics can be matched with the
LSEG database, which contains only quantitative metrics. The SASB metrics in LSEG
are further classified as 1,320 numerical or 680 binary. Numerical metrics are expressed
in various units: 17% are in percentages (e.g. percentage of women managers), 12%
in tonnes (e.g., SOx emissions in tonnes), 8% in counts (e.g., total hours of employee
training) and 7% in gigajoules (e.g., energy consumption in gigajoules). Binary metrics
are represented by yes/no answers. Moreover, discussion metrics, such as “Discussion of
strategies to reduce the environmental impact of packaging throughout its lifecycle,” enable
firms to provide more detailed explanations and improve investor understanding of the
company sustainability profile. However, these qualitative metrics are not included in the
LSEG database and are difficult to model quantitatively and integrate into traditional
ESG scores.

Sample selection This analysis uses the largest dataset of comprehensive financial char-
acteristics to maximize coverage and yield useful observations for imputing missing sus-
tainability data. We incorporate available observations in Jensen et al. (2023) and impute
missing values for specific LSEG variables. We retain accordingly the available variables

for the regressions. Imputations are performed on the entire dataset, and subsamples are
evaluated based on the USA, ex-USA LSEG and S&P 1200 filters. The LSEG database

6. While Khan et al. (2016), Berchicci and King (2022a), and Grewal et al. (2021) infer SICS codes
from Global Industry Classification Standard (GICS) or Bloomberg Industry Classification Standards
(BICS), we directly employ the authoritative SICS mapping from the ISSB to match issuer to SICS.
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Percentage of Missing Observations by Sector Over Time
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Figure 2: Missing characteristics over time.
This figure shows the percentage of missing observations over time by sectors. The
SICS sectors and their abbreviations are as follows: "Technology & Communications’
(TC), ’Services’ (SV), 'Financials’ (FN), 'Resource Transformation’ (RT), 'Health
Care’ (HC), "Transportation’ (TR), ’Consumer Goods’ (CG), 'Food & Beverage’ (FB),
'Infrastructure’ (IF), 'Extractives & Minerals Processing’ (EM), and 'Renewable Re-
sources & Alternative Energy’ (RR).

covers, on average, 23% of data points across the sample. However, the extent of miss-
ing data varies significantly by industry, ranging from 17% to complete absence (100%).
Figure 2 illustrates a decline in coverage over time, reflecting the limitations of the LSEG

sample.

3.3. Missing SASB Data

This section starts by presenting the descriptive statistics of the missing sustainability
reporting data and the determinants of sustainability disclosure (non-missingness).

LSEG indicates its large coverage over “90% of global market cap with 720 ESG met-
rics.” However, this dataset is far from a balanced panel. As we go further back in time,
data becomes notably scarce. Although sparse data are expected due to varying mate-
rial issues in industries, the significant increase in coverage since 2013 aligns with the
increasing trend in sustainable reporting (Lindsey et al., 2023).

As shown in Table 2, companies report on sustainability topics with varying levels
of coverage. Some firms include all metrics specified in the SASB Standards for their

industry, providing full coverage. Others report on all topics but only disclose partial



3.3 Missing SASB Data 12

Table 2: SASB Reporting Scope

Last Report Scope Last Reporting Year

Full 4984 2023 2434
Most topics, partial metrics 1477 2022 2196
All topics, partial metrics 1132 2024 1700
Selected Metrics 422 2021 1374
Partial 311 2020 548

metrics for some of them. A third group covers more than 50% of the topics, again with
partial metrics. Finally, some firms disclose less than 50% of the topics, providing data
on only a few selected metrics. This variation reflects differences in compliance and the

level of detail in reporting.

Missing data distributions Figure 3 displays the percentage of missing observations
for each characteristic. We categorize missing data into three types: missing at the begin-
ning (Start), missing at the end (End), or missing observations in the middle (Middle).
Newer firms tend to have missing data at the beginning, whereas missing data at the
end may indicate that a firm stopped reporting that metric. Missing data in the middle
suggests that the firm reported the metric at some point but did not report it consistently.
The most common form of missingness occurs at the beginning, reflecting the growing
adoption of sustainability reporting in recent years.

We note that only 10% of the observations across industries include all SASB metrics.
Although many firms miss a few characteristics within their sector, a significant number
lack 35 to 45 characteristics by industry. Thus, removing only a few characteristics with
many missing values will not effectively resolve the issue of missing data. Figure 2 shows
the evolution of missingness over time by sector. Reporting has improved in all sectors,
with the financial sector (FN) releasing 50% and the health care sector (HC) the lowest
at 35%. On average, 80% of observations are missing values, making a balanced panel

nearly impossible.”

Mask non-material variables Some companies may report variables that are non-
material under SASB standards. For this analysis, we focus solely on the sustainable
metrics identified as material by SASB, leaving the exploration of additional material

metrics outside the scope of this article.

7. Figures in Appendix E further illustrate the missingness structure in the data. Appendix E shows
the distribution of missing values by variable type, distinguishing numerical from binary variables.
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Missing Observations by Characteristic (Mean)
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Figure 3: Missing Observations by Characteristic
This figure shows the average percentage of missing observations for each character-
istic. 'We decompose the missing values in those missing at the start (no previous
observations), the middle (some previous and future observations), the end (no fur-
ther observations).

Figure 4 shows the fraction of incomplete observations in the market equity (ME) quin-
tiles. Larger firms report more observations, while smaller firms have a lower percentage
of observations reported. For example, in the lowest quintile, the most reported sustain-
able characteristic has around 30% of reporting, while in the largest quintile, the most
reported characteristic has more than 80% reported observations. Several reasons explain
why sustainability data may be missing in relation to the size of the firm. First, smaller
or younger firms may be less likely to report comprehensive sustainability metrics due to
resource constraints, even if their sustainability performance is not systematically worse
than that of larger firms. Second, companies in certain industries or geographic regions
may face varying reporting requirements or norms about sustainability disclosure, leading
to differential missingness patterns. Third, firms with lower analyst coverage or market
visibility may have less external pressure to disclose detailed sustainability information,

regardless of their true sustainability profile. ®

8. Appendix Table 7 presents the top 10 most and least frequently reported SASB sub-metrics within
LSEG, categorized by data type (numerical and binary).
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Figure 4: Non-Missing Observations by Characteristic over ME quintiles
This figure shows the percentage of missing observations by size quintiles. Each bar
represents a characteristic, with taller bars indicating a higher level of available ob-
servations.

