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Abstract 

This paper examines the relationship between the deviation from estimated 
benchmark emissions and subsequent corporate GHG emission behavior, as well as 
the moderating effect of governance mechanisms. The empirical analysis was 
conducted using data from the U.S. and Europe from 2012 to 2024 to compare 
corporate emission behavior across different regulatory environments. 

As a result of the analysis, firms with a positive gap exhibited subsequent 
reductions only in U.S. Scope 2, a pattern consistent with cost-related adjustments, 
while firms with a negative gap tended to increase GHG emissions, a pattern 
consistent with mean reversion or rebound effects in both the U.S. and Europe. 
These results suggest that voluntary corporate GHG reductions may be difficult to 
sustain. 

Moreover, we find that climate fund ownership, an external governance 
mechanism, is associated with subsequent reductions in Scope 1 emissions. 
Therefore, external governance mechanisms may help sustain corporate GHG 
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reduction efforts. A key strength of this paper's analysis lies in the use of alternative 
datasets, namely the detailed RBICS sector classification and fund ownership shares, 
which provide additional insights into corporate GHG reduction behavior. 

1. Introduction 

In the global effort to mitigate climate change, accelerating corporate 
decarbonization and transitioning toward cleaner production practices have become 
critical imperatives for sustainable development. While organizations worldwide are 
increasingly committing to net-zero emission targets, evaluating whether individual firms 
are achieving substantial, genuine reductions in greenhouse gas (GHG) emissions 
remains a formidable challenge. Accurate measurement and evaluation of corporate 
GHG emissions are essential prerequisites for effective emissions management 
(WBCSD/WRI, 2004). However, one of the major challenges in evaluating corporate 
decarbonization efforts is estimating accurate benchmark emissions that reflect a firm's 
unique business portfolio. 

To identify companies capable of reducing their GHG emissions, financial 
institutions must estimate an appropriate benchmark level of emissions for each firm. 
Consequently, various models for GHG estimation have been proposed in both 
practitioner and academic fields. In practice, data vendors such as MSCI (2016), LSEG 
(2024), and Bloomberg (2022) have developed high-precision models leveraging diverse 
proprietary datasets and granular industry classifications. Simultaneously, academic 
literature, including studies by Serafeim and Vélez Caicedo (2022), Nguyen et al. (2021), 
and Assael et al. (2023), has introduced various estimation frameworks, many of which 
utilize machine learning techniques. More recently, Isogai et al. (2026) proposed a GHG 
estimation model based on FactSet’s Revere Business Industry Classification System 
(RBICS), which categorizes business activities into approximately 1,800 classifications. 
They argue that this approach enables a more accurate estimation of appropriate GHG 
emission levels by reflecting a firm's specific business composition. 

By utilizing these models to estimate a firm’s appropriate GHG emissions, it 
becomes possible to calculate the 'GHG gap'—the deviation between actual and 
estimated emissions. This gap may reflect differences in emission performance relative 
to firms with similar business activities. If companies tend to converge toward their 
estimated benchmark emission levels over time, this GHG gap could serve as a predictive 
factor for future changes in a firm’s GHG emissions. 

For instance, a 'positive gap'—where actual emissions exceed the estimated value—
indicates significant potential for reduction relative to the estimated benchmark. In 
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regions such as Europe, where the Emissions Trading System (ETS) creates incentives to 
reduce emissions and signals the prospect of future carbon costs, such a gap suggests a 
strong motivation for firms to lower their GHG emissions (Bayer and Aklin, 2020). 
Conversely, a 'negative gap'—where actual emissions are lower than the estimated 
value—may signal a potential increase in future emissions. This could be driven by a 
reversal of previously unsustainable emission reductions or by a rebound effect, whereby 
improvements in energy efficiency enable firms to expand production and increase overall 
energy use (Sorrell, 2007). 

The objective of this paper is to estimate the GHG gap using the model proposed by 
Isogai et al. (2026) and to investigate its relationship with subsequent changes in 
corporate GHG emissions. The model by Isogai et al. (2026) constructs 'business 
segment factors' based on the median GHG emissions of firms within each specific 
business. Consequently, estimating the GHG gap through this model essentially entails 
benchmarking a firm against its business peers engaged in identical business activities. 
We argue that this peer-based comparison provides an appropriate framework for 
identifying factors associated with future changes in a firm's GHG emissions. 

Furthermore, in recent years, governance mechanisms associated with climate-
oriented institutional investors have emerged as important drivers of corporate GHG 
reductions. Azar et al. (2021) and Cohen et al. (2023) provide evidence that institutional 
investors can influence firms’ decarbonization efforts through engagement, ownership, 
and climate-related disclosure initiatives. This paper aims to provide a detailed analysis 
of corporate GHG dynamics by examining how these governance mechanisms moderate 
the relationship between the GHG gap and subsequent changes in emissions. 

