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Abstract
We explore the relationship between a firm’s environmental, social and governance performance
(i.e., ESG) and labor productivity. We employ two approaches to examine this relationship: 1)
generating firm specific estimates of the relationship between ESG and labor productivity to
examine between and within industry variance; and 2) exploring a causal relationship via a
quasi-experiment, where regulatory changes led to a shock in the comparability of greenhouse
gas emissions data reported. Using random coefficient models, we estimate the distribution of
the ESG-labor productivity relationship across a large sample of US firms. We find that the mean
effect of ESG on labor productivity is statistically significant and positive in some sectors and
significant and negative in others, while the variance of the relationship is always larger than the
mean effect and statistically and economically significant. We find this variance is greater within
than across sectors, suggesting significant firm-level variation in the returns to ESG. To examine
the causal effect of revealing environmental performance, we examine the 2013 UK regulation
mandating standardized greenhouse gas emissions reporting for UK firms. We find that treated
firms with better (worse) than expected environmental performance have higher (lower) labor
productivity post-regulation, relative to both pre-treatment trends and a control group. The
combination of the correlational and quasi-experimental studies suggests that positive ESG
performance positively impacts labor productivity. These results bear important implications for
whether ESG is equally valuable for all firms as well as strong suggestive evidence of the impact
of revealed environmental performance on labor productivity.
Keywords: ESG, GHG emissions, labor productivity, sustainability, social value

*

Corresponding author. Sampson: University of Maryland, RH Smith School of Business, Van Munching Hall, College Park,
Maryland 20742, sampsonr@umd.edu, 301-405-7658. Barrymore: University of Maryland, RH Smith School of Business, Van
Munching Hall, College Park, Maryland 20742, nathan@umd.edu. We thank Jim Hawley and colleagues at TruValue Labs for access
to the ESG data used here (provided as members of their Academic Research Network) that has made this analysis possible. This
research was funded in part by a grant from the PwC Inquires program.

1. INTRODUCTION
As record amounts flow into ESG driven funds,1 questions have been raised about the
validity of investing on the basis of ESG ratings. Critics argue that ESG (i.e., metrics that capture
a firm’s environmental, social and governance profile) amounts to, “labelling based on
incomplete information, public shaming, and shunning wrapped in moral rhetoric,”2 implying
that currently reported ESG information is shoddy at best and bears little correlation with actual
firm performance, even on the dimensions that such measures propose to capture (see, e.g.,
Chatterji, Levine and Toffel, 2009). Concerns have also been raised that the pursuit of ESG
strategies by pension funds, for example, could undermine a money manager’s duty to act in the
best interests of their clients by providing a return sufficient to fund retirement.3
In contrast, a growing literature examines the impact of a firm’s ESG information on
financial metrics such as stock returns and cost of capital, providing suggestive evidence of the
positive impact of environmental and social initiatives on firm performance (e.g., Serafeim,
2018; Goss and Roberts, 2011; Deng, Kang and Low, 2013). Despite this burgeoning literature,
we have little large-scale empirical evidence that helps define or capture the mechanisms by
which environmental and social initiatives impact financial performance. That is, why does
positive ESG performance correlate with better stock performance? What do investors expect to
happen that will lead to increased value from ESG? Further, and perhaps more importantly, is
ESG equally valuable for all firms? Answers to these questions may help guide firms towards
more discerning investment in environmental and social initiatives by highlighting better when

1

Morningstar reports an increase of flows into socially responsible investment funds to $17.67B in 2019 from $2.83B in
2015 (https://www.morningstar.com/articles/959379/10-sustainable-investing-stories-of-2019). See also Białkowski
and Starks (2016) and Hartzmark and Sussman (2019).
2
Hester Peirce, US SEC commissioner, as quoted in “ESG Investing: Poor Scores,” The Economist, 7 December 2019.
3
See, for example, “SEC Questions Do-Good Funds,” Wall Street Journal, 17 December 2019.
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and what type of initiatives make most sense for firms. This is essential for making a more
sophisticated business case for environmental sustainability and social performance both within
the firm and to outside stakeholders.
In this paper, we examine one such mechanism that may link firm environmental and social
performance to financial performance: the relationship between ESG and labor productivity.
Firms with positive ESG profiles may be more selective in hiring and better able to retain and
engage employees, where employees share these firm values, leading to higher levels of effort
and higher labor productivity. However, this relationship is not assured. If firms pursue a
strategy of increasing environmental and social performance, they may shift productive resources
such as capital, labor, or managerial effort toward the production of positive ESG outcomes,
decreasing resources available for revenue producing activities (Becker 2011). Given these
countervailing theoretical arguments and existing research suggesting a positive, but small and
inconsistent mean effect between ESG performance and firm financial performance, we aim to
provide evidence on when and for which firms ESG performance impacts labor productivity.
We employ two approaches to address this agenda. First, we examine the relationship
between ESG performance and labor productivity in a large sample of international firms over
the 2008-2018 time period. Second, we examine how an exogenous shock to the visibility and
comparability of a firm’s greenhouse gas emissions affects subsequent labor productivity.
Our work expands previous research by focusing on labor productivity, using independently
reported ESG events, and examining the distribution of the ESG-financial performance
relationships, rather than the mean effect. We find that while the mean relationship between ESG
performance and labor productivity is statistically significant in some industries and not others,
the variance of this relationship is statistically significant and much larger than the mean effect
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across our whole sample. This suggests that while on average, there is a small or insignificant
correlation between ESG and labor productivity, for the median individual firm, this relationship
is significant – positive for some firms and negative for others. We also find that large firms have
generally positive ESG-labor productivity relationships, while small firms have generally
negative ESG-labor productivity relationships.
To go beyond this correlational study and identify potential causality, we study how a 2013
regulatory change in the United Kingdom mandating standardized greenhouse gas (GHG)
emissions reporting impacted the labor productivity of high emitting and low emitting UK firms,
relative to a control group of similar European firms. We find that when GHG emissions are
costly to observe (i.e., no regulatory requirements for reporting or standardization), there is no
relationship between ESG performance (emissions intensity) and labor productivity, but when
standardized firm emissions become public information, in the year of and after the regulation,
high-emitting UK firms show significantly lower labor productivity than both low emitting UK
firms and a control group of European firms.
The results from both approaches suggest that over the 2008-2018 timeframe there was at
most a very small mean relationship of environmental and social performance with labor
productivity, but this relationship varies significantly with both firm characteristics and
institutional characteristics, specifically the publicity of standardized and comparable ESG
outcome data.
In the sections below, we briefly review research that examines how ESG affects firm
financial performance and labor productivity. Descriptions of our datasets, empirical approaches
and results follow. We conclude with a discussion of the implications of our results not only for
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the direction of future research and fruitful areas for exploration, but also for how firms might
develop a more focused approach to environmental and social strategy.
2. ENVIRONMENTAL, SOCIAL AND FINANCIAL PERFORMANCE
The rising importance of ESG4 can be seen clearly through the significant increase in inflows
to equity mutual funds with mandates to invest according to ESG performance, relative to those
without such mandates (Białkowski and Starks, 2016). In the US mutual fund market, Hartzmark
and Sussman (2019) find that being categorized as a low sustainability fund led to net outflows
of more than $12B, while a high sustainability categorization yielded more than $24B worth of
inflows. These flows reflect the increasing demands by investors for accountability around
environmental issues such as climate change and social issues such as fair and safe labor
practices.5 Companies, in turn, are under increasing pressure from shareholders, customers and
other stakeholders to report on ESG performance, in response to emergent environmental and
social crises as well as the inherent risks to firm performance that such crises represent.
Reflecting these trends, recent statements by the Business Roundtable that the social
responsibility of business is to all stakeholders, not just shareholders,6 suggests that firms are
increasingly aware of the importance of business practices that underlie ESG metrics.
A growing body of recent research has investigated the financial performance implications of
positive ESG performance, that is, being ranked above industry peers on environmental, social
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We use ‘ESG’ to capture metrics that measure a firm’s environmental, social and governance profile, similar (though
not identical) to what was more commonly called ‘CSR’ or corporate social responsibility in past years. While we use the
acronym ESG in our text, we largely focus our empirical analysis below on environmental and social issues.
5
See, e.g., the ‘Joint Statement Between Institutional Investors on Behalf of Climate Action 100+ and Royal Dutch Shell
plc (Shell),’ issued 3 December 2018, https://www.shell.com/media/news-and-media-releases/2018/joint-statementbetween-institutional-investors-on-behalf-of-climate-action-andshell/_jcr_content/par/textimage_d010.stream/1543782013771/767edfadfd44d01e425d68a17fd5a1fd24f4f32b/03-dec2018-joint-statement-institutional-investors-and-shell.pdf
6
See Business Roundtable’s August 2019 ‘Statement on the Purpose of a Corporation,’
https://opportunity.businessroundtable.org/wp-content/uploads/2019/12/BRT-Statement-on-the-Purpose-of-aCorporation-with-Signatures.pdf
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and governance metrics. In a review of 167 studies, Margolis, Elfenbein and Walsh (2007) find a
modest positive correlation between corporate social (or ESG) performance and financial
performance, though this correlation is smaller in studies with basic industry and firm controls.
More recently, Khan, Serafeim and Yoon (2016) and Nagy, Kassam and Lee (2016) find that
positive changes in ESG are correlated with positive abnormal stock returns.
However, as the modest correlation in the meta-analysis suggests, the ESG-financial
performance relationship appears to be conditional. Many studies have found, for example, that
better environmental performance does not motivate innovation, nor does it guarantee greater
competitiveness (Jaffe, Peterson, Portney and Stavins, 1995; Ambec, Cohen, Elgie and Lanoie,
2013). In their extensive review of the literature, Kitzmueller and Shimshank (2012) argue that
demand for corporate social responsibility is not universal. Cheng et al (2014) find evidence
consistent with managers’ personal interests driving ESG behavior, suggesting ESG can be an
agency problem. This research on the ESG-financial performance relationship suggests there is
significant conditionality in the relationship, so we now turn to our mechanism of interest linking
the two: ESG’s effect on labor productivity.
3. ESG AND LABOR PRODUCTIVITY
The role of human capital in firm productivity has changed dramatically over the past several
decades, becoming relatively more important as more firms focus on innovation (e.g., Zingales,
2000). Bhaskarabhatla, Hedge and Peters (2019) find that highly talented inventors are attracted
to firms with other talented inventors but weak firm-specific innovation capabilities, concluding
that human capital, rather than firm capabilities, may be most important for firm innovation. This
implies that attracting and retaining high skill workers is essential for performance of firms
focused on innovation. Retention of workers is a key issue even for firms not focused on
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innovation, due to the costs associated with recruiting, selecting, and training new employees;
Cascio (2006) reports that such costs often exceed 100% of the annual salary for the position
being filled.7 Therefore, to the extent that ESG affects a firm’s ability to select, retain and
motivate employees, it will affect labor productivity.
Recent work has directly analyzed the link between firm environmental practices, one
component of ESG metrics, and labor productivity. Delmas and Pekovic (2012) find that firms
that adopt environmental standards, such as ISO 14001, experience higher labor productivity.
They posit that this higher productivity stems from greater employee commitment to the firm as
well as increased training that may arise from adoption of environmental standards (Ibid.; Ambec
and Lanoie, 2008). Similarly, Lannelongue, Gonzalez-Benito and Quiroz (2017) find that
environmental management is positively correlated with labor productivity in firms, but only
those with low capital intensity, arguing that such a positive relationship arises out of social
identity with the organization and the attractiveness as an employer that results from good
environmental practices. We expect that ESG metrics, which include but go beyond signals of
environmental practices, may impact labor productivity through mechanisms that improve the
ability for the firm to be more selective in hiring, reduce turnover and/or induce greater effort by
employees.
Firms with good ESG performance may be perceived as ‘better places to work’ and therefore
may be more selective in hiring. Turban and Greening (1996) find that corporate social
responsibility ratings (the precursor to today’s ESG metrics) are positively correlated with an
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Consistent with this, using store data from a retail chain, Ton and Huckman (2008) find that employee turnover is
associated with lower profit margins. Employee turnover also has an important influence on organizational productivity,
since turnover leads to a direct loss of firm-specific training and disruption of within-firm work groups (Brown &
Medoff, 1978).
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organization’s reputation and attractiveness as an employer.8 Positive ESG performance may
also contribute to perceptions of firm integrity among employees; integrity has been shown to be
positively correlated with productivity and greater attractiveness of that firm to prospective job
applicants (Guiso, Sapienza and Zingales 2015). Consistent with these findings, Burbano (2016)
reports that workers submit lower wage bids for jobs with organizations that are deemed socially
responsible.
Good environmental and social performance may also lead to increased employee
satisfaction, engagement and identification with the firm, thus, improving productivity, via
retention and formal or informal on-the-job training that comes with tenure (Lichtenberg, 1981;
Bartel, 1994)9 or via inducing greater effort by employees. Peterson (2004) finds that employees
report better work attitudes and greater commitment to the firm when that firm is perceived to be
a good corporate citizen. Similarly, job embeddedness rises with perceptions of fit between an
employee’s values and corporate culture, a form of satisfaction, which can help improve
retention (Mitchell, Holtom, Lee, Sablynski and Erez, 2001). In their meta-analysis of factors
that influence turnover, Allen, Bryant and Vardaman (2010) find that two of the factors that bear
the strongest negative correlations with turnover are the employee’s job satisfaction and
organizational commitment. In another meta-analysis of over seven thousand business units,
employee satisfaction and engagement were found to be positively correlated with productivity,
retention, and employee safety, among other variables (Harter, Hayes and Schmidt, 2002).
Employee satisfaction has been linked with financial performance (Edmans, 2011, 2012); one

8

Several studies point to the link between ESG (or CSR) performance and a firm’s attractiveness as an employer,
including Backhaus, Stone and Heiner (2002), Greening and Turban (2000) and Sen, Bhattacharya and Korschun (2006).
9
Lichtenberg (1981) points out that length of service to a firm is an important determinant of labor productivity, usually
as a result of firm specific on-the-job training. Training, which is generally linked to labor productivity growth (Bartel,
1994), is relatively more important for productivity growth in industries with higher human capital (Sepulveda, 2009), a
point we take up in our empirical analysis below.
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potential mechanism to explain this improvement in financial performance is via an impact on
labor productivity.
Finally, ESG metrics may also signal human resource practices within the firm (i.e., since
many of the ‘social’ components capture elements relevant to labor), which have been shown to
affect labor productivity. Past research indicates that human resource management practices are
correlated with lower employee turnover (e.g., Huselid, 1995) and higher labor productivity
(e.g., Ichniowski, 1990). To the extent that ESG factors also cover human resource practices,
such as fair labor practices, compensation and benefits, accident and safety management, and
efforts toward recruiting, development and retention, ESG performance on such labor related
issues should also increase retention and, consequently, labor productivity.10
However, just as in the ESG-overall financial performance domain, we expect these potential
benefits to be accompanied by the costs of implementing ESG practices. We address this first by
(i) using a random coefficient model to provide descriptive statistics on how this ESG-firm
financial performance relationships differs across and within industries and (ii) examining how a
regulatory shock changes the returns to ESG performance.
4. STUDY 1: DISTRIBUTION OF ESG-LABOR PRODUCTIVITY RELATIONSHIP
Our first study examines the relationship between ESG and labor productivity across a large
sample of US firms from 2008 to 2018, inclusive. We examine correlations and firm
heterogeneity using a variety of techniques described below. To construct our sample, we
combine environmental and social performance data from TruValue Labs with financial and

10

Huselid (1995:645) uses thirteen items to capture high performance work practices, consistent with prior research,
which include practices in the areas of: personnel selection, performance appraisal, incentive compensation, job design,
grievance procedures, information sharing, attitude assessment, labor-management participation, intensity of recruiting
efforts, average number of training hours and promotion criteria. Several of these criteria map onto ESG metrics
captured in our data below.
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employee data for publicly listed US firms from Compustat. We require firms to have 5 years of
data and a minimum coverage of firm ESG issues (more details below), providing us with a
sample of 13,313 US firm-year observations. Our sample construction is outlined in Table 2.
[Table 2 here.]
Our US sample ranges from 896 to 1,542 firms per year. We split our sample into industry
sectors for our main specification. Around half of our sample firms are manufacturing firms; the
sector breakdown of our firms is listed in Table 3.
[Table 3 here.]
4.1.

Dependent Variable: Labor Productivity

Our dependent variable is labor productivity, defined as the log of revenues per employee,11 a
widely used measure across literatures. In the human resource management literature, Ichniowski
(1990) uses logged sales per employee as the dependent variable to measure the effect of human
resource practices on employee productivity. Koch and McGrath (1996) also use revenues
divided by employees as their dependent variable to study the effect of modern human resource
management strategies. In the environmental domain, Lannelongue et al (2017) use logged sales
per employee to measure the effect of CO2 emissions on labor productivity. Revenues-based
productivity measures are also commonly used in economics (Foster et al 2008).
4.2.