4. Imputation and Asset Pricing Model

To impute data, certain algorithms require consistent characteristics across the sample.
We select characteristics that closely align with those used by Bryzgalova et al. (2022)
and Freyberger et al. (2024). From Bryzgalova et al. (2022), we use market equity (me),
dividend yield (div12m_me), idiosyncratic volatility (ivol_capm_252d), return reversal
(ret_12_1), bid-ask spread (bidaskhl_21d), turnover (turnover_126d), return volatility
(rvol_252d). From Freyberger et al. (2024), we use asset growth (at_gr1l), market beta
(beta_252d), book-to-market equity (be_me), book leverage (at_be), inventory change
(inv_gria), coskewness (coskew_21d), change in current operating assets (coa_gria),
change in long term investments (1ti_grila), highest daily closing price during month
(prc_high), maximum daily return (rmax1_21d), and short-term reversal (ret_1_0).

As the main estimation, we use both sets of characteristics to impute missing values.’
Table 6 presents descriptive statistics for financial characteristics. Most financial variables
have high coverage, with missing values ranging from 1% to 16%. Notably, inv_gria,

1ti grila, and coa_grila exhibit the lowest coverage (92% to 84%).

9. As a robustness check, we estimate the models using each set individually, yielding similar results.
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Set of characteristics Let C;;; represent the characteristics in a 3-dimensional tensor,
where:
Oi,t,l fOI' i:17...,Nt, l:].,...,L, t:17,T (1)

This tensor C' has dimensions N; x T' x L, where N, is the number of firms observed at
time t, T is the total number of time periods, andL is the total number of characteristics.
At time ¢, C,il corresponds to the matrix of characteristics N; x L.

To standardize characteristics like financial ratios, monetary values, or estimates, we
apply a cross-sectional rank transformation followed by normal inversion (Freyberger et
al., 2024; Goyal and Saretto, 2024). This method reduces the influence of measures and
ensures comparability. For each characteristic [, we apply its rank transformation, denoted
Cit mapping the cross-sectional distribution to the unit interval with mean 0; that is,

il

6’;;1 € [—0.5,0.5]. The transformation is defined as follows:

~ rank(C/7 1)
Chil=—— 205 2
il Nt ( )
Then, to convert this rank transformation to z-scores, apply the inverse cumulative
distribution function (CDF) of the normal distribution:

cit =7t (C) (3)

where ®~! represents the inverse CDF of the standard normal distribution, and its in-
terval Cv'fjl € [—3;3]. The advantage is that, relative to the ranks, it enforces normal
distributions (Goyal and Saretto, 2024). This will be important for purely convenience
and facilitates a placebo test in which we will select random values from the normal
distribution A (0, 1) to impute the data.

4.1. Imputation Methodology

To tackle the problem of missing data, various imputation methods exist, depending
on whether the data is continuous or binary. Cutting-edge developments in imputation
strategies for financial data are primarily concerned with continuous data (Freyberger
et al., 2024; Bryzgalova et al., 2022; Chen and McCoy, 2024).1

10. For binary variables the multiple imputations by chained equations (MICE) approach can be applied,
see example, Caprioli et al. (2024) with regard to ESG scores, however, the IPCA factor-latent model
does not apply to binary data, which necessitates concentrating solely on numerical metrics.
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Numerical Variables For numerical variables, we implement the Bryzgalova et al. (2022)
and Xiong and Pelger (2023) imputation algorithm due to its efficiency and accuracy in
the handling of financial data. This approach utilizes partially observed characteristics
rather than depending solely on a limited subset of observations. For example, in un-
reported results, we imputed the data set using the Freyberger et al. (2024) algorithm,
which imputes on the subset of stocks with fully observed financial characteristics, which
imply single materiality. We perform imputations at both the global and sector levels for
all variables, capturing industry-specific trends and correlations. Consequently, we utilize
the complete set of financial and sustainability metrics by industry to impute missing
values. The ranking transformation described in Eq. 2 is also applied to sustainability
characteristics.

Bryzgalova et al. (2022) method works for small 7" and large C'. In this analysis, the
dimensions for the full sample are N = 6,000, T" = 228 and L = 64, and for the S&P1200
sample N = 900, T" = 228, and L = 64. The model employed exploits two dimensions: the
data cross-sectional dependency and their time series (B-XS). That is, the prediction of
Cf,z may derive from past or contemporaneous cross-sectional information. Moreover, the
model allows for local estimation, hence preserving the dependency of factor and loadings
over time. This simulates the information set available to investors at time ¢. This setup
allows for a different factor model at each time ¢ and, hence, is a local model. Appendix

C provides more details.

Sector (industry) median After the imputation process, we mask the variables irrele-
vant to the specific industries for each sector. To benchmark and evaluate our imputation
methods, we compare against industry (MED-Ind) and median imputation (MED-Sect).
RMSEs for local B-XS and median imputations are presented in table 3. The models are
tested against removing 30% of all observations for each sustainability metric and remov-
ing 60 months randomly from the sample for all characteristics. The table shows that the
B-XS model performs best in terms of RMSE, with values of 0.19 for the random mask
and 0.20 for the time mask. This suggests that B-XS is the most effective in imputing
missing values, probably because of its ability to use cross-sectional and historical data.
In contrast, the median imputation methods show worse performance, with MED-Sect
performing the worst (0.35 for random mask and 0.41 for time mask). This is expected,
as imputing values using a sector-wide median likely fails to capture the nuanced rela-
tionships within a specific industry, highlighting that relying on broader sector data can

degrade imputation accuracy.
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Model Random Mask Time Mask
B-XS 0.19 0.20
MED-Sect 0.35 0.41
MED-Ind 0.25 0.27

Table 3: RMSE for local BXS from (Bryzgalova et al., 2022) and median imputations: on ran-
dom mask (removing 10% of each characteristic), and time mask (removing 60 months
from the sample).

4.2. Asset Pricing Implications

This section outlines the conditional asset price model, including estimates and inference
details.

Empirical Model: IPCA The asset pricing model derives from the latent factor model
of B. T. Kelly et al. (2020, 2019) and Bybee et al. (2023). This model extends PCA by in-
corporating time-varying parameters to explain stock returns, extracting common factors
from characteristics that may represent both financial and sustainable characteristics.