By linking the GHG gap to subsequent changes in Scope 1 and Scope 2 emissions, 
this study provides evidence on whether firms with emissions above or below their 
estimated benchmarks follow different cleaner production trajectories. In particular, the 
separate analysis of Scope 1 and Scope 2 emissions allows us to distinguish between 
reductions that are more closely related to production-process changes and those that 
may arise from electricity procurement or energy-management adjustments. This 
perspective contributes to the cleaner production literature by providing a benchmark-
based framework for evaluating whether corporate emission reductions are persistent, 
scope-specific, and associated with governance mechanisms. 

This study conducts the analysis using data from the U.S. and Europe spanning the 
period from 2012 to 2024. In Europe, the Emissions Trading System (ETS), introduced 
in 2005, imposes significant financial costs on GHG emissions. In contrast, the U.S. lacks 
such a regulatory framework, meaning firms face fewer direct regulatory constraints on 
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their emissions. By comparing these two distinct regions, this paper also examines 
corporate GHG reduction behavior across different regulatory environments. 

The remainder of this paper is organized as follows. Section 2 describes the GHG 
emission estimation model developed by Isogai et al. (2026), which serves as the basis for 
calculating the GHG gap. Section 3 outlines the data and methodology employed in our 
empirical analysis. Section 4 presents and discusses the empirical results, and Section 5 
concludes the paper with a discussion of policy implications and directions for future 
research. 

2. GHG Emission Estimate Model 

This section provides an overview of the GHG emission estimation model proposed 
by Isogai et al. (2026). This model employs the following cross-sectional regression to 
estimate the logarithmic GHG emissions of company  in year : 

, = + , + , + , + , + ,+ , + , + , + , + , + , , = 1,2 … , , (1) 

where ,  represents the GHG emissions of company  that are observable at year . 
Due to a two-year lag before actual emission data for all companies is stored in the 
database, we utilized the actual emission data from year − 2  for this value. Also, 

,  is the sales revenue in U.S. dollars, ,  is the return on assets, ,  is 
the operating profit margin, and ,  is the sales revenue per employee in year 
. Additionally, the regional factors , , , , , , , , and ,  represent the 

proportion of sales generated in North America, Europe, Asia, China, and India, 
respectively. ,  denotes the business segment factor for company , which is the 
core component of this model. 

To estimate the business segment factor, the model first computes the average 
carbon intensity for each business segment at the RBICS L6 level. Let ,  denote the 
revenue percentage of segment   for company   in year  , ,   is the observable 
actual GHG emissions, and ,  the sales revenue. To ensure stable estimation, the 
sample includes companies with available actual emissions, RBICS, and sales for the past 
five years ( = , − 1, − 2, − 3, − 4). The carbon intensity ,  is calculated as: 

, = ,
, .  (2) 
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To eliminate outliers, companies with intensities exceeding the mean by three 
standard deviations or those with sales below $10 million are excluded. Next, the revenue 
percentages for companies belonging to each business segment are normalized as follows: 

, = ,∑ ∑ ,∈∈ , = 1,2, … , , (3) 

where  is the set of companies in business segment . Using these normalized weights 

, , the model computes the weighted median of ,  across the sample. Specifically, 

,  values are sorted in ascending order, and the weighted median ,  is defined as 
the value where the cumulative weight first exceeds 50%. 

Finally, the business segment factor for company  is calculated by aggregating the 
business segment carbon intensity ,  based on the firm’s revenue composition: 

, = , , ⋅ ,
∈

 , (4) 

where, ,  is the revenue share of business segment  for company  and  is the set 
of business segments to which company  belongs. To ensure robustness of the segment-
level estimates, if a segment contains fewer than 10 companies, the model utilizes the 
intensity of the parent-level segment in the RBICS hierarchy. Since this factor is a 
weighted average of carbon intensities tailored to specific revenue compositions, it 
provides a business-composition-based estimate of GHG emissions that reflects the 
firm's underlying business activities. 

3. Data and Setting 

In this paper, we compare Europe, where the EU Emissions Trading System (EU 
ETS) has been implemented, with the United States, where no comparable nationwide 
emissions trading system exists. The European sample consisted of 15 developed 
countries participating in emissions trading systems. The analysis period was from 2012 
to 2024, covering companies for which GHG emissions, RBICS data, and financial data 
were available. Companies with a stock price of less than $1 were excluded from the 
analysis. Regarding the data sources, GHG emissions were obtained from Bloomberg, 
while financial data, RBICS, and fund ownership ratios were retrieved from FactSet. 

The ownership ratio of climate funds was defined by first identifying funds whose 
names include terms associated with climate change, such as “Climate,” “Carbon,” “Paris,” 
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or “Net Zero,” from FactSet’s ownership data2. The ratio was then calculated by dividing 
the total number of shares held by these identified funds by the total number of shares 
outstanding for each company. 

This paper examined how the GHG gap estimated in year  influences the change 
in a firm’s GHG emissions from year  to + 1. Specifically, we separately investigated 
the distinct impacts of a 'positive gap' (where actual emissions are higher than the 
estimates) and a 'negative gap' (the alternative scenario), as defined in the following 
equations. 

, = max , − ,  , 0 , , = min , − , , 0 , (5) 

where ,  is the estimated GHG emissions of company  in year , as derived from 
Equation (1). That is to say, the GHG gap variable is explicitly defined and 
operationalized based entirely on the information set available and observable in year . 

4. Empirical Analysis 

4.1. Raw Trends of GHG Changes: Positive vs. Negative Gaps 

First, we examine the baseline characteristics of the subsequent one-year change in 
GHG emissions ( , − , ) for firms possessing positive and negative gaps as 
specified in Equation (5). Specifically, the full sample from 2012 to 2024 is stratified into 
two distinct groups based on the prior-period gap status: firms with a positive gap 
( , > 0) and those with a negative gap ( , < 0). For each group, we split the 
sample into tertiles based on the gap variable and calculated the average value of the 
change in GHG emissions for the following year. Figure 1 shows these results. The labels 
indicate the groups within the positive-gap and negative-gap subsamples, respectively. A 
smaller group number corresponds to a smaller GHG gap; for the negative-gap 
subsample, this means a more negative gap. 

Figure 1 shows that, for both Scope 1 and Scope 2 emissions in the U.S. and Europe, 
a clear ordering is observed for firms with negative GHG gaps. Firms with smaller gaps 
tend to exhibit relatively larger subsequent increases in emissions. In particular, Group 

 
2  To ensure the robustness of the fund selection, we verified that the empirical results remain 

qualitatively unchanged even when alternative combinations of keywords are utilized to identify climate 
funds. 
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1, which consists of firms with the most negative gaps, shows positive subsequent changes, 
indicating a clear increase in emissions. 

Figure 1: Summary Statistics of Subsequent GHG Emission Changes 

 

By contrast, for firms with positive GHG gaps, the subsequent changes in emissions 
are generally negative in both the U.S. and Europe. This suggests that firms whose actual 
emissions exceed the estimated benchmark tend to reduce GHG emissions in the 
following year. The magnitude of the reduction is particularly large in Europe. One 
possible explanation is the presence of the EU ETS. Dechezleprêtre et al. (2023) show 
that the EU ETS reduced carbon emissions by approximately 10% between 2005 and 
2012, which is consistent with the stronger reduction pattern observed for European 
firms. 

Regarding the relationship between GHG gaps and subsequent emissions changes, 
a clear ordering among firms with positive gaps is observed for Scope 2 emissions in the 
U.S., but not in the other specifications. This suggests that, except for U.S. Scope 2 
emissions, GHG reductions may be driven more by institutional factors, such as ETS, 
than by firms’ voluntary responses to their own deviations from the estimated benchmark. 
In other words, firms do not necessarily reduce GHG emissions in proportion to the 
extent to which their actual emissions exceed the benchmark. 

4.2. Relationship between the GHG Gap and Future Changes in Emissions 

Next, to analyze the relationship between the GHG gap variables and subsequent 
changes in GHG emissions after controlling for observable firm characteristics, such as 
revenue growth, we estimate the following panel regression model with industry and year 
fixed effects: 
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, − , = + , + , + , + ,  
+ , + ℎ , + + + , (6) 

Since there is a two-year lag in the acquisition of GHG emission data, both ,  
and ,  in the dependent variable are unobservable in year ; thus, this model 
analyzes their relationship with the gap observed in year . We introduce the sales growth 
rate, log of total assets, and ROA in year + 1 as firm-specific control variables to adjust 
for contemporaneous firm conditions associated with the observed change in emissions. 
Because GHG emissions are closely related to a firm's production volume, the sales 
growth rate in year + 1  is included to distinguish emission changes associated with 
changes in business activity from those potentially related to deliberate GHG reduction 
efforts. The log of total assets and ROA are also measured in year + 1  to enhance 
internal consistency within the empirical model. We further include industry and year 
fixed effects to control for structural differences across industries and macro-level 
temporal trends. 

First, Table 1 presents the descriptive statistics for the variables used in this study. 
As shown in Table 1, the mean and median values for changes in emissions are either 
zero or negative, indicating an overall declining trend in GHG emissions. Regarding the 
gap variables, based on the definition in Equation (5), approximately half of the 
observations are zero; thus, the lower quantiles of the positive gap and the upper 
quantiles of the negative gap are zero. The mean and standard deviation of the gap 
variables are generally larger for Scope 1 than for Scope 2, suggesting that direct 
emissions exhibit greater cross-sectional variation. 

Table 1: Descriptive Statistics (U.S. and Europe) 
   U.S. EUROPE 

    mean st. dev. 75% 50% 25% mean st. dev. 75% 50% 25% 

lnEM(t+1)-lnEM(t) Scope1 0.00 0.41 0.09 0.00 -0.09 -0.02 0.56 0.08 -0.02 -0.14 

 Scope2 -0.02 0.42 0.05 -0.03 -0.11 -0.04 0.57 0.07 -0.04 -0.16 

Gap(pos) Scope1 0.41 0.65 0.64 0.03 0.00 0.44 0.71 0.64 0.02 0.00 

 Scope2 0.38 0.59 0.58 0.09 0.00 0.34 0.55 0.53 0.00 0.00 

Gap(neg) Scope1 -0.43 0.80 0.00 0.00 -0.52 -0.43 0.85 0.00 0.00 -0.48 

 Scope2 -0.34 0.79 0.00 0.00 -0.30 -0.39 0.77 0.00 0.00 -0.47 

lnEM Scope1 11.32 3.14 13.50 11.13 9.20 9.92 3.30 12.03 9.84 7.71 

 Scope2 11.57 2.17 13.08 11.63 10.28 10.04 2.73 12.02 10.16 8.22 

lnAsset - 9.51 1.60 10.52 9.42 8.41 8.86 2.10 10.29 8.78 7.38 
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ROA - 0.05 0.08 0.08 0.04 0.01 0.04 0.07 0.07 0.04 0.01 

SalesGrowth - 0.08 0.28 0.14 0.05 -0.02 0.09 0.47 0.15 0.05 -0.02 

Next, Table 2 presents the results of the panel regression based on Equation (6). The 
calculations for GHG emissions and the gap were conducted separately for Scope 1 and 
Scope 2. The t-statistics reported in this table are calculated using firm-clustered 
standard errors to account for potential serial correlation and heteroskedasticity within 
firms. 

Table 2 shows that the coefficients on the negative gap are significantly negative for 
both Scope 1 and Scope 2 emissions in both the U.S. and Europe. Because the negative 
gap variable takes negative values, these negative coefficients imply that firms with lower-
than-estimated emissions tend to increase their emissions in the following year. This 
pattern is consistent with mean reversion resulting from temporary reductions in 
production volume, or with the rebound effect conceptualized by Sorrell (2007), whereby 
firms achieving lower energy consumption subsequently increase their operational 
output and energy use. Either way, these results suggest that firms may face difficulties 
in continuously maintaining lower emission levels over time. 

On the other hand, regarding the positive gap, the coefficient is significantly negative 
only for Scope 2 emissions in the U.S., while it is not significant for the other 
specifications. Looking at the U.S. results, a potential explanation is that Scope 1 
emissions are directly related to a firm's core operations, making reductions difficult 
because they require substantial costs, such as equipment replacement. Conversely, 
Scope 2 emissions are linked to electricity costs and can be reduced at a lower cost 
through energy-saving practices or transitioning to alternative power sources. This aligns 
with Robinson and Sullivan (2022), who point out that Scope 2 reductions are frequently 
prioritized in U.S. corporate practice. 

For European firms, the coefficients on the positive gap are not statistically 
significant for either Scope 1 or Scope 2 emissions. In Europe, institutional frameworks 
such as the EU ETS may be closely related to GHG reduction patterns by imposing 
emissions constraints through a cap-and-trade mechanism. Dechezleprêtre et al. (2023) 
report that the EU ETS contributed to an approximately 10% reduction in carbon 
emissions between 2005 and 2012. This finding is consistent with Figure 1, which shows 
that firms with positive GHG gaps generally reduced their GHG emissions. Therefore, 
in Europe, GHG emission reductions may be more strongly associated with institutional 
mechanisms such as the EU ETS than with firms' deviations from their estimated 
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benchmark emissions. This may explain why the positive-gap coefficients are not 
statistically significant in the European regressions. 

Table 2: Regression Analysis of the GHG Gap and Future Changes in Emissions 
   U.S.  EUROPE 

   Scope1 Scope2  Scope1 Scope2 

   coef. t val. coef. t val.  coef. t val. coef. t val. 

Intercept  -0.09 -1.64 0.08 1.17  -0.05 -0.48 -0.03 -0.46 

Gap(pos)  0.00 0.53 -0.04 -2.34**  -0.01 -0.93 -0.01 -0.57 

Gap(neg)  -0.04 -3.48*** -0.04 -2.27**  -0.03 -1.99** -0.06 -4.26*** 

lnEM  -0.01 -1.69* -0.01 -1.85*  -0.01 -2.47** 0.00 -0.48 

lnAsset  0.00 0.53 0.01 1.95*  0.00 0.56 0.01 1.76* 

ROA  0.12 1.39 0.15 2.44**  0.11 0.94 0.13 1.07 

SalesGrowth  0.08 2.76*** 0.09 2.95***  0.02 1.15 0.08 2.73*** 

sample  5193 4842  7636 7152 

adj. R2  0.027 0.021  0.017 0.012 

*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. 

4.3. Heterogeneity Analysis: Manufacturing vs. Non-Manufacturing Sectors and 
Corporate Profitability 

The feasibility of GHG reductions may differ between manufacturing and non-
manufacturing sectors, such as retail and transportation. To examine this heterogeneity, 
we divide the sample into manufacturing and non-manufacturing sectors and estimate 
the same regression model as in Table 2. The definitions of manufacturing and non-
manufacturing sectors followed the industry classification defined by FactSet. 

As shown in Table 3, regarding the positive gap, all coefficients for the 
manufacturing sector are statistically insignificant, while only U.S. Scope 2 emissions 
within the non-manufacturing sector exhibit a significant negative coefficient. This result 
suggests that GHG abatement in the manufacturing sector may be particularly 
challenging through voluntary corporate actions alone, as it typically entails substantial 
costs such as changing production facilities. On the other hand, for the non-
manufacturing sector, the results are consistent with the view that Scope 2 reductions 
may be more feasible through relatively low-cost adjustments, such as energy 
conservation or switching to alternative power sources. This finding is consistent with 
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IEA (2022), which points out the inherent difficulties in decarbonizing the 
manufacturing sector, particularly within heavy industries. 

Table 3: Regression Results: Manufacturing/Non-manufacturing Sectors 
   U.S.  EUROPE 

Manufacturing   Scope1 Scope2  Scope1 Scope2 

   coef. t val. coef. t val.  coef. t val. coef. t val. 

Intercept  0.09 1.27 0.08 1.30  0.02 0.69 -0.12 -2.37** 

Gap(pos)  0.00 0.19 0.00 -0.24  -0.01 -1.06 0.01 0.42 

Gap(neg)  -0.03 -1.98** -0.07 -2.54**  0.00 -0.23 -0.07 -3.11*** 

lnEM  -0.02 -2.09** -0.01 -1.50  -0.02 -4.09*** 0.00 -0.30 

lnAsset  0.01 1.01 0.01 0.97  0.01 2.11** 0.01 1.36 

ROA  0.25 2.20** 0.13 2.07**  0.10 1.10 0.08 0.61 

SalesGrowth  0.09 2.40** 0.08 2.22**  0.02 1.93* 0.09 2.44** 

sample  2447 2298  3390 3126 

adj. R2  0.020 0.025  0.025 0.014 

                    

Non- 

Manufacturing  

 U.S.  EUROPE 

 Scope1 Scope2  Scope1 Scope2 

 coef. t val. coef. t val.  coef. t val. coef. t val. 

Intercept  -0.08 -1.31 0.03 0.38  -0.08 -0.66 -0.05 -0.59 

Gap(pos)  0.01 0.77 -0.06 -2.68***  -0.01 -0.55 -0.01 -0.41 

Gap(neg)  -0.04 -2.61*** -0.03 -1.29  -0.04 -2.04** -0.07 -3.78*** 

lnEM  0.00 -0.19 -0.01 -0.96  -0.01 -0.97 0.00 -0.33 

lnAsset  0.00 -0.31 0.01 1.80*  0.00 0.25 0.01 1.56 

ROA  -0.11 -0.91 0.16 1.45  0.20 0.94 0.21 1.14 

SalesGrowth  0.08 1.79* 0.08 1.99**  0.06 1.28 0.07 1.86* 

sample  2739 2604  4233 4077 

adj. R2  0.028 0.019  0.015 0.016 

*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. 

Regarding the negative gap, the coefficients are significantly negative across almost 
all categories in both the manufacturing and non-manufacturing sectors. A notable 
exception is European Scope 1 emissions in the manufacturing sector, which are not 
significantly negative; this may be related to the stricter emission caps imposed on parts 
of the manufacturing sector, which stands at the core of the EU ETS framework. However, 
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for almost all other groups, the observed increase in GHG emissions is consistent with 
mean reversion or rebound-like behavior. This suggests that sustaining GHG emission 
reductions purely through voluntary initiatives may be difficult. 

Similarly, the ease of reducing GHG emissions may vary depending on a firm’s 
profitability. To investigate this, we split the sample into high- and low-ROA firms based 
on the median ROA at year   and conduct the same regression analysis for each 
subsample. 

Table 4: Regression Results: High ROA/Low ROA Firm 
  U.S.  EUROPE 

High ROA  Scope1 Scope2  Scope1 Scope2 

   coef. t val. coef. t val.  coef. t val. coef. t val. 

Intercept  0.00 -0.04 -0.11 -1.23  0.15 0.86 -0.16 -2.55** 

Gap(pos)  0.01 0.76 -0.01 -0.99  0.01 0.92 -0.02 -1.23 

Gap(neg)  -0.06 -2.73*** -0.02 -1.29  -0.04 -2.17** -0.05 -2.51** 

lnEM  -0.02 -2.28** -0.01 -1.71*  -0.01 -3.37*** 0.00 0.22 

lnAsset  0.01 1.48 0.01 1.75*  0.01 1.87* 0.01 1.46 

ROA  -0.02 -0.21 0.15 1.47  -0.31 -1.99** 0.10 0.66 

SalesGrowth  0.14 2.92*** 0.11 2.57**  0.09 1.90* 0.04 0.57 

sample  2613 2495  3850 3602 

adj. R2  0.047 0.031  0.021 0.008 

                    

Low ROA 

 U.S.  EUROPE 

 Scope1 Scope2  Scope1 Scope2 

 coef. t val. coef. t val.  coef. t val. coef. t val. 

Intercept  -0.01 -0.17 0.06 0.69  -0.01 -0.05 -0.14 -1.39 

Gap(pos)  0.01 0.61 -0.05 -2.45**  -0.02 -0.77 0.01 0.92 

Gap(neg)  -0.03 -1.73* -0.05 -1.66*  -0.03 -1.43 -0.08 -3.94*** 

lnEM  0.00 -0.73 -0.01 -1.31  -0.01 -0.96 0.00 -0.55 

lnAsset  0.00 0.41 0.01 1.24  0.00 -0.22 0.00 0.79 

ROA  0.03 0.11 -0.01 -0.05  0.31 1.11 0.26 0.84 

SalesGrowth  0.08 1.69* 0.08 2.15**  0.05 2.13** 0.03 0.66 

sample  2567 2401  3757 3594 

adj. R2  0.017 0.016  0.018 0.016 

*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. 
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As shown in Table 4, regarding the positive gap, a significant negative coefficient 
emerges exclusively for low-profitability firms within U.S. Scope 2 emissions, while the 
coefficients for all other specifications remain statistically insignificant. This pattern is 
consistent with cost-containment activities, such as electricity savings, being associated 
with reductions in U.S. Scope 2 emissions. Conversely, the absence of significant 
coefficients for high-profitability firms suggests that higher profitability alone is not 
necessarily associated with voluntary GHG reductions. 

Regarding the negative gap, the coefficients are generally negative across all 
specifications regardless of profitability, remaining either statistically significant or at 
least retaining a negative direction. This consistent trend suggests that sustaining lower 
GHG emission levels over time is difficult for firms, irrespective of their financial capacity. 

These findings suggest that voluntary corporate efforts alone may be insufficient to 
sustain continuous GHG reductions. To explore how this limitation might be overcome, 
the following section examines the empirical relevance of governance mechanisms 
designed to institutionalize corporate carbon accountability. 

4.4. Analysis of Governance Mechanisms on the Impact of the GHG Gap 

In this subsection, we examine the influence of governance mechanisms—
specifically climate fund ownership—on the relationship between the GHG gap and 
subsequent changes in GHG emissions. 

Several studies have empirically demonstrated that Climate Funds, by holding 
corporate shares and committing to environmental initiatives, are associated with 
improvements in corporate environmental performance, such as reducing GHG 
emissions (Azar et al., 2021; Cohen et al., 2023). In this subsection, we utilize the 
following panel regression model to analyze whether climate fund ownership moderates 
the relationship between the GHG gap and subsequent emissions: 

, − , = + , + , ⋅ ,  
+ , + , ⋅ , + , + , + ,  

+ , + ℎ , + + + , , (7) 

where ,   represents the proportion of shares held by Climate Funds in firm  
during year . The variable ,  is defined as a proportion ranging from 0 to 1. In the 
U.S. sample, it exhibits a mean of 0.005 and a standard deviation of 0.027, with 13% of 
the observations taking a value of zero. In the European sample, the mean and standard 
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deviation are 0.007 and 0.055, respectively, while zero values account for 23% of the 
observations. 

Table 5: Climate Fund Ownership: Manufacturing/Non-Manufacturing Sectors 

Manufacturing 

U.S. EUROPE 

Scope1 Scope2 Scope1 Scope2 

coef. t val. coef. t val. coef. t val. coef. t val. 

Intercept 0.08 1.20 0.08 1.25 0.02 0.61 -0.11 -2.20** 

Gap(pos) 0.01 0.51 0.00 0.07 -0.01 -0.92 0.01 0.41 

Gap(pos)*HLD -1.72 -2.31** -1.34 -1.17 -0.39 -2.15** 0.12 0.40 

Gap(neg) -0.03 -1.54 -0.07 -2.48** 0.00 -0.23 -0.06 -2.91*** 

Gap(neg)*HLD -0.88 -0.47 0.66 0.31 0.01 0.01 -0.68 -0.66 

lnEM -0.01 -2.05** -0.01 -1.43 -0.02 -4.01*** 0.00 -0.40 

HLD 1.29 1.81* 1.56 1.40 0.04 0.23 0.42 1.59 

lnAsset 0.01 0.92 0.00 0.71 0.01 2.12** 0.01 1.26 

ROA 0.26 2.33** 0.14 2.27** 0.10 1.08 0.08 0.65 

SalesGrowth 0.09 2.42** 0.08 2.22** 0.02 1.91* 0.09 2.43** 

sample 2447 2298 3390 3126 

adj. R2 0.022 0.025 0.025 0.014 
 

        

Non- 

Manufacturing 

U.S. EUROPE 

Scope1 Scope2 Scope1 Scope2 

coef. t val. coef. t val. coef. t val. coef. t val. 

