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Energy subsidies are increasingly used by governments to encourage individuals to improve the
energy efficiency of their homes with energy renovations. However, the existing literature on
these subsidy programmes has raised concerns that many of the subsidy recipients might have
undertaken energy renovations even without the subsidy. If energy subsidies have no effect on the
decision to undertake an energy renovation, or the scale or timing of the renovation, this raises
serious questions about their cost-effectiveness.

In this thesis, the effects of the Finnish energy subsidy programme, launched in 2020, on
renovation choices were assessed using a bunching methodology. The subsidy paid to an individual
is proportional to their renovation spending up to certain maximum thresholds. As a result of
these thresholds, some individuals whose subsidised renovation spending would otherwise have just
exceeded the maximum, now have an incentive to locate almost exactly at this maximum value.
Using a bunching design to check for excess mass in the distribution of subsidised renovation
spending around the thresholds, it was possible to evaluate whether individuals are responding to
this incentive. Further analysis on bunching was done by evaluating the determinants of bunching
with a probit model, and exploring how bunching relates to applicants’ survey responses using
multiple correspondence analysis.

The results from the bunching analysis demonstrate that there is significant excess mass in
the distribution around subsidy thresholds, implying that some individuals are responding to the
incentives created by the subsidy. Further analysis on bunching, however, highlights that the
result is local and should not be generalised to applicants further from the maximum thresholds.
Although the results suggest that those undertaking a more extensive renovation may have had a
slightly larger behavioural response, further analysis was not able to distinguish the determinants
of bunching.

The behavioural response identified by bunching indicates that the subsidies are having an
effect on some individuals’ choices concerning the scale and quality of their energy renovation. It
should, however, be noted that this is not a causal effect and cannot be generalised to other energy
subsidy programmes.
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Energia-avustukset ovat suosittu keino kannustaa ihmisiä parantamaan kotinsa energiatehokkuutta
energiaremontin avulla. Näitä avustusohjelmia tutkiva aikaisempi kirjallisuus on kuitenkin tuonut
esiin sen, että monet avustusten saajista olisivat todennäköisesti ryhtyneet energiaremontteihin
ilman avustustakin. Jos energia-avustuksilla ei ole mitään vaikutusta päätökseen tehdä energiare-
montti, tai päätöksiin remontin laajuudesta tai ajoituksesta, tämä herättää vakavia kysymyksiä
näiden avustusten kustannustehokkuudesta.

Tämä tutkielma arvioi Suomen vuonna 2020 alkaneiden energia-avustusten vaikutuksia
hakijoiden remonttipäätöksiin bunching-menetelmän avulla. Avustus määräytyy suhteessa remont-
tikustannuksiin tiettyihin enimmäismääriin asti. Nämä enimmäismäärät luovat kannustimen niille
henkilöille, joiden avustettavat remonttikustannukset olisivat muuten juuri ylittäneet enimmäis-
arvon, pysytellä lähes täsmälleen enimmäisarvon kohdalla. Tämä tutkielma arvioi, reagoivatko
hakijat tähän kannustimeen, tutkimalla onko avustettavien remonttikustannusten jakaumassa
havaittavissa ylimääräistä massaa enimmäisarvojen kohdalla. Ilmiötä tutkittiin syvemmin
tarkastelemalla probit-mallin avulla, mitkä tekijät korreloivat käyttäytymisvaikutuksen kanssa.
Lisäksi, moniulotteisen korrespondenssianalyysin avulla tutkittiin, miten tulokset suhteutuvat
hakijoiden avustusten vaikutuksia mittaaviin kyselyvastauksiin.

Bunching-menetelmän tulokset osoittavat, että avustettavien remonttikustannusten jakau-
massa on merkittävää ylimääräistä massaa enimmäisarvojen kohdalla. Tämän perusteella
vaikuttaa, että osa hakijoista reagoi enimmäisarvojen luomiin kannustimiin. Ilmiön syvempi ana-
lyysi kuitenkin korostaa, että käyttäytymisvaikutus on paikallinen, eikä sitä voi yleistää koskemaan
hakijoita, jotka ovat kauempana enimmäisarvoista. Tulokset viittaisivat myös siihen, että hakijat,
jotka tekivät syvemmän energiaremontin, reagoivat hieman enemmän kannustimeen. Tulokset
eivät kuitenkaan anna luotettavaa näyttöä siitä, mitkä tekijät korreloivat käyttäytymisvaikutuksen
kanssa.

Tutkielman tulokset viittaavat siihen, että energia-avustukset vaikuttavat joidenkin hakijoiden
päätöksiin liittyen energiaremontin laatuun ja toimenpiteiden määrään. On kuitenkin huomattava,
että arvioitu vaikutus ei ole kausaalinen, eikä sitä voi yleistää muihin energia-avustusohjelmiin.
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1. Introduction

The latest report by the Intergovernmental Panel on Climate Change paints a grim
picture: While it is widely acknowledged that global warming must be kept below
1.5◦C compared to pre-industrial levels to avoid the worst impacts of climate change,
the world is currently on track for 3.2◦C warming by 2100, with dire consequences
(IPCC 2022). Mitigation action is needed urgently. The buildings sector plays a
critical role in this decarbonisation effort, as about 9% of global energy-related CO2

emissions result from the use of fossil fuels in buildings, another 18% result from the
generation of electricity and heat used in buildings, and an additional 10% is related
to the manufacturing of construction materials (IEA 2021). Given the low rates of new
construction and the long lifetime of buildings – with estimates showing that at least
75% of the current EU building stock will be standing in 2050 – renovating existing
residential buildings plays a crucial role in combating climate change (Bertoldi et
al. 2020). Renovating residential buildings has been identified as having one of the
highest potentials for cost-effective energy savings, yet it consistently falls short of
this potential (Kuusk and Kalamees 2016).

To encourage energy renovations, governments have increasingly turned to en-
ergy subsidies † in the residential buildings sector. Their popularity is evidenced by
the fact that almost all EU Member States use them to support energy efficiency
projects (Bertoldi et al. 2020). By partially subsidising the costs of renovations, these
programmes are meant to encourage households to undertake more energy efficiency
investments in their homes. Yet despite their ubiquity, the effectiveness of these
subsidy programmes is far from clear. The theoretical literature on energy efficiency
raises multiple issues with these subsidy programmes, most notably the problem
of free riding, which refers to the fact that recipients of these subsidies might have
undertaken energy renovations even without the subsidy (Dolšak et al. 2020). Since
free riders add substantial cost to the programme without yielding any real reduction
in energy use, they raise serious concerns about the cost-effectiveness of these subsidies

†The terms ’energy subsidies’, ’energy efficiency subsidies’, ’energy grants’, and ’energy efficiency
grants’ are used interchangeably in the literature. Here, the term energy subsidies is used.
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2 Chapter 1. Introduction

(Boomhower and Davis 2014).

Given these concerns, one would expect an extensive empirical literature evalu-
ating the cost-effectiveness of energy subsidies. However, empirical studies have been
relatively few and far between, and often fail to address key questions of interest. One
of the main reasons for this is the problem of endogeneity. Since subsidies are generally
not randomly assigned, people can self-select into the programmes. This means that
trying to evaluate the effectiveness of the subsidies by comparing individuals who
received the subsidy to those who did not, is contaminated by selection bias; the two
groups are likely to have undertaken a different amount of energy efficiency measures
(EEMs) even without the subsidy (McCoy 2018). Some studies have managed to
evaluate these subsidies by employing choice experiments or regression discontinuity
designs. However, these methods come with their own limitations and are by no
means applicable to all settings, leaving considerable gaps in our understanding of the
cost-effectiveness of energy subsidies.

These issues are highly relevant in Finland, as the government in 2020 launched a
three-year energy subsidy programme with an initial budget of 100 million euros (split
20 million for 2020 and 40 million for 2021 and 2022, respectively). The programme
has been so popular that the budget for 2021 was spent already by August (ARA
News Letter 2021). Due to this popularity, the Finnish subsidy programme has been
deemed a good way to reduce emissions in some media sources∗, and in April 2022
a ministerial group outlined that the budget would be increased to a total of 100
million euros for 2022-2023 (ARA Energy Subsidies 2021) – despite the fact that, to
my knowledge, no research is available on the programme’s cost-effectiveness.

This thesis aims to address this knowledge gap by answering the research ques-
tion of whether individuals appear to be responding to the incentives created by
the subsidy. This will be analysed by examining whether there is excess mass in
the distribution of subsidised renovation spending around the maximum subsidy
thresholds. From this, it is possible to estimate the elasticity of renovation spending
to changes in the subsidy amount. While this will not provide a causal effect of
the subsidy on renovation activities, it will be indicative of whether the subsidy is
affecting individuals’ behaviour. This is critical information. As noted by Nauleau
(2014), in order to measure cost-effectiveness, we first have to assess the extent to
which households respond to the policy.

∗Juuti 2021, https://yle.fi/uutiset/3-12170402
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Using the bunching method, I find evidence of excess mass in the distribution
of subsidised spending around the subsidy thresholds. This provides indicative
evidence that renovation decisions of those close to the maximum thresholds are being
influenced by the subsidy. To better understand how the evidence from bunching
relates to earlier research, I study the determinants of bunching, and examine how
bunching relates to survey responses concerning cost-effectiveness using multiple
correspondence analysis. This further analysis suggests that bunching measures a
different type of behavioural response than studies focusing on free riding, and that
the results should not be generalised to applicants whose renovation costs are further
away from the thresholds.

The contributions of this thesis are threefold. Firstly, this thesis will add to a
relatively limited empirical literature on energy subsidies and utilise new data.
Secondly, this thesis will evaluate an ongoing subsidy programme in Finland, resulting
in analysis that is highly policy relevant. Thirdly, this thesis will utilise a methodology
from the public economics literature that has not to my knowledge been used to study
energy subsidies in this way. This could potentially help evaluate the cost-effectiveness
of other similar subsidy programmes in the future.

The rest of this thesis is structured as follows: Section 2 reviews previous re-
search on this topic. Section 3 describes the institutional background to energy
efficiency policies in Finland. Section 4 details the methods used in this thesis, and
Section 5 describes the data. Section 6 presents the results. Section 7 concludes.



2. Literature Review

2.1 Theoretical Literature

The fundamental motivation for any economic instrument used to improve energy
efficiency is the presence of externalities. Individuals consume energy to an extent that
is socially suboptimal, because they do not face the full costs of their actions. The
most direct approach to address this market failure is to increase the price of energy
through a Pigouvian tax. However, challenges, including the political unattractiveness
of raising taxes, have led to a greater reliance on subsidies (Gillingham and Palmer
2013). These compensate individuals for the positive externalities, namely reduced
energy-related emissions, they produce by investing in energy efficiency. We expect
that without this internalisation of externalities, the privately rational level of energy
efficiency investments will be socially suboptimal.

A longstanding paradox in the literature, however, is that current levels of in-
vestments in energy efficiency appear to be not only socially suboptimal, but also
privately inefficient. Improvements in energy efficiency can substantially reduce
energy bills, making them generally profitable investments with short payback periods
(Bertoldi et al. 2020). They also involve numerous auxiliary benefits, including better
indoor living conditions, which can improve the comfort and health of occupants
(Bravo et al., 2019). Yet despite these private benefits, households consistently
underinvest in energy efficiency. This phenomenon has been termed the energy
efficiency gap by Jaffe and Stavins (1994).

Key explanations provided for the energy efficiency gap in the buildings sector
include various market failures. Giraudet (2020) highlights that energy renovations
involve a number of stakeholders and often require expert services, the quality of
which can be difficult to verify. These factors, he argues, illustrate the credence-good
nature of energy efficiency; its value is never fully revealed to the buyer, even long
after the purchase. This creates a variety of informational asymmetries, including
adverse selection, moral hazard and price discrimination (Giraudet, 2020). In some

4



2.1. Theoretical Literature 5

cases, sellers may have better information than buyers but may be unable to credibly
convey that information to the market. In other cases, principal-agent issues can arise,
for example, if a landlord pays for heating while the tenant chooses how much energy
to use (Gillingham and Palmer 2013).

Arguments from behavioural economics have also been proposed as explanations
for the gap. While neoclassical economic theory assumes that human decision-making
and behaviour are based on rational choice, behavioural economics argues that
individuals are subject to bounded rationality and make choices relying on mental
shortcuts and habits, especially when they face cognitive overload (DellaValle et
al. 2018). For example, DellaValle et al. note that consumers are prone to myopic
behavior, meaning they perceive things as more valuable when they are closer in time,
even when they might provide higher benefits when delayed to the future. Kahneman
and Tversky (1979) also suggest that people exhibit loss aversion in decision-making
under uncertainty, giving much more weight to a loss than to an equivalent uncertain
gain. These factors can partly explain why consumers may not take up profitable
investments as they weigh the upfront renovations costs much more strongly than
uncertain future energy savings (Ameli 2015).

Some economists argue, however, that the energy efficiency gap is not due to
market failures or behavioural anomalies, but rather evidence of well-functioning
markets or legitimate transaction costs. For example, Metcalf and Hassett (1999)
assess actual energy savings from attic insulation combining data from the Residential
Energy Consumption Survey in the U.S and monthly energy billing data. They find
that the median rate of return for investments in attic insulation is 9.7%, which is
substantially lower than engineering estimates that indicate rates of return of 50% or
higher. This implies that energy efficiency investments may not be as profitable as
proponents of the energy efficiency gap argument might suggest. Based on a review
of the existing literature, McCoy (2018) highlights that the profitability of these
investments depends on heterogeneous factors such as decision-makers’ preferences
(e.g., tolerance to cold and lighting habits) and constraint sets (e.g., physical properties
of buildings and energy distribution infrastructure). They also emphasise that the
returns on energy efficiency investments are uncertain, as they depend on stochastic
factors such as future energy prices and weather conditions.

While no consensus has emerged on whether the dearth of energy efficiency in-
vestments is rational or not, governments have tended to feel the need to intervene
in the market. As mentioned, these interventions often take the form of subsidy
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programmes. These programmes are intuitively appealing if we believe that energy
efficiency investments suffer from market failures that need to be corrected. However,
as noted above, some authors would argue that the gap may not be a sign of investment
inefficiencies, but rather a justifiable feature of these types of investment. This raises
questions about whether the disadvantages of interventions, including possible policy
failures, might exceed the benefits of intervention. Allcott and Greenstone (2012)
argue that when no investment inefficiencies exist, policies such as subsidies may have
a higher welfare cost per unit of pollution abated compared to the first-best Pigouvian
tax. This is due to problems, such as the difficulty of calibrating the right subsidy level.

Setting the "correct" subsidy level also involves considerations about the types
of renovations the subsidy is meant to incentivise. The literature has identified a
phenomenon called technical lock-in, where further energy retrofitting∗ is less likely
once a recent building retrofit has been completed (Egner et al. 2021). In this
way, subsidies for minor energy savings can create barriers against achieving more
ambitious energy savings goals in the future. For example, Kuusk and Kalamees
(2016) argue that buildings that have undergone minor renovations will probably not
be fully renovated again within the next fifteen to thirty years, and therefore public
support schemes should only be offered for extensive renovations.

Even with the "correct" subsidy level, however, these subsidy systems may not
be cost-effective. A key problem identified with them is that they may fall victim
to significant free riding. This refers to the fact that subsidy recipients might have
undertaken energy efficiency investments even without the subsidy, resulting in them
being paid for something they would have done in any case (Joskow and Marron 1992).
This is the most common definition of free riding, focusing narrowly on the subsidy’s
effect on the extensive margin decision on whether to do a renovation. However,
some authors use a less strict definition. For example, Studer and Rieder (2019)
also incorporate the intensive margin effects on the scale of the renovation in their
discussion of free riders. Others, including Collins and Curtis (2018b) use the term
partial free riders to discuss applicants who would have been willing to undertake the
investment with a smaller subsidy amount.

∗The terms ’renovation’ and ’retrofit’ are used almost interchangeably in the literature, although
their meanings slightly differ. According to Che Husin et al. (2019), renovation involves "integrating
changes to physical parameters of the building", while retrofitting is "a process of replacing and
upgrading systems and technology in existing buildings to address its technological or environmental
obsolescence" I will use the term renovation except when discussing earlier research where the author
has used the term retrofitting.
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A significant share of free riders or partial free riders reduces the cost-effectiveness
of subsidy programmes. If the energy renovation would have occurred anyway,
subsidising free riders contributes to the distortions and deadweight losses from raising
revenue for subsidies, but does not generate any emissions reductions that could
be attributed to the policy (Nauleau 2014). For example, Alcott and Greenstone
(2012) argue that because consumers are quite heterogenous in the degree of their
investment inefficiencies, it is crucial to design targeted policies. However, this would
require being able to identify those who should be targeted. Others, including Egner
et al. (2021) argue that free riding could be reduced by setting higher thresholds
for receiving the subsidy. However, Egner et al. note that this tends to lower the
total amount of energy renovations and concentrates the subsidies among high-income
households.

I have not found any public debate concerning free riding on the current Finnish
subsidy programme. However, this should not be taken as an indication that this
concern is not relevant in the Finnish context. Instead, it is likely a reflection of the
dearth of research on the topic.

2.2 Empirical Literature

There have been a few randomised control trials (RCTs), mostly in the U.S., studying
the effects of financial support among other policy interventions in increasing energy
renovations. In the Weatherization Assistance Programme (WAP) RCT 7000 eligible
households were treated to an in-person visit by a field worker from their own
community who explained the benefits of the retrofit, explained that the retrofit would
be free of charge and offered to help the household complete the paperwork to apply
for the WAP. In the Opower RCT, the company Opower offered all their customers
rebates on certain energy efficient purchases and sent the treatment group feedback
on their current energy use and tailored recommendations on how to reduce energy
consumption. In both cases, the uptake was low. The WAP initiative increased uptake
of weatherization by only 6% compared to the control group, while in the Opower
RCT only 4.8% of the treated group (compared to 4.4% in the control group) claimed
rebates in energy efficient purchases. (Comerford et al. 2018.)

However, these types of RCTs are rare as they are extremely resource-intensive
and expensive. For example, Comerford et al. note that the WAP campaign ended
up costing over 1000 dollars per weatherised home. Therefore, researchers are usually
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reliant on natural experiments when evaluating energy efficiency programmes. The
key problem with this approach is that individuals can self-select into the subsidy
programme, which leads to non-random samples and bias. McCoy (2018) notes that
the households observed participating in financial support schemes for energy efficiency
measures have little in common with a random sample drawn from the population.

Due to these challenges, many researchers have studied these programmes using
surveys. For example, Studer and Rieder (2019) measure of effectiveness of energy
subsidies in Switzerland based on surveys asking recipients the extent to which
receiving the subsidies contributed either to the decision to renovate at all, or the
decision to enhance the quality or scope of the renovation. They find that while half
of the respondents reported that the subsidy contributed to a more energy-efficient
renovation, the other half were essentially free riders. Studer and Rieder acknowledge
that the information is self-reported and may be vulnerable to various cognitive
biases. However, it is not obvious in which way these biases would affect estimates of
free riding, and for example Egner et al. (2021) note that measures based on survey
responses tend to provide estimates of free riding that are similar to estimates from
other measures.

There has also been an interest in the literature to identify what characterises
free riders and those more clearly affected by the subsidy. This could help in-
crease the effectiveness of policies through better targeting. Studer and Rieder
use a logit regression and find that socioeconomic and attitudinal variables have
no significant explanatory power on the effectiveness of the subsidies. Another
method that has been used for this type of analysis is multiple correspondence
analysis (MCA), an exploratory multivariate technique discussed in more detail in
Section 4.2. For example, Slupik et al. (2021) perform MCA on over 4000 energy
consumers in eight European countries to distinguish five distinct behavioural types.
They then proceed to analyse how effective each type considers different policy
instruments. They find that the strength of the impact of instruments depends on
the type’s degree of pro-environmental motivation. However, they also find no asso-
ciation between effectiveness of energy interventions and socioeconomic characteristics.

To move away from just relying on respondents’ statements about the effective-
ness of policy instruments, many researchers have turned to choice experiments. In
these experiments, preferences can be inferred based on respondents’ choices between
different hypothetical renovation scenarios. For example, Achtnicht (2011) uses a
choice experiment to estimