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A B S T R A C T

The transition to renewable energy can lead to major structural changes within the energy sector: climate policies 
encourage the entry of cleaner producers while at the same time driving polluting firms out of the market. 
However, previous macro-level structural decompositions of carbon intensity and carbon productivity fail to 
capture the underlying micro-level dynamics, such as firm entry and exit, industry switching, and the reallo
cation of emissions between firms. The purpose of this study is to fill this gap by presenting a novel micro-level 
structural change decomposition of carbon productivity. Using comprehensive firm-level register data of the 
greenhouse gas emissions in the Finnish electricity generation industry in 2000–2019, we find that more efficient 
allocation of carbon emissions across firms was the main driver of carbon productivity growth in Finnish elec
tricity generation during the study period. We also find that structural change, especially the entry of new firms, 
played a significant role in the carbon productivity development of this industry.

1. Introduction

The burning of fossil fuels, such as coal, oil, and natural gas, to 
generate energy is the main source of anthropogenic greenhouse gas 
(GHG) emissions. Mitigating climate change by reducing GHG emissions 
has become a major policy objective since the early 1990s. The first 
commitment period of the Kyoto Protocol started in 2008, and since 
then, a significant proportion of research and development activities and 
capital in the European Union (EU) and other Annex I parties to the 
agreement investments has been devoted to GHG abatement.

To monitor the performance of climate change mitigation programs 
and their economic costs over time, commonly used performance in
dicators include carbon productivity, generally defined as the economic 
output per unit of GHG emissions (e.g., Ekins et al., 2012; Jung et al., 
2021; Sun et al., 2021; Murshed et al., 2022), and its inverse carbon 
intensity (GHG emissions per output; e.g., Richter and Schiersch, 2017; 
Liu et al., 2018; Pan et al., 2022).1 The vast majority of previous studies 
on carbon productivity and carbon intensity operate at the macro-level 

of countries and regions (e.g., Hu and Liu, 2016; Bai et al., 2019; Bagchi 
et al., 2022). There is growing interest in measuring carbon productivity 
at the firm level; however, firm-level GHG emissions data are not always 
easily accessible to researchers.2 To address this issue, many previous 
studies estimate firm-specific GHG emissions based on fuel consumption 
data (e.g., Cao and Karplus, 2014; Richter and Schiersch, 2017; Li and 
Wang, 2019; Li et al., 2022).

In addition to monitoring carbon intensity and productivity over 
time, a growing stream of literature examines the underlying drivers of 
carbon productivity by decomposing these performance indicators into 
subcomponents to capture the underlying drivers of technological 
change and technical efficiency. These studies are typically based on 
index decomposition analysis (Liu and Ang, 2003; Meng and Niu, 2012; 
Hu and Liu, 2016; Bai et al., 2019), production theory (Zhou and Ang, 
2008; Liu et al., 2022), or a combination of different approaches (Lin 
and Du, 2014; Wang et al., 2018; Li et al., 2022). Another stream of 
literature focuses on disentangling the impacts of structural change in 
the economy by applying structural decomposition analysis (e.g., Wang 
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1 Carbon productivity is also sometimes referred to as carbon efficiency of production.
2 In his description of the European Union Transaction Log (EUTL) database, Abrell (2022) notes that “Accessing the data is rather burdensome as data access is 
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et al., 2017; Kulionis and Wood, 2020; Lin and Teng, 2022). However, 
previous structural change decompositions that operate at the macro- 
level of countries and regions do not capture underlying micro-level 
dynamics, such as the entry of new firms that use cleaner technology 
or the exit of firms with polluting technology. In economics, micro-level 
dynamics, such as the market entry and exit of firms, are recognized as 
an important source of total factor productivity growth at the aggregate 
level (Syverson, 2011; Bartelsman et al., 2013). To the best of our 
knowledge, however, the influence of micro-level structural changes on 
carbon productivity or carbon intensity has not been studied before.

The purpose of this study is to fill this gap and shed explicit light on 
the contribution of firm-level dynamics on carbon productivity by using 
comprehensive firm-level register data and a recently developed struc
tural change decomposition. More specifically, we utilize comprehen
sive register data on GHG emissions that cover all Finnish electricity 
generation firms that participate in the European Union Emissions 
Trading System (EU ETS).3 Because electricity generation is subject to 
the EU ETS regulation, GHG emissions of all power plants with a net heat 
excess of 20 MW are carefully monitored and recorded at the plant level. 
To measure carbon productivity at the micro level of the firm, we use 
unique firm identification codes to merge the firm-level GHG data with 
the economic data available in the business register of Statistics Finland.

Our study is the first to apply the micro-level structural change 
decomposition method in the present context of carbon productivity. 
Similar structural change decompositions have been previously applied 
in the context of total factor productivity and labor productivity, but 
since the ongoing sustainable transition will likely cause structural 
changes in the energy industry, we find it important to examine how 
structural change affects carbon productivity in particular. The 
decomposition of carbon productivity proposed in this paper builds 
upon the seminal work of Olley and Pakes (1996), which has been 
further extended by Kuosmanen and Kuosmanen (2021, 2024) to 
incorporate the entry and exit of firms as well as industry switching by 
continuing firms.4

From a methodological point of view, it is not directly obvious which 
of a number of alternative structural change decompositions known in 
the literature is the most suitable one in the present context of carbon 
productivity. The recent paper by Bruhn et al. (2023) sharply criticizes 
the common practice of using log-transformed productivity values, 
showing that the use of logs may lead to an inaccurate aggregate growth 
rate, an inaccurate description of the micro sources of aggregate growth, 
or both. To avoid the problematic logs, Kuosmanen and Kuosmanen 
(2021, 2024) developed an exact decomposition, which remains the 
only known structural change decomposition in the literature that 

a) guarantees consistent aggregation of firm-level productivity mea
sures at the industry level,

b) is applicable to both static and inter-temporal settings, and
c) does not depend on the arbitrary choice of market shares or any other 

share weights of firms.

To gain further insight into the industry dynamics, we also estimate 
probit regression models in which the market entry (or exit) of firms is 
explained by observed firm-level characteristics. A deeper understand
ing of the attributes associated with firm entry and exit enables us to 
better interpret the observed structural changes and their influence on 
carbon productivity of the industry. Interestingly, our empirical findings 
are at odds with the usual perception of firm exit occurring through 

bankruptcy, along the lines of the Schumpeterian notion of creative 
destruction.

The remainder of this paper is organized as follows. To motivate our 
empirical strategy and provide some background for the empirical re
sults, the next section begins with a brief overview of Finnish electricity 
generation firms. Section 3 presents the structural change decomposi
tion of carbon productivity. Section 4 describes the data and key vari
ables. The decomposition results are presented and discussed in Section 
5. Section 6 concludes.

2. Overview of the industry

This section presents a brief review of recent development of GHG 
emissions, structural changes, and the resulting growth of carbon pro
ductivity in the electricity generation industry in Finland. This will 
illustrate the importance of the empirical phenomena which motivate 
our empirical strategy and provide some background for the empirical 
results.

The energy sector is one of the main sources of global GHG emissions 
around the world. In Finland, the process of energy transition is already 
well on the way and has triggered considerable structural changes, 
particularly in the electricity generation industry. These developments 
provide a strong empirical motivation to examine the role of firm-level 
dynamics behind carbon productivity growth.

Fig. 1 illustrates the importance of electricity generation (i.e., the 4- 
digit NACE industry 3511 Production of electricity) as the source of GHG 
emissions in Finland and puts it to the broader perspective of the 
abatement of industrial GHG emissions. Although the emissions from 
electricity generation (the broken grey line in Fig. 1) have decreased in 
absolute terms, in relative terms, the share of electricity generation in 
the total industrial emissions has increased over time because other 
industries have managed to reduce GHG emissions more sharply. In 
2019, the share of electricity generation reached 28 % of total GHG 
emissions. Fig. 1 also illustrates that the electricity generation industry is 
the largest emitter of GHG within the energy sector (the 2-digit NACE 
code 35). Finally, Fig. 1 illustrates that our sample of electricity- 
generating EU ETS firms covers 70–80 % of the total GHG emissions 
of the entire energy sector.

In the Finnish Standard Industrial Classification TOL 2008, the 4- 
digit electricity generation industry is further decomposed into the 5- 
digit industries listed in Table 1. To provide an overview of the major 
structural changes that occurred in this industry, Table 1 reports the 
number of electricity generation firms by the TOL 2008 classification 
operating in Finland in the years 2000 and 2020. These numbers are 
based on business register data, which exhaustively cover all enterprises 
in Finland, including firms that do not participate in the EU ETS.

Table 1 highlights that all five subdivisions of the electricity gener
ation industry attracted many new firms during the first two decades of 
the 21st century, stressing the importance of market entry as a potential 
source of carbon productivity growth. In particular, the fast-growing 
wind-power segment within subdivision 35111 attracted many new 
entrants, including startups, but also established firms that switched 
from other sub-industries to wind power. Note that the growth of sub
division 35111 can be fully attributed to the wind power segment: the 
hydroelectric plants of Finland were built during the 19th and 20th 
centuries, and no new hydroelectric plants were introduced during 
2000–2020.5 The detailed Finnish TOL 2008 industry classification at 
the 5-digit level enables us to examine the structural changes that 
occurred in the electricity generation industry over the last two decades.

3 For a more detailed discussion and critical assessment of the EU ETS, see e. 
g. Böhringer (2014), Gulbrandsen et al. (2019), and Sato et al. (2022).

4 Within electricity generation, industry switching can occur, for example, 
when a firm that operates coal-fired power plants invests in renewable wind 
and solar power to such a large extent that its industry classification (NACE 
code) changes.

5 The number of firms in the nuclear subdivision 35114 increased due to 
startups that applied for the approval to build new nuclear generators, but only 
one of the projects proceeded to the construction stage.
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3. Methods

3.1. Structural change decomposition of carbon productivity

As carbon productivity is a partial productivity measure (analogous 
to labor productivity), the existing structural change decompositions of 
total factor productivity can be adapted to carbon productivity. Consider 
an industry consisting of Nt firms in period t, and note that the number of 
firms can change over time due to entry and exit. The carbon produc
tivity of firm i in period t is defined as the ratio of output (yit) to GHG 
emissions (git) as follows: 

cit =
yit

git
. (1) 

Note that the carbon intensity is simply the inverse 1/cit. Therefore, 
the structural change decomposition introduced next is directly appli
cable to the carbon intensity; however, the results and interpretations of 
the decomposition are generally not the same.

The carbon productivity of the industry in period t is defined as 

Ct =
Yt

Gt
=

∑Nt
i=1yit

∑Nt
i=1git

(2) 

where Yt is the total output of the industry in period t and Gt is the total 
emissions generated by the industry. To link the firm-level and the in
dustry level, it is helpful to restate the carbon productivity of the in
dustry as a share-weighted average of firm-level carbon productivity 
measures, formally, 

Ct =
∑Nt

i=1

yit

git

git

Gt
=

∑Nt

i=1
sitcit , (3) 

where sit =
git
Gt 

is the share of firm i in the total GHG emissions of the 
industry in year t. Note that the use of GHG emissions shares guarantees 
a consistent aggregation of firm-level carbon productivity indicators at 
the industry level. If one inverts the indicators to measure carbon in
tensity, then one should use the output shares (yit

Yt
) as the share weights s 

to ensure consistency of aggregation. Because the share weights are 
different, the decompositions of carbon productivity and intensity 
generally differ. In this study, we focus on carbon productivity, leaving 
the decomposition of carbon intensity as an interesting avenue for future 
research.

Following Olley and Pakes (1996), we can re-express the aggregate 
carbon productivity of an industry as 

Ct = ct + cov(sit , cit). (4) 

The right-hand side of Eq. (4) breaks down the industry's carbon 
productivity into two components. The first component is the un
weighted average of the carbon productivity of all the firms observed in 
year t, which would be equal to the industry productivity in the coun
terfactual scenario where all firms emit an equal amount of the GHG 
emissions. The second covariance term, which can be positive or nega
tive, captures the effect of the GHG allocation between firms on the 
carbon productivity of the industry. If the covariance term is negative, 
low-productivity firms tend to emit a larger share of their emissions. By 
contrast, a positive value of the covariance term indicates that high- 
productivity firms tend to have a larger share of emissions than low- 
productivity firms.