Intercept -0.09 -1.36 0.03 0.31 -0.08 -0.66 -0.04 -0.58 

Gap(pos) 0.01 0.52 -0.06 -2.70*** -0.01 -0.62 0.00 -0.15 

Gap(pos)*HLD 0.23 0.86 0.24 0.59 0.11 1.48 -0.30 -1.99** 

Gap(neg) -0.04 -2.62*** -0.03 -1.27 -0.04 -2.05** -0.07 -3.67*** 

Gap(neg)*HLD 0.44 1.75* -0.09 -0.72 0.18 0.54 -0.18 -1.24 

lnEM 0.00 -0.20 -0.01 -1.03 -0.01 -0.97 0.00 -0.35 

HLD -0.03 -0.25 -0.55 -1.53 -0.13 -2.91*** 0.17 2.04** 

lnAsset 0.00 -0.20 0.01 2.15** 0.00 0.29 0.01 1.51 

ROA -0.11 -0.89 0.17 1.52 0.20 0.93 0.22 1.17 

SalesGrowth 0.08 1.77* 0.09 2.01** 0.06 1.29 0.07 1.80* 

sample 2739 2604 4233 4077 

adj. R2 0.027 0.019 0.015 0.016 

*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. 
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Table 5 presents the results of this regression for the manufacturing and non-
manufacturing sectors. The t-statistics reported in this table are calculated using firm-
clustered standard errors to account for potential serial correlation and heteroskedasticity 
within firms. 

As shown in Table 5, focusing on the interaction term between the positive gap and 
climate fund ownership reveals significant negative coefficients for Scope 1 emissions in 
the manufacturing sectors of the U.S. and Europe, as well as European non-
manufacturing Scope 2 emissions. These categories showed no statistically significant 
reduction patterns in the previous analyses; thus, this finding suggests that external 
shareholder pressure may be associated with stronger subsequent GHG reduction 
patterns. 

Next, Table 6 shows the results of the analysis conducted for high-profitability (High 
ROA) and low-profitability (Low ROA) firms. 

As shown in Table 6, focusing on the interaction term between the positive gap and 
climate fund ownership reveals a significant negative coefficient exclusively for low-
profitability firms regarding European Scope 2 emissions. This finding suggests that low-
profitability firms in Europe, which showed limited evidence of voluntary emission 
reductions in the previous analyses, exhibit stronger GHG mitigation patterns when 
climate fund ownership is higher. However, this association is not observed among high-
profitability firms. Moreover, these results suggest that climate fund ownership is 
associated with subsequent GHG reductions in some specifications, particularly for 
positive-gap firms.  

Beyond documenting the statistical associations between external climate 
governance and subsequent emissions, the findings of this study provide insights into 
firms’ practical decision-making in the context of cleaner production implementation. In 
particular, reductions in Scope 1 emissions—such as those involving changes in core 
production processes, fuel switching, and facility modernization—are generally 
associated with substantial fixed capital investments and technological uncertainty. Our 
results suggest that external governance pressure and engagement from climate-oriented 
investors may be particularly important for Scope 1 reductions that require longer-term 
and more capital-intensive cleaner production investments. By contrast, Scope 2 
reductions, such as green electricity procurement, energy efficiency improvements, or the 
acquisition of Renewable Energy Certificates (RECs), may often be achieved through 
relatively flexible operational or procurement-related adjustments. Accordingly, these 
less capital-intensive initiatives may be driven primarily by routine operational 
adjustments or immediate cost-reduction motives, rather than external investor pressure. 
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Table 6: Climate Fund Ownership: High ROA/Low ROA Firms 

High ROA 

 U.S.  EUROPE 

 Scope1 Scope2  Scope1 Scope2 

 coef. t val. coef. t val.  coef. t val. coef. t val. 

Intercept  -0.01 -0.08 -0.11 -1.27  0.15 0.87 -0.16 -2.41** 

Gap(pos)  0.01 0.83 -0.01 -0.69  0.01 0.80 -0.02 -1.21 

Gap(pos)*HLD  -0.26 -0.69 -0.66 -0.72  0.28 1.55 0.20 1.04 

Gap(neg)  -0.06 -2.76*** -0.03 -1.34  -0.04 -2.00** -0.05 -2.41** 

Gap(neg)*HLD  -0.13 -0.16 0.14 0.83  -0.51 -1.00 -0.28 -0.33 

lnEM  -0.02 -2.31** -0.01 -1.78*  -0.01 -3.34*** 0.00 0.11 

HLD  -0.19 -1.35 0.17 0.32  -0.50 -1.49 0.24 2.33** 

lnAsset  0.01 1.56 0.01 1.84*  0.01 1.86* 0.01 1.39 

ROA  -0.02 -0.21 0.15 1.48  -0.31 -1.98** 0.10 0.65 

SalesGrowth  0.14 2.95*** 0.12 2.62***  0.09 1.88* 0.04 0.58 

sample  2613 2495  3850 3602 

adj. R2  0.046 0.031  0.021 0.008 

                    

Low ROA 

 U.S.  EUROPE 

 Scope1 Scope2  Scope1 Scope2 

 coef. t val. coef. t val.  coef. t val. coef. t val. 