The cross-section of excess stock returns adheres to a latent factor structure:
ri,t—&—l = Oé@t + 6,i7tft+1 + Gi,t—i-l; \V/Z = 1, L ,N and t = ]_, ce ,T (4)

the alphas «;,; and the factor loadings B;,t e REXD are time-dependent. The IPCA
models

Q¢ = C;’tra + Vait (5)
Bir = ¢ L+ Vg, (6)

where ¢ € RU*L) denotes observed asset-specific characteristics, and T'y, € RE*D and
I, € RE*K) are matrices of parameters estimated from the data. T' = [T, T's] are
estimated by panel regressions of stock returns on the interaction of factor realizations
and lagged firm (financial and sustainable) characteristics. Given that ICAPM theory
assumes a zero intercept and that ¢;, is orthogonal to f; (Merton, 1973), the estimation
of the restricted IPCA, where ' = 0(yx1), is denoted:

Tit+1 = c;,trﬁft-&-l + EZ}H (7)
In matrix form for N, firms at time ¢ it becomes:

T = Gt + €y (8)
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The model is estimated by minimizing:

T
min » (141 — CiLsf) (regq — Cillpf 1) (9)

Tyf
A=

with first-order condition f't+1 = (fﬁ/é;fﬁét)*lfﬁ,éirtﬂ, vttt

Some advantages using this model include the estimation of large N cross-section of
stocks, large characteristics L with relatively small 7', it is able to handle missing data
information (given some conditions), conditional betas, and an estimated factor space that
has been shown to be closer to the mean variance-efficient frontier (B. T. Kelly et al.,
2019; Deng et al., 2024). We will assess its performance by comparing the Sharpe ratios
of the tangency portfolios across different specifications. This analysis will evaluate the
role of sustainable characteristics and the impact of their imputations on the models.

Given the latent nature of the model, it identifies which instruments drive returns
without imposing the fact that the factor structure is known beforehand. Unlike studies
on ESG materiality reporting either significant or insignificant returns to sustainability
portfolios—often raw or adjusted using traditional factor models—this approach assesses
whether sustainability adds incremental information beyond the pre-specified factors al-

ready considered by investors.

Characteristic-Managed Portfolios We rely on the interpretation behind the char-

acteristics managed portfolios, constructed as follows:

!
Ctrtﬂ
N,

Tipg 1= (10)
where @, 1, € RV N, C, € RN and r,; € RV are respectively the return
on a characteristic-managed portfolio at time ¢ + 1, the number of firm at time ¢, all
financial and sustainable characteristics at time ¢ and the individual returns at time
t + 1. The characteristic-managed portfolio return is the return on a portfolio weighted
by characteristics and normalized by N% so that the volatility of the portfolio is not affected
by the number of firms available at time ¢. This results in a (7" x L) matrix X, where each
column represents a series of time periods of returns for a portfolio managed according to
a particular characteristic, facilitating the examination of how sustainable characteristics

affect portfolio performance.

11. For further details please refer to the appendix D and B. T. Kelly et al. (2019, 2020).
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Estimation and inference: Which characteristics matter ? Following Goyal and
Saretto (2024), we test which characteristics are most important. We compute the Wald
statistics W, = f"afa from the actual data and W = f";’ ff; from the b™ bootstrap
sample. Inferences are made by calculating the p-value as the fraction of bootstrapped
W? statistics that exceed the value of W, from the observed data. We use B = 1,000

bootstrap simulations.

5. Results

Long-Short Portfolios: Quintiles We begin by presenting the results on long-short
(LS) portfolios. For each sustainability variable [ that is material (according to SASB)
within a sector s, we sort monthly returns into portfolio quintiles.'> Form LS portfolios for
each material variable [ within each sector s.'® This method ensures that the materiality
at the sector level is preserved. Figure 5 shows the performance of the LS portfolios for
the observed sample, the median industry imputed sample, and the BXS imputed sample.
Raw returns and alphas are either close to zero or significantly different from zero but
relatively close to each other. After accounting for traditional factors (CAPM, FF5 and
Q-factors),'* waste_recycled_total for the three samples and 1itigation_expenses for
med-ind and BXS show significant returns different from 0.

If we restrict the sample from 2015-2023, more sustainable characteristics become
significantly different from 0. For example, co2emissionstotal (Bolton and Kacper-
czyk, 2023; Aswani et al., 2024; Zhang, 2024),'>water_recycled (Eubank, 1991), and

accidents_total (Lanza et al., 2020). Furthermore, positive performance from water

12. Portfolio sorts are useful but limited. They can only analyze a small set of characteristics; the curse
of dimensionality is a well-known drawback in asset pricing. See Fama and French (2015) for a discussion.

13. Two other approaches were considered but ultimately discarded to maintain the materiality-driven
impact of these metrics. The first involved forming portfolios using all available observations for a metric
[ at time t, irrespective of materiality. This method neglects SASB-defined materiality, incorporating
metrics reported by firms that may not be sector-relevant. The second approach aggregated all sectors
where a given metric [ was deemed material. Although this captures the overall metric impact, it fails to
address sector-specific variations.

14. We calculate the alphas of these prespecified factors models for each characteristic [. Using the
classical factor modeling, as presented by Fama and French (1993, 2015), we assume that returns adhere
to the linear model:

Tit = Q4 + ﬂ,i,tft + €i,t- (].].)

We compute Newey and West (1987) standard errors with 12 lags.

15. Although there is well-known mixed evidence regarding the sign of the relationship between CO2
emissions and stock returns, Lioui and Misra (2023) appears to reconcile these findings.
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recycling suggests that companies investing in water recycling are increasingly being re-
warded, highlighting that sustainability initiatives, especially in resource conservation,
can lead to improved financial performance over time. These trends suggest that the
market may be starting to price in the benefits of sustainability, and certain practices are
becoming more aligned with positive financial return. This is corroborated by Chen and
Huang (2024), and more particularly in the chemical industry by Zhang et al. (2018).
LS portfolios with positive significant results can represent a ”green premium,” where
firms with better sustainability traits are rewarded for lower risk or greater investor con-
fidence. In contrast, negative relationships reflect a "risk premium,” where firms with
weaker sustainability characteristics face higher risks, such as regulatory penalties or
reputational damage, leading investors to demand higher returns as compensation. This
difference highlights the risk-return trade-off in sustainable investing (Zerbib, 2022; Pastor
et al., 2020; Pedersen et al., 2021). However, two challenges arise with long-short (LS)
portfolios based on sustainable characteristics. First, certain material characteristics be-
have as anomalies within standard asset pricing models. As Skiadopoulos et al. (2024)
argue, the performance of these materiality-based portfolios stems from the economic
relevance of the metrics, though their returns often reflect correlations with other firm
characteristics, complicating interpretation. Second, the use of imputation techniques,
where missing values are replaced cross-sectionally using industry or sector medians, has
minimal influence on the overall results. This occurs because firms with imputed metrics
are typically assigned to middle quintiles, leaving the extreme portfolios—those driving

LS returns—Ilargely unaffected

Sustainability-Managed Portfolios Sustainability-managed portfolios represent a bet-
ter alternative compared to LS portfolios. Since the characteristics most of the time are
cross-sectionally correlated, it is important to understand how much independent infor-
mation they provide. Therefore, as a first step, we check the correlation between the
managed portfolio returns.

