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Chapter 5 

 

Use of Internal Carbon Pricing Practices as 

Response to Expected Carbon Constraints* 

 

 

 

Abstract 

The use of internal carbon prices (ICPs) is a voluntary practice through which firms attach 

a hypothetical cost to their carbon emissions to help prioritize low-carbon investment 

projects. We explore whether and to what extent ICP adoption and ICP levels reflect 

anticipation of expected stringency of, and uncertainty about, future constraints imposed 

on firms’ carbon emissions. We find that the likelihood of ICP adoption is positively affected 

by the expected stringency of carbon constraints and by firms’ exposure to current carbon 

pricing schemes. ICP use is not significantly affected by the revealed uncertainty about 

future carbon costs. In addition, various firm characteristics, including size, environmental 

performance, and carbon emissions, are significant predictors of ICP uptake. No robust 

determinants of ICP levels were found. Taken together, our findings suggest that firms tend 

to account for future carbon constraints internally when public emission-reduction policies 

are sufficiently stringent and tangible. 

 

                                                           
* This chapter is based on Trinks, Mulder, and Scholtens (2020b). We are grateful to CDP and Climate Action Tracker (CAT) 
for the publicly available data. We thank Tobias Böhmelt, Ursula Hagen, and Andrzej Ancygier for useful discussions on 
climate policy measures. We appreciate the valuable comments and suggestions received from Rob Alessie, Erik Ansink, 
Ambrogio Dalò, Steffen Eriksen, Carolyn Fischer, Daan Hulshof, Marcel Metzner, Dirk Schoenmaker, and seminar 
participants at VU Amsterdam (February 2019), the University of Groningen (April 2019), the International Symposium on 
Environment and Energy Finance Issues (ISEFI) in Paris (May 2019), and the Global Research Alliance for Sustainable 
Finance and Investment (GRASFI) conference in Oxford (September 2019). The usual disclaimer applies. 
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5.1 Introduction 

 

National and international commitments to curb carbon emissions require substantial 

policy action to increase the cost of emitting carbon (IPCC, 2018), be it through a direct 

carbon tax and/or indirect policies such as sector- or technology-specific restrictions, 

standards, or subsidies. It is well-understood that, because of their significant contribution 

to climate change, multinational firms must play a vital role in achieving global emission-

reduction targets (Heede, 2014; IPCC, 2018; Persson and Rockström, 2011). However, it 

remains unclear how expectations of, and uncertainty about, future carbon constraints 

affect investment practices within firms (Bloom, 2014). According to one perspective, 

private incentives for decarbonization will be weak when stringent policies are not 

implemented. Additionally, high uncertainty about future carbon costs might slow down 

investments due to irreversibility and optionality features of investment projects (Dixit and 

Pindyck, 1994; Kettunen, Bunn, and Myth, 2011; Yang et al., 2008). This perspective fuels 

the debate on whether current carbon pricing systems, such as the EU Emissions Trading 

Scheme (ETS), provide sufficient stringency and certainty to incentivize long-term 

investment into low-carbon technologies (Hoffmann, 2007). Another perspective, however, 

is given by Bénabou and Tirole (2010), who describe various strategic drivers of private 

sustainable behaviors. An important driver of private decarbonization practices would be 

risk management: By bringing forward investments in low-carbon activities, firms will 

better anticipate expected future carbon constraints and become less sensitive to uncertain 

and volatile future carbon costs. In this regard, firms are increasingly being pressured by 

stakeholders, such as institutional investors, to better measure and manage financial risk 

associated with carbon constraints (Eccles, Serafeim, and Krzus, 2011; Krüger, Sautner, and 

Starks, 2020; Persson and Rockström, 2011; Reid and Toffel, 2009; TCFD, 2017). 

This paper aims to advance our understanding of how uncertain carbon constraints 

influence investment behavior within firms. To this end, we employ an international dataset 

from CDP on internal carbon pricing practices in the period 2014–2017. By voluntarily 

adopting an internal carbon price (ICP), firms attach a hypothetical cost to their carbon 

emissions, which can then be incorporated in capital budgeting decisions to prioritize low-

carbon projects over higher-carbon alternatives (CDP, 2017). We explore whether and to 

what extent ICP adoption and ICP levels reflect anticipation of expected future constraints 

imposed on firms’ carbon emissions. We find that the likelihood of ICP adoption is 

positively affected by the expected stringency of carbon constraints at the national level, as 

measured by the annual decarbonization rate implied by national climate policies until the 

year 2030. In countries with a 1 percentage point higher annual CO2e/capita emission 

reduction rate, the probability of ICP adoption is on average 2–4 percentage points higher. 
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ICP usage further is strongly positively associated with firms’ exposure to current carbon 

pricing schemes. The odds of ICP adoption are more than four times higher for firms that 

are currently subject to a carbon pricing scheme (ETS or carbon tax system) compared to 

firms not subject to such schemes, corresponding to a 9–12 percentage points higher 

predicted probability of ICP adoption. In addition, various firm characteristics, including 

size, environmental performance, and carbon emissions, are significant predictors of ICP 

uptake. However, we do not find ICP use to be significantly affected by firms’ uncertainty 

about future costs of emitting carbon, as measured by the dispersion in ICPs within a focal 

firm’s set of peers. Moreover, we find that neither policy-/institutional- nor firm-level 

factors significantly explain ICP levels. 

Taken together, these results suggest that firms tend to anticipate increasing carbon 

constraints through internal pricing practices, provided that constraints are sufficiently 

stringent and explicit policy mechanisms to price carbon are in place, allowing firms to 

make concrete expectations about future carbon costs. A possible policy implication of our 

findings, therefore, is that a sufficiently stringent and tangible policy environment is 

required to drive firms to account for future carbon constraints internally and (as a potential 

outcome) foster emission reduction investments in firms. However, given that, to date, little 

is known about how ICPs are actually being used within firms, our analysis aims to be a first 

exploration of this practice rather than to provide definite answers; it can/should be 

complemented with future qualitative studies. 

The contribution of this paper lies in two areas. First and foremost, our results shed 

new light on the drivers of corporate sustainability practices (Bénabou and Tirole, 2010). 

While prior literature has studied determinants of generic Corporate Social Responsibility 

(CSR) disclosures and ratings (Grauel and Gotthardt, 2016; Liang and Renneboog, 2017; 

Reid and Toffel, 2009), we focus on ICP as a direct CSR-related practice, given that the use 

of ICPs goes beyond what is stipulated in laws and regulations. We further contribute to 

studies on specific corporate emission-reduction initiatives and targets (Dahlmann, 

Branicki, and Brammer, 2017; Ioannou, Li, and Serafeim, 2016; Wang and Sueyoshi, 2018) 

by exploring a broader range of determinant factors of ICP usage, including climate policy 

stringency and uncertainty, institutional factors, and firm characteristics. We also explore 

the determinants of the prices that firms attach to carbon internally. In addition, we 

complement the literature on firms’ responses to environmental regulations, which mainly 

studies spatial evasive or lobbying behaviors (e.g., Dam and Scholtens, 2008; Grey, 2018), 

as we focus on firms’ timing decisions, i.e., ICPs are focused on bringing forward rather than 

postponing emission-reduction projects. 

Second, our analysis contributes to the literature on the effects of uncertainty on 

investment propensities (Bloom, 2014). We argue that when future carbon costs are 
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uncertain and have strong impacts on future cash flows, there might be considerable value 

in insuring against high carbon cost scenarios by decarbonizing the firm’s activities. Such 

insurance value argument has also been made in the literature on optimal carbon pricing 

policy: the tremendous uncertainties about the impacts of climate change provide a 

powerful motive for ambitious policy action rather than inaction (Barnett, Brock, and 

Hansen, 2020; Lemoine, 2017; Pindyck, 2012; van der Ploeg, 2018). Our analysis can be 

seen as a first attempt to empirically test if uncertainty about future carbon constraints 

motivates firms to adopt and set premium ICPs. 

This paper proceeds as follows. Section 2 provides a background to internal carbon 

pricing. In Sections 3 and 4 the main hypotheses and empirical approach are described. 

Results are presented and discussed in Section 5. Section 6 concludes. 

 

 

5.2 Background: Internal carbon pricing 

 

ICPs are a financial tool through which firms attach a virtual cost to a ton of CO2e emitted 

by their activities (CDP, 2017). As shown in Figure 1, ICP use is a growing practice. At year-

end 2017, about 1,400 firms—including more than 100 Fortune Global 500 firms 

representing annual revenues of about USD 7 trillion—had adopted an ICP or planned to 

adopt one within the next two years (ibid.). A commonly stated aim of ICP use is to make 

payments for carbon emissions a regular cost of doing business and thus incentivize long-

term investments in emission reduction (ibid.). Other stated benefits include directing 

capital investments towards carbon-efficient technologies, which provide a competitive 

advantage in high carbon price scenarios, help improve the firm’s sustainability image, and 

avoid conflicts with several stakeholders who show increasing concern about the firm’s 

climate-related performance (Eccles, Serafeim, and Krzus, 2011). Of course, there will also 

be a risk that ICPs are set at too high levels, resulting in costly overinvestment in low-carbon 

projects. However, given the lack of qualitative information about ICP setting practices, we 

are unable to assess its consequences. 
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The use of ICPs is not new (CDP, 2017; I4CE and EpE, 2016; Victor and House, 

2006), yet widespread public disclosure started in 2014, with investors growing concerned 

about firms’ response to carbon regulations (TCFD, 2017). According to the Task Force for 

Climate-related Financial Disclosures (TCFD, 2017), an ICP can be used as a key metric to 

assess the potential impact of external carbon price scenarios on investment portfolios. 

Even though there is some case study evidence about firms’ usage of ICPs (ibid.), to our 

knowledge, there currently is no empirical evidence on determinant factors. 

Two stylized facts motivate our interest in ICPs and their potential association with 

climate policy stringency and uncertainty. First, firms tend to set ICPs that generally exceed 

the ‘external’ carbon price under current carbon pricing systems and legislations: the mean 

ICP level is USD 34/tCO2e and half of the ICPs lie above USD 23 (Figure 2). High ICP levels 

might result from a concern about future policy constraints on carbon. Case study evidence 

(ibid.) indeed suggests that firms commonly treat ICPs as an expected (predicted) real price, 

which is in line with some firms’ long-term experience with ICPs. Second, disclosed ICP 

levels widely diverge across firms, ranging from USD 1–204, with a standard deviation of 

USD 37. As shown in Figure 3, ICP levels also diverge within the same geographical region, 

sector, and year. The wide variation internally applied carbon costs might reflect underlying 

uncertainties regarding future ‘external’ carbon costs. Here, we aim to empirically 

investigate whether ICP adoption and ICP levels are driven by heterogeneity in expected 

stringency of carbon constraints and uncertainty about the future cost of emitting carbon. 
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5.3 Hypotheses 

 

This paper aims to test whether expectations of, and uncertainty about, future carbon 

constraints induce firms to use ICPs to help bring forward investments in low-carbon 

activities. 

Economic theories are ambiguous about how uncertain carbon constraints affect 

firms’ low-carbon investment decisions (Bloom, 2014). On the one hand, absent sufficiently 

high economy-wide carbon prices, firms would have little private incentives to reduce 

carbon emissions as these could represent a costly overinvestment (Bénabou and Tirole, 

2010). In addition, a large body of literature has adopted a real-options perspective to 

theorize that—because of irreversibility and optionality features of investment projects—

firms will postpone investments until the uncertainty is sufficiently reduced (Dixit and 

Pindyck, 1994; Kettunen, Bunn, and Myth, 2011; Yang et al., 2008). 