Intercept  -0.01 -0.10 0.06 0.64  -0.01 -0.05 -0.15 -1.40 

Gap(pos)  0.01 0.49 -0.05 -2.50**  -0.02 -0.82 0.02 1.28 

Gap(pos)*HLD  0.11 0.38 0.16 0.46  0.10 1.03 -0.37 -2.4** 

Gap(neg)  -0.03 -1.59 -0.05 -1.80*  -0.03 -1.49 -0.07 -3.81*** 

Gap(neg)*HLD  0.01 0.02 1.84 1.20  0.25 0.72 -0.27 -1.64 

lnEM  0.00 -0.73 -0.01 -1.25  -0.01 -0.95 0.00 -0.57 

HLD  0.29 1.07 -0.04 -0.07  -0.09 -2.04** 0.20 2.11** 

lnAsset  0.00 0.30 0.01 1.28  0.00 -0.19 0.00 0.76 

ROA  0.02 0.09 -0.01 -0.04  0.31 1.10 0.26 0.84 

SalesGrowth  0.08 1.68* 0.08 2.19**  0.05 2.14** 0.03 0.64 

sample  2567 2401  3757 3594 

adj. R2  0.016 0.015  0.018 0.016 

*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. 
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5. Conclusions and Future Directions 

This study estimated appropriate GHG emission levels for firms using the RBICS 
(Revere Business Industry Classification System) detailed business segment 
classification—an alternative data source—and analyzed the relationship between the 
GHG gap and future emissions. 

Firms with a positive gap, which have higher GHG emissions than the estimated 
benchmark, showed subsequent GHG emission reduction only for U.S. Scope 2. This 
pattern appears separately in non-manufacturing firms and low-profitability firms, 
suggesting that cost-saving actions such as electricity savings may drive the reduction in 
each group. This trend was not seen in Scope 1, which requires high costs such as 
investment in manufacturing facilities. Also, comparing the U.S. and Europe, emission 
reduction patterns in Europe, where the EU ETS imposes emission caps on regulated 
firms, may be more strongly shaped by institutional constraints than by firms’ voluntary 
responses to their own benchmark deviations. 

On the other hand, firms with a negative gap, which have lower GHG emissions than 
the benchmark, showed subsequent GHG emission increases in both the U.S. and Europe. 
This trend is observed in almost all manufacturing, non-manufacturing, high-profitability, 
and low-profitability firms, and this pattern is consistent with mean reversion in GHG 
emissions or rebound effect (Sorrell, 2007), where firms with high energy efficiency 
increase subsequent energy use to increase production volume. These results suggest that 
voluntary corporate efforts alone may be insufficient to sustain continuous GHG 
reductions. 

To examine how these limitations may be addressed, this study investigates whether 
governance mechanisms are associated with weaker mean reversion or stronger emission 
reductions. The results suggest that climate fund ownership, as an external governance 
mechanism, is associated with subsequent emission reductions for Scope 1 emissions in 
the manufacturing sectors of the U.S. and Europe, where reductions are typically difficult 
to achieve. In other words, high-emission firms in the manufacturing sector appear more 
likely to reduce emissions when climate fund ownership is higher. A key strength of this 
study lies in its use of alternative datasets, namely the detailed RBICS business-segment 
classification and climate fund ownership data, both of which play an important role in 
deriving the empirical findings. 

These findings extend beyond the mere evaluation of investor pressure, offering 
valuable insights into the operational decision-making framework for cleaner production 
initiatives. Crucially, Scope 1 reduction efforts—such as process optimization, fuel 
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switching, and facility modernization—require heavy fixed investment and involve high 
technical uncertainties. Therefore, the presence of strong external governance pressure, 
exemplified by climate fund ownership, may act as a potential governance catalyst 
supporting corporate capital investments in clean technologies. On the other hand, since 
Scope 2 emissions can be managed through less capital-intensive operational adjustments 
and green power sourcing (e.g., REC purchases), they may be more responsive to 
baseline cost-saving incentives and routine operational adjustments, rather than 
requiring intense external shareholder oversight. 

Finally, although the analysis in this paper examines the relationships among the 
GHG gap, governance mechanisms, and subsequent corporate GHG emission behaviors, 
it does not establish strict causal relationships. Although firm characteristics, industry 
fixed effects, and year fixed effects are controlled for, potential endogeneity issues cannot 
be completely ruled out. Therefore, this study identifies empirical associations among 
these variables rather than causal effects. A more sophisticated investigation utilizing 
rigorous causal inference remains a subject for future research. Furthermore, Scope 3 is 
not included in the analysis of this paper because its disclosure scope and calculation 
methods are not standardized, making it impossible to appropriately analyze the 
benchmark estimation and subsequent changes in GHG emissions. In the future, once 
calculation methods for Scope 3 are established and highly reliable datasets become 
available, it will be necessary to re-analyze this issue. 
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