We present the heatmap of the 64 x 64 correlations in Figure 7. While some clusters
exhibit high correlations—most notably among variables associated with board composi-
tion and gender characteristics (e.g., the proportion of women in executive management,
managerial roles, and general employment)—portfolios in the lower-left corner display a
broader range of correlation magnitudes. On average, the correlations in the observed
sample are 4.1%, which is lower than those derived from the median imputations, at 6.5%
and 6.7%, respectively. Notably, the BXS-imputed sample achieves the lowest average

correlation of 3.7%. This enhances the potential for portfolio diversification by reducing
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systematic co-movements. Additionally, correlation clusters do not align with established
sustainability dimensions (Environment, Social Capital, Human Capital, Leadership &

Governance, or Business Model & Innovation).

m-,.;m.ﬁrﬁl_ﬁ'm

(a) Observed Sample (Avg. corr: 4.1%) (b) Median Sector (Avg. corr: 6.5%)

i
o

(c) Median Industry (Avg. corr: 6.7%) (d) BXS (Avg. corr: 3.7%)

Figure 7: Clustermap of Sustainability-Managed Portfolios

IPCA performance Now, we examine the constrained IPCA model by setting o to
zero (', = 0). Our objective is to estimate the IPCA model across various specifications

using different data imputations: observed (Obs.), median imputation by sector (sect.)
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or industry (ind.) and B-XS. We set a threshold of 70%, corresponding on average the
30 variables with the least number of missing observations. Otherwise, if the percentage
of missing observations exceeds this threshold, the IPCA model fails to converge.We
assess IPCA factor performance by calculating Sharpe ratios of their optimal portfolios.
These portfolios are constructed by mean-variance optimization of the latent factors,
with results reported for factor counts (K) ranging from 3 to 6. Figure 8 presents the
Sharpe ratios for the full sample and the S&P 1200 sub-sample. The figure reveals that
the JKP+SUS (BXS.) imputation (in red) consistently yields the highest Sharpe ratios,
suggesting it delivers superior risk-adjusted returns across both samples. For example,
with K = 3, the Sharpe ratio is 0.15 for B-XS. Using only financial data (in blue) yields
a Sharpe ratio of 0.10, while using only observable sustainable characteristics (in orange)
gives a ratio of 0.12. The imputation based on industry median (in green) results in a
Sharpe ratio of 0.11, outperforming the use of financial data alone but falling short of the
observed sustainable characteristics. Conversely, the “JKP+SUS (ind.)” strategy, relying
on industry-level imputations, generally produces lower Sharpe ratios, indicating that this
imputation method may be less effective in enhancing portfolio performance. The last
column, in purple, presents the results of the placebo test, where the characteristics are
filled based on a random distribution. This shows that increases in performance are not

purely due to chance.
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Sharpe ratios with IPCA factors: LSEG (at least one)
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Figure 8: Sharpe ratios with IPCA factors: WDF (above) and S&P 1200 (below).
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Table 4: IPCA performance

The table presents performance measures of IPCA models for different latent factors
(K) returns. We report Total, Time Series, and Cross Section R2, as well as the
Relative Pricing Error (all in percent) from equation for individual stocks and managed
portfolios for the constrained (I'y, = 0) model. The last row of the top panel reports
number of unpriced factors calculated as the number of estimated IPCA factors whose
returns are statistically indistinguishable from zero. In Panel B, we report out-of-
sample performance measures, obtained by splitting the sample in half and using the
first half to estimate the model. We then roll the estimation procedure forward one
month at a time, until the end of the sample. Results are reported for IPCA models
with K=1 to 5. The sample period is 2004 to 2023.

Number of Factors

1 2 3 4 5
Stock-Level:
Total R? 35.77  36.07  36.35 36.61 36.85
Time Series R? 31.60 31.90 32.14  32.36 32.62
Cross Section R? 23.28 23.60 23.86 24.09 24.35
Relative Pricing Error 73.85 73.80 73.72 73.71 73.66
Managed Portfolios:
Total R? 95.92 96.11 96.31 96.46 96.59
Time Series R? 20.30 25.43 29.53  32.56 36.11
Cross Section R? 76.79 T77.57 77.93 78.56 78.96
Relative Pricing Error 1.53 1.03 1.10 1.08 1.00
# Unpriced Factors 0 0 0 1 3
Stock Level O0S:
Total R? 30.16 30.37  30.39  30.62 30.74
Time Series R? —62.17 —58.38 —59.55 —58.56 —55.05
Cross Section R? 23.24  23.46 23.51 23.71 23.85
Relative Pricing Error 76.43 75.19 74.95 74.54 74.55
Managed Portfolios OOS:
Total R? 36.08 34.31 35.46  33.67  36.54
Time Series R? 6.48 10.27 11.47 14.20 15.26
Cross Section R? 29.58 27.72 28.77  27.59 30.47

Relative Pricing Error 64.07 59.26 54.28 54.01 50.90
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The table 5 compares various IPCA models (K = 5), focusing on the integration of
sustainability characteristics. The baseline model, JKP, shows a Total R? of 36.22% at
the stock level, which remains unchanged when sustainability characteristics are added di-
rectly (JKP + SUS). However, when sustainability data are imputed, Total R? increases,
indicating improved explanatory power at the stock level. In managed portfolios, the out-
of-sample Total R? for the Med-Sect imputation method increases significantly from 42.
22% in the JKP model to 61.19%, suggesting a better fit. Despite these improvements,
some models, such as JKP + SUS (Norm), exhibit increased relative pricing errors, rising
from 0.61 to 1.72 in managed portfolios, highlighting potential trade-offs like overfitting
or noise introduction. Thus, while the inclusion and imputation of sustainability charac-
teristics can enhance model performance, however, the imputation method matters.