Focal independent variable: ESG performance

Our main independent variable is ESG performance, which captures firm level
environmental, social and governance performance. We use data from TruValue Labs (TVL),
which measures ESG performance by analyzing and coding independent reporting of firm
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We drop observations where revenues are negative or there are fewer than 5 employees in the firm. For all variables
using log transformations we add one before taking the log.
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activities and events. While a relatively new data source, this ESG data has already been found to
condition investor pricing of ESG ratings (Serafeim 2018) and affect credit prices in
infrastructure projects (Henisz and McGlinch 2019). TruValue Labs gathers news media reports
from thousands of news sources daily, identifies which articles cover relevant ESG issues in a
firm, and codes articles as having positive or negative sentiment using natural language
processing algorithms. For example, an article in Vanity Fair alleging Amazon threatened to fire
employees for criticizing the company’s environmental practices was coded as having negative
sentiment and categorized under Labor Practices. In contrast, Duke Energy’s announcement that
it will start developing LEED certified buildings was coded as having positive sentiment and
categorized under Energy Management. Additional illustrations of the types of articles that go
into the TruValue Labs metrics are set out in Table 1.
[Table 1 here.]
A key advantage of this data is that it relies on information from outside the firm (e.g., news
reports and information from government regulators, NGOs and analysts) as opposed to data
reported by the firm itself. Given the lack of ESG standards and that such reporting is voluntary
over our sample period, the quality of firm-provided ESG data has been questioned. Berg,
Koelbel and Rigobon (2019) show that ESG ratings based on this self-reported ESG information
diverge widely based on who is rating the firm’s information. Highlighting the importance of
gathering non-financial information from independent sources, Guiso et al (2015) find that firms’
advertised values have no effect on performance, while employees’ perceptions of firm values
positively affect performance. The TVL data corresponds more directly to perceived values,
since this data captures the sentiment of outsiders to firm events, whereas self-reported firm data
on ESG corresponds more closely to the advertised values of the firm.
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TVL aggregates individual article sentiment scores into an overall ESG ‘Insight’ score for
each firm using an exponentially weighted moving average of all of a firm’s articles’ sentiment
scores. (Articles have a half-life of six months.) We take this ESG score to be a measure of a
firm’s overall ESG performance and use this as our main independent variable in our empirical
specification.
We also use disaggregated measures that capture environmental, social, and labor
performance separately. Each article in the TVL database is classified according to one or more
categories, producing ESG scores within each category, e.g., Labor Practices or Greenhouse Gas
Emissions. We aggregate these individual category scores into omnibus environmental, social,
and labor scores. For example, the environmental score is the average of 12 categories related to
a firm’s environmental performance, including greenhouse gas emissions, materials sourcing,
and water/wastewater management. While environmental and social omnibus scores are standard
in the ESG community, we add a labor score as a subset of the social score due to our focus on
labor productivity.
Different environmental and social issues are materially relevant to different industries. For
example, biodiversity impacts are relevant to agricultural production, but not to e-commerce
retailers. The Sustainability Accounting Standards Board (SASB) has developed a set of
standards indicating which sets of environmental and social issues are material for which
industries, including the previous examples. ‘Material’ data refers to firm information that would
be deemed to be important in investment decisions by reasonable investors, according to the
SEC. Using these SASB standards, Khan et al (2016) found that firms performing well on
material ESG issues outperform poor performers on material ESG issues, but there is no
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equivalent effect from performance nonmaterial ESG issues. We use only news articles from
material categories, as determined by SASB, when generating our measure of ESG performance.
Firms vary significantly in the volume of news media coverage they receive. While some
firms receive no coverage in certain years of our sample, Alphabet, Microsoft, and Tesla all had
over 2,000 articles covering ESG issues written about them in at least one year. Firms with very
few articles in the dataset more likely have noisy measures of ESG performance; thus, we
include only firms with a minimum of 3 articles per year to eliminate those with the lowest
coverage and noisiest data.
ESG performance is measured on a 0-100 scale, with higher numbers representing positive
ESG performance and lower numbers representing worse performance. A score of 50 is neutral
performance. In our US sample, material ESG scores range from 1 to 99 with a mean of 63,
indicating that the news media on average reports slightly positive news about firms’ ESG
performance. Firms’ ESG scores vary by an average of 8 points over a 3-year period and 12
points over a 5-year period. These variances, our sample restrictions on minimum news
coverage, and close analysis of a subset of articles, give us confidence that variance in our ESG
measure captures real news events around firms’ ESG behavior and outcomes.
One potential concern is that changes in ESG scores reflect time trends characterizing
industries or society rather than individual firms. In unreported results, we find that mean
industry sector ESG scores are slightly increasing over time. While an interesting avenue for
future study, we remove time trends and cross-industry differences in our main specification by
running separate industry level regressions with year fixed effects.
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4.3.

Control variables

Capital intensity: Previous literature suggests that capital intensity influences the relationship
between ESG performance and labor productivity. For example, using emissions data,
Lannelongue, Gonzalez-Benito and Quiroz (2017) find that environmental performance is
positively correlated with labor productivity in low capital intensity firms, and negatively
correlated with labor productivity in high capital intensity firms. We define capital intensity as
the log of assets divided by employees and include capital intensity in our main specification.
HHI: Labor productivity correlates with industry structure. Symeonidis (2008) finds that
productivity is lower in highly concentrated industries in the UK. In our US sample we generate
firm-year market shares within public firms as firm sales divided by four-digit SIC sales and
create an industry-level Herfindahl Index by summing the square of all firm market shares in
each industry, respectively. Descriptive statistics for our US sample are listed in Table 4.
[Table 4 here.]
4.4.

Estimation approach

Our main estimation strategy uses a random coefficient model (RCM) to estimate firmspecific effects of ESG on labor productivity. While common in economics, education,
biostatistics and other fields, RCMs are novel but growing in the strategy field.12 We regress
labor productivity on ESG performance, capital intensity, and industry concentration, and set all
independent variables and our intercept to be free parameters.13 This model estimates both a
population mean coefficient for each variable, as in OLS, and a variance of the coefficient. The
model then estimates firm-specific coefficients of the effect of, for example, ESG performance
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See Alcacer, Chung, Hawk and Pacheco-de-Almeida (2018) for a detailed explanation of RCM econometrics and
examples of recent papers in strategy that use RCMs.
13
We also include sector and year fixed effects.
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on labor productivity, that follow distributional assumptions generated from the data (Alcacer et
al, 2018). We estimate a firm-specific ESG-labor productivity relationship for each firm in our
sample. We do not lag any variables in our estimation. Our initial goal is examining the
distribution of firm-specific correlations between ESG and labor productivity, and not to make a
causal argument. In robustness checks not shown here, we find consistent results lagging ESG
variables by one year.
4.5.

Study 1: Results

Our first model examines the effects of ESG performance on labor productivity across
sectors for US firms. Table 5 shows regression results for both fixed effects models (i.e., firm
and time effects) and random coefficient models with sector effects using overall ESG
performance and environmental/social/labor performance separately as independent variables.
In order to report summary results from our fixed effects and random coefficient models in a
limited number of regressions, our initial models in Table 5 include sector-level controls rather
than separate sector-level regressions. In both the fixed effects and random coefficient models in
Table 5, there is no significant mean effect of ESG on labor productivity. However, there is
significant variance in the relationship in the random coefficient models. This means that there is
a significant distribution of both positive and negative ESG-labor productivity relationships
across our sample of firms.
[Table 5 here.]
To better capture expected differences in the distributions of relationships between ESG
performance and labor productivity across sectors, we run separate random coefficient models
for each sector. We run these sector level regressions for ESG, environmental, social, and labor

14

performance, resulting in a total of 32 regressions (8 sectors, 4 ESG measures). To report these
results concisely, we graph each model’s mean and range of firm-specific coefficients.
Figure 1 shows the distribution of firm-specific coefficients, which we refer to as ‘firm
estimates’. The diamond represents the mean coefficient of ESG events on labor productivity
within the industry and the bar with ‘x’ symbols at the ends represents the range between the 5th
and 95th percentile of firm specific estimates in that sector. That is, the bar is not a confidence
interval, but represents the 5th to 95th percentile range of actual firm specific estimates generated
using the random coefficient models. For all sector-level regressions where the mean coefficient
on ESG performance was not significantly different from zero, we place the diamond
representing the mean effect at zero. Thus, any mean estimate that differs from zero in the
figures is statistically significant. For all sector-level regressions where the variance of the
coefficient is not significant, we plot only the mean effect (i.e., the diamond shape only). Where
variance is significant, we plot the range of estimates as a bar; there are four bars for each sector.
These bars capture the range of firm relationships between labor productivity and: (1) the
omnibus ESG measure (first bar for each sector in blue); (2) environmental categories only
(second bar in green); (3) social categories only (third bar in orange); and (4) labor subset of
social categories only (fourth bar in red).
[Figure 1 here.]
The mean effect is statistically different than zero in our sample in the majority of regressions,
sometimes positive and sometimes negative. The variance in the ESG-labor productivity
coefficient is statistically significant, economically meaningful, and much larger than the mean
effect.
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The range of firm-effects varies within and across industries as well as between ESG
categories (i.e., all ESG performance, or only environment, social or labor). Environmental
events have more heterogenous and larger correlations with labor productivity than the social,
labor, or overall ESG measures. While in the case of the labor category, which has fewer data
points and observations than the other measures, this may be due to sample size restrictions,
comparison of estimates from the environmental versus the overall ESG metric is consistent with
environmental issues having a more significant relationship (both positive and negative) with
labor productivity. These results are also consistent with the signal to noise ratio in the
environmental measure being higher than in the non-environmental measures. Manufacturing
and mining firm estimates show the broadest distribution of the relationship between labor
productivity and overall ESG and the environmental specific ESG metric (i.e., most significant
within sector, between firm, differences in this relationship).
We next split our sample into an early period (2008-2013) and a late period (2013-2018), to
better allow our firm specific estimates to vary over time. The importance of environmental and
social factors to firms and their stakeholders has increased over time (at least in awareness) and
we anticipate that the impact of a firm’s ESG performance on labor productivity may similarly
change over time. In the same fashion as Figure 1, we plot the mean and range of firm specific
estimates by industry according to these two time periods in Figures 2 and 3. Consistent with our
expectation, we find that in the later period the variance of the relationship is larger, and the
mean effect is more often significant. While not the subject of our analysis here, this observation
is consistent with the rising focus of investors and other stakeholders on firm environmental and
social performance.
[Figures 2 and 3 here.]
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Observing the significant heterogeneity between firms, we perform a supplemental analysis
to better understand why some firms have a positive versus negative relationship between ESG
and productivity. We expect larger firms to face significantly different tradeoffs from ESG
performance than small firms. For example, large firms may have more slack resources
available, reducing the cost of ESG related investments and may also experience increased
returns to reputation, increasing the payoffs of ESG performance. Conversely, small firms may
face higher tradeoffs around ESG performance. We find that firm estimates (i.e., the firmspecific relationship between the omnibus ESG performance measure and labor productivity)
correlate positively with two measures of firm size: log(revenues) (significant at the 1% level)
and log(assets) (marginally significant, p-value of 0.07). Figure 4 shows these relationships using
binned scatterplots.
[Figure 4 here.]
5. STUDY 2: IMPACT OF REVEALED ENVIRONMENTAL PERFORMACE ON
LABOR PRODUCTIVITY
Our large-scale analysis of the relationship between ESG performance and labor productivity
above shows significant variance across and within industries. We find that there are firms for
which high ESG performance is correlated with high labor productivity, and firms for which
high ESG performance is correlated with low labor productivity. However, these patterns are
correlations and do not allow us to make any claims about the causal impact of environmental or
social performance on labor productivity.
One approach to test for the causal effect of ESG performance on labor productivity is by
examining a shock which changes the information revealed to management and employees,
while not changing actual ESG performance. This information path can provide insight into how
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individuals react to ESG performance. We identify one such regulatory change in the UK in
2013 which provides an exogenous change to the information available around one significant
aspect of ESG performance: greenhouse gas (GHG) emissions. Specifically, this regulation both
mandates and standardizes the reporting requirements for GHG emissions. This standardization
allows direct comparison of firms within and across sectors that was largely impossible prior to
the 2013 regulation. The shock we use as a quasi-experimental study is the impact of revealed,
comparative data on GHG emissions by firms that were already reporting GHG emissions, albeit
in a non-standardized format. In our analyses below, we analyze how the relationship between
excess GHG emissions and labor productivity changes as a result of the regulation and
subsequent standardization of reporting.
5.1.

UK Companies Act Regulation 2013

The UK Companies Act Regulation 201314 required all publicly listed firms to report their
carbon emissions, beginning in the 2013 fiscal year. This law provides an exogenous shock to
GHG emissions reporting for UK firms that did not previously report standardized GHG
emissions. This event allows us to use a difference-in-difference approach for making causal
claims about how ESG information revelation affects labor productivity. With respect to this
specific regulatory change, Jouevenot and Krueger (2020:12) note:
“What makes the U.K. GHG emissions disclosure regulation unique is that, in contrast to
other disclosure regulations concerning non-financial information (e.g., the EU Directive
on non-financial disclosures…), the U.K. regulation is prescriptive about (1) what kind of
information needs to be disclosed, (2) how this information needs to be presented, and (3)
where the information needs to be disclosed. In other words, the regulation is mandatory,
prescriptive, and standardized.”

The official legislation is the UK Companies Act 2006 (Strategic Report and Directors' Report) Regulations 2013. The 2013
regulation is an update to the 2006 law.
14
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Initial research has found real changes in firm behavior as a result of this regulation.
Jouvenot and Krueger (2020) find that UK firms subject to the regulation reduce their GHG
emissions and emissions intensities by 14% and 17%, respectively, relative to other European
firms post regulation. Furthermore, firms that report low emissions intensities see a rise in their
stock price on the day they report emissions in 2013. Our analysis takes a different approach and
analyzes responses in labor productivity to the improved information on a firm’s carbon
emissions that allows employees and other stakeholders to observe relative performance.
The UK Companies Act Regulations 2013 requires all firms listed on the London Stock
Exchange to report their scope 1 and scope 2 greenhouse gas emissions, as well as their
emissions intensity and methodology for calculating emissions. The law was planned over 20112012 and was passed and went into effect in 2013. A brief timeline of the law’s development is
listed below:
UK Companies Act 2006, Regulation 2013 Timeline
2006 The Companies Act of 2006 is passed. The law is the primary source of
company law. No emissions reporting requirements are included.
2008 Climate Change Act of 2008 passed. The Act requires that, by 2012, the
government write a law requiring directors of some companies to report on
GHG emissions in some manner. Which companies must report and how
and what these companies will report is left for future debate.
Aug 2011 The UK government solicits feedback on potential versions of a GHG
emissions law beginning in early 2011. No reporting, voluntary and
mandatory reporting are all discussed. By August 2011, the government
recommends the law mandating GHG emissions reporting by listed
companies. At this point, firms listed on the London Stock Exchange can
reasonably expect to be mandated to report carbon emissions beginning
sometime in 2012 or 2013.
2012 Regulation is drafted, firms can expect to begin standardized reporting in
2013.
Jul 16, 2013 Regulation is approved by the House of Commons.
Oct 1, 2013 Regulation goes into effect; firms must report their GHG emissions by this
date.
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5.2.

Empirical Approach

Based on the development of the law over the 2011-2013 time period, we expect firms listed
on the London Stock Exchange could predict that they would be required to report standardized
GHG emissions for the 2013 fiscal year. While the law did not pass until mid-2013, the UK
government recommended mandatory reporting for listed firms in mid-2011 and the regulation
was drafted by mid-2012. Accordingly, we expect firms to respond to the regulation in 2013, and
we expect to see financial effects from the regulation beginning that same year. We focus on
firms that were already reporting GHG emissions, but in a non-standardized format prior to
2013. Thus, the 2013 regulatory change is not leading the firms we focus on to report GHG
emissions for the first time, but rather to standardize their reporting.
As noted above, the key aspect of this regulation was that it requires firms to report
standardized and comparable GHG emissions data. Before the regulation, most firms listed on
the London Stock Exchange reported some GHG emissions data in their CSR reporting or in
their Directors’ Reports. However, while comparable data was collected and reported to ESG
data collectors such as the Carbon Disclosure Project, firms publicly reported selective and noncomparable GHG emissions data points. For example, in 2012, firms may have reported that they
reduced CO2 output by 4% from the previous year or reduced total emissions from a baseline
many years back. Some firms chose to exclude new acquisitions from their emission
calculations. As a consequence of the regulation, beginning in 2013 all firms had to report the
absolute Scope 1 and Scope 2 emissions in their publicly available and easily accessible
Directors’ Reports. This change allowed stakeholders including employees to make comparison
across firms at a much lower cost.
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We are interested in the financial effects (i.e., revenues-based labor productivity) of this
requirement to disclose comparable emissions data. We expect large firms, firms with high levels
of production, and capital-intensive firms to have different levels of emissions than their smaller,
less output-intensive or capital-intensive counterparts. We also expect different industries to have
different levels of absolute emissions and emission intensities. As such, similar to King and
Lenox (2000), we use an emissions production function to estimate a predicted level of
emissions for each firm. We then generate a measure of excess emissions for each firm-year
observation by subtracting this predicted emissions value from their actual reported emissions.
The 2013 regulation should make excess emissions more salient to stakeholders, including
employees. Before the regulation, accessing comparable emissions data was costly or simply
inaccessible for most stakeholders. Given stakeholders’ lack of information, we expect any preregulation relationship between excess emissions and labor productivity to reflect operational
efficiencies or managerial choices between GHG emissions and revenues, and not employee or
consumer responses to firms’ relative emissions levels. The mean relationship between ESG and
labor productivity in our larger analysis was close to zero in many industries and, as such, we
conservatively expect there to be no significant relationship between GHG emissions and labor
productivity before the regulation goes into effect.
When the regulation goes into effect, we expect there to be a shock to the information
available to employees, consumers, managers, and other stakeholders. Given this shock to the
information available and the negative connotation of excess emissions, we expect the excess
emissions residual to have a negative relationship with labor productivity for firms subject to
mandatory GHG reporting (i.e., UK incorporated firms) beginning in 2013.
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5.3.

Data and Sample Description

Our treatment sample consists of UK incorporated firms listed on the London Stock
Exchange. Our control sample consists of firms listed on other major European stock exchanges.
We gather financial data from Thomson Reuters Worldscope. We gather greenhouse gas
emissions data from Thomson Reuters ESG (formerly Refinitiv) and supplement this data with
GHG emissions data from Bloomberg.
Our final sample consists of 152 treated (UK) firms and 319 control (European) firms. Our
European firms come from 16 European stock exchanges, with the majority coming from Paris,
Frankfurt, Milan, Madrid, Zurich, Stockholm, and Helsinki, in that order. The stock exchanges
we use in our sample are listed in Table 6.
[Table 6 here.]
We require firms to have GHG emissions data for all years between 2010 and 2015 inclusive
to be included in our sample. Importantly, we are able to observe standardized GHG emissions
data pre-2013, while employees and other stakeholders were not able to in those years. We are
able to observe standardized GHG emissions pre-2013 for those firms reporting to the Carbon
Disclosure Project (CDP). While such reporting was not mandatory, nor audited, the reporting to
CDP was standardized. We can now observe those reports via Thomson Reuters data, but note
that this data was not disclosed at the firm level by CDP to the general public (and still is not).
While it is possible that firms would report inaccurate information to the CDP, given the private
nature of the disclosure, the incentive to falsely report is reduced. Thus, all of the firms in our
treatment sample collected GHG emissions information before 2013. However, these firms were
not legally required to report these emissions publicly in such a standardized format. Employees
(as well as consumers and other stakeholders) would not have been able to access this
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comparable GHG emissions data for the vast majority of British firms until the UK regulation
made such reporting mandatory in 2013.
By including only firms with GHG information for all years between 2010 and 2015 we keep
a consistent sample of firms pre- and post-regulation. This allows us to isolate the effects of the
revelation of comparable ESG information to employees, removing any influence first time
reporting firms would have on our sample. This addresses our concern that firms which report
for the first time in 2012 or 2013 may have different labor productivity patterns than firms that
consistently reported emissions before the regulation was drafted.
Our main measure of GHG emissions is the sum of scope 1 and scope 2 emissions, what we
call total emissions or simply emissions for the remainder of the paper. Scope 1 emissions are
emissions from sources that are owned or controlled by the company (e.g., boilers, furnaces or
company-owned vehicles). Scope 2 emissions are emissions from electricity purchased and
consumed by the company (e.g., emissions produced by generating electricity purchased by the
focal firm to power their buildings). We use the sum of scope 1 and scope 2 emissions because
these are the two types of emissions firms are required to report according the UK regulation.
To generate our focal independent variable, ‘Excess Emissions’, we first use an emissions
production function to generate predicted emissions for each firm year. Industries vary
significantly in their emissions intensities, so we run separate regressions at each industry-year
level. The regressions estimate total emissions, !"# , as a function of assets, revenues and capital
intensity. Formally, the production function is:
y"# = '()# *"# + ',)# *"#, + '-)# ."# + '/)# ."#, + '0)# 1"# + '2)# 1"#, + 3"#
The variables *"# and *"#, are firm 4’s assets and assets squared, respectively, in year 5; ."#
and ."#, are firm 4’s revenue and revenue squared, respectively; 1"# and 1"#, are firm 4’s capital
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intensity and capital intensity squared, respectively. Capital intensity is defined as assets divided
by employees. All coefficients are specific to their industry (7) and year (5). We choose these
variables and specification to maximize the fit of the regression and predictive power to estimate
expected emissions. While several of these regressors are clearly correlated with one another, our
objective is to pull as much firm specific variance that can be explained by characteristics such
as production levels, sales, and the capital to labor ratio (i.e., capital intensity) as possible out of
the error term. As such, the relatedness of the regressors is less of an issue than would be
typical.15
Excess Emissions are defined as actual reported emissions (from Thomson Reuters or
Bloomberg) minus predicted emissions (E[y"# ], estimated from the regression above). This
excess emissions variable is our main independent variable of interest. We are interested in how
excess emissions predict labor productivity before and after the 2013 regulation for UK firms,
and after regulation for UK firms relative to their European counterparts.
Descriptive statistics for emissions and financial variables are set out in Table 7. Firms in our
control (European) sample are on average larger than firms in our treatment (UK) sample. This is
because in order to be in our sample we require firms to have GHG emissions data in one of our
data providers for all years between 2010 and 2015 inclusive. A higher proportion of UK listed
firms reported GHG emissions over this time period than European firms (Jouvenot and Krueger
2020). In order to adjust for these differences, we include various controls for firm size in our
emissions production function and include firm fixed effects in some specifications. While
absolute size and emissions vary between our treatment and control samples, our focal variables

15

By estimating our emissions production function by industry sector by year, we generate over 200 sets of regression estimates.
In the interests of brevity, we do not set these estimates out here, but note that the emissions production functions explain much
of the emissions variance in our firms with an average r-squared of 0.86 and adjusted r-squared of 0.74. Full regression results are
available upon request.
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of interest, emissions intensity and labor productivity, are scaled by firm size and are much
closer between the two samples.
[Table 7 here.]
5.4.

Study 2: Results

Our descriptive statistics show that while firms in our European sample are larger and have
higher absolute emissions, our UK and European sample have similar emissions intensities.
Figure 5 graphs emissions intensity over time, for UK and European firms split into above or
below-median emissions intensity groups. UK high emitting firms decrease their emissions
intensity post regulation, both in 2014 and then to a greater degree in 2017 and 2018. In contrast,
high emissions intensity European firms see a slight increase post regulation in 2014. UK low
emitters see a slight increase in emissions in 2015, while no change is observed in low emissions
intensity European firms post regulation.
[Figure 5 here.]
Our main inquiry is how ESG performance affects labor productivity. Here we specifically
examine the impact of environmental performance by regressing labor productivity on excess
emissions in separate year-by-year regressions and examine the coefficient on excess emissions
in the years before and after the UK regulation. We do not control for firm financial
characteristics in these regressions because these financial characteristics are used in our earlier
estimation used to create the excess emissions variable. Results for these regressions are set out
in Table 8 and are plotted graphically in Figure 6.
The coefficient on excess emissions (or emissions residual) is statistically insignificant and
close to zero for both the treatment (UK) and control (European) firms in 2010, 2011 and 2012.
In 2013, the year the regulation went into effect, we observe a negative and statistically

25

significant coefficient on excess emissions in the UK sample, and a positive and statistically
significant coefficient in the European sample. Thus, excess emissions do not correlate with
labor productivity for UK or European firms in the years leading up to the UK regulation.
However, in 2013 and 2014, the year of and the year after the regulation was implemented,
excess GHG emissions correlated with lower labor productivity for UK firms. The effect on
European firms not subject to the regulation was the opposite – a positive correlation between
excess emissions and labor productivity in 2013, and then a return to a non-significant
relationship in 2014 and beyond.
[Table 8 and Figure 6 here.]
To examine which firms are driving this relationship, we re-estimate these regressions for
two relevant sector groups: industrial firms and consumer products firms. We choose these two
sector groups in order to better distinguish between effects on our revenues-based labor
productivity measure that may be driven more by consumer effects (i.e., changes in sales due to
revealed GHG emissions being greater or lower than expected) versus employee effects (i.e.,
more revenues generated per employee because of increased labor productivity). The industrial
firms group consists of all firms in energy, chemicals, mining, resource, industrial, and
transportation sectors. The consumer goods group consists of firms in consumer products and
services, food, and household sectors. We expect that results for consumer facing firms are more
likely to reflect changes in consumer behavior than results for industrial firms. Observed effects
in industrial firms may be better attributed to changes in labor productivity. Regressions of labor
productivity on excess emissions for these groups of firms are shown in Table 9.
[Table 9 here.]
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Results for industrial firms are qualitatively consistent with the results reported above. The
coefficient on the emissions residual is statistically insignificant and close to zero until 2013, at
which point the coefficient is significant and negative for UK firms and significant and positive
for European firms. The 2013 coefficient on excess emissions for UK firms is around 50% larger
in the industrials sub-sample than in the full sample estimate shown in Table 8. In our consumer
goods sample, we see no statistically significant correlation between excess emissions and labor
productivity. Thus, the negative correlation between excess emissions and labor productivity in
Table 8 appears to be driven by industrial firms.
As a robustness test, we also perform a difference-in-differences regression on the pooled
sample. We regress labor productivity on excess emissions over the 2010-2015 time period. We
choose to end our sample in 2015 because of the Brexit vote in mid-2016 and to maintain a
sample close to the treatment year. We include year dummies in all regressions to control for
year-specific effects on labor productivity, and a region dummy in all regressions to control for
consistent differences in labor productivity between firms in our sample in the UK and in
Europe. We include a dummy called ‘Regulation’ which equals one for all firm-years subject to
the regulation, that is, UK firms in 2013, 2014 and 2015. Any mean change in labor productivity
for all UK firms in our sample over the 2013-2015 time period will be reflected in the coefficient
on the regulation variable. While we do not expect such a mean level change, we do expect that
the regulation will differentially impact high and low emitting firms. To see this effect, we
interact excess emissions with the regulation dummy. The coefficient on this interaction term
captures the effect of the regulation across different levels of firm emissions.
We see a consistently negative coefficient on the interaction term in all three models (i.e.,
where included) and the coefficient is statistically significant at traditional levels in the baseline
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and sector fixed effects model. The coefficient is also negative with a p-value of 0.098 in the
firm fixed effects model (column 6). This negative coefficient indicates that UK firms under the
mandatory disclosure regime with high excess emissions had lower labor productivity than their
European peers who were not subject to the regulation. Furthermore, this negative correlation
between excess emissions and labor productivity was not present before the regulation was
instituted.
[Table 10 here.]
Our results indicate that in the year the UK regulation mandating standardized GHG
emissions disclosure went into effect (and perhaps one to two years after) there was a significant
negative correlation between excess GHG emissions and labor productivity for UK firms.
Furthermore, this effect is driven completely by industrial firms, with no effect in consumer
facing firms. Industrial firms have, on average, significantly higher absolute emissions and
emissions intensity than the consumer facing firms in our sample. We also expect firms in our
consumer category to have more interaction with final consumers. These two facts suggest to us
that the regulation had a significant impact only on firms for which GHG emissions is a material
ESG issue, and the effect of the regulation is driven at least in part by employees, or other
stakeholders within the firm, rather than only consumers.
Our results appear to have an effect over a two-to-three-year period. This suggests that while
the shock to the ESG information available to stakeholders has an immediate impact on the ESGlabor productivity relationship, in our sample there appears to be a return to an equilibrium after
a few years where the average relationship is close to zero.
Our results from this regulatory change complement the large-scale results correlating ESG
and labor productivity in the first part of our paper. By analyzing an exogenous change in the
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regulatory regime, we are better able to assess the direct impact of ESG performance, and
stakeholders’ awareness of ESG performance, on labor productivity. Evidence from this
regulation provides suggestive evidence that increasing information around ESG performance
increases the correlation between ESG performance and labor productivity, at least in the short
run.
6. IMPLICATIONS & CONCLUSION
In this paper, we examine the relationship between a firm’s ESG performance and its labor
productivity. Given the increasingly cited idea that people prefer to work for firms that share
their values and have a positive impact on the world, it follows that ESG performance, as an
indicator of both a firm’s values and degree of positive impact, could drive how attractive the
firm is as an employer. If a firm’s environmental, social and governance profile is tied to its
reputation and positive values lead to greater employee engagement and satisfaction, reducing
turnover and potentially increasing effort, we would expect such a profile to affect labor
productivity.
We focus on labor productivity as a measure of current firm performance, rather than a
measure that also captures future expectations. Many past studies on the relationship between
ESG and firm performance, while informative, have largely focused on stock returns, which
captures not only past performance but market expectations around future returns. In this sense,
we seek to link the impact of ESG metrics on a stakeholder of interest to the firm (i.e.,
employees) and on an outcome that ultimately bears a relationship with firm financial
performance (i.e., labor productivity). Thus, we seek to better understand the feedback loops
between ESG and elements of performance that may not be immediately transparent to either
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investors or the firms themselves but are crucial to better understanding the (potentially
conditional) importance of firm practices that underlie ESG.
We first provide correlational evidence on the distribution of the ESG-labor productivity
relationship across a large set of US firms. Using a recent source of ESG data that relies on
external observation of events (from news sources, government regulators, NGOs and other
outside parties) rather than firm self-reported information that bears an unclear relationship with
actual ESG performance, we find significant heterogeneity between and within industries in the
relationship between ESG and labor productivity. Further, the variance of this relationship is in
most cases more significant within industries than between them; however, we note that some
industries, such as utilities, exhibit less variance on this relationship than others such as
manufacturing and mining.
We also note that the estimates of the relationship between ESG and labor productivity vary
according to which elements of ESG are included. For example, environmental elements of ESG
show greater variance than social elements in the relationship with labor productivity in mining,
whereas the opposite is true in the services sector. In some cases, these firm level relationships
are positive, suggesting a benefit to firm labor productivity from ESG performance, while some
relationships in the same industry are negative, suggesting that in those firms there may be a
resource tradeoff from investing in ESG that diminishes labor productivity, along the lines
suggested by Becker (2011) with respect to environmental management. We briefly explore the
types of firms which have positive relationships between ESG performance and which firms
have negative relationships. We find firm size correlates positively with the labor productivityESG relationship, suggesting large firms may see a benefit from ESG while small firms see a
cost.
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Via a quasi-experimental setting, we also show causal evidence of how a change in the
visibility of ESG performance affects the ESG-labor productivity relationship. We find that the
introduction of mandatory and standardized greenhouse gas emissions reporting in the UK in
2013 correlated with a significant drop in the labor productivity of high emitting UK firms and
an increase in the labor productivity of low emitting UK firms. Furthermore, this relationship
held when comparing to a control group of European firms unaffected by the regulation.
We find the financial benefits of stronger ESG orientations vary according to firms, at least
when considered through the lens of labor productivity. Thus, a firm’s strategy around ESG
should not be one size fits all, even within the same industry. While this seems somewhat
obvious, from news reports and past research that generates mean effects across a sample, one
may get the impression that investing in practices that drive ESG performance has no downside.
From a financial performance perspective, our results imply that investors and pension funds (as
well as the firms themselves) need to be sophisticated in their evaluation of what elements of
ESG are most important to focus on, given a firm’s competitive strategy. This is essential
knowledge to most efficiently allocate resources towards solving our most pressing challenges,
such as climate change.
Furthering the type of analysis contained in this paper can also help firms prioritize their
ESG strategy. With the proliferation of reporting standards on different elements of ESG (e.g.,
TCFD, GRI, UNGP Reporting Framework, CDP, etc.), firm prioritization of ESG issues can be
challenging. With better understanding of how elements of ESG link to firm performance that
are specific to firm characteristics, firms can better devise an effective strategy for
implementation of practices driving ESG metrics that both improves financial performance and
has a meaningful impact on stakeholders most affected by that firm.
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If firms are able to better understand what elements of ESG are important for different
aspects of performance, they can better make the case for investments in such areas with boards
and investors. This will also allow a more nuanced creation of ESG strategy that moves from a
shotgun approach to one that is more tailored to the overall strategy and vision for the firm. Such
information may also reveal the time horizons for payoffs from investments in practices that
drive ESG metrics and performance. Further exploration on how long it takes for positive ESG
performance to translate into benefits to human resources – that is, better selectivity, retention,
engagement and, potentially, effort – that drive labor productivity is also warranted. This type of
analysis may also help identify how firms develop authenticity around ESG practices, which is
thought to be an important element in translating these practices into greater customer and
employee loyalty and lowering risk more generally with stakeholders.
Our study is limited by our sample, which is constrained to large, public firms. These are the
firms where external reporting is available to provide a more informative picture of a firm’s ESG
performance. We find that the relationship between ESG performance and labor productivity is
less positive for smaller firms in our sample. These results suggest that smaller firms may
experience more tradeoffs when investing in practices that generate ESG performance. To the
extent that ESG type investments detract from the overall performance and stability of the firm,
such investments and subsequent ESG performance may make that firm a less attractive
employer. A broader examination of these potential tradeoffs in smaller firms is a fruitful avenue
for future research once more robust ESG data is available for these firms.
Alternatively, our causal study suggests that changing the visibility of ESG performance
causes greater alignment between ESG performance and labor productivity, consistent with the
firm size results from our correlational results. As ESG reporting frameworks continue to
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standardize and reporting becomes increasingly mandatory, these results suggest that the ESGlabor productivity link will become more positive over time, making ESG an increasingly
financial material issue for firms.
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Figure 1: US Firm Estimates, by sector
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Figure 2: US Firm Estimates, early sample period