However, this perspective might be difficult to reconcile with observed voluntary 

corporate sustainability practices such as ICP usage. Following Bénabou and Tirole (2010), 

we hypothesize that an important economic driver for ICP adoption is strategic risk 

management: by bringing forward investment in low-carbon activities using an ICP, firms 

anticipate expected carbon constraints and become less sensitive to uncertainty about such 

constraints (e.g., volatility in the cost of emitting carbon). Particularly an aversion to long-

term risk and extreme carbon cost scenarios might provide strong economic incentives for 

such low-carbon investment projects (cf. Bansal and Yaron, 2004; Hansen, Sargent, and 

Tallarini, 1999; Pástor and Veronesi, 2012). Besides the effect on risk and discount rates, 

there might be substantial opportunity costs associated with a late adoption of low-carbon 

technologies in the form of strategic disadvantages (Kulatilaka and Perotti, 1998; Segal, 

Shaliastovich, and Yaron, 2015). Both effects are strengthened by the growing stakeholder 

demands to measure and manage carbon risks (Busch and Hoffmann, 2007; Eccles, 

Serafeim, and Krzus, 2011; Persson and Rockström, 2011; Reid and Toffel, 2009; TCFD, 

2017).  

Motivated by these reflections, we test the following hypotheses regarding the effects 

of carbon constraint expectations and uncertainty on ICP usage: 

 

H1A: Expected climate policy stringency positively relates to the likelihood of ICP adoption 

H1B: Carbon cost uncertainty positively relates to the likelihood of ICP adoption 

 

H2A: Expected climate policy stringency positively relates to the ICP level 

H2B: Carbon cost uncertainty positively relates to the ICP level 
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5.4 Data and Methods 

 

We collect data on ICP usage from CDP reports for all available years, which is 2014–2017.53 

Using Orbis, Bloomberg, and manual checking, we match the ICP data to firm-level data for 

all firms (about 7,900) covered in the Thomson Reuters Asset4 dataset. Finally, from 

Climate Action Tracker (CAT), we retrieve data on countries’ historical and projected 

emissions per capita. CAT is a set of tools from Climate Analytics, NewClimate Institute, 

and the Potsdam Institute for Climate Impact Research (PIK) that evaluates and monitors 

climate policy actions of 59 countries, covering about 80% of global GHG emissions. CAT 

uses country-level United Nations Framework Convention on Climate Change (UNFCCC) 

data on GHG emissions excluding emissions from Land Use, Land-Use Change and Forestry 

(LULUCF), and population projections are based on the medium-fertility scenario of the 

United Nations (UN, 2017). To ensure the CAT dataset is up to date, we supplement it with 

all available country emissions data from CAT’s primary source, the UNFCCC data. We 

harmonize the UNFCCC data with the CAT emissions data by extrapolating the CAT data, if 

missing, using the growth rates in the UNFCCC emissions. When multiple ICP levels are 

being disclosed (e.g., to reflect operations in different jurisdictions), we take the mean as a 

best estimate of the ICP level used within the entire firm.54 To ensure that extreme price 

observations do not heavily influence either our measure of ICP dispersion or the estimates 

of Eq. 2 below, we winsorize ICP level data at the 1st/99th percentile.55 The final sample used 

in our regressions consists of 11,420 firm-year observations (of which 847 (7%) are cases 

(i.e., 𝑎𝑑𝑜𝑝𝑡𝑖𝑡 = 1 in Eq. 1), corresponding to 37 cases per predictor) from 3,485 firms, 

spanning 33 countries over the years 2014–2017. 

 As we are aware of no prior empirical literature on ICPs, we start by univariate 

comparisons of mean micro- and macro-level characteristics of adopters and non-adopters. 

We then use the following multivariate logit model to explain the likelihood, interpretable 

as odds ratios, of ICP adoption by the expected stringency of carbon constraints (H1A) and 

carbon cost uncertainty (H1B): 

 

ln [
prob(𝑎𝑑𝑜𝑝𝑡𝑖𝑡)

1−prob(𝑎𝑑𝑜𝑝𝑡𝑖𝑡)
] =  𝛼 +  𝛽 𝑆𝑡𝑟𝑖𝑛𝑔𝑒𝑛𝑐𝑦𝑐𝑡 + 𝛾 𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦𝑟𝑠𝑡 + 𝛿′𝑋𝑖𝑡 + Λ   (1) 

 

In Eq. 1, 𝑎𝑑𝑜𝑝𝑡𝑖𝑡 is a binary variable which equals 1 if firm i in year t uses an ICP, and 

0 otherwise. 𝑆𝑡𝑟𝑖𝑛𝑔𝑒𝑛𝑐𝑦𝑐𝑡 is our measure of expected stringency of carbon constraints at a 

country-year level (Section 4.1). 𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦𝑟𝑠𝑡 is our proxy for carbon cost uncertainty 

                                                           
53 https://www.cdp.net/en/reports/archive (accessed: January 11, 2019). 
54 Our results are not affected when excluding firms which disclose multiple prices (results available upon request). 
55 E.g., three firms disclose ICP levels in the range USD 350–900/tCO2e. Our results uphold when using the raw ICP level data 
and when winsorizing at the 5th/99th percentile (result available upon request). 

https://www.cdp.net/en/reports/archive
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faced by firms within the same geographical region r (based on the seven continents), sector 

s (based on the 10 ICB Industries), and year t (Section 4.2). 𝑋𝑖𝑡 is a vector capturing time-

varying characteristics of the firm and its institutional environment, which we describe and 

motivate in Section 4.3 and Section 4.4. Λ is a set of fixed effects, which includes year-fixed 

effects in our baseline specification to control for time-trends in ICP adoption and ICP 

levels. To rule out the possibility that unobserved sector- or region-specific factors drive our 

estimates, we add sector- and/or region-fixed effects in a second specification. We cluster 

standard errors at the country level to account for dependence in our primary variable of 

interest, which is Stringency.56 

The estimated coefficient of the predictor variables in Eq. 1 can be interpreted as 

odds ratios; for instance, an odds ratio of 4 for the variable External price would imply that 

firms subject to an external carbon price (ETS or carbon tax) are 4 times more likely to use 

an ICP than firms not subject to an external carbon price; an odds ratio of 0.5 for the 

country-level variable Stringency would imply that in countries with a one-unit higher 

policy stringency firms are twice as unlikely to use an ICP. 

We continue to examine the drivers of ICP levels, giving particular attention to the 

role of expected stringency of carbon constraints (H2A) and carbon cost uncertainty (H2B): 

 

ln(𝐼𝐶𝑃𝑖𝑡) =  𝛼 +  𝛽 𝑆𝑡𝑟𝑖𝑛𝑔𝑒𝑛𝑐𝑦𝑐𝑡 + 𝛾 𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦𝑟𝑠𝑡 + 𝛿′𝑋𝑖𝑡 + Λ + 𝜖𝑖𝑡  (2) 

 

 In Eq. 2, the dependent variable, ln(𝐼𝐶𝑃𝑖𝑡), is the natural logarithm of the ICP level 

in USD/tCO2e being set by firm i in year t. We take the natural logarithm of the ICP level to 

be able to interpret the marginal effects of our covariates as approximate percentage 

changes in the ICP level. All other variables are the same as in Eq. 1. 

 

5.4.1 Expected stringency of carbon constraints 

Carbon constraints posed to firms’ activity stem from a broad mixture of emission-

reduction policies at the (supra-)national level, such as restrictions, standards, tax-credits, 

and/or subsidies, next to more direct carbon pricing or taxing systems. Surprisingly, despite 

global emission-reduction commitments (IPCC, 2018), so far only about a fifth of global 

carbon emissions are covered by current (15%) or scheduled (6%) carbon pricing schemes.57 

Therefore, a relevant measure for the expected stringency of carbon constraints should not 

merely focus on current carbon pricing schemes, but rather reflect the combined policy 

actions taken to constrain carbon emissions. To this end, we use the CAT policy analysis 

                                                           
56 Due to the relatively small number of clusters (33 countries), we check the robustness of our results to using bootstrapped 
standard errors, following Colin Cameron, Gelbach, and Miller (2008), and clustering standard errors at the firm level. Our 
results uphold (results available upon request). 
57 https://carbonpricingdashboard.worldbank.org/ (accessed: September 9, 2019). 

https://carbonpricingdashboard.worldbank.org/
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tool, which projects countries’ carbon emissions levels in the year 2030 as implied by their 

implemented or enacted climate policies. The CAT country-level emissions projections have 

also been employed in highly regarded climate policy analyses (e.g., UNEP, 2019). From the 

CAT projections, we construct a country-year measure for policy stringency by calculating 

the rate at which carbon emissions are being reduced on average per year, as a percentage 

relative to a common base year (2010). The intuition of this measure is that the steeper the 

emission-reduction pathway implied by policy actions taken in a particular country, the 

more stringent will be the expected carbon constraints to firms in that country. 

Figure 4 illustrates our stringency measure for the case of Germany in 2016. CAT 

projects emissions levels of 8.7 tCO2e/capita in 2030 based on current climate policies. Our 

measure is calculated as the difference between currently observed emission levels (11.2) 

and the projected 2030 levels (8.7), divided by the number of years until 2030 (14), 

expressed as a percentage rate relative to 2010 CO2e/capita levels (11.7), i.e. [(11.2-

8.7)/14]/11.7 * 100% = 1.6%. That is, Germany’s current climate policies imply that carbon 

emissions will be constrained by on average 1.6 percentage points per year until 2030. 

Compared to other jurisdictions, Germany’s policy stringency is quite large and thus implies 

relatively substantial future carbon costs to incentivize emission reduction in firms. As 

highlighted by the dashed lines in Figure 4, Germany’s climate policies until 2030 imply a 

decarbonization rate of approximately twice as large as historically realized rates over the 

past 15 years. Finally, note that our measure is time-varying: each year going forward 

reveals new information about the distance to the projected 2030 emission levels and, 

therefore, will increase or decrease the expected tightness of national policies to achieve 

them. In case of missing emissions data (generally for the year 2017 only), we assume that 

emissions develop as projected based on current emission-reduction policies, i.e., the policy 

stringency measure is set equal to the prior year’s stringency. 

The purpose of our stringency measure is to provide a transparent, forward-looking 

indicator of the constraints on carbon emissions that might be expected from a country’s 

climate policy actions. Alternative measures of climate policy stringency include counts of 

climate laws in a country (Polzin et al., 2015) and climate policy stringency indices such as 

the Climate Change Cooperation Index (C3I) by Bernauer and Böhmelt (2013) and the 

Climate Change Performance Index (CCPI) by Germanwatch (Burck et al., 2018). However, 

while useful, the former is rather indirect and does not focus on actually imposed carbon 

constraints, while the latter aim to evaluate historical output and emissions trends in a 

broader range of environmental policy categories, and as such do not necessarily measure 

stringency of carbon constraints faced by firms going forward. We, therefore, feel that our 

measure aligns much closer to economic theory and policymaking. We, however, do assess 

the robustness of our policy stringency measure to using two main alternative measures.  
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5.4.2 Carbon cost uncertainty 

We proxy for the uncertainty about future carbon costs by the amount of dispersion 

in the price levels of internal carbon prices used among peer firms. ICPs are typically used 

as expected future costs of emitting carbon (CDP, 2017). Hence, when ICPs of comparable 

firms are close to each other, future carbon cost estimates will closely align, revealing a 

relatively low level of uncertainty about future carbon cost levels. Conversely, if ICPs of 

comparable firms are strongly dissimilar, this reveals a relatively high level of uncertainty 

about future carbon costs. We calculate dispersion as the standard deviation in ICP levels 

within a given sector, region, and year.58 Naturally, ICPs will reflect different capital asset 

characteristics, such as investment horizon, which are primarily sector-related. Current 

carbon regulations are also, to a large extent, specific to sector and region. 

                                                           
58 In our baseline results, we put no restriction on the number of ICPs used to calculate ICP dispersion. However, in some 
instances dispersion is based on a small number of ICPs. To rule out potential measurement error concerns, we re-estimate 
our main results by (1) requiring at least five ICP level observations per region-sector-year to calculate ICP dispersion, and (2) 
measuring dispersion in ICPs applied within a sector-year instead of region-sector-year. Results (available upon request) 
remain qualitatively similar. 
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The use of dispersion-based measures of firm- or sector-level uncertainty is a well-

established approach in the finance and accounting literature (Bloom et al., 2018; Diether, 

Malloy, and Scherbina, 2002; Johnson, 2004). Our proxy for carbon cost uncertainty is 

particularly close to Bontempi, Golinelli, and Parigi (2010), Driver et al. (2004), and Guiso 

and Parigi (1999), who exploit the dispersion in survey respondents’ expected sector-level 

demand growth and economic conditions to measure demand uncertainty. A strength of 

using dispersion-based measures is that they relate to specific economic variables (in our 

case: future carbon costs) and specific exposed agents (firms within a particular business 

sector), representing a distribution around an expected or consensus value. Common 

alternative policy uncertainty measures are more generic, e.g., indices of the prevalence of 

uncertainty-related words in newspapers (Baker, Bloom, and Davis, 2016; Jurado, 

Ludvigson, and Ng, 2015). 

A limitation of our dispersion measure is that it assumes a homogenous use of ICPs 

(within subsamples of similar firms) as a future carbon cost expectation, whereas to date, 

little is known about ICP level setting in practice (CDP, 2017). Moreover, our measure might 

also capture forecaster (firm) attributes unrelated to their perceived uncertainty (Johnson, 

2004). In a robustness check, we partially alleviate these concerns by calculating ICP 

dispersion only for firms in high-carbon sectors that use high ICPs, given that case study 

evidence suggests that ICPs in such firms are most likely to function as expected future 

carbon cost estimates (CDP, 2017). We further assess robustness to using alternative 

proxies for uncertainty. 

 

5.4.3 Other macro-level determinants 

To ensure that the estimated effects for expected stringency levels and carbon cost 

uncertainty are not driven by general regional, country-level, or institutional factors, we 

include a set of time-varying variables that capture heterogeneity at these levels. First, 

because current carbon pricing regulation likely shapes firms’ ICP adoption and price-

setting decisions, we control for External price, a firm-specific binary indicator from CDP 

that equals 1 if the firm has operations under the EU ETS or other carbon pricing scheme 

(i.e., ETS or carbon tax), and 0 otherwise.59 Second, given the importance of a firm’s legal 

and institutional environment for shaping a firm’s orientation and performance towards 

addressing sustainability issues, we follow the related literature (Grauel and Gotthardt, 

2016; Liang and Renneboog, 2017) and include a set of dummies for legal origin from La 

                                                           
59 Our results are qualitatively similar when we replace the firm-specific External price measure by a country-year level 
indicator from the World Bank (https://carbonpricingdashboard.worldbank.org/), which equals 1 if a carbon pricing system 
has been implemented in country c in year t, and 0 otherwise. In addition, we interact External price with Stringency to test 
whether stringency of carbon constraints become more salient when a concrete regulatory instrument, namely an ETS or 
carbon tax, is already in place. We find that the interaction term is not significant and does not meaningfully change our main 
results (results are available upon request). 

https://carbonpricingdashboard.worldbank.org/
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Porta, Lopez-De-Silanes, and Shleifer (2008). We further control for a country’s economic 

development, which might influence the propensity for emission-reduction activity, using 

the natural logarithm of GDP per capita. 

 

5.4.4 Firm-level determinants 

Next, we explore a wide range of firm characteristics that might explain ICP adoption 

and price levels. Given the close relationship between ICP practices and CSR, we follow the 

literature on CSR determinants in the selection and measurement of explanatory variables 

(Dyck et al., 2019; Ioannou, Li, and Serafeim, 2016; Liang and Renneboog, 2017). As firms 

typically will use an ICP as an expectation of future carbon costs (CDP, 2017), a key 

determinant factor will be the length of a firm’s investment horizon, which will relate to a 

firm’s sector affiliation (e.g., compare investment projects in the technology sector and oil 

and gas sector), asset tangibility, and longevity of capital assets. We, therefore, control for 

sector affiliation (ICB industries), asset tangibility, defined as property, plant, and 

equipment (PPE) over total assets, and capital intensity, defined as capital expenditures 

divided by total assets. 

Secondly, firms may differ regarding their risk aversion or risk profile. Low-risk 

firms are expected to be more likely to adopt ICPs and to set premium ICP levels, whereas 

high-risk firms would be inclined to set lower ICP levels or to abstain from ICP adoption 

altogether. We measure firms’ risk profile by their market beta, which captures market 

perceptions about systematic risk, i.e., the relative sensitivity of stock returns to 

macroeconomic fluctuations. Market betas for each firm are obtained from five-year rolling-

window regressions of daily stock returns on the daily market return (Levi and Welch, 

2017).  

As ICP adoption might originate from a firm’s general environmental performance 

strategy or a response to stakeholder concerns rather than (merely) being a response to 

carbon constraints as such (Bénabou and Tirole, 2010), we control for environmental 

rating, as measured by the Thomson Reuters’ Asset4 overall environmental performance 

rating, and carbon emissions, measured as the sum of Scopes 1 and 2 CO2e emissions as 

estimated by Asset4 (we use estimated emission data to allow for sufficient coverage). Given 

the potential influence of institutional investors in driving corporate initiatives (Dyck et al., 

2019; Liang and Renneboog, 2017), we control for the level of institutional ownership, 

measured by the percentage of common shares owned by pension funds or investment 

companies (Reid and Toffel, 2009). Further, we control for firm size, defined as the natural 

logarithm of total assets, as larger firms are more visible and likely face larger stakeholder 

pressures to decarbonize their activities. Adoption of CSR initiatives might further follow 

from the availability of resources to pursue and/or be endogenously determined with profits 
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and market value (Kubik, Scheinkman, and Hong, 2012). Hence, we control for 

profitability, defined by net income over total assets, and value effects through Tobin’s Q, 

defined as common equity market value minus book value, plus the book value of total 

assets, all divided by the book value of total assets. Additionally, to account for differences 

in access to debt financing among adopters and non-adopters of environmental initiatives 

(Cheng, Ioannou, and Serafeim, 2014), we control for leverage, measured as the ratio of 

total debt to total assets. We further control for liquidity effects using liquidity, proxied by 

the average daily share turnover (daily shares traded divided by daily shares outstanding) 

over the previous year (Bouslah, Kryzanowski, and M’Zali, 2013) and working capital, 

defined by current assets minus current liabilities scaled by total assets (Gonenc and 

Scholtens, 2017). Finally, we control for potential differences in investment opportunities 

among ICP adopters and non-adopters, we include cash flow, defined as operating cash flow 

divided by fixed assets (Kaplan and Zingales, 1997).60 

 

5.4.5 Summary statistics 

Table 1 presents summary statistics of all variables included in our main analysis. It 

shows that ICP adoption occurs in 7% of the observations in our sample and non-adoption 

comprises 93%. Firms that disclose ICP levels set a price of on average USD 34.23/tCO2e. 

A potential concern related to our variables of interest is multicollinearity stemming 

from the strong correlation between climate policy stringency, carbon cost uncertainty, 

current carbon regulation (External price), and other macro-level variables such as 

GDP/capita. However, as shown in Table 2, correlations are well below 0.8. In addition, we 

find that Variance Inflation Factors (VIFs) in our main analysis are below 2 for each 

covariate (unreported), indicating that multicollinearity is of minor concern in our analysis. 

 

  

                                                           
60 Given that Research and Development (R&D) might explain proactive environmental behaviors, we check the robustness 
of our results to including R&D intensity (R&D expenses divided by total assets). We do not control for R&D intensity in our 
main regression specification, as it reduces our sample by more than 50%, does not enter significantly in our regressions, and 
does not alter our main results (results are available upon request). 
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Table 1 
Summary statistics (2014–2017).* 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 N Mean Median StDev Min Max Skewness Kurtosis 
         
ICP use         
ICP adoption (%yes) 11,420 0.07 0.00 0.26 0.00 1.00 3.25 11.56 
ICP level (USD/tCO2e) 322 34.23 23.40 37.35 1.00 204.12 2.80 11.98 
         
Carbon constraints         
Stringency 2030 policies  
(% annual reduction in 
tCO2e/capita) 

11,420 0.71 0.80 1.01 -7.00 1.82 -4.19 25.89 

Carbon cost uncertainty 
(StDev(ICP)) 

7,480 23.44 16.99 22.95 0.00 131.48 2.21 8.86 

         
Institutional factors         
External price (% yes) 11,420 0.11 0.00 0.32 0.00 1.00 2.45 6.99 
Income (ln($GDP/capita)) 11,420 10.61 10.84 0.68 7.40 11.59 -3.13 12.98 
Legal origin (% common law) 11,420 0.65 1.00 0.48 0.00 1.00 -0.62 1.39 
         
Firm characteristics         
High-carbon sector* (%yes) 11,420 0.50 1.00 0.50 0.00 1.00 -0.00 1.00 
Size 11,420 15.18 15.19 1.57 10.04 18.70 -0.06 2.88 
Asset tangibility 11,420 0.31 0.25 0.25 0.00 0.92 0.78 2.53 
Capital intensity 11,420 0.05 0.04 0.05 0.00 0.29 2.38 10.48 
Systematic risk (market beta) 11,420 0.93 0.90 0.44 0.09 1.99 0.26 2.35 
Profitability (%) 11,420 0.05 0.05 0.12 -0.82 0.42 -2.66 19.56 
Tobin’s Q 11,420 2.38 1.90 1.94 -4.98 14.09 2.59 16.11 
Leverage 11,420 0.27 0.25 0.21 0.00 1.17 1.23 5.84 
Cash flow 11,420 1.11 0.34 2.23 -0.17 13.38 3.85 19.19 
Liquidity 11,420 0.66 0.44 0.69 0.00 4.32 2.52 11.40 
Working capital 11,420 0.84 0.31 2.25 -4.47 11.78 2.45 12.60 
Environmental rating (0–100) 11,420 55.72 59.47 31.80 8.31 95.52 -0.13 1.38 
Institutional ownership (%) 11,420 7.61 5.00 9.28 0.00 92.00 1.63 7.27 
Carbon emissions (MtCO2e, 
Scopes 1+2) 

11,420 12.08 11.89 2.48 0.69 19.63 0.20 3.12 

 
* All variables are defined in Appendix A, Table A.1. 
 

 

 

 

 

Table 2 
Pairwise correlations ICP usage, carbon constraints, and institutional factors (2014–2017).* 
 (1) (2) (3) (4) (5) (6) (7) 
        
ICP adoption (yes/no) (1) 1.00       
ICP level (2) 0.02 1.00      
Stringency 2030 policies (3) 0.05 0.11 1.00     
Carbon cost uncertainty (4) 0.02 0.41 -0.12 1.00    
External price (yes/no) (5) 0.37 0.16 0.08 0.04 1.00   
Income (6) -0.00 0.25 0.73 -0.19 0.05 1.00  
Legal origin (common law yes/no) (7) -0.07 -0.08 0.18 -0.24 -0.15 0.32 1.00 
 
* All variables are defined in Appendix A, Table A.1. 

 



541166-L-bw-Trinks541166-L-bw-Trinks541166-L-bw-Trinks541166-L-bw-Trinks
Processed on: 14-2-2020Processed on: 14-2-2020Processed on: 14-2-2020Processed on: 14-2-2020 PDF page: 142PDF page: 142PDF page: 142PDF page: 142

Chapter 5 

134 

5.5 Results 

 

This section first compares ICP adopters and non-adopters on several key variables of 

interest. Then, we present results regarding the impact of climate policy stringency and 

carbon cost uncertainty on the likelihood of ICP adoption and the ICP level used.  

 

5.5.1 How are ICP adopters different from non-adopters? 

 Table 3 presents the univariate comparisons between firms that have adopted an 

ICP in the period 2014–2017 and firms that have not. In these comparisons, we require 

complete data on all variables included in Eq. 1 and Eq. 2, such that for each variable under 

consideration, we compare firms within the same sample (N = 7,480; cf. Table 2). We find 

that ICP adopters and non-adopters differ in many respects. ICP adopters are larger, have 

more tangible assets and lower systematic risk. Adopters also are both larger emitters (14.5 

vs. 12 MtCO2e) and better scoring on environmental ratings (85 vs. 55 out of 100). This 

might indicate that adoption follows an environmental performance strategy, but we need 

to explore this further in a multivariate setting. The opposing relation between 

environmental ratings and carbon emission levels is in line with prior literature (e.g., 

Gonenc and Scholtens, 2017; Trinks et al., 2020).  

Regarding our measures of carbon constraints, we find that ICP adopters operate in 

countries with more ambitious climate policies and in sectors with greater revealed 

uncertainty about future carbon costs. Further, institutional factors appear to play a 

substantial role. For instance, more than half of the adopters have operations subject to an 

external carbon pricing scheme (ETS or carbon tax), while for non-adopters this is only 1 

out of 16. This suggests that current external carbon pricing regulation is strongly associated 

with internal pricing practices. Additionally, we find that ICP adoption is much more 

prevalent in civil law countries as compared to common law countries. This suggests that 

country-level institutions are relevant in shaping firms’ decisions to use an ICP. 
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Table 3 
Univariate comparisons of means, adopters vs. non-adopters (2014–2017). 

 
(1) 
Adopters 
(N=953) 

(2) 
Non-adopters 
(N=6,527) 

(3) 
T-statistic  
(unequal variances assumed) 

    
Carbon constraints    
Stringency 2030 policies  
(% annual reduction in tCO2e/capita) 

0.96 0.74 -7.73*** 

Carbon cost uncertainty (StDev(ICP)) 26.57 22.98 -4.46*** 
    
Institutional factors    
External price (% yes) 54.04 6.40 -28.99*** 
Income (ln($GDP/capita)) 10.62 10.63 0.58 
Legal origin (% common law) 50.58 66.72 9.38*** 
    
Firm characteristics    
High-carbon sector** (%yes) 70.72 55.51 -9.52*** 
Size 16.63 15.09 -33.14*** 
Asset tangibility 0.42 0.32 -12.59*** 
Capital intensity 0.06 0.05 -4.39*** 
Systematic risk (market beta) 0.95 1.01 4.31*** 
Profitability (%) 4.81 5.31 1.58 
Tobin’s Q 1.96 2.38 9.30*** 
Leverage 0.30 0.27 -5.95*** 
Cash flow 2.97 0.87 -17.08*** 
Liquidity 0.46 0.72 16.66*** 
Working capital 1.46 0.78 -5.59*** 
Environmental rating (0–100) 85.35 57.73 -49.21*** 
Institutional ownership (%) 4.25 8.02 15.43*** 
Carbon emissions (MtCO2e, Scopes 
1+2) 

14.50 12.00 -30.84*** 

    
* All variables are defined in Appendix A, Table A.1. 
** High-carbon sectors have ICB Industry codes 1 (Oil and gas), 1000 (Basic materials), 2000 (Industrials), and 7000 
(Utilities). 

 

 

 

 

5.5.2 Determinant factors of ICP adoption and ICP levels 

In Table 4, we test whether ICP adoption is related to expected stringency of carbon 

constraints (H1A) and carbon cost uncertainty (H1B). We report the odds ratios and interpret 

the magnitude of our coefficient estimates using the average marginal effect (AME). AMEs 

represent the effect of a unit change in the variable of interest on the predicted probability 

of ICP adoption, keeping other predictors at their observed levels, averaged over all 

individuals. AMEs appear to be similar to the estimated marginal effects from a linear 

probability model (LPM) (results available upon request). We find that in countries with 

more ambitious climate policies towards the year 2030, ICP adoption is significantly more 

likely to occur: On average, an annual CO2/capita emission reduction of one percentage 

point more increases the probability of ICP adoption by 2–4 percentage points. 

Furthermore, the odds of ICP adoption are more than four times higher for firms that are 
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currently subject to a carbon pricing scheme (ETS or carbon tax), corresponding to a 9–12 

percentage points higher predicted probability of ICP adoption. One could ask why firms 

subject to an ‘external’ carbon price (ETS or carbon tax) would still use prices for carbon 

internally. Possible explanations include: (1) firms set ICPs above the ETS/carbon tax level 

to anticipate rising carbon prices; (2) firms use different ICP systems that help them achieve 

organizational emission-reduction targets; (3) firms had already used an ICP before the 

ETS/carbon tax was introduced (for instance, BP is known to have already implemented a 

company-wide internal ETS scheme in 2000 and to have lobbied for the introduction of the 

EU ETS (Braun, 2009; Victor and House, 2006)). Overall, our results indicate a clear role 

for carbon regulation and the stringency of climate policies in explaining ICP usage.  

Regarding carbon cost uncertainty, we find that the higher uncertainty faced by 

adopters (Table 3) can be attributed to differences in firm characteristics. Most notably, 

firms exposed to carbon cost uncertainty tend to be larger, have higher environmental 

ratings and higher carbon emission levels. Hence, ICP adoption may be explained by 

visibility and salient stakeholder concerns  (Bénabou and Tirole, 2010) rather than carbon 

cost uncertainty. Compared to prior studies on determinants of CSR ratings (Dyck et al., 

2019; Liang and Renneboog, 2017), our analysis allows for more direct interpretations of 

the estimated effects in terms of predicted probabilities of ICP adoption (Table 4) and the 

actual carbon price levels set by firms (Table 5). For instance, we find that, on average, the 

probability of ICP adoption increases by 1 percentage point for each 1% increase in firm size, 

by 0.2–0.3 percentage point for every 1 point increase in the environmental rating, and by 

0.8–0.9 percentage point for every 1% increase in absolute CO2e emission levels.  

Institutional factors such as legal origin also significantly predict the likelihood of 

adoption, which is in line with the literature on generic CSR determinants (Liang and 

Renneboog, 2017). Based on the results in columns (5) and (6), we rule out an alternative 

explanation of our findings, namely that unobserved sectoral or regional specifics drive 

adoption rather than carbon constraint considerations per se. We find the estimates are very 

similar to our baseline estimates; hence, the set of control variables in our baseline model 

(Eq. 1) already seems sufficiently extensive to control for potential confounding factors. 

Overall, our findings support H1A but not H1B. When climate policies are ambitious 

and regulatory instruments such as carbon pricing schemes are already in place, 

expectations about future carbon constraints seem to become more salient for firm 

decision-making, as indicated by the higher (predicted) uptake of ICP practices. Yet, the 

importance of stringent and currently instrumented policies, combined with an 

insignificant association between ICP usage and carbon cost uncertainty, suggests that—

consistent with the typical real options argument (Section 3)—sufficient certainty is 

required to move firms to prioritize low-carbon investments through ICP practices. 
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Table 4 
Determinants of internal carbon pricing adoption (2014–2017). 

     The estimated equation is: ln [
prob(𝑎𝑑𝑜𝑝𝑡𝑖𝑡)

1−prob(𝑎𝑑𝑜𝑝𝑡𝑖𝑡)
] =  𝛼 +  𝛽 𝑆𝑡𝑟𝑖𝑛𝑔𝑒𝑛𝑐𝑦𝑐𝑡 + 𝛾 𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦𝑟𝑠𝑡 + 𝛿′𝑋𝑖𝑡 + Λ + 𝜖𝑖𝑡 (Eq. 1). We show 

the estimated odds ratios (OR) and average marginal effects (AME). Stringency is our measure of expected stringency of 
carbon constraints at a country-year level. It is measured as the annual CO2e/capita reduction implied by a country’s climate 
policies until 2030, expressed in percentage relative to 2010 CO2e/capita levels. Uncertainty is a proxy for the uncertainty 
about future costs of emitting carbon, measured as the standard deviation of ICP levels applied by firms from the same 
region, sector, and year. Λ is a vector of fixed effects, which includes year effects (columns (1)–(4)) as well as sector- and 
region (seven continents)-fixed effects (in columns (5)–(6)). All other control variables are defined in Appendix A, Table 
A.1. Robust standard errors clustered at the country level are in parentheses. *** p<0.01, ** p<0.05, * p<0.10 
 DV = adopt(ICP) 

 
(1) 
OR 

(2) 
AME 

 (3) 
OR 

(4) 
AME 

 (5) 
OR 

(6) 
AME 

         
Carbon constraints         
Stringency 2030 policies 1.565** 0.022**  1.786*** 0.037***  1.695** 0.032** 
 (0.324) (0.010)  (0.310) (0.011)  (0.377) (0.013) 
Carbon cost uncertainty    1.003 0.000  1.004 0.000 
    (0.003) (0.000)  (0.003) (0.000) 
         
Institutional factors         
External price (yes/no) 4.016*** 0.090***  3.989*** 0.113***  4.634*** 0.123*** 
 (0.672) (0.014)  (0.702) (0.018)  (0.932) (0.020) 
Income 0.882 -0.006  0.764 -0.017  1.220 0.012 
 (0.265) (0.015)  (0.205) (0.017)  (0.431) (0.021) 
Legal origin (base = 
common law) 

        

French civil law 0.947 -0.003  0.824 -0.013  0.458*** -0.051*** 
 (0.220) (0.013)  (0.166) (0.013)  (0.119) (0.016) 
German civil law 0.472*** -0.035***  0.470*** -0.046***  0.266*** -0.078*** 
 (0.087) (0.009)  (0.092) (0.010)  (0.092) (0.018) 
Scandinavian civil law 0.478** -0.035**  0.507*** -0.042***  0.298*** -0.073*** 
 (0.148) (0.014)  (0.133) (0.015)  (0.114) (0.020) 
         
Firm-level characteristics 
Size 1.238*** 0.011***  1.191*** 0.011***  1.140* 0.008** 
 (0.085) (0.003)  (0.077) (0.004)  (0.076) (0.004) 
Asset tangibility 6.502*** 0.094***  5.609*** 0.109***  2.633** 0.059** 
 (2.349) (0.019)  (1.924) (0.024)  (1.135) (0.027) 
Capital intensity 4.427 0.074  1.886 0.040  2.445 0.054 
 (6.996) (0.077)  (2.907) (0.097)  (3.531) (0.087) 
Systematic risk 0.925 -0.004  0.894 -0.007  1.432 0.022 
 (0.204) (0.011)  (0.229) (0.016)  (0.378) (0.016) 
Profitability 0.446 -0.040  0.421 -0.055  1.181 0.010 
 (0.481) (0.053)  (0.630) (0.094)  (1.764) (0.091) 
Tobin’s Q 1.061 0.003  1.083 0.005  1.149* 0.008* 
 (0.062) (0.003)  (0.080) (0.005)  (0.084) (0.004) 
Leverage  0.770 -0.013  1.006 0.000  0.946 -0.003 
 (0.453) (0.029)  (0.568) (0.036)  (0.502) (0.032) 
Cash flow 0.959 -0.002  0.975 -0.002  0.989 -0.001 
 (0.030) (0.002)  (0.026) (0.002)  (0.031) (0.002) 
Stock liquidity 0.518*** -0.033***  0.566*** -0.036***  0.539*** -0.038*** 
 (0.055) (0.006)  (0.062) (0.006)  (0.062) (0.007) 
Working capital 1.011 0.001  1.017 0.001  1.002 0.000 
 (0.017) (0.001)  (0.019) (0.001)  (0.020) (0.001) 
Environmental rating 1.041*** 0.002***  1.042*** 0.003***  1.045*** 0.003*** 
 (0.004) (0.000)  (0.004) (0.000)  (0.006) (0.000) 
Institutional ownership 0.994 -0.000  0.989 -0.001  0.991 -0.001 
 (0.012) (0.001)  (0.010) (0.001)  (0.011) (0.001) 
Carbon emissions 1.163*** 0.008***  1.158** 0.009***  1.142* 0.008* 
 (0.066) (0.003)  (0.069) (0.003)  (0.083) (0.004) 
         
Year fixed effects Yes   Yes   Yes  
Sector fixed effects No   No   Yes  
Region fixed effects No   No   Yes  
N 11,420   7,480   7,480  
(Pseudo) R2 0.345   0.338   0.362  
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In Table 5, we explore the determinant factors of ICP levels, in particular, the 

influence of carbon constraint levels (H2A) and uncertainty (H2B). We find that ICP levels 

are positively associated with the stringency of expected carbon constraints, yet there is no 

evidence to suggest the associations are statistically significant. Regarding the effects of ICP 

dispersion on ICP levels, a potential concern here is that if ICP levels themselves drive the 

dispersion in ICPs in a certain (unknown) direction, the estimates will suffer from a 

simultaneity bias. We can only partially address this issue, and therefore one should 

interpret our results regarding H2B as inconclusive. A second concern with the estimates in 

Table 5 is that since ICP levels are only observed in a non-randomly selected sample of firms 

that have chosen to disclose about ICP usage. A two-step Heckman (1979) procedure 

indicates that there is no significant selection bias that could threaten the generalizability 

of our estimates (results available upon request).61 

Furthermore, most of the firm-level variables are insignificant. This supports our 

use of an ICP dispersion measure, which is based only on year-, region- and sector-

affiliation rather than firm characteristics. Qualitatively, however, ICP levels seem to be 

positively influenced by, for instance, environmental rating: for every 1 point increase in the 

environmental performance rating, the ICP level increases by approximately 1%, which for 

the average firm corresponds to a USD 0.34/tCO2e higher ICP. Firms subject to external 

carbon pricing schemes set 5–27% higher ICP levels, corresponding to an ICP premium of 

USD 2 to USD 9 per tCO2e. 

Overall, these findings are consistent with those concerning the ICP adoption 

decision (Table 4), yet due to a considerably reduced sample size stemming from the 

minimal disclosure of ICP levels, we conclude that future study is required on drivers of ICP 

levels.  

                                                           
61 In the first step, the selection hazard (disclosure of ICP levels) was estimated using a probit model; the variables determining 
selection are those included Eq. 1 but adding the number of peer firms that disclose ICP levels as an identifying variable 
(exclusion restriction). Disclosure by peer firms about CSR-related practices likely relates to a focal firm’s disclosure decision 
through peer effects (Cao, Liang, and Zhan, 2019; Cheng, Ioannou, and Serafeim, 2014), but is theoretically unlikely to 
influence the focal firm’s ICP levels. Our results are similar when omitting the exclusion restriction from the first-stage probit 
estimation. In the second step, we estimate Eq. 2 including the selection hazard (Inverse Mills ratio), which controls for 
selection bias. No significant selection bias is found, and results are virtually similar to our baseline estimates in Table 3 
(results are available upon request).  
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Table 5 
Determinants of internal carbon price (ICP) levels (2014–2017). 
     This table documents the results from an OLS regression of the natural logarithm of the ICP level used by firm i in year t 
on firm-level characteristics, country- and sector- controls, and a set of fixed effects. The estimated equation is: ln(𝐼𝐶𝑃𝑖𝑡) =
 𝛼 + + 𝛽 𝑆𝑡𝑟𝑖𝑛𝑔𝑒𝑛𝑐𝑦𝑐𝑡 + 𝛾 𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦𝑟𝑠𝑡 + 𝛿′𝑋𝑖𝑡 + Λ + 𝜖𝑖𝑡 (Eq. 2). Stringency is our measure of expected stringency of 
carbon constraints at a country-year level. It is measured as the annual CO2e/capita reduction implied by a country’s climate 
policies until 2030, expressed in percentage relative to 2010 CO2e/capita levels. Uncertainty is a proxy for the uncertainty 
about future costs of emitting carbon, measured as the standard deviation of ICP levels applied by firms from the same 
region, sector, and year. Λ is a vector of fixed effects, which includes year effects (column (1)) and sector- and region- effects 
(column (2)). All other control variables are defined in Appendix A, Table A.1. Robust standard errors clustered at the 
country level are in parentheses. *** p<0.01, ** p<0.05, * p<0.10. 
 DV = ln(ICP) 

 
(1) 
OLS 

(2) 
OLS 

(3) 
OLS 

    
Carbon constraints    
Stringency 2030 policies 0.235 0.097 0.315 
 (0.164) (0.162) (0.183) 
Carbon cost uncertainty  0.016*** 0.013*** 
  (0.005) (0.003) 
    
Institutional factors    
External price (yes/no) 0.265 0.202 0.047 
 (0.182) (0.165) (0.096) 
Income 0.178 0.303 0.254 
 (0.245) (0.227) (0.225) 
Legal origin (base = common law)    
French civil law -0.251 -0.192 -0.159 
 (0.224) (0.219) (0.146) 
German civil law 0.087 -0.273 -1.065*** 
 (0.420) (0.376) (0.246) 
Scandinavian civil law 0.452 0.621 0.338 
 (0.501) (0.465) (0.410) 
    
Firm-level characteristics    
Size 0.099 0.105 0.241** 
 (0.158) (0.136) (0.115) 
Asset tangibility 0.248 0.057 0.215 
 (0.542) (0.500) (0.541) 
Capital intensity 2.183 1.645 0.807 
 (3.436) (3.237) (2.490) 
Systematic risk -0.055 0.031 -0.269* 
 (0.335) (0.259) (0.146) 
Profitability 0.331 0.252 0.868 
 (0.641) (0.587) (0.603) 
Tobin’s Q 0.006 -0.006 -0.071 
 (0.063) (0.050) (0.073) 
Leverage  -0.255 -0.127 0.354 
 (0.581) (0.448) (0.541) 
Cash flow -0.060 -0.051 -0.052** 
 (0.040) (0.036) (0.024) 
Stock liquidity -0.101 -0.146 0.034 
 (0.290) (0.218) (0.193) 
Working capital 0.036 0.036 0.016 
 (0.034) (0.032) (0.022) 
Environmental rating 0.012* 0.012* 0.011 
 (0.007) (0.006) (0.008) 
Institutional ownership 0.018 0.029*** 0.022** 
 (0.013) (0.009) (0.010) 
Carbon emissions 0.020 0.020 0.006 
 (0.038) (0.037) (0.054) 
    
Year fixed effects Yes Yes Yes 
Sector fixed effects No No Yes 
Region fixed effects No No Yes 
N 322 309 309 
Adj. R2 0.194 0.290 0.479 
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5.5.3 Robustness 

 We employ a series of robustness analyses to rule out alternative explanations of our 

findings. We explore potential effects from the specification of ICP adoption (current usage 

vs. commitment of usage), confounding factors, heterogeneity in ICP level setting practices, 

and specification of our stringency and uncertainty measures. Results are included in 

Appendix B, Tables B.1–B.6. 

 

5.5.3.1 ICP commitment  

First, a substantial amount of firms disclose to be committed to adopting an ICP 

within a two-year timeframe. As the determinants of such a commitment might not be 

fundamentally different from determinants of actual ICP usage, we re-estimate Eq. 1 and 

Eq. 2 setting the dependent variable equal to 1 if firm i in year t uses an ICP or commits to 

use an ICP within the next two years, and 0 otherwise. In line with our expectations, we find 

that results (Table B.1) are qualitatively similar to our main results.  

 

5.5.3.2 Heterogeneity in ICP setting practices 

Second, a limitation of the data on ICP levels is that little is known about how the 

price levels are being set and that such information is commercially sensitive (CDP, 2017). 

Therefore, we cannot entirely rule out the possibility that ICP levels reflect other issues 

besides expectations about future costs of emitting carbon. While most firms employ the 

ICP as a shadow price (i.e., use an ICP as an expected future carbon cost in capital budgeting 

calculations), other firms might employ the ICP as an internal carbon-fee, in which case the 

ICP is applied as a charge on responsible business units for their carbon emissions, which 

generally leads such firms to set low internal prices (ibid.). As the case study evidence (ibid.) 

suggests that the shadow price approach is unlikely to be followed by firms in less carbon-

intensive sectors and in firms that set relatively low ICP levels, we re-estimate Eq. 1 and Eq. 

2 for firms in carbon-intensive sectors, which are ICB Industry codes 1 (Oil and gas), 1000 

(Basic materials), 2000 (Industrials), and 7000 (Utilities), and excluding ICP levels of USD 

20 or lower; for the remaining subsample it can be reasonably expected that ICPs are 

derived from a shadow price approach. This subsample analysis simultaneously allows us 

to test whether the determinants factors ICP usage are different (and potentially more 

pronounced) for firms operating in high-carbon sectors given the particular salience of 

regulatory constraints on carbon emissions in these sectors. As shown in Table B.2, the 

results are qualitatively similar to our baseline results, suggesting that potential 

heterogeneity in ICP level setting practices does not affect our results, and that the 

determinants of ICP usage are shared across high- and low-emitting sectors. 
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5.5.3.3 Confounding factors 

Even though our baseline model (Tables 4 and 5) includes a rich set of controls as 

well as year-, sector- or region-fixed effects, potential unidentified heterogeneity might bias 

our estimates. To alleviate this concern, we re-estimate Eq. 1 and Eq. 2 in first differences. 

That is, similar to a firm-fixed effects estimator, we aim to explain within-firm changes in 

ICP adoption and ICP levels over time, ruling out the effects of any potential time-invariant 

confounders (Cheng, Ioannou, and Serafeim, 2014; Gormley and Matsa, 2014). In Table 

B.3, we find that first-difference estimates of the likelihood of ICP adoption (columns (1) 

and (2)) are similar to our main estimates, yet results for ICP levels are less clear-cut. This 

indicates that unobserved heterogeneity between firms likely does not strongly affect our 

results on ICP adoption. 

 

5.5.3.4 Policy stringency measure 

To ensure that our main results are not driven by the specification of our climate 

policy stringency measures, we employ two main alternative measures. First, we consider a 

measure from CAT that is close to our main measure but instead is categorical and based 

on the countries’ official emission-reduction commitments, i.e., their Nationally 

Determined Contributions (NDCs). Specifically, for each country, CAT provides a warming 

category that reflects the rise in global mean temperatures that would most likely result62 if 

all other countries were to implement a similar NDC. The categories are as follows, and we 

transform them into a simple numerical index (in brackets): “ >4 °C, critically insufficient” 

(1); “ <4 °C, highly insufficient)” (2); “ <3 °C, insufficient” (3); “ 2 °C compatible” (4), “ 1.5 

°C compatible” (5). For instance, for the US, the rating is 3 (consistent with limiting 

warming to 3 °C) in 2015, and 1 (consistent with above 4 °C warming) in 2017. Note that 

since the country ratings mostly range from 2 to 4, the measure has a convenient 

interpretation: a unit-increase in the measure corresponds to policy commitments being 

consistent with a 1 °C lower warming. A benefit of this measure is that it is based on annually 

updated CAT expert analyses, and hence may more accurately reflect the information 

available to firms each year, whereas our main measure reflects the policy ambition of 

currently enacted policies. Drawbacks of the measure are that it reflects policy 

commitments rather than concrete policy actions, is measured less precisely (categorically), 

and is relatively heavily dependent on estimations. 

Secondly, we employ the Climate Change Performance Index (CCPI) by 

Germanwatch (Burck et al., 2018), to ensure that our main results are not driven by the 

specification of our policy stringency measures. The CCPI covers 58 countries and reflects 

                                                           
62 Based on various effort-sharing principles, a range of projections is constructed; the midpoint of these projections are 
combined with expert assessments to construct the NDC rating (source: correspondence with CAT). 
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policy target ambitions and performance in a range of environmental policy categories 

based on expert evaluations. It has been employed in the sustainable finance field by (Delis, 

de Greiff, and Ongena, 2020), among others.  

As found in Tables B.4 and B.5, results generally uphold when alternating the policy 

stringency measure. 

 

5.5.3.5 Carbon cost uncertainty proxy 

In our main analysis, we measure revealed uncertainty about future carbon costs as 

the standard deviation (dispersion) of ICP levels set by firms in the same region, sector, and 

year. To assess the robustness of our dispersion measure to the influence of extreme ICP 

level observations as well as potential simultaneity in the ICP level of a focal firm and the 

dispersion in ICP levels in its region, sector, and year (as discussed in Section 4.1), we re-

estimate Eq. 1 and Eq. 2 using three alternative uncertainty proxies: First, we use the 

interquartile range of ICP levels, which will be less influenced by extreme ICP level 

observations. As a second measure, we recalculate ICP dispersion in region-year 

subsamples (rather than region-sector-year in our main analysis). Third, we employ a 

different proxy for policy uncertainty, namely the Economic Policy Uncertainty (EPU) index 

of Baker, Bloom, and Davis (2016). As reported in Table B.6, the alternative uncertainty 

proxies show qualitatively similar effects on the likelihood of ICP adoption (H1B), but much 

weaker effects on the ICP levels (H2B). Therefore, our dispersion measure appears to be 

robust, yet we interpret results about the drivers of ICP levels (H2B) as inconclusive. 

Based on these robustness analyses, we conclude that our main results are unlikely 

to be explained by specification issues of our dependent variable and independent variables 

of interest, potential measurement error in the ICP levels data, or by confounding factors. 

 

 

5.6 Conclusion and discussion 

 

This paper explores the determinants of internal carbon pricing practices. The use of 

internal carbon prices (ICPs) is a voluntary practice through which firms attach a 

hypothetical cost to their carbon emissions, which can then be incorporated in capital 

budgeting decisions to prioritize low-carbon activity (CDP, 2017). We explore whether ICP 

adoption and ICP levels reflect anticipation of future constraints imposed on firms’ carbon 

emissions. We find that the expected stringency of carbon constraints implied by countries’ 

climate policies and firms’ exposure to current carbon pricing schemes positively influence 

the likelihood of ICP adoption. In countries with 1 percentage point higher decarbonization 

rates projected by climate policies, the probability of ICP adoption is on average 2–4 
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percentage points higher. Furthermore, we find that the odds of ICP adoption are more than 

four times higher for firms that are currently subject to a carbon pricing scheme (ETS or 

carbon tax), corresponding to a 9–12 percentage points higher predicted probability of ICP 

adoption. ICP use is strongly and positively related to several firm characteristics, including 

size, environmental performance, and carbon emissions. For instance, we find that on 

average the probability of ICP adoption increases by 1 percentage point for each 1% increase 

in firm size, by 0.2–0.3 percentage point for every 1 point increase in the environmental 

rating, and by 0.8–0.9 percentage point for every 1% increase in absolute CO2e emission 

levels. Finally, we do not find a significant impact of revealed levels of uncertainty about 

future carbon costs on ICP levels, nor are we able to identify policy-related determinants of 

ICP levels.  

Taken together, our results suggest that, to a certain extent, firms aim to bring 

forward low-carbon investments in anticipation of future carbon cost scenarios. In 

particular, our findings seem to indicate that propensities for low-carbon investment are 

highest when there are sufficiently stringent and tangible signals of carbon costs. This 

conclusion is consistent with real-option based arguments that sufficient certainty is 

required to motivate investment, and that price volatility in current carbon pricing schemes 

may need to be dampened to induce sufficient investments into low-carbon technologies 

(Hoffmann, 2007). Moreover, our findings suggest that ICP adoption relates to specific 

types of firms, which might result from stakeholder pressure to disclose and manage carbon 

risk (Reid and Toffel, 2009). Finally, the substantial heterogeneity in ICP levels across firms 

might provide valuable information to investors and policymakers regarding the alignment 

of firm strategy and climate policies.  

This study faces several limitations. First, since very little is known about ICP 

implementation practices, we cannot rule out the possibility of misreporting and 

greenwashing (Chatterji, Levine, and Toffel, 2009). However, we note that data about ICP 

levels can be readily verified by investors, as the ICP level has direct strategic and 

operational implications (see also Wang and Sueyoshi, 2018). Moreover, Krüger, Sautner, 

and Starks (2020) note that there are substantial reputational costs related to the 

misreporting of sustainability-related data. A second limitation of our study is the 

identification of the actual carbon constraints to which firms are subject. Future studies are 

necessary using more accurate data on production sites and individual exposures to climate 

policy measures in different countries. Finally, note that our analysis has focused on the 

stringency of current climate policies; however, to respect the 2°C limit, additional policy 

action is required (UNEP, 2019), which will influence the stringency measure. 

In sum, our study provides preliminary indications that corporate action to price 

carbon internally and invest in low-carbon activities can be driven by a concern to mitigate 
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exposure to external developments in the cost of emitting carbon. Given that action from 

multinational firms is crucial to achieving global emission reduction targets (Heede, 2014; 

IPCC, 2018), future study of the factors facilitating corporate cooperation is required. 
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Appendices 

 

 

 Appendix A. Variable definitions 

 Appendix B. Robustness analyses 
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Appendix A. Variable definitions 

 

 

Table A.1 
Variable definitions. 
Variable Definition Source 
   
Internal carbon pricing   
Adopt(ICP) A binary indicator which equals 1 if the firm uses an internal 

carbon price (ICP) in year t, and 0 otherwise. 
CDP reports (2014–2017) 

   
ICP The internal carbon price (ICP) level used by the firm in 

year t. When multiple ICPs are being used, we take the 
average ICP (main analysis) or exclude the observation 
(robustness analysis). 

CDP reports (2014–2017) 

   
Carbon constraints   
Stringency 2030 policies The annual CO2e/capita reduction implied by a country’s 

climate policies until 2030, expressed in percentage 
relative to 2010 CO2e/capita levels. 

CAT, UNFCCC (annex-I 
countries) 

   
Carbon cost uncertainty The standard deviation of internal carbon prices used 

within a sector from the same region and year. 
CDP reports (2014–2017) 

   
Institutional factors   
External price (yes/no) A binary indicator which equals 1 if the firm has activities 

that fall under the EU ETS or other carbon pricing scheme 
(ETS or carbon tax) in year t, and 0 otherwise. 

CDP (Bloomberg) 

   
Income Ln(GDP in USD / capita). World Bank 
   
Legal origin A set of dummies capturing legal origin (common law, 

French civil law, German civil law, and Scandinavian civil 
law).  

La Porta, Lopez-de-Silanes, 
and Shleifer (2008) 

   
Firm-level characteristics  
Size Ln(total assets in 1,000 USD). Datastream 
   
Asset tangibility Property, plant, and equipment (PPE) / total assets. As above 
   
Capital intensity Capital expenditures / total asset. As above 
   
Systematic risk Market beta coefficient obtained from five-year rolling-

window regressions of the firm’s daily stock returns on the 
daily market return. 

Authors’ calculation based 
on data from Datastream 

   
Profitability Net income / total assets. Datastream 
   
Tobin’s Q (Common equity market value – common equity book 

value + total assets) / total assets. 
As above 

   
Leverage Total debt / total assets. As above 
   
Cash flow Operating cash flow / fixed assets. As above 
   
Stock liquidity Average daily share turnover (daily shares traded / daily 

shares outstanding) over the previous year. 
Authors’ calculation based 
on data from Datastream 

   
Working capital Net working capital (NWC): (Current assets – current 

liabilities) / total assets. 
Datastream 

   
Environmental rating Environmental performance rating from Asset4. It ranges 

from 0 (worst) to 100 (best). 
As above 

   
Institutional ownership The percentage of common shares owned by pension funds 

or investment companies. 
As above 

   
Carbon emissions Ln(estimated Scopes 1+2 CO2e emissions). As above 
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Appendix B. Robustness analyses 

 

 

Table B.1 
Determinants of current or committed adoption of internal carbon pricing (2014–2017). 
     We estimate Eq. 1. Stringency 2030 policies is our measure of expected stringency of carbon constraints at a country-
year level. It is measured as the annual CO2e/capita reduction implied by a country’s climate policies until 2030, expressed 
in percentage relative to 2010 CO2e/capita levels. Carbon cost uncertainty is a proxy for the uncertainty about future costs 
of emitting carbon, measured as the standard deviation of ICP levels applied by firms from the same region, sector, and 
year. We control for year-fixed effects (in columns (1)–(6)) as well as sector- and region (seven continents)-fixed effects (in 
columns (5)–(6)). All variables are defined in Appendix A, Table A.1. We show the estimated odds ratios (OR) and average 
marginal effects (AME). Robust standard errors clustered at the country level are in parentheses. *** p<0.01, ** p<0.05, * 
p<0.10. 
 DV = adopt(ICP) 

 
(1) 
OR 

(2) 
AME 

 (3) 
OR 

(4) 
AME 

 (5) 
OR 

(6) 
AME 

         
Carbon constraints         
Stringency 2030 policies 1.361* 0.022*  1.666*** 0.045***  1.418 0.030 
 (0.221) (0.012)  (0.293) (0.016)  (0.309) (0.019) 
Carbon cost uncertainty    1.000 0.000  1.000 0.000 
    (0.002) (0.000)  (0.002) (0.000) 
         
Institutional factors         
External price (yes/no) 4.111*** 0.133***  4.000*** 0.160***  4.291*** 0.164*** 
 (0.860) (0.027)  (0.887) (0.033)  (0.980) (0.032) 
Income 0.845 -0.012  0.693 -0.033  1.210 0.017 
 (0.220) (0.019)  (0.195) (0.026)  (0.398) (0.028) 
Legal origin (base = 
common law) 

        

French civil law 1.001 0.000  0.900 -0.010  0.447*** -0.072*** 
 (0.237) (0.018)  (0.193) (0.020)  (0.124) (0.022) 
German civil law 0.477*** -0.049***  0.493*** -0.060***  0.266*** -0.108*** 
 (0.081) (0.011)  (0.096) (0.014)  (0.088) (0.023) 
Scandinavian civil law 0.506 -0.046*  0.517 -0.056*  0.252*** -0.111*** 
 (0.235) (0.028)  (0.223) (0.033)  (0.119) (0.031) 
         
Firm-level characteristics 
Size 1.314*** 0.020***  1.333*** 0.026***  1.335*** 0.025*** 
 (0.075) (0.004)  (0.074) (0.004)  (0.081) (0.005) 
Asset tangibility 2.425*** 0.063***  2.276** 0.073**  1.604 0.041 
 (0.743) (0.023)  (0.815) (0.032)  (0.759) (0.041) 
Capital intensity 9.175* 0.159  5.925 0.158  4.627 0.133 
 (12.069) (0.097)  (9.769) (0.151)  (7.706) (0.146) 
Systematic risk 0.791 -0.017  0.778 -0.022  1.019 0.002 
 (0.169) (0.015)  (0.178) (0.020)  (0.238) (0.020) 
Profitability 0.495 -0.050  0.365 -0.090  0.763 -0.024 
 (0.423) (0.060)  (0.453) (0.108)  (0.872) (0.099) 
Tobin’s Q 1.029 0.002  1.065 0.006  1.099* 0.008* 
 (0.050) (0.003)  (0.055) (0.005)  (0.057) (0.004) 
Leverage  0.732 -0.022  0.689 -0.033  0.698 -0.031 
 (0.380) (0.037)  (0.269) (0.034)  (0.239) (0.030) 
Cash flow 0.953* -0.003**  0.958** -0.004**  0.952** -0.004** 
 (0.024) (0.002)  (0.020) (0.002)  (0.023) (0.002) 
Stock liquidity 0.544*** -0.044***  0.592*** -0.047***  0.608*** -0.043*** 
 (0.052) (0.007)  (0.069) (0.010)  (0.051) (0.007) 
Working capital 1.010 0.001  1.023 0.002  1.009 0.001 
 (0.019) (0.001)  (0.018) (0.002)  (0.019) (0.002) 
Environmental rating 1.037*** 0.003***  1.038*** 0.003***  1.039*** 0.003*** 
 (0.003) (0.000)  (0.003) (0.000)  (0.003) (0.000) 
Institutional ownership 1.006 0.000  1.002 0.000  1.002 0.000 
 (0.008) (0.001)  (0.007) (0.001)  (0.007) (0.001) 
Carbon emissions 1.097** 0.007**  1.090* 0.008*  1.108 0.009 
 (0.051) (0.003)  (0.056) (0.004)  (0.073) (0.006) 
         
Year fixed effects Yes   Yes   Yes  
Sector fixed effects No   No   Yes  
Region fixed effects No   No   Yes  
N 11,420   7,480   7,480  
(Pseudo) R2 0.332   0.317   0.335  
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Table B.2 
High-carbon sector firms, ignoring low ICP levels (2014–2017).  
     We estimate Eq. 1 (columns (1)–(4)) and Eq. 2 (columns (5)–(6)) for firms in high-carbon sectors. High-carbon sectors 
are ICB Industry codes 1 (Oil and gas), 1000 (Basic materials), 2000 (Industrials), and 7000 (Utilities). We set ICP levels 
below USD 20/tCO2e to missing. Stringency 2030 policies is our measure of expected stringency of carbon constraints at a 
country-year level. It is measured as the annual CO2e/capita reduction implied by a country’s climate policies until 2030, 
expressed in percentage relative to 2010 CO2e/capita levels. Carbon cost uncertainty is a proxy for the uncertainty about 
future costs of emitting carbon, measured as the standard deviation of ICP levels applied by firms from the same region, 
sector, and year. We control for year-fixed effects (columns (1)–(6)) as well as sector- and region (seven continents)-fixed 
effects (in columns (3), (4), and (6)). All variables are defined in Appendix A, Table A.1. For the logistic regressions (columns 
(1)–(4)), we show the estimated odds ratios (OR) and average marginal effects (AME). Robust standard errors clustered at 
the country level are in parentheses. *** p<0.01, ** p<0.05, * p<0.10. 
 DV = adopt(ICP)  DV = ln(ICP) 

 
(1) 
OR 

(2) 
AME 

 (3) 
OR 

(4) 
AME 

 (5) 
OLS 

(6) 
OLS 

         
Carbon constraints         
Stringency 2030 policies 1.786*** 0.036***  1.302 0.017  0.032 0.546* 
 (0.355) (0.012)  (0.396) (0.020)  (0.113) (0.304) 
Carbon cost uncertainty    1.000 0.000   0.010*** 
    (0.007) (0.000)   (0.002) 
         
Institutional factors         
External price (yes/no) 3.825*** 0.106***  4.085*** 0.118***  0.325 0.098 
 (0.861) (0.020)  (1.097) (0.024)  (0.224) (0.130) 
Income 0.812 -0.013  1.267 0.016  0.352* -0.023 
 (0.248) (0.019)  (0.485) (0.025)  (0.196) (0.425) 
Legal origin (base = 
common law) 

        

French civil law 0.810 -0.015  0.354*** -0.074***  -0.338* -0.273** 
 (0.197) (0.017)  (0.110) (0.019)  (0.164) (0.119) 
German civil law 0.319*** -0.066***  0.147*** -0.118***  -0.022 -1.094*** 
 (0.082) (0.012)  (0.055) (0.018)  (0.375) (0.331) 
Scandinavian civil law 0.317*** -0.066***  0.194*** -0.106***  -0.231 0.766* 
 (0.136) (0.020)  (0.094) (0.024)  (0.423) (0.434) 
         
Firm-level characteristics 
Size 1.292*** 0.016***  1.129 0.008  0.122 0.224** 
 (0.067) (0.003)  (0.098) (0.006)  (0.119) (0.093) 
Asset tangibility 4.411*** 0.091***  2.496 0.060  -0.141 -0.191 
 (2.028) (0.027)  (1.634) (0.043)  (0.636) (0.406) 
Capital intensity 4.907 0.098  1.772 0.038  4.047 0.619 
 (11.072) (0.138)  (2.668) (0.098)  (2.818) (2.155) 
Systematic risk 0.917 -0.005  1.823** 0.040**  0.120 -0.334 
 (0.257) (0.017)  (0.464) (0.017)  (0.328) (0.195) 
Profitability 0.889 -0.007  2.963 0.072  0.509 1.293*** 
 (0.920) (0.064)  (4.859) (0.107)  (0.544) (0.350) 
Tobin’s Q 1.015 0.001  1.081 0.005  0.031 -0.109 
 (0.110) (0.007)  (0.110) (0.007)  (0.071) (0.073) 
Leverage  1.300 0.016  0.897 -0.007  0.376 -0.161 
 (0.857) (0.041)  (0.636) (0.047)  (0.545) (0.658) 
Cash flow 0.971 -0.002  1.012 0.001  0.008 -0.062** 
 (0.041) (0.003)  (0.046) (0.003)  (0.035) (0.025) 
Stock liquidity 0.520*** -0.040***  0.465*** -0.050***  -0.473** -0.026 
 (0.064) (0.008)  (0.058) (0.009)  (0.205) (0.163) 
Working capital 0.989 -0.001  0.947* -0.004  0.008 0.004 
 (0.023) (0.001)  (0.030) (0.002)  (0.026) (0.022) 
Environmental rating 1.040*** 0.002***  1.049*** 0.003***  0.017*** 0.016** 
 (0.003) (0.000)  (0.005) (0.000)  (0.006) (0.006) 
Institutional ownership 0.990 -0.001  0.997 -0.000  0.016 0.022 
 (0.008) (0.000)  (0.009) (0.001)  (0.013) (0.013) 
Carbon emissions 1.186*** 0.011***  1.233** 0.014***  -0.072 0.027 
 (0.073) (0.003)  (0.103) (0.005)  (0.046) (0.052) 
         
Year fixed effects Yes   Yes   Yes Yes 
Sector fixed effects No   Yes   No Yes 
Region fixed effects No   Yes   No Yes 
N 5,723   3,725   233 207 
(Pseudo) R2 0.355   0.408   0.280 0.398 
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Table B.3 
Model in first differences (2014–2017). 
     We estimate in first differences Eq. 1 (columns (1) and (2)) and Eq. 2 (columns (3) and (4)). Stringency 2030 policies is 
our measure of expected stringency of carbon constraints at a country-year level. It is measured as the annual CO2e/capita 
reduction implied by a country’s climate policies until 2030, expressed in percentage relative to 2010 CO2e/capita levels. 
Carbon cost uncertainty is a proxy for the uncertainty about future costs of emitting carbon, measured as the standard 
deviation of ICP levels applied by firms from the same region, sector, and year. We control for year-fixed effects in all 
specifications. All variables are defined in Appendix A, Table A.1. Robust standard errors clustered at the country level are 
in parentheses. *** p<0.01, ** p<0.05, * p<0.10. 
 DV = adopt(ICP)  DV = ln(ICP) 

 
(1) 
OLS 

(2) 
OLS 

 (3) 
OLS 

(4) 
OLS 

      
Carbon constraints      
Stringency 2030 policies 0.104 0.160*  -0.575 -0.756 
 (0.072) (0.089)  (0.562) (0.653) 
Carbon cost uncertainty  -0.001   -0.001 
  (0.001)   (0.002) 
      
Institutional factors      
External price (yes/no) - -  - - 
      
Income -0.133 -0.074  -0.718 -0.959 
 (0.272) (0.311)  (1.053) (1.162) 
Legal origin (base = common law)      
French civil law - -  - - 
      
German civil law - -  - - 
      
Scandinavian civil law - -  - - 
      
      
Firm-level characteristics      
Size 0.020 0.032**  0.207* 0.131 
 (0.013) (0.014)  (0.117) (0.143) 
Asset tangibility 0.015 -0.001  0.111 0.145 
 (0.053) (0.069)  (0.232) (0.264) 
Capital intensity 0.129** 0.095  -0.805 -0.612 
 (0.055) (0.067)  (0.916) (1.001) 
Systematic risk 0.060*** 0.029  0.344* 0.324 
 (0.018) (0.024)  (0.192) (0.211) 
Profitability -0.028 -0.026  0.057 0.090 
 (0.017) (0.023)  (0.135) (0.155) 
Tobin’s Q 0.002 0.000  0.050** 0.041 
 (0.004) (0.003)  (0.023) (0.027) 
Leverage  -0.031 0.017  0.852* 0.855 
 (0.020) (0.021)  (0.464) (0.594) 
Cash flow -0.006 -0.004  0.065 0.069 
 (0.005) (0.005)  (0.045) (0.046) 
Stock liquidity -0.010 0.001  -0.054 -0.015 
 (0.011) (0.007)  (0.055) (0.070) 
Working capital -0.009** -0.003  -0.001 -0.001 
 (0.004) (0.004)  (0.007) (0.007) 
Environmental rating -0.002*** -0.001**  0.006** 0.005* 
 (0.000) (0.000)  (0.003) (0.003) 
Institutional ownership 0.001* 0.000  0.004 0.004 
 (0.000) (0.001)  (0.003) (0.004) 
Carbon emissions 0.002 0.000  -0.088* -0.079 
 (0.003) (0.003)  (0.048) (0.051) 
      
Year fixed effects Yes Yes  Yes Yes 
Sector fixed effects No No  No No 
Region fixed effects No No  No No 
N 7,098 4,018  182 172 
(Pseudo) R2 0.028 0.023  0.096 0.098 
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Table B.4 
Alternative measure of climate policy stringency: NDC rating (2014–2017). 
     We estimate Eq. 1 (columns (1)–(4)) and Eq. 2 (columns (5)–(6)) using the rating of National Determined Contributions 
(NDCs) by Climate Action Tracker (CAT), NDC rating, as an alternative measure of stringency of carbon constraints (see 
Section 5.3.4 for details). Carbon cost uncertainty is a proxy for the uncertainty about future costs of emitting carbon, 
measured as the standard deviation of ICP levels applied by firms from the same region, sector, and year. We control for 
year-fixed effects (in columns (1)–(6)) as well as sector- and region (seven continents)-fixed effects (in columns (3), (4), and 
(6)). All variables are defined in Appendix A, Table A.1. For the logistic regressions (columns (1)–(4)), we show the estimated 
odds ratios (OR) and average marginal effects (AME). Robust standard errors clustered at the country level are in 
parentheses. *** p<0.01, ** p<0.05, * p<0.10. 
 DV = adopt(ICP)  DV = ln(ICP) 

 
(1) 
OR 

(2) 
AME 

 (3) 
OR 

(4) 
AME 

 (5) 
OLS 

(6) 
OLS 

         
Carbon constraints         
NDC rating 1.192** 0.009**  1.044 0.003  0.098* 0.040 
 (0.093) (0.004)  (0.047) (0.003)  (0.052) (0.049) 
Carbon cost uncertainty    1.004 0.000   0.014*** 
    (0.002) (0.000)   (0.003) 
         
Institutional factors         
External price (yes/no) 4.234*** 0.098***  4.635*** 0.127***  0.228 0.031 
 (0.681) (0.015)  (0.933) (0.021)  (0.178) (0.117) 
Income 1.230 0.011  1.689*** 0.033***  0.573*** 0.495*** 
 (0.271) (0.011)  (0.285) (0.010)  (0.142) (0.148) 
Legal origin (base = 
common law) 

        

French civil law 0.806 -0.012  0.469*** -0.049***  -0.181 -0.131 
 (0.268) (0.019)  (0.110) (0.014)  (0.194) (0.173) 
German civil law 0.459*** -0.039***  0.398** -0.058***  -0.122 -1.062*** 
 (0.102) (0.013)  (0.147) (0.022)  (0.373) (0.313) 
Scandinavian civil law 0.345*** -0.049***  0.222*** -0.084***  0.275 0.280 
 (0.112) (0.015)  (0.059) (0.013)  (0.444) (0.270) 
         