Following Kuosmanen and Kuosmanen (2021, 2024),6 we can 
further break down the average carbon productivity ct to capture 
changes in the industry composition through entry and exit, as well as 
industry switching. To this end, we classify firms in the industry into 
four mutually exclusive groups: 

(a) continuing firms remaining in the same sub-industry,
(b) continuing firms that switch to another sub-industry,
(c) exiting firms observed in period t but not in period t + 1,

Fig. 1. GHG emissions of Finland's industrial sector (all NACE activities; the black line), the energy sector (D 35 Electricity, gas, steam and air conditioning supply; 
the solid grey line), and Production of electricity industry (3511; the broken grey line) in 2008–2020, measured in Mt of CO2 equivalents. 
Data sources: EUROSTAT air emissions accounts (solid lines) for 2008–2020 and the national greenhouse gas inventory of Statistics Finland (broken line) 
for 2008–2019.

Table 1 
The number of electricity generation firms in Finland in 2000 and 2020.

Subdivision of electricity generation industry 3511 2000 2020

35111 Production of electricity with hydropower and wind power 43 239
35112 Separate production of electricity with thermal power 5 11
35113 Combined heat and power production 32 66
35114 Production of electricity with nuclear power 2 6
35115 Heat and power production for industry 15 23

Source: Business register database of Statistics Finland.

6 Similar classification is used in other productivity studies such as in 
Maliranta (2003), Böckerman and Maliranta (2007), Hyytinen and Maliranta 
(2013), Maliranta and Määttänen (2015), and Melitz and Polanec (2015).
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(d) new entrants in period t + 1.

The union of all continuing firms in groups (a) and (b) forms set S of 
all surviving firms. Further, firms in group (a) form the set Sn of sur
viving non-switchers, which is used as the baseline for quantifying 
structural change effects. As noted by Olley and Pakes (1996), studies 
based on balanced panel data of firms focus exclusively on group (a).

Applying this classification, the carbon productivity of the industry 
in period t can be written as the sum of the four components as follows: 

Ct = cSn,t +
(
cS,t − cSn,t

)
+
(
ct − cS,t

)
+(Ct − ct). (5) 

The first component on the right-hand side of Eq. (5) is the average 
carbon productivity of non-switching continuing (surviving) firms, 
which forms the baseline. The second component captures the effect of 
industry switching by comparing the average carbon productivity of all 
continuing firms S and its subset Sn, consisting of non-switching 
continuing firms. For industry switching, we refer to the observed 
change in the 5-digit industry classification of the firm within the 4-digit 
electricity generation industry. Industry switching is common in many 
industries (Kuosmanen et al., 2022). Note that if switching is not 
explicitly considered, then its contribution is mixed with the continuing 
non-switching firms or the contribution of entry and exit.

From the vantage point of the base period t, the third component of 
(5) captures the productivity effect of exiting firms by comparing the 
average carbon productivity of all firms and all continuing firms. Note 
that exiting firms might completely close down or continue operations in 
sectors other than electricity generation. This component represents the 
contribution of firm entry from the perspective of the target period t + 1. 
Firm entry can occur through newly established firms or existing firms 
switching from another industry to electricity generation. Finally, the 
fourth component captures the reallocation of carbon emissions across 
all firms, which is facilitated by the EU ETS emissions trading scheme. 
Instead of using the covariance formulation by Olley and Pakes (1996), 
we use the equivalent formulation based on the difference between the 
carbon productivity of the industry and the unweighted average carbon 
productivity of all firms (see Kuosmanen and Kuosmanen, 2021, for 
further details).

The static decomposition (5) of the level of carbon productivity can 
be extended to carbon productivity growth as follows: 

ΔC = ΔcSn +ΔINS+ΔINT+ΔENX+ΔALL (6) 

where
ΔC = Ct

Ct− 1
(carbon productivity change of the industry),

ΔcSn =
cSn,t

cSn,t− 1 
(carbon productivity change of continuing firms in the 

same sub-industry),
ΔINS =

cS,t
cS,t− 1

−
cSn,t

cSn,t− 1
(contribution of intra-industry switching of sub- 

industry),
ΔENX = ct

ct− 1
−

cS,t
cS,t− 1

(contribution of firm entry and exit),

ΔALL = Ct
Ct− 1

− ct
ct− 1

(contribution of reallocation of emissions).
Intertemporal decomposition (6) allows us to break down the carbon 

productivity growth of the industry into multiple components expressed 
as percentage changes. In this case, the component ΔENX represents the 
net contribution of firm entry and exit.

3.2. Probit regression

To gain further insight into the industry dynamics in the context of 
carbon productivity, we also employ the probit regression models to 
gain a better understanding of the attributes that correlate with firm 
entry and exit. The probit analysis can help sharpen our interpretation of 
the observed structural changes and their contribution on carbon 
productivity.

More specifically, we estimate two probit models, specified as fol

lows: 

Pr
(
Exiti,t+2 = 1

)
= Φ(α+ βXit + εit) (7) 

Pr
(

Entryi,t− 2 = 1
)
= Φ(α+ βXit + εit)

where, Exiti,t+2 is a binary indicator for firm i having exited by period 
time t + 2 (1 for exiting firms, 0 for continuing firms), and Entryi,t–2 is 
similarly defined (1 for the firm having entered after period t–2, 0 for 
continuing firms). Note that the firm characteristics are unobservable for 
the entering firms prior to entry and for the exiting firms after the exit. 
Therefore, we consider a two-period lead prior to exit and a two-period 
lag after entry. In other words, firm exit in our probit model refers to a 
situation where a firm that operates in period t is no longer observed in 
our register data after two years in period t + 2. Analogously, the group 
of entering firms refers to firms that have less than two years observed 
records in the register data.

In the probit model, the exit and entry probabilities are modeled 
assuming the standard normal distribution: Φ denotes the standard 
normal cumulative distributive function. The coefficients β are the pa
rameters of interest. Vector X includes observed firm-level characteris
tics such as the firm size, financial health (e.g., liquidity, capital 
structure and debt) (e.g., Cefis et al., 2022) as well as employee char
acteristics (Koch et al., 2013); these variables are introduced in more 
detail in the next section. In addition, the model includes a constant α 
and the random error term ε that has the standard normal distribution.

4. Data

4.1. Data sources

Our empirical study is based on comprehensive firm-level register 
data on GHG emissions from the National Greenhouse Gas Inventory of 
Statistics Finland.7 This yearly panel data covers the period 2000–2019 
and includes all electricity-generating firms that participate in the EU 
ETS, the first large-scale GHG emissions trading scheme in the world. 
According to EU directives, all power plants with a net heat excess of 20 
MW must participate in the EU ETS. In Finland, the EU ETS regulations 
are administered by the Finnish Energy Authority. Every plant subject to 
EU ETS regulation is required to have a monitoring system approved by 
the Energy Authority. The firm-level data of the national greenhouse gas 
inventory used in this study were based on plant-level monitoring in
formation submitted to the Energy Authority.

To calculate carbon productivity, we match the register data of GHG 
emissions with the Financial Statement panel data of Statistics Finland 
using unique firm identification codes. The Financial Statement panel 
data include the most essential profit and loss accounts and the balance 
sheet data of firms.8 These data include relevant information regarding 
industry codes and economic data, which allow us to compute the value 
added by each firm. Therefore, we use value added as the output mea
sure and define carbon productivity as the ratio of value added and GHG 
emissions.9 Note that the business register data exhaustively cover all 
independent business enterprises in virtually all industries. Enterprises 
with at least 20 employees are included in the direct data collection, and 
the data of smaller enterprises and non-respondent enterprises are 

7 Further information on the Greenhouse gas inventory is available at: http 
s://www.tilastokeskus.fi/tup/khkinv/index_en.html.

8 Further information on the Financial Statement Data Panel of Statistics 
Finland is available at: https://taika.stat.fi/en/aineistokuvaus.html#!?dataid 
=FIRM_19862020_jua_FSSpaneeli_001.xml.

9 In electricity generation industry, carbon intensity is often measured using 
the net energy generation (in kWh) as a physical output. Unfortunately, we 
cannot match the register data of GHG emissions to the physical energy output, 
so we resort to the economic output in terms of value added in this study.
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derived from administrative records, such as tax registers.
For the probit regressions, we link diverse data sources using firm 

identification codes to construct a unique matched dataset that com
bines firm-level GHG emissions with detailed background characteris
tics. We incorporate data from the Business Register database, which 
provides firm-level information on location and firm age (in years). The 
financial characteristics include the total revenue, labor input 
(measured in full-time equivalents, FTE), capital stock (in millions of 
euros, M€), equity ratio (total equity divided by total assets), and current 
ratio (the firm's ability to cover short-term liabilities). We also obtained 
details on foreign ownership from the Foreign Affiliates Statistics and 
export data from Finnish customs. Firm-level employee characteristics, 
including the average age of employees and their work experience, were 
obtained from the FIRM enterprise-specific personnel characteristics 
data. Individual-level FLEED and FOLK registers were also utilized to 
gather data on education level and field at the individual employee 
level, according to the ISCED educational classification. At the firm 
level, this allows us to identify the share of firm's workers with a Master's 
degree or equivalent level in the fields of science, technology, engi
neering, or mathematics (henceforth abbreviated as STEM).

The merged data used in the empirical analysis in the next section 
include only firms that participate in the EU ETS. Note that renewable 
producers with zero emissions (e.g., firms specializing in wind power) 
are not included in the sample because their carbon productivity is 
undefined. Further, we classify entry, exit, and industry switching based 
on the business register data of all firms and not just the subset of EU 
ETS-participating firms. This ensures that entry to and exit from the EU 
ETS regulation is not misclassified as entry or exit. The total sample size 
of our study comprised 802 observations from 87 electricity generation 
firms operating in Finland from 2000 to 2019.

4.2. Three time periods

To capture structural change in carbon productivity and to ensure 
comparability over time, we examined carbon productivity during the 
following three distinct periods, analogous to Kuosmanen and Kuos
manen (2024) and Kuosmanen and Maczulskij (2024): 

1) 2000–2006,
2) 2007–2012,
3) 2013–2019.

The segmentation into three distinct subperiods of 6–7 years length is 
motivated by the following four reasons.

First, considering medium-term perspective instead of insisting on 
yearly changes enables one to better capture the contributions of 
structural changes, such as entry/exit and industry switching, which are 
relatively rare events in a single year (cf., Holm, 2014; Kuosmanen and 
Kuosmanen, 2021, 2024; Kuosmanen and Maczulskij, 2024).

Second, the present segmentation into three subperiods ensures data 
comparability throughout each subperiod. It is important to note that 
Statistics Finland conducted major revisions to the Financial Statement 
Data Panel in years 2006 and 2013, which may affect comparability of 
data before and after the revision.10 Therefore, we have chosen these 
years of data revisions as the first years of the second and the third 
subperiod, respectively, to ensure that the data standards remain 
consistent throughout each subperiod.

Third, the three periods match well with the macroeconomic con
ditions in Finland. The first period 2000–2006 was characterized by 
rapid economic growth in Finland. The second period 2007–2012 in
cludes the global recession in 2008–2009 followed by a decline in 

Finland's GDP due to sluggish exports in 2011–2012 (referred to as 
“double recessions”).11 The final period 2013–2019 was characterized 
by a slow recovery.

Fourth, the selected periods also match reasonably well with the first 
three phases of the EU ETS. Note that the firm-level data of the Finnish 
GHG inventory reach back to the year 2000, but the EU ETS was 
launched only in January 2005. There was a need to monitor GHG 
emissions before the first pilot phase of the EU ETS in 2005–2007 (phase 
1) because initially the emission allowances were given for free in pro
portion to historical emission levels (the approach known as “grand
fathering”; e.g., Sato et al., 2022). Therefore, our first study period 
includes the years leading up to the launch of the EU ETS, and the first 
years of the pilot phase. During phase 2 of the EU ETS in 2008–2012 
(covered by our second study period), the total volume of allowances 
remained at a similar level as in phase 1, but up to 10 % of emission 
allowances were auctioned. In phase 3 in the years 2013–2020 (our third 
study period), auctioning became the default allocation mechanism, 
especially in the electricity sector. Further, the total volume of allow
ances was notably decreased, creating more scarcity of emission 
allowances.

5. Results

5.1. Average carbon productivity by subgroup and subperiods

The structural change decomposition of carbon productivity intro
duced in Section 3 is based on partitioning the sample into four mutually 
exclusive subgroups. To gain insight, we first compare the average 
carbon productivity of these four subgroups before proceeding to the 
decomposition analysis.

The left panel of Table 2 presents the average level of carbon pro
ductivity in the four subgroups of firms in the first and the last years of 
the three distinct periods introduced in Section 4.2.12 The right panel of 
Table 2 indicates the relative sizes of the subgroups as the percentage of 
firms classified to each subgroup.

During the first study period of 2000–2006, the electricity generation 
industry experienced major structural changes in the form of entry, exit, 
and industry switching, as the subgroup shares in the right panel of 
Table 2 indicate. In 2006, almost one-third of the observed sample were 
new firms that had entered the market between the years 2000 and 
2006, another one-third had switched sub-industry within electricity 
generation, and the remaining one-third were continuing firms in the 
same segment.

Moving to the left panel of Table 2, we observe that the carbon 
productivity of the firms that continue to operate within the same in
dustry nearly doubled, but unfortunately, the carbon productivity of 
those firms that switched industries declined sharply. This suggests that 
these firms underperformed, and industry switching may have served as 
an alternative to the market exit. Worse yet, the subgroup of exiting 
firms had the highest average carbon productivity of all subgroups in 
2000, while the subgroup of entering firms in 2006 had considerably 
lower average carbon productivity (recall that our sample excludes 
renewable producers with zero emissions). Based on the group averages, 
the subgroup of firms continuing in the same industry exhibited a pos
itive development of carbon productivity, whereas firm entry, exit, and 
industry switching had a major negative effect on the carbon produc
tivity of the industry. Since market competition is considered the main 
driver of the entry, exit, and switching decisions of the firms, these 
figures suggest that carbon productivity did not help to enhance 
competitive advantage in this industry during this period. Further, it is 

10 More detailed information of the revisions conducted on the financial 
statement statistics are available at the following link: https://taika.stat.fi/en/a 
ineistokuvaus.html#!?dataid=FIRM_19862020_jua_FSSpaneeli_001.xml.

11 For further information, see the Bank of Finland (2018).
12 To alleviate the influence of extreme outliers, the empirical distribution of 

carbon productivity has been trimmed at the 5th and the 95th percentiles 
before computing the subgroup averages.
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interesting to note that these major structural changes in the Finnish 
electricity generation industry took place between 2000 and 2006, 
leading up to the launch of the EU ETS in 2005, well before the financial 
crisis and the period referred to as the Great Recession.

During the second period of 2007–2012, associated with the Great 
Recession and the second phase of the EU ETS, somewhat surprisingly, 
the industry structure remained much more stable since more than 70 % 
of the sample continued in the same sub-industry according to the right 
panel of Table 2. Interestingly, inter-industry switching was very com
mon in this industry during this period. Regarding the average carbon 
productivity figures reported on the left panel of Table 2, we see that the 
performance of firms continuing in the same industry deteriorated 
sharply during this period, but in contrast, the firms that switched in
dustries achieved major growth in their carbon productivity. Moreover, 
the average carbon productivity of the subgroup of entering firms during 
this period was somewhat higher than that of firms that exited during 
this period.

During the last period of 2013–2019, approximately three-quarters 
of our sample consist of firms continuing in the same sub-industry. In 
this period, new startups were a more common form of entry to this 
industry than industry switching of existing firms. Regarding the 
average carbon productivity, the situation is similar to that seen in the 
first period: firms continuing in the same industry were the main driver 
of carbon productivity growth, whereas carbon productivity of industry 
switchers dropped, and the exiting firms had on average higher carbon 
productivity than the entering firms. The carbon productivity decom
position, to be examined in the next section, helps to empirically 
quantify the effects of these structural changes more systematically on 
the carbon productivity development of the industry.

To summarize, the share of continuing firms increased between 2000 
and 2019, while firm exit, entry and industry switching declined. This 
indicates higher survival rates of new firms during the second and third 
subperiods, which are temporarily associated with phases II and III of 
the EU ETS. Previous studies have demonstrated that the implementa
tion of the EU ETS improved various firm-level metrics, such as in
vestments, green research and development (R&D), revenues and 
productivity (e.g., Calel and Dechezleprêtre, 2016; Klemetsen et al., 
2020; Dechezleprête et al., 2023).

5.2. Decomposing the level of carbon productivity

While the average carbon productivity levels reported in Table 2 for 
each subgroup in the first and the last year of each subperiod already 
reveal interesting patterns, to systematically quantify the effects of 
structural changes on industry productivity, we next apply the carbon 
productivity decomposition (5) introduced in Section 3. The decompo
sition of the levels of carbon productivity in the first and the last years of 
the three subperiods is presented in Table 3.

The first four rows of Table 3 present the components of the carbon 
productivity decomposition in the same ordering as on the right-hand 
side of Eq. (5). The starting point of the decomposition is the average 
carbon productivity of the subgroup of firms that continued operating in 
the same industry; the values indicated on the first row of Table 3 are the 

same as those on the first column of Table 2. Note, however, that the 
average carbon productivity of this subgroup is not the same as the 
carbon productivity of the industry: the average carbon productivity of 
the continuing firms is much higher than the carbon productivity of the 
industry indicated on the bottom row of Table 3, which corresponds to 
the left-hand side of Eq. (5). To bridge this gap, we need to consider the 
structural effects reported on the second, third, and fourth rows of 
Table 3.

The contribution of industry switching is measured by comparing the 
average carbon productivity of all continuing firms and that of the 
subset of continuing firms in the same industry. The second row of 
Table 3 indicates that the industry switching contributed negatively to 
carbon productivity, particularly during the first period when approxi
mately one-third of the firms in our sample switched sub-industry within 
the electricity generation industry. In the years 2012 and 2013, how
ever, industry switching had a large positive contribution to the carbon 
productivity of electricity generation.

The contributions of firm exit and firm entry are similarly measured 
by comparing the sample averages of all observations and that of all 
continuing firms. The third row indicates that the entry of new firms had 
a negative contribution in all three periods considered. Recall from 
Table 2 that the average carbon productivity in the subgroup of entering 
firms was lower than that of the continuing firms in each of the three 
periods. In contrast, the average carbon productivity of exiting firms on 
the fourth row of Table 3 was very high during the first and last periods: 
the positive effect in Table 3 captures the impact of these high- 
productivity firms staying in operation during the first year of the 

Table 2 
Average carbon productivity in the four subgroups of firms (left panel) and the relative sizes of the subgroups (right panel).

Carbon productivity* Subgroup size (% of firms in the sample)

Year Same industry Industry switch Exit Entry Same industry Industry switch Exit Entry

2000 200.2 131.7 347.8 38.5 30.8 30.8
2006 393.6 41.6 49.2 35.5 32.3 32.3
2007 342.2 109.8 36.2 74.3 14.3 11.4
2012 131.4 808.7 42.2 71.1 18.4 10.5
2013 237.8 1281.7 943.1 75.0 12.5 12.5
2019 281.8 183.1 91.9 74.4 9.3 16.3

* Carbon productivity measured as value added (euros, prices of 2015) per tonne of GHG (CO2 equivalents).

Table 3 
Structural change decomposition of the levels of carbon productivity in the 
Finnish electricity generation industry.

Period 1 Period 2 Period 3

2000 2006 2007 2012 2013 2019

Average carbon 
productivity 
of firms 
continuing in 
the same 
industry 200.2 393.6 342.2 131.4 237.8 281.8

+ effect of 
industry 
switching − 30.4 − 167.6 − 37.5 139.4 149.1 − 11.0

+ effect of 
entering 
firms − 57.0 − 24.1 − 29.1

+ effect of 
exiting firms 54.8 − 30.7 69.5

+ effect of GHG 
allocation − 186.9 − 111.0 − 211.3 − 159.5 − 375.1 − 131.0

= Carbon 
productivity 
of the 
industry 37.7 57.9 62.7 87.3 81.4 110.7

Note: Carbon productivity is measured as value added (euros, prices of 2015) per 
tonne of GHG (CO2 equivalents).
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period. Unfortunately, this subgroup of firms will later exit the market, 
which will be duly taken into account in the inter-temporal decompo
sition to be presented in Section 5.3.

The fifth row of Table 3 is the Olley-Pakes allocation component, in 
other words, the covariance term of Eq. (4). This component captures 
the allocation of GHG emissions across all firms. The large negative 
values indicate a negative correlation between GHG emissions and 
carbon productivity. In other words, firms with low carbon productivity 
generated the largest amounts of GHG emissions, as might be expected.

When the first five rows of Table 3 are summed up, we arrive at the 
carbon productivity of the whole industry, as indicated in the bottom 
row of Table 3. Despite the large offsetting effects of structural changes 
indicated in Table 3, we see a clear increasing trend in the values of the 
bottom row over time, consistent with Figure 1. This observation mo
tivates us to consider the contribution of structural change to the growth 
of carbon productivity over time.

5.3. Decomposing the growth of carbon productivity over time

The productivity decomposition introduced in Section 3 applies to 
both the levels and changes in carbon productivity. In this sub-section, 
we turn attention to the carbon productivity change and apply the 
intertemporal decomposition presented in Eq. (6).

Table 4 presents the results of the inter-temporal carbon productivity 
decomposition. Note that Table 4 is organized analogously to Table 3, 
where the key difference is that the numbers reported in Table 4
represent the average yearly percentage changes of the components 
during the three subperiods. Similar to Table 3, the first four rows of the 
table sum up to the aggregate carbon productivity change of the in
dustry, as reported on the bottom row of Table 4.

Our starting point is again the average carbon productivity change of 
the firms that continue to operate in the same industry. This subgroup of 
firms achieved an extremely high yearly growth of 16 % during the first 
period but experienced a major decline during the second period 
(associated with the Great Recession). The growth of carbon produc
tivity resumed in this subgroup during the third period but at a more 
modest average rate of 3 % per year.

The effects of industry switching and the net effect of the entry and 
exit capture the contributions of changes in the industry composition. 
Interestingly, both these components had large negative contributions of 
approximately 10 % per year during the first period, in which almost 
one-third of firms in the sample were assigned to each of these sub
groups. Perhaps somewhat surprisingly, the industry switching and the 
entry and exit effects both had a positive contribution to carbon pro
ductivity growth during the second period that coincided with the Great 
Recession. However, during the third subperiod, the industry switching 
and the entry and exit effects both turned negative, but the magnitude of 
these structural changes was smaller due to the smaller frequency of 
entry, exit, and industry switching.

Perhaps the most interesting result of the inter-temporal decompo
sition is the large positive contribution of the Olley-Pakes reallocation 
component, as reported in the fourth row of Table 4. This effect 

remained consistently large and positive throughout all three time pe
riods. While in Table 3 we found the level of the allocation component to 
be negative, importantly, its absolute value decreased during each of the 
three subperiods. Comparing the four components of the decomposition, 
we find that the improved allocation of GHG emissions to more carbon- 
productive electricity-generating firms was the most important driver of 
carbon productivity growth in the Finnish electricity generation 
industry.

The improved allocation of GHG emissions is likely associated with 
the economic incentives created by the tradeable emissions allowances. 
Recall that our sample of firms consists of electricity-generating firms 
that participated in the EU ETS regulation. Even though the market 
prices of allowances were relatively low during this period, except for 
the first and the last years of the study period, the fact that GHG emis
sions have a positive opportunity cost and that emission allowances can 
be traded between firms can help the market mechanism to allocate the 
GHG emissions to more productive uses.

Previous firm-level studies on carbon pricing indicate that ETS reg
ulations stimulated green investments and R&D, although initial free 
allowances in the EU ETS may have hindered low-carbon investments 
(Calel and Dechezleprêtre, 2016; Teixidó et al., 2019). Based on our 
empirical results, the improved allocation of GHG emissions between 
firms was the main source of carbon productivity growth in this industry 
during the entire study period, although the increased carbon produc
tivity within continuing firms also played a role, except during the 
financial crisis.

5.4. Probit analysis

The purpose of this section is to shed some further light on the rather 
counterintuitive finding that the average carbon productivity of exiting 
firms was considerably higher than that of continuing firms or entering 
firms during the first and last subperiods (Table 2). This resulted in a 
large negative contribution from entry and exit during those subperiods 
in the intertemporal decomposition presented in Table 4. To this end, we 
estimate the probit models (see Eq. (7)) to examine what types of firm 
characteristics are temporarily associated with market exit or entry.

Table 5 presents the maximum likelihood estimates of the co
efficients of the probit models for the exit and entry probabilities. For 
both models, two alternative specifications “with emissions” and 
“without emissions” are considered. Our baseline model “with emis
sions” includes the GHG emissions as an explanatory variable, and hence 
the sample consists of firms for which GHG emissions data are available. 
As a robustness check, we also consider the model “without emissions”, 
which excludes the GHG emissions from the explanatory variables in 
order to cover a somewhat larger sample of firms, including those 
electricity generating firms for which the GHG emissions data are un
available, which were excluded from the carbon productivity 
decompositions.

Our main finding in Table 5 is that the exit probability has a signif
icant positive association with the current ratio and the total revenue. 
These findings are at odds with the conventional perception of market 
exit occurring through bankruptcy. Note that the current ratio is a 
liquidity measure commonly used to track how well a company is able to 
meet its short-term debt obligations. Therefore, the probit results sug
gest that the exiting firms were not at particularly high risk of insol
vency, rather, such firms with high liquidity would appear as attractive 
targets for mergers and acquisitions. It seems likely that most exiting 
firms in our sample chose to voluntarily exit through mergers and ac
quisitions instead of closing down completely. If this is true, then it is 
fortunate that the exiting firms with extremely high carbon productivity 
levels (recall Table 2) continue to operate as sub-units of some larger 
firms. Such mergers and acquisitions would help explain the excep
tionally high carbon productivity growth (on average 16 % per year) of 
the continuing firms within the same subindustry during the first sub
period. If market exit mainly occurred through mergers and acquisitions 

Table 4 
Structural change decomposition of the average yearly change in carbon pro
ductivity in the Finnish electricity generation industry (% per year).

Period 1 Period 2 Period 3

2000–2006 2007–2012 2013–2019
Average carbon productivity change of 

firms continuing in the same industry 16.10 − 12.32 3.09
+ effect of industry switching − 10.58 10.10 − 8.09
+ effect of entry and exit − 9.64 0.23 − 2.84
+ effect of GHG allocation 13.09 9.85 13.86
= Carbon productivity change of the 

industry 8.97 7.86 6.02
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in this specific industry, as it seems likely, then the negative contribution 
of entry and exit in the first and third subperiods must be mainly 
attributed to a rather low level of average carbon productivity among 
the entering firms. Although the exiting firms are financially quite 
strong, the results also suggest a limited focus on technical expertise and 
innovation, as measured by the share of STEM workers in a firm.

Considering the factors associated with market entry, a statistically 
significant positive association is found with the dummy variable for 
Uusimaa region, and in the model without GHG emissions, also with the 
current ratio. Uusimaa region includes the metropolitan area of Helsinki 
and has the highest population of all regions in Finland, so it is not 
surprising to find that new entrants are likely located in that region. The 
probit estimates also confirm a trivial result that the firm age is nega
tively associated with the firm entry; recall that the sub-group of 
entering firms are less than two years old by construction.

It is also worth noting in Table 5 that the GHG emissions appear to 
have no association whatsoever with either exit or entry.13 This would 
suggest that the various incentives and regulations to decrease GHG 
emissions were not strong enough to drive dirtier firms out of business or 
to attract cleaner firms to enter the market. This can help explain the 

rather low average level of carbon productivity among the subgroup of 
entering firms. Regarding the direction of causality, we must stress that 
even if the climate policy measures had no effect on the market entry 
and exit decisions of the firms, our decomposition results demonstrate 
that the entry and exit decisions did considerably influence the alloca
tion of GHG emissions across firms, which in turn had large effects on 
the carbon productivity growth of the industry. In other words, while 
structural changes influence carbon productivity, it does not seem that 
carbon productivity or GHG emissions were significant drivers of 
structural change.

6. Conclusions

This study is the first attempt to quantify the impacts of micro-level 
structural changes such as firm entry and exit, industry switching, and 
resource allocation on the level and growth of carbon productivity. Our 
methodological contribution was to adapt an existing micro-level 
structural change decomposition of total factor productivity to the 
present context of carbon productivity. The proposed decomposition 
builds upon the seminal work by Olley and Pakes (1996) and its recent 
extensions by Kuosmanen and Kuosmanen (2021, 2024), which guar
antee a consistent aggregation of firm-level carbon productivity (or 
carbon intensity) indicators to the aggregate level of an industry or a 
sector. The proposed micro-level decomposition can be applied to any 
industry or sector for which firm- or plant-level CO2 emission data are 
available, or can be reliably estimated from the fuel consumption data.

Our empirical contribution was to utilize comprehensive firm-level 
register data of the GHG emissions in the Finnish electricity genera
tion industry to decompose the aggregate carbon productivity growth of 
the industry into four components: carbon productivity growth of the 
continuing firms in the same sub-industry, the contribution of firms that 
switched sub-industry, the entry and exit effect, and the effect of emis
sion allocation across electricity generation firms. We found that more 
efficient allocation of carbon emissions across firms was the main driver 
of carbon productivity growth of the industry. However, increased 
carbon productivity within continuing non-switching firms also played a 
positive role, except during the financial crisis. This implies that more 
mature continuing firms are better positioned to address the challenges 
generated by the green transition, for example, by investing in green 
technology and R&D (Aghion et al., 2012; Ma and Zimmermann, 2023).

Firm entry and exit as well as industry switching had a positive 
contribution to the carbon productivity growth during the period of 
2007–2012 associated with the Great Recession. But somewhat unex
pectedly, industry switching and the net entry and exit had a negative 
contribution to carbon productivity change during the first period 
2000–2006 and the last period 2013–2019. According to our merged 
GHG emissions and economic data, the average carbon productivity of 
the exiting firms was considerably higher than that of the group of new 
entrants. Additional probit estimations indicate that the exiting firms 
were associated with significantly higher current ratio and total revenue 
than the continuing firms. This would suggest that the observed market 
exits in this industry occurred more likely through mergers and acqui
sitions than through bankruptcy. A more thorough investigation of the 
influence of low-carbon mergers and acquisitions (e.g., Lu et al., 2024) 
on carbon productivity development is left as a promising avenue for 
future research.

A better understanding of the underlying micro-level structural dy
namics would be important to design effective policy measures to reduce 
GHG emissions and to facilitate the transition to carbon-neutral energy 
systems. Our structural change decomposition indicates that the 
improved allocation of GHG emissions had the largest and the most 
stable positive contribution to the carbon productivity growth of the 
industry. In this respect, our study provides further evidence to support 
emissions trading as a potentially effective policy measure that can 
enhance carbon productivity by facilitating a more efficient allocation of 
GHG emissions across firms.

Table 5 
Probit results for firm entry and exit.

Variables Exit Entry

With 
emissions

Without 
emissions

With 
emissions

Without 
emissions

Revenue (M€) 0.011** 0.012** − 0.001 − 0.000
(0.005) (0.005) (0.005) (0.004)

Number of 0.001 0.001 − 0.001 − 0.001
employees 

(FTE)
(0.001) (0.001) (0.002) (0.002)

GHG emissions − 0.001 – 0.000 –
(1000 t) (0.001) – (0.001) –
Exporter 

dummy
0.168 0.288 0.041 0.279

(0.605) (0.505) (0.704) (0.543)
Capital (M€) − 0.003 − 0.006** 0.001 0.001

(0.003) (0.003) (0.001) (0.001)
Equity ratio − 0.002 − 0.006 − 0.003 − 0.002

(0.007) (0.007) (0.008) (0.007)
Current ratio 0.215** 0.209** − 0.001 0.080**

(0.107) (0.102) (0.138) (0.039)
Firm age (years) − 0.008 − 0.010 − 0.030* − 0.029**

(0.011) (0.011) (0.016) (0.013)
Uusimaa region − 0.542 − 0.490 0.824** 0.861**
dummy (0.509) (0.463) (0.416) (0.391)
Foreign firm 

dummy
− 0.098 − 0.161 − 0.058 − 0.099

(0.763) (0.738) (0.874) (0.860)
Workers' 

average
0.005 − 0.035 0.068* 0.051

age (years) (0.043) (0.036) (0.037) (0.036)
Work 

experience
0.001 − 0.000 − 0.001 − 0.001

(years) (0.003) (0.002) (0.002) (0.002)
Education 

(years)
0.080 − 0.016 0.163 0.183

(0.213) (0.190) (0.236) (0.211)
Share of STEM − 5.668* − 4.805* − 2.507 − 3.439*
workers (2.950) (2.795) (2.327) (1.931)
Constant − 1.141 2.232 − 3.619 − 3.296

(4.096) (3.490) (3.646) (3.397)
Sub-industry 

dummies
Yes Yes Yes Yes

Year dummies Yes Yes Yes Yes
N 213 229 201 217

Notes: FTE = full-time equivalents. Standard errors are reported in parentheses. 
Statistical significance denoted as ***p < 0.01, **p < 0.05, *p < 0.1.

13 We have tested that the probit results remain robust even if we substituting 
the GHG emissions by carbon productivity.
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From the policy perspective, it is important to understand that policy 
measures designed for existing firms may prove ineffective, if the market 
exit and entry dynamics are ignored. The results of our structural change 
decomposition indicate that the carbon productivity growth of the 
Finnish electricity generation industry was slowed down by very large 
negative contributions from industry switching (i.e., firms switching 
from one sub-industry to another) and the market entry and exit, espe
cially during the period 2000–2006 (combined effect − 20 % per year), 
but also in 2013–2019 (− 11 % per year). The results of the probit 
analysis further suggest that the GHG emissions had no association with 
the observed entry and exit decisions of firms. Our results suggest that 
there is a need for policy measures to stimulate creative destruction, 
targeted to attract cleaner firms to enter the market that have potential 
to drive dirtier firms out of business.

Perhaps most alarmingly, the average carbon productivity of new 
firms entering the market was notably lower than that of continuing or 
exiting firms. Based on the probit analysis, such a poor average perfor
mance in terms of carbon productivity is unrelated to the financial 
constraints of new firms. Possible alternative explanations include a 
limited capacity to implement environmental regulations and a lack of 
commitment to green management practices. A better understanding of 
the underlying causes of low carbon productivity of new firms would be 
essential to develop more effective policy tools. This is left as an inter
esting challenge for future research.

Considering the ongoing green transition and Finland's ambitious 
target of carbon neutrality by the year 2035, we expect to see further 
measures to enhance the growth of carbon productivity, not only in 
electricity generation but also in manufacturing industries. It is impor
tant to acknowledge that such policy measures can cause major struc
tural changes in all energy-intensive industries, including market entry 
and exit of firms, industry switching, as well as reallocation of GHG 
emissions between continuing firms. Supporting productivity growth 
and the green transition simultaneously is a major policy challenge, 
which requires further attention. We hope that this work presents a 
valuable step in this direction, showing how the established tools of 
productivity analysis can be adapted to carbon productivity.

We conclude by noting several interesting avenues for future 
research. From a methodological point of view, the causal interpretation 
of the counterfactual components of the structural change de
compositions as well as potential endogeneity biases in the decompo
sition methods would clearly warrant further research. Moreover, 
drawing a sharper distinction of different types of firm exit through 
mergers and acquisitions instead of voluntary or involuntary liquidation 
would call for further attention. From an empirical point of view, 
availability of high-quality register-based emissions data at the firm 
level opens up many interesting opportunities to shed further light on 
the underlying mechanisms behind the observed development of carbon 
productivity or carbon intensity. One promising empirical direction 
worth noting concerns the use of quasi-experimental research designs to 
estimate causal effects of policy measures targeted at reducing the GHG 
emissions, including both the intended effects on the emissions as well as 
unintended effects on firm performance and productivity.
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