Negative Time series Calculating out-of-sample Time Series R? for an unbalanced
panel presents significant challenges. Many stocks provide limited observations, with some
producing nearly zero realized returns and resulting in negative R? values. For example,
in K = 3, Table 2 presents a Time Series R? of —6.15%.However, by excluding stocks
with only a single observation—those most prone to a negative out-of-sample R*—the

Time Series R? increases to 12.53%.

Which sustainability metrics matter? Figure 9 plots for each factor in separate
panels with the characteristics in each panel in decreasing order. A quick look on the
absolute largest coefficient in each panel suggests a large role for analytics renewable
energy, energy purchase and litigation expense.

Even if some companies lack specific material metrics because they are not part of a
particular industry, their returns can still covary with sustainability-managed portfolios.
Covariance plays a critical role in linking companies to sustainability metrics, even when
their core operations do not directly align with environmental or social factors. Similar
to the Fama-French model’s approach to risk factors, companies that exhibit covariance
with metrics like green revenues or carbon footprint reductions indirectly position them-
selves within the sustainability framework. These metrics assess environmental impact
and efforts to reduce ecological footprints. Companies positively correlated with such
metrics may attract sustainability-focused investors, even if they do not operate in tradi-
tionally green industries. This suggests their performance is influenced by factors driving
sustainability, highlighting opportunities for aligning corporate strategies with emerging

sustainability trends.
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Figure 9: IPCA gammas: JKP + SUS (BXS))
The figure shows IPCA gammas for each of the 3 factors in the IPCA model from

Table. The sample period is 2004 to 2023.
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6. Discussion & Conclusion

We show that while sustainability disclosure and performance are related, they do not ex-
plain returns in the same way. Sustainability disclosure is linked to financial performance
and lower capital costs but falls short of fully explaining returns. In contrast, sustain-
able performance has a distinct influence. Additionally, we demonstrate that coverage for
non-reporting firms can be expanded by using available observations as predictors. Our
findings indicate that imputing sustainability material metrics at the industry level pro-
vides a better explanation of returns than relying on observed metrics or industry-median
imputations. ESG analysts and sustainable investors should prioritize sustainability met-
rics that have the greatest impact. They can also play a critical role in driving companies
to improve transparency and increase reporting on these metrics. The global applicability
of SASB standards is expanding, yet this study highlights gaps in corporate reporting,
even among firms using SASB guidelines. These insights can assist SASB in identifying
underreported metrics and reassessing their relevance. Moreover, while quantitative sus-
tainability data provide valuable information, they often reveal limited information and
do not explain methods for identifying stakeholders and material topics (Beske et al.,
2020).

Non-Disclosure of Material Metrics Material metrics that are consistently under-
reported can lead to a misclassification of risk. Through collective non-disclosure, market
participants may perceive such risks as firm-specific, misattributing outcomes to idiosyn-
cratic causes instead of recognizing a broader, systematic pattern. This fragmentation
obscures the correlations between the’ exposures of firms to the common risk factor, po-
tentially leading to a lower price of the correlated risks and inefficient capital allocation.
The findings emphasize that mandatory reporting of systematic risk factors is essential not
only for transparency but also to ensure accurate risk classification and efficient market
functioning.

This study highlights that the determinants of sustainability disclosure are influenced
by various factors, including industry-specific materiality and the availability of relevant
data. This study demonstrates that focusing on material ESG items within each industry
yields better insights than using all disclosed items, as it allows for a more accurate
representation of a firm’s sustainability practices. Additionally, the ability to expand
coverage to non-sustainability-reporting firms through available observations enhances
the understanding of both good and bad companies, increasing the dataset by over 200

firms.
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However, a significant drawback of sustainability metrics is the inherent lack of compre-
hensive data, which can lead to misinterpretations of a company’s ESG performance. The
study highlights that, while advanced imputation methods can provide a more complete
picture, they also introduce potential biases and errors, particularly when firms do not
report on all relevant sustainability characteristics. This data gap can obscure the true
risk profile of companies and complicate the investment decision-making process.

The findings indicate the large amount of missing data, suggesting a fragmented ap-
proach to sustainable disclosures across industries. This inconsistency underscores the
urgent need for standardized reporting frameworks, such as those proposed by the ISSB,
to enhance comparability and transparency in sustainability reporting.

To conclude, the analysis demonstrates that using material-only ESG items relevant
to specific industries can lead to better investment performance compared to a broader
approach that includes all disclosed items. This insight is particularly valuable for ESG
analysts and sustainable investors, as it directs attention to the metrics that truly matter
in assessing corporate sustainability and performance. Future research should explore
the implications of these findings on asset pricing and corporate risk assessment, further

elucidating the relationship between sustainability practices and financial outcomes.
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A. Descriptive Statistics

This section presents additional descriptive statistics. We report the results of difference
tests that compare the characteristics of firms that report at least one sustainability metric
with those that do not.

Table 6: Descriptive Statistics: firm characteristics
This table presents descriptive statistics of the firm characteristics. Variables definitions
are from (Jensen et al., 2023).

num_obs perc_total mean std_dev 5th 25th  median 75th 95th
me 1250435.00 1.00 874224.86 25141.16 607.61 1102.07 2402.34 6718.02 36617.08
be_me 1212715.00 0.97 61.92 2.39 0.08 0.24 0.46 0.80 1.54
niq_at 1008792.00 0.81 4668006.11 27068632.74  -0.03 0.00 0.01 0.02 0.06
debtlt_be 1201171.00 0.96 132.91 148.49 0.00 0.06 0.34 0.79 2.71
niq_su 934459.00 0.75 2.38 18.11  -2.68 -0.76 0.00 0.77 2.61
divl2m me 1117230.00 0.89 2.72 0.34 0.00 0.01 0.02 0.03 0.07
ret 10 1249481.00 1.00 2.02 0.80 -0.15 -0.05 0.01 0.07 0.20
ret 121 1205350.00 0.96 622.49 2072.45  -0.39 -0.09 0.10 0.35 1.03
at_grl 1226504.00 0.98 3909.27 8730.46  -0.14 -0.01 0.07 0.19 0.73
inv_grla 1148192.00 0.92 -377439.09 2333601.17  -0.02 -0.00 0.00 0.01 0.06
Iti grla 1054784.00 0.84 -5.15 38.98  -0.03 -0.00 0.00 0.00 0.05
coa grla 1057382.00 0.85 -1212549.45  7195596.80  -0.07 -0.01 0.01 0.05 0.13
at_be 1218947.00 0.97 407.46 52.75 1.17 1.58 2.17 3.40 13.17
ivol_ capm 21d 1228843.00 0.98 1.77 0.02 0.01 0.01 0.01 0.02 0.04
coskew 21d 1228843.00 0.98 -0.25 0.32 -0.51 -0.21 -0.01 0.20 0.52
turnover 126d 1228597.00 0.98 0.67 0.01 0.00 0.00 0.00 0.01 0.02
bidaskhl 21d  1242664.00 0.99 0.76 0.00 0.00 0.00 0.01 0.01 0.02
book_equity 1218981.00 0.97  462049.25 14410.65 127.47 47091 1162.19 3329.76 19820.36

rvol_252d 1217129.00 0.97 2.42 0.15 0.01 0.02 0.02 0.03 0.04
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Table 7: Top 10 most and least observed SASB metrics in the sample.
The table shows the percentage of missing values and the industry code associated with

each metric.
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Binary
Field

Miss (%)

Ind. Code

Numerical
Field

Miss (%)

Ind. Code

tr_iso14000
tr_pmreduction
tr_supplychainhspolicy
tr_pmreduction
tr_policydataprivacy
tr_climatechangerisksopp
tr_productrecall
tr_csrreporting
tr_pmreduction
tr_pmreduction

tr_policyindigenousrightsconsult
tr_watermanagementplandetails
tr_watermanagementplandetails
tr_policyindigenousrightsconsult
tr_stghgemissionsquantifiedtarge
tr_stghgemissionunquantifiedproc
tr_policyindigenousrightsconsult
tr_policyminimumwage
tr_ltghgemissionsquantifiedtarge
tr_ltghgemissionunquantifiedproc

35.66
35.66
35.66
35.5

34.75
33.19
32.83
23.65
19.57
17.27

95.63
93.73
93.63
93.33
92.56
92.56
92.55
92.4

92.34
92.34

Most Observed

EM-MD
EM-MD
EM-MD
IF-EU
TC-TL
IF-WU
TR-AU
FN-EX
TR-RA
TR-CL

tr_analyticexecutivemembersgende
tr_analyticexecutivemembersgende
tr_analyticexecutivemembersgende
tr_co2emissiontotal
tr_analyticexecutivemembersgende
tr_analyticexecutivemembersgende
tr_analyticexecutivemembersgende
tr_analyticexecutivemembersgende
tr_f_oillngrsrvprovtot

tr_f natgasrsrvprovtot

Least Observed

RR-FM
FB-AG
IF-RE
EM-CO
EM-MD
EM-MD
EM-EP
FB-RN
EM-MD
EM-MD

tr_tircontractors
tr_accidentalspills
tr_reitgreenbuildingcertifiedper
tr_productsrecoveredrecycle
tr_waterwithdrawalinstressedregi
tr_waterwithdrawalinstressedregi
tr_waterrecycled
tr_percentagegreenproducts
tr_reitgreenbuildingcertifiedper
tr_revenueenvproducts

48.72
48.24
47.22
47.02
46.73
46.33
46.07
43.23
36.7

36.25

99.97
99.96
99.95
99.91
99.9

99.88
99.86
99.84
99.83
99.81

FN-IB
TC-IM
CG-MR
IF-EU
TC-SI
SV-PS
FN-AC
CG-EC
EM-EP
EM-EP

HC-DY
RT-EE
IF-EN
HC-BP
RR-ST
EM-RM
FB-RN
CG-AM
IF-HB
HC-MS
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B. Data choices: Screens, winsorization, lag conven-
tions, and linking

In this section, we provide additional details on the data construction.

Screens

e Following Jensen et al. (2023), we select unique stock-month observations, at a main
exchange, primary, and common issuance.

e We exclude nano and micro stocks. Those that are below the 20" percentile of the
NYSE market cap to try to keep as homogenous as possible the cross-section of
characteristics.

e We focus on a subset of characteristics from the data, selecting those characateristics
that have been previously studied either in the IPCA setting, or as imputation
variables.

Lag conventions To ensure that the data we use is publicly available, we adopt the
following lag conventions:

e Accounting data is assumed to be available four months after the fiscal end following
Jensen et al. (2023).

e SASB reporters are assumed to report on the FY up to June. If they report after
June, we assumed they are reporting the next fiscal year.

e Data downloaded via the LSEG API is assumed to be point in time. For each
variable, we report the specific month when the data was reported (as of LSEG).
Initially, missing data was handled by forward-filling metrics for up to 12 months.
If no new data appeared at ¢t 4+ 13, the metric was considered missing. However,
this approach proved too conservative. To account for reporting variability, the
forward-fill window was extended to 18 months.

Merging To link firms across different databases, we use the following resources:

e SASB Masterfile (SICS_Mapping-Master_240650.zlsz) to Compustat: Linking table
from Capital IQQ between historical ISIN and GVKEY (ciq.wrds_isin).

e LSEG Mapping table (SASB_Submetrics_to_ LSEG_Mapping_231219_1.0.zlsx): Link-
ing table from LSEG ESG database fields to SASB metrics.

e LSEG to Compustat: Linking the table from Capital 1Q between historical ISIN
and GVKEY (ciq.wrds_isin).

e S&P 1200 Constituents: we gather the historical constituents of the S&P1200 using
gvkeyx = 150918 as index identifier. However, some observations are not included
in the filters imposed by Jensen et al. (2023), thus we append the data (making sure
that there are no observation-month duplicates).
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Naming conventions We retain the variable names from Jensen et al. (2023), but
in some cases, these variables are either multiplied or divided by 100 to enhance the
readability of the coefficients. When this adjustment is made, the variables are given the
suffix 100 or _100 to indicate the transformation.