Figure 3: US Firm Estimates, late sample period
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Figure 4: Firm effects by firm size (assets and revenues)

Figure 5: Emissions intensity, high and low emitting firms, by region-year
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Figure 6: Coefficient estimates of relationship between labor productivity and
excess emissions, by region-year

Figure 7: Coefficient estimates of relationship between revenue and excess
emissions, by region-year
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Figure 8: Coefficient estimates of relationship between employees and excess
emissions, by region-year
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Table 1: Illustrative news articles from TruValue Labs dataset
MT / ArcelorMittal
ESG Effect Negative
Article

Category Waste & Hazardous Materials Management
ArcelorMittal has been accused of manipulating test results to conceal the amount of ammonia and cyanide that is
being discharged from its plant in Indiana.

Source

Steel Guru: steelguru.com/steel/arcelormittal-burns-harbor-accused-of-manipulating-test-results-by-idem

AMZN / Amazon.com
ESG Effect Negative
Category Labor Practices
Amazon has allegedly threatened to fire employees for criticizing the company's environmental policies.
Article
Vanity Fair: vanityfair.com/news/2020/01/amazon-threatens-to-fire-employees-climate-change-environment
Source
JNJ / Johnson & Johnson
ESG Effect Negative

Category Product Quality & Safety

Article

Washington has sued Johnson & Johnson for allegedly deceiving patients and doctors about the addictive nature of
the opioid pain killers it developed and marketed.

Source

My Northwest: mynorthwest.com/1658163/ag-ferguson-johnson-and-johnson-opioid-lawsuit

ORSTED / Orsted A/S
ESG Effect Negative
Article

Category Systemic Risk Management
Orsted will pay £4.5 million because its power station failed to remain connected after a lightning strike, causing a
power outage in the UK that affected more than one million customers.

Source

New York Times: nytimes.com/reuters/2020/01/03/business/03reuters-britain-powercut.html

GE / General Electric Co
ESG Effect Positive
Category Product Design & Lifecycle Management
GE said it won 1,215 MW of wind turbine orders or commitments from customers in China in 2019.
Article
Renewables Now: renewablesnow.com/news/ge-bags-12-gw-of-wind-orders-in-china-in-2019-681584
Source
TXT / Textron Inc
ESG Effect Negative
Category Critical Incident Risk Management
Several employees of Textron Inc were reported injured following an explosion at a plant in Wichita, Kansas.
Article
News 8000: news8000.com/news/national-news/explosion-reported-at-kansas-aviation-manufacturing-plant
Source
ARCO / Arcos Dorados Holdings
ESG Effect Negative
Article
Source

Category Employee Health & Safety

Peruvian authorities say that McDonald's Latin America franchisee Arcos Dorados violated the law with its
working conditions after two employees were electrocuted and killed.
Haaretz: haaretz.com/world-news/wires/1.8321179

DRE / Duke Realty
ESG Effect Positive
Category Energy Management
Duke Realty has announced that, starting this year, it will develop only LEED-certified buildings.
Article
Source

MarketWatch: marketwatch.com/press-release/all-duke-realty-new-development-projects-will-be-leedr-certified2020-01-07
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Table 2: Sample Construction

TruValue Data
Compustat
coverage
5+ Years Data
Min ESG
Article Volume
Sample firms

2008
1,693

2009
2,111

2010
3,208

2011
3,711

Year
2012
2013
4,113
4,483

1,533
1,100

1,902
1,387

2,622
1,937

2,972
2,231

3,251
2,468

3,532
2,701

3,805
2,902

4,005
2,821

3,987
2,716

3,910
2,599

3,712
2,407

35,231
25,269

873
850

1,052
1,023

1,204
1,175

1,338
1,306

1,444
1,408

1,563
1,524

1,667
1,620

1,631
1,585

1,570
1,527

1,494
1,451

1,375
1,335

15,211
14,804

2014
4,885

2015
5,199

2016
5,285

2017
5,258

2018 Total
5,046 44,992

Table 3: Industry Coverage

Finance

Manufacturing

Mining

Retail Trade

Services

Utilities

Wholesale
Trade

Total

US Firms

Construction

SIC Sector

19

173

855

54

93

262

173

32

1,661
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Table 4: Descriptive Statistics
Construction
Labor Productivity
ESG Performance
Capital Intensity
Finance
Labor Productivity
ESG Performance
Capital Intensity
Manufacturing
Labor Productivity
ESG Performance
Capital Intensity
Mining
Labor Productivity
ESG Performance
Capital Intensity
Retail Trade
Labor Productivity
ESG Performance
Capital Intensity
Services
Labor Productivity
ESG Performance
Capital Intensity
Utilities
Labor Productivity
ESG Performance
Capital Intensity
Wholesale Trade
Labor Productivity
ESG Performance
Capital Intensity
Total
Labor Productivity
ESG Performance
Capital Intensity

Mean

Median

SD

Min

Max

N

13.3
67.8
13.2

13.4
70.1
13.2

0.9
15.5
1.2

12.0
8.4
11.2

16.6
99.1
16.4

164
164
164

13.2
58.3
15.3

13.2
58.3
15.5

0.9
14.5
1.4

10.0
3.0
11.3

17.1
94.3
20.0

1,407
1,407
1,407

12.6
65.6
13.1

12.7
67.9
13.0

1.0
14.7
0.9

4.7
3.4
9.5

17.7
99.4
18.4

6,975
6,975
6,975

13.5
52.5
14.3

13.4
52.3
14.3

1.2
16.3
1.4

6.7
2.6
10.7

15.9
97.9
17.2

420
420
420

11.9
59.3
11.4

11.9
59.6
11.3

0.9
14.3
1.0

10.1
5.9
9.6

15.2
99.3
15.0

754
754
754

12.2
59.9
12.6

12.3
61.4
12.7

0.9
15.3
1.2

7.3
1.0
7.7

16.7
98.9
19.0

1,893
1,893
1,893

13.1
60.6
13.9

13.1
61.9
13.9

0.8
14.8
1.1

10.3
6.5
10.8

15.5
96.9
17.6

1,441
1,441
1,441

13.9
66.3
13.1

13.8
70.3
13.2

0.9
16.4
0.9

11.8
10.7
10.8

17.1
92.4
15.5

259
259
259

12.7
62.8
13.3

12.7
64.7
13.1

1.0
15.3
1.4

4.7
1.0
7.7

17.7
99.4
20.0

13,313
13,313
13,313

Labor productivity and capital intensity are log transformed.
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Table 5: ESG and Labor Productivity
DV = Labor Productivity
FE

RCM

FE

(1)

beta
(2a)

sd
(2b)

-0.002
(0.377)

-0.002
(0.601)

0.078
(0.000)