Firm-level characteristics 
Size 1.200** 0.009**  1.196** 0.011**  0.124 0.219** 
 (0.090) (0.004)  (0.098) (0.005)  (0.138) (0.105) 
Asset tangibility 6.359*** 0.096***  2.672** 0.062**  0.381 0.259 
 (2.121) (0.019)  (1.122) (0.027)  (0.537) (0.547) 
Capital intensity 6.248 0.095  7.244 0.125  0.312 -0.238 
 (8.049) (0.065)  (10.637) (0.091)  (2.814) (2.262) 
Systematic risk 1.028 0.001  1.295 0.016  0.058 -0.221 
 (0.212) (0.011)  (0.302) (0.015)  (0.305) (0.212) 
Profitability 0.310 -0.061  0.718 -0.021  0.187 0.533 
 (0.309) (0.051)  (0.903) (0.079)  (0.658) (0.669) 
Tobin’s Q 1.066 0.003  1.151** 0.009**  0.028 -0.060 
 (0.054) (0.003)  (0.070) (0.004)  (0.056) (0.059) 
Leverage  0.635 -0.024  0.816 -0.013  -0.014 0.442 
 (0.362) (0.029)  (0.412) (0.032)  (0.561) (0.478) 
Cash flow 0.963 -0.002  0.989 -0.001  -0.058 -0.044 
 (0.030) (0.002)  (0.030) (0.002)  (0.036) (0.027) 
Stock liquidity 0.525*** -0.034***  0.617*** -0.030***  -0.263 -0.099 
 (0.056) (0.006)  (0.070) (0.007)  (0.237) (0.220) 
Working capital 1.004 0.000  0.996 -0.000  0.036 0.017 
 (0.017) (0.001)  (0.020) (0.001)  (0.034) (0.023) 
Environmental rating 1.044*** 0.002***  1.045*** 0.003***  0.012** 0.012* 
 (0.003) (0.000)  (0.005) (0.000)  (0.005) (0.007) 
Institutional ownership 0.994 -0.000  0.993 -0.000  0.016 0.019** 
 (0.011) (0.001)  (0.011) (0.001)  (0.012) (0.009) 
Carbon emissions 1.146*** 0.007***  1.102 0.006  -0.008 -0.018 
 (0.059) (0.002)  (0.077) (0.004)  (0.035) (0.037) 
         
Year fixed effects Yes   Yes   Yes Yes 
Sector fixed effects No   Yes   No Yes 
Region fixed effects No   Yes   No Yes 
N 12,440   7,974   359 343 
(Pseudo) R2 0.33   0.35   0.252 0.472 
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Table B.5 
Alternative measure of climate policy stringency: CCPI (2014–2017). 
     We estimate Eq. 1 (columns (1)–(4)) and Eq. 2 (columns (5)–(6)) using the Climate Change Performance Index (CCPI) 
(Burck et al., 2018) as an alternative measure of stringency of carbon constraints (see Section 5.3.4 for details). Carbon cost 
uncertainty is a proxy for the uncertainty about future costs of emitting carbon, measured as the standard deviation of ICP 
levels applied by firms from the same region, sector, and year. We control for year-fixed effects (in columns (1)–(6)) as well 
as sector- and region (seven continents)-fixed effects (in columns (3), (4), and (6)). All variables are defined in Appendix A, 
Table A.1. For the logistic regressions (columns (1)–(4)), we show the estimated odds ratios (OR) and average marginal 
effects (AME). Robust standard errors clustered at the country level are in parentheses. *** p<0.01, ** p<0.05, * p<0.10. 
 DV = adopt(ICP)  DV = ln(ICP) 

 
(1) 
OR 

(2) 
AME 

 (3) 
OR 

(4) 
AME 

 (5) 
OLS 

(6) 
OLS 

         
Carbon constraints         
CCPI 1.019* 0.001*  0.994 -0.000  0.001 0.000 
 (0.011) (0.001)  (0.015) (0.001)  (0.005) (0.011) 
Carbon cost uncertainty    1.004 0.000   0.014*** 
    (0.002) (0.000)   (0.002) 
         
Institutional factors         
External price (yes/no) 4.394*** 0.128***  4.773*** 0.130***  0.147 0.074 
 (0.832) (0.022)  (0.988) (0.021)  (0.155) (0.117) 
Income 1.193 0.012  1.643*** 0.031***  0.461*** 0.562*** 
 (0.214) (0.011)  (0.284) (0.011)  (0.118) (0.152) 
Legal origin (base = 
common law) 

        

French civil law 0.929 -0.005  0.456*** -0.050***  -0.076 -0.093 
 (0.251) (0.019)  (0.130) (0.017)  (0.177) (0.204) 
German civil law 0.636* -0.029*  0.398** -0.057**  -0.408 -1.041*** 
 (0.150) (0.015)  (0.166) (0.024)  (0.300) (0.237) 
Scandinavian civil law 0.385*** -0.054***  0.219*** -0.083***  0.630 0.229 
 (0.122) (0.017)  (0.065) (0.015)  (0.405) (0.300) 
         
Firm-level characteristics 
Size 1.171** 0.010**  1.230** 0.013**  0.065 0.169* 
 (0.078) (0.004)  (0.107) (0.005)  (0.117) (0.090) 
Asset tangibility 5.791*** 0.115***  2.369** 0.054**  0.318 0.372 
 (2.051) (0.026)  (1.008) (0.027)  (0.510) (0.571) 
Capital intensity 4.254 0.095  12.625* 0.159*  -0.759 -0.489 
 (5.433) (0.082)  (18.760) (0.091)  (2.812) (2.295) 
Systematic risk 0.955 -0.003  1.350 0.019  0.042 -0.279 
 (0.254) (0.017)  (0.319) (0.015)  (0.222) (0.198) 
Profitability 0.234 -0.095  0.702 -0.022  0.171 0.450 
 (0.325) (0.089)  (0.884) (0.079)  (0.611) (0.680) 
Tobin’s Q 1.080 0.005  1.155** 0.009**  -0.028 -0.046 
 (0.068) (0.004)  (0.069) (0.004)  (0.037) (0.064) 
Leverage  0.726 -0.021  0.776 -0.016  0.108 0.460 
 (0.424) (0.038)  (0.391) (0.032)  (0.427) (0.503) 
Cash flow 0.977 -0.002  0.985 -0.001  -0.037 -0.036 
 (0.025) (0.002)  (0.031) (0.002)  (0.029) (0.024) 
Stock liquidity 0.569*** -0.037***  0.620*** -0.030***  -0.260 -0.132 
 (0.072) (0.008)  (0.069) (0.007)  (0.159) (0.262) 
Working capital 1.009 0.001  0.993 -0.000  0.039 0.018 
 (0.018) (0.001)  (0.020) (0.001)  (0.032) (0.023) 
Environmental rating 1.042*** 0.003***  1.044*** 0.003***  0.013** 0.014* 
 (0.004) (0.000)  (0.005) (0.000)  (0.005) (0.007) 
Institutional ownership 0.993 -0.000  0.994 -0.000  0.023** 0.019** 
 (0.010) (0.001)  (0.011) (0.001)  (0.009) (0.009) 
Carbon emissions 1.142** 0.009***  1.095 0.006  0.005 -0.017 
 (0.064) (0.003)  (0.076) (0.004)  (0.029) (0.035) 
         
Year fixed effects Yes   Yes   Yes Yes 
Sector fixed effects No   Yes   No Yes 
Region fixed effects No   Yes   No Yes 
N 12,498   8,018   356 340 
(Pseudo) R2 0.33   0.35   0.243 0.446 
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Table B.6 
Alternative measure of carbon cost uncertainty (2014–2017). 
     We estimate Eq. 1 (columns (1)–(3)) and Eq. 2 (columns (4)–(6)) using alternative proxies for Carbon cost uncertainty. 
Carbon cost uncertainty is a proxy for the uncertainty about future costs of emitting carbon. It is measured in the baseline 
analysis (Tables 4 and 5) as the standard deviation of ICP levels applied by firms from the same region (seven continents), 
sector, and year. We alternate this measure by employing the interquartile range (IQR) of ICP levels applied by firms from 
the same region-sector-year (columns (1) and (4)), the standard deviation of ICP levels applied by firms from the same 
region-year (columns (2) and (5)), and the Economic Policy Uncertainty (EPU) index (Baker, Bloom, and Davis, 2016) 
(columns (3) and (6)). Stringency 2030 policies is our measure of expected stringency of carbon constraints at a country-
year level. It is measured as the annual CO2e/capita reduction implied by a country’s climate policies until 2030, expressed 
in percentage relative to 2010 CO2e/capita levels. We control for year-fixed effects in all specifications. All variables are 
defined in Appendix A, Table A.1. For the logistic regressions (columns (1)–(3)), we show the estimated odds ratios (OR). 
Robust standard errors clustered at the country level are in parentheses. *** p<0.01, ** p<0.05, * p<0.10. 
 DV = adopt(ICP)  DV = ln(ICP) 

 
(1) 
IQR(ICPrst) 

(2) 
Sd(ICPrt) 

(3) 
EPU 

 (4) 
IQR(ICPrst ) 

(5) 
Sd(ICPrt) 

(6) 
EPU 

        
Carbon constraints        
Stringency 2030 policies 1.541** 1.630** 1.328  0.275* 0.066 0.201 
 (0.320) (0.358) (0.260)  (0.153) (0.130) (0.181) 
Carbon cost uncertainty 1.001 0.991 0.995  0.011** 0.044*** -0.003 
 (0.002) (0.008) (0.007)  (0.005) (0.007) (0.006) 
        
Institutional factors        
External price (yes/no) 4.097*** 4.111*** 4.133***  0.222 0.063 -0.004 
 (0.714) (0.736) (0.908)  (0.153) (0.174) (0.275) 
Income 0.889 0.757 1.114  0.046 0.222 0.236 
 (0.255) (0.239) (0.349)  (0.223) (0.241) (0.266) 
Legal origin (base = 
common law) 

       

French civil law 0.877 0.977 0.701*  -0.239 -0.251 -0.386 
 (0.200) (0.242) (0.141)  (0.220) (0.162) (0.259) 
German civil law 0.460*** 0.591** 0.340***  -0.092 -0.527 0.008 
 (0.082) (0.153) (0.084)  (0.442) (0.325) (0.363) 
Scandinavian civil law 0.458*** 0.534* 0.147***  0.713 0.167 0.233 
 (0.135) (0.172) (0.042)  (0.466) (0.512) (0.607) 
        
Firm-level characteristics 
Size 1.165** 1.226*** 1.149*  0.099 0.200 0.281 
 (0.083) (0.089) (0.091)  (0.136) (0.157) (0.217) 
Asset tangibility 5.990*** 6.449*** 4.907***  0.170 0.282 0.264 
 (2.190) (2.472) (2.705)  (0.468) (0.468) (0.567) 
Capital intensity 3.549 4.624 1.221  1.373 1.895 5.502 
 (5.702) (7.325) (2.597)  (3.338) (3.108) (3.267) 
Systematic risk 0.833 0.908 1.560**  -0.072 0.073 -0.458 
 (0.204) (0.196) (0.314)  (0.285) (0.267) (0.353) 
Profitability 0.236 0.351 2.984  0.482 0.464 0.503 
 (0.332) (0.412) (3.555)  (0.634) (0.744) (0.401) 
Tobin’s Q 1.072 1.060 1.035  -0.011 -0.015 0.009 
 (0.075) (0.070) (0.089)  (0.059) (0.067) (0.075) 
Leverage  0.842 0.835 1.622  -0.185 0.005 -0.726 
 (0.510) (0.504) (0.799)  (0.485) (0.624) (0.787) 
Cash flow 0.989 0.963 0.981  -0.053 -0.074** -0.053 
 (0.026) (0.029) (0.031)  (0.036) (0.035) (0.047) 
Stock liquidity 0.533*** 0.532*** 0.694***  -0.032 -0.100 0.537 
 (0.061) (0.058) (0.095)  (0.250) (0.271) (0.581) 
Working capital 1.016 1.015 1.035**  0.033 0.033 0.030** 
 (0.018) (0.019) (0.018)  (0.032) (0.032) (0.013) 
Environmental rating 1.043*** 1.042*** 1.040***  0.013* 0.009 0.010 
 (0.004) (0.004) (0.007)  (0.007) (0.006) (0.008) 
Institutional ownership 0.990 0.993 0.985  0.021* 0.017 0.016 
 (0.013) (0.012) (0.010)  (0.010) (0.010) (0.017) 
Carbon emissions 1.151** 1.150** 1.118**  0.030 0.029 0.007 
 (0.072) (0.066) (0.063)  (0.033) (0.038) (0.044) 
        
Year fixed effects Yes Yes Yes  Yes Yes Yes 
Sector fixed effects No No No  No No No 
Region fixed effects No No No  No No No 
N 8,759 10,568 5,356  322 321 237 
(Pseudo) R2 0.34 0.34 0.31  0.267 0.293 0.324 
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