C. Bryzgalova et al. (2022) and Xiong and Pelger
(2023): Imputation algorithm

This appendix provides further details on the methods of Bryzgalova et al. (2022) and
Xiong and Pelger (2023) to impute missing sustainable characteristics. We implement
the local backward-forward-cross-sectional (BF-XS) factor model, which leverages both
historical and cross-sectional information. Monthly, we estimate a latent factor model
using principal components analysis (PCA) in the characteristic space to impute missing
observations as common components of the factor model. This method accounts for the
dependency between characteristics, unlike simple mean or median imputation. Crucially,
it allows the missing pattern to depend on the latent factor model or characteristic-specific
features, essential since the data is not missing at random, as shown by Bryzgalova et
al. (2022) and Xiong and Pelger (2023). The initial setup involves a three-dimensional
tensor

t
Ol,i’

representing the characteristic [ of a firm 7 at a specific time ¢. There are L characteristics,
ranked cross-sectionally from -0.5 to 0.5. Over T time periods, with /V; stocks available
at any time ¢, we define C; as an (L x N;) matrix representing the characteristics for
the N; stocks in month ¢t. We assume an approximate K-factor model to describe these
characteristics. In the absence of missing data, latent factors and loadings can be derived
using PCA applied to the characteristics covariance matrix:

Clt,z‘ = FitAf/ + eg,z,
where F! € RMe<K) are the latent factors and A} € R(L x K) are the factor loadings,
with K predetermined. The loadings, being the eigenvectors corresponding to the largest
eigenvalues of the matrix, are used to regress Y for estimating the factors.

When faced with missing data, constructing a covariance matrix without imputation is
unfeasible. Consequently, this approach presents the sample covariance estimator (L x L)
matrix: 1

EEJ = m Z Clt,iClt,i € RN,
J l€|Q2,j|

where Q; ; denotes the collection of shared metrics for stocks i and j at time t. The
cardinality of this set is given by |Q;|, with a restriction |Q};| < L. Applying PCA
to X!, facilitates the estimation of the loading denoted by A{. Define WY, as a boolean
variable that equals 0 if C, is unavailable and 1 if present. Following this, by regressing
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Cf. onto Al, we obtain:

L

L
= (Y _WHAA)" Z whALC!
=1

Further, by regressing C' on Z/fit, we derive:

Z LEE) Z LEC!

This is computationally expensive, however, the sample covariance matrix built on
metrics can be substituted by an equivalent one, based on stocks. That is, the noisy
loadings can be estimated via theeigenvectors of the largest eigenvalues of the matrix

1
ot = o] > clcl e RV

“Plielot,|

is the set of all stocks for which the characteristic 1 and p are not missing at time t.
By assumption, |Ot| < N;.

Bryzgalova et al. (2022) defines different imputation refinements; we use their cross-
sectional backward model (B-XS) using historical and contemporaneous information.

alt;z'B_XS Bl BX— XS Z WzttXl tXl t Z Wt Xl tCt
=1

In order for results to be comparable with financial data prediction, these are evaluated
based on their root mean squared error (RMSE). Let C’tl be the impute dataset. Then

1
MSE = ,| = t
R S T ; L ; Nt Cll ( )
and over time
L
1
RMSE, = Z ﬁ —C1,)2.(13)

D. Instrumented Principal Component Analysis

This appendix provides a detailed review of the models of B. T. Kelly et al. (2019, 2020)
and Bybee et al. (2023). B. T. Kelly et al. (2019) motivates their [IPCA model, assuming
that asset returns follow this factor structure:

DTi’t+1 = Oyt + ,Blz-7tft+1 -+ €it+1, Vi = 1, e ,N and t = 1, tee ,T (14)
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The alphas a;, and the factor loadings 3;, € R¥*) are time dependent.'® Therefore,
the IPCA models

Q= c;,tl"a + Unit (16)
ﬁi,t = c;,trﬁ + Vﬁ,i,t; (17)

where ¢ € ROXD) denotes observed asset characteristics, and T', € RE*YD and T, €
REXK) are parameter matrices estimated from the data.
Some advantages of the IPCA model are:

Due to the dimension reduction introduced by the matrix I'g, the number of observed
factors L can be much larger than the number of factor loadings K.

The factors F; are time-dependent and are estimated from the data.

Handling missing characteristics. It will be useful to define a (L x L) matrix Wt =
ffi_fi and a (L x 1) vector X;,1 = Ct%fll. We can interpret X, as the ¢t +1 returns

on a set of L managed portfolios. The return on the I** portfolio is a weighted

average of asset returns with weights determined by the value of I*" characteristic
for each asset at time ¢ (normalized by the number of non-missing observations each
month, Nyyq).

This model is predictive, with observable factors lagged by one period relative to
the returns they explain.

€it+1, Ua,it, and vg,;, are mean zero random noises originating from the estimation
of factors and loadings. The €, ;4 uncovers the firm-level risk, whereas v, ; ;and vg; ;
represent the residuals between the true factor model parameters and observable firm
characteristics

The TPCA model addresses the challenges of high-dimensional factor models, where an
excess of characteristics introduces noise and collinearity among factors. This complicates
result interpretation and reduces out-of- sample performance. Therefore, I'3 aggregates
high-dimensional characteristics into a linear combination of exposure risks. Errors or-
thogonal to the dynamic loadings are captured in the vg ;.

In the empirical analysis, we assume I', = 0 while estimating I's. Thus, for the
restricted model (I'y, = 0), we have

Tigr1 = Dglipr + €4 (18)

where € 141 = €it+1 T Vajit T Vit In vector form,

Titt1 = Dgfiyr + €149 (19)

16. Contrary to classical factor modeling, as presented by Fama and French (1993, 2015), which assumes
returns follow a linear model:

rig=a;+ 08 Fi1 €, (15)
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where 741 is an (N x 1) vector of assets returns, Ct is an (N x L) vector of observ-
able characteristics and I'g is an LK mapping matrix, fi;1 is an (K x 1) vector of the
combination latent factor. Then we can write the objective function of IPCA model as

T-1
min » (re — C/Tsfi1) (g1 — C/ Tsfis) (20)
T
with constraints I'gI'g = I, and FF’ = diag(Ay,- -+, A\)
To minimize the objective function the alternating least squares method (ALS) is used,
switching R
ft+1 = (Fﬁlctctrﬁ)ilr,@,c;r##l f()r allt (21)

T-1 -1 1
vec(8) = (Z Gl ® ft—i—lft,Jrl) (Z Ci ® ft+17"£+1> : (22)
t=1 t=1

here ® denotes the Kronecker product of matrices. Formula 21 shows that latent factors
represent the coefficients of returns regressed on the latent loading matrix 3, € RW*E) ¢ =
(1,---,T). Meanwhile, I3 denotes the regression coefficients of r,.; on the combination
of latent factors and firm characteristics.