RCM

FE

(3)

beta
(4a)

sd
(4b)

-0.0002
(0.951)

-0.001
(0.808)

0.090
(0.000)

RCM

FE

(3)

beta
(4a)

sd
(4b)

0 .003
(0.574)

0.001
(0.821)

0.078
(0.000)

RCM

(3)

beta
(4a)

sd
(4b)

-0.003
(0.328)

-0.002
(0.363)

0.000
(0.000)

-0.034
(0.026)
0.036
(0.054)

-0.029
(0.303)
0.007
(0.706)

0.246
(0.000)
0.028
(0.000)

ESG
All Categories
ESG
Environmental
Performance
Social
Performance
Labor
Performance
Financials
Assets
(logged)
Industry
Concentration

0.056
(0.000)
-0.010
(0.191)

0.062
(0.000)
-0.010
(0.127)

0.190
(0.000)
0.000
(0.000)

0.068
(0.000)
-0.014
(0.101)

0.062
(0.000)
-0.013
(0.073)

0.196
(0.000)
0.000
(0.000)

0.051
(0.000)
-0.011
(0.529)

0.079
(0.000)
-0.005
(0.742)

0.191
(0.000)
0.000
(0.000)

Observations
8,149
8,149
6,729
6,729
4,091
4,091
1,202
1,202
Groups
983
983
803
803
502
502
141
141
R-squared
0.022
0.026
0.018
0.019
Log
likelihood
14174
11862
5996
2548
LR p-value
0.000
0.000
0.000
0.000
Chi-Square
215.139
179.165
142.305
35.848
p-values in parenthesis; FE = Fixed effects models; RCM = Random coefficient models. LR p-value refers to the p-value of the LR test vs. a linear regression.
All models include time period fixed effects; fixed effects model includes firm fixed effects; random coefficient models include industry sector fixed effects
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Table 6: UK Study, Sample Stock Exchanges
Stock Exchange
London Stock Exchange
Euronext Paris
Deutsche Boerse AG (XETRA)
Borsa Italiana S.P.A.
Bolsas de Madrid
Six Swiss Exchange
Nasdaq Stockholm
Nasdaq Helsinki
London, Foreign Listing
Euronext Amsterdam
Oslo Bors ASA
Nasdaq Copenhagen
Euronext Brussels
Wiener Boerse AG
Euronext Lisbon
Irish Stock Exchange

Number of
Firms
162
63
52
28
27
27
26
22
21
18
16
15
11
10
6
1

In order to be included in the counts above, a firm must have emissions data present for 2010 through 2015,
inclusive.
Foreign listed firms on the London Stock Exchange are split into their own category and excluded from
empirical analysis because the greenhouse gas emissions reporting regulation did not apply to these firms.
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Table 7: UK Study, Descriptive Statistics
UK
Total Emissions
N
1,863
mean
1,737,648
median
76,968
std dev
7,113,538
p5
1,750
p95
9,200,000
Scope 1 Emissions
N
1,468
mean
1,487,807
median
35,423
std dev
6,204,848
p5
310
p95
10,200,000
Scope 2 Emissions
N
1,459
mean
562,965
median
37,425
std dev
2,334,409
p5
827
p95
1,974,997
Emissions Residual
N
1,350
mean
-13,520
median
-2,393
std dev
2,242,962
p5
-2,166,473
p95
1,351,210
Labor Productivity
N
1,848
$958,271
mean
median
$245,022
$2,559,226
std dev
p5
$47,229
$4,334,466
p95

Europe

UK
Revenue ($M)
N
mean
median
std dev
p5
p95
Employees
N
mean
median
std dev
p5
p95
Assets ($M)
N
mean
median
std dev
p5
p95
R&D ($M)
N
mean
median
std dev
p5
p95
Advertising ($M)
N
mean
median
std dev
p5
p95

3,765
5,652,852
235,345
20,800,000
4,957
25,300,000
2,799
822,816
136,000
2,812,882
2,682
3,796,000
2,799
822,816
136,000
2,812,882
2,682
3,796,000
2,657
6,869
-85
2,195,541
-2,523,072
2,285,197
3,763
$1,746,533
$678,371
$3,100,140
$111,282
$7,172,797
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Europe

1,863
$9,980
$2,180
$28,600
$288
$45,500

3,765
$19,300
$6,610
$36,600
$844
$84,500

1,863
24,604
7,908
58,745
630
92,000

3,765
46,293
16,702
73,902
1,581
182,865

1,744
$3,590
$986
$8,760
$114
$17,400

3,483
$10,000
$3,300
$21,300
$445
$41,200

332
$644
$118
$1,380
$0
$4,940

1,305
$940
$190
$1,780
$9
$5,130

38
$1,970
$81
$3,610
$3
$9,650

479
$641
$95
$1,730
$5
$3,130

Table 8: Labor productivity and excess emissions, by region-year
UK
Excess Emissions
N
r-squared

2011
-0.0447
[0.553]
135
0.003

2012
0.0114
[0.862]
135
0.000

2013
-0.207**
[0.002]
135
0.069

2014
-0.168*
[0.048]
135
0.029

2015
-0.0892
[0.208]
135
0.012

2016
-0.049
[0.255]
135
0.01

Europe

2011
2012
2013
2014
2015
2016
0.0452
0.0284
0.202*
0.071
0.0324
0.0287
Excess Emissions
[0.545]
[0.763]
[0.035]
[0.377]
[0.558]
[0.602]
N
269
269
269
269
268
268
r-squared
0.001
0.000
0.017
0.003
0.001
0.001
Results from yearly regressions of labor productivity on an emissions residual, defined as the residual of a regression of
emissions on assets, revenue, capital intensity, and all three squared.
p-values in brackets, * p<0.05, ** p<0.01, *** p<0.001

Table 9: Sector level regressions of labor productivity on excess emissions
Industrial Firms
UK

2011

2012

2013

2014

2015

2016

Excess Emissions

0.0042

0.045

-0.307**

-0.197

-0.0489

-0.0626

[0.97]

[0.618]

[0.002]

[0.069]

[0.602]

[0.211]

60
0

60
0.004

60
0.159

60
0.056

60
0.005

60
0.027

2011
0.0214

2012
-0.0178

2013
0.254*

2014
0.0992

2015
0.0178

2016
0.0417

[0.825]

[0.88]

[0.019]

[0.328]

[0.773]

[0.414]

130
0.000

130
0.000

130
0.042

130
0.007

130
0.001

130
0.005

N
r-squared
Europe
Excess Emissions
N
r-squared
Consumer Goods Firms
UK
Excess Emissions
N
r-squared
Europe
Excess Emissions
N
r-squared

2011
-0.072
[0.83]

2012
-0.13
[0.744]

2013
-0.12
[0.751]

2014
-0.0315
[0.932]

2015
-0.0291
[0.92]

2016
-0.0179
[0.936]

54
0.001

54
0.002

54
0.002

54
0.000

54
0.000

54
0.000

2011
0.218
[0.646]

2012
0.345
[0.577]

2013
0.346
[0.603]

2014
0.271
[0.694]

2015
0.36
[0.62]

2016
0.33
[0.629]

73
0.003

73
0.004

73
0.004

73
0.002

72
0.004

72
0.003
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Table 10: Difference in difference estimates of effect of UK regulation
Labor Productivity and Excess Emissions
(1)
(2)
Excess Emissions
0.00616
0.0597

Regulation

Regulation *
Excess Emissions
Year, Region F.E.
Sector Fixed
Effects
Firm Fixed Effects
N
Adjusted r-squared

(3)

(4)

(5)

(6)

0.0406
[0.141]

-0.00584
[0.505]

-0.00202
[0.823]

77928.7
[0.741]

65060.6
[0.213]

66769.3
[0.201]

[0.835]

[0.06]

0.00124
[0.962]

66945.4
[0.806]

89229.2
[0.743]

61569.3
[0.794]

-0.392***
[<0.001]

x

2,423
0.01

-0.287***
[<0.001]

x

2,423
0.02

x

x

x

x

2,423
0.27

2,423
0.28

-0.0339
[0.099]

x

x

x
2,423
0.05

x
2,423
0.05

Dependent variable: Labor productivity. Excess emissions are calculated as reported emissions minus predicted
emissions, generated from an emissions production function with revenues, assets, and capital intensity as
predictors. Regulation is a dummy that takes the value of 1 beginning in 2013 for all firms subject to the UK
GHG reporting requirement.
p-values in brackets, * p<0.05, ** p<0.01, *** p<0.001
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