4.1. Pricing Metrics

We calculate the pricing performance of the model by calculating a variety of R2’s and
pricing error, following (B. Kelly et al., 2023) as follows:

N
/
Zi,t <ri,t+1 - Cz‘,tft+1/6i,t>

Total R* =1 — = (23)
it Tit+1
N2
!/
1 Zt (rz’,t+1 - Ci,tﬁft—O—l)
Time Series R* = Z T,R?, where R} =1 — 5 (24)
> T . > it
N2
!/
1 Zz (ri,tJrl - Ci,tﬁfwrl)
Cross Section R* = T ; R?, where R =1 — S (25)

2

1 . .
Relative Pricing Error = ™ Z %, where af = Z (rz‘,t—i-l - Cg’tﬁftH) (26)
oty T t



E LSEG COVERAGE: SASB METRICS

E. LSEG Coverage: SASB Metrics
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Table 8: SICS sector and industry classifications and availability of SASB Metrics in

LSEG
SASB LSEG
Sector Industry code # # Num Bin Coverage
Consumer Apparel, Accessories
Goods & Footwoar CG-AA 23 7 1 6 30.43
Appliance Manufacturing CG-AM 9 5 2 3 55.56
Building Products CGBF 14 9 6 3 64.29
& Furnishings
E-Commerce CG-EC 40 16 13 3 40.00
Toys & Sporting Goods CG-TS 11 4 1 3 36.36
Multiline and Specialty
Retailers & Distributors CG-MR 32 161 g 50.00
Household & Personal Products CG-HP 17 6 4 2 35.29
Extractives Oil & Gas — Services EM-SV 30 17 10 7 56.67
& Minerals Metals & Mining EM-MM 80 28 18 10 35.00
Processing Oil & Gas — Midstream EM-MD 37 15 8 7 40.54
Oil & Gas — Exploration EM-EP 82 27 18 O 32.93
& Production
Coal Operations EM-CO 74 22 13 9 29.73
Construction Materials EM-CM 46 25 19 6 54.35
Iron & Steel Producers EM-IS 41 20 15 5 48.78
Oil & Gas — Refining
& Marketing EM-RM 47 21 15 6 44.68
Food Alcoholic Beverages FB-AB 24 10 6 4 41.67
& Beverage Agricultural Products FB-AG 47 19 11 8 40.43
Food Retailers & Distributors FB-FR 41 19 12 7 46.34
Meat, Poultry & Dairy FB-MP 48 18 11 7 37.50
Non-Alcoholic Beverages FB-NB 31 9 6 3 29.03
Processed Foods FB-PF 39 12 7 ) 30.77
Restaurants FB-RN 39 14 11 3 35.90
Tobacco FB-TB 8 2 2 0 25.00
Financials Commercial Banks FN-CB 31 6 3 3 19.35
Consumer Finance FN-CF 28 3 2 1 10.71
Insurance FN-IN 28 4 1 3 14.29
Asset Management
& Custody Activities FN-AC 39 9 0 3 23.08
Security & Commodity Exchanges FN-EX 19 4 2 2 21.05
Mortgage Finance FN-MF 29 2 1 1 6.90
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Health Care

Infrastructure

Renewable
Resources

& Alternative
Energy

Resource
Transformation

Services

Technology
&

Communications

Table 8 continued from previous page

Investment Banking

& Brokerage
Biotechnology

& Pharmaceuticals

Drug Retailers

Medical Equipment & Supplies
Health Care Distributors
Health Care Delivery
Managed Care

Electric Utilities

& Power Generators

Gas Utilities & Distributors
Water Utilities & Services
Waste Management

Real Estate

Home Builders

Real Estate Services
Engineering

& Construction Services
Wind Technology

& Project Developers
Biofuels

Fuel Cells & Industrial Batteries
Forestry Management
Pulp & Paper Products
Solar Technology

& Project Developers
Industrial Machinery & Goods
Aerospace & Defence
Chemicals

Containers & Packaging
Electrical

& Electronic Equipment
Hotels & Lodging

Media & Entertainment
Professional

& Commercial Services
Advertising & Marketing
Casinos & Gaming
Education

Leisure Facilities
Hardware

Internet Media & Services
Semiconductors

F'N-IB

HC-BP

HC-DR
HC-MS
HC-DI

HC-DY
HC-MC

IF-EU

IF-GU
IF-WU
IF-WM
[F-RE
[F-HB
IF-RS

[F-EN

RR-WT

RR-BI

RR-FC
RR-FM
RR-PP

RR-ST

RT-1G

RT-AE
RT-CH
RT-CP

RT-EE

SV-HL
SV-ME

SV-PS

SV-AD
SV-CA
SV-ED
SV-LF
TC-HW
TC-IM
TC-SC

42

41

24
23
13
48
23

56

19
39
29
21
23
12

29

23
26

157

9
35

28

25
29
44
47

25

17
25

28

27
10
18
12
32
47
36
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11
10
18
14

12
25
23

11
10
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16.67

12.20

33.33
21.74
30.77
33.33
21.74

33.93

0.26
17.95
32.20
47.62
30.43
25.00

41.38

17.39

42.31

6.37
22.22
51.43

50.00

36.00
41.38
56.82
48.94

44.00

58.82
20.00

42.86

22.22
40.00
22.22
41.67
25.00
29.79
44.44




E LSEG COVERAGE: SASB METRICS 46

Table 8 continued from previous page

Software & IT Services TC-SI 50 15 11 4 30.00
Telecommunication Services TC-TL 29 8 6 2 27.59
Electronic Manufacturing Services
& Original Design Manufacturing TC-ES 25 7 7 0 28.00
Transportation  Car Rental & Leasing TR-CR 5 1 0 1 20.00
Rail Transportation TR-RA 30 15 10 ) 50.00
Marine Transportation TR-MT 33 14 9 ) 42.42
Cruise Lines TR-CL 42 15 10 5 35.71
Auto Parts TR-AP 17 10 8 2 58.82
Airlines TR-AL 23 10 5 5 43.48
Air Freight & Logistics TR-AF 32 18 12 6 56.25
Road Transportation TR-RO 27 19 13 6 70.37
Automobiles TR-AU 21 6 4 2 28.57




E LSEG COVERAGE: SASB METRICS

Missing Values Percentage (LSEG Binary)
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Figure 10: Missing characteristics (binary)
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Missing Values Percentage (LSEG Numeric )
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Figure 11: Missing characteristics (numerical)
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Figure 12: Missing characteristics: Materiality matrix by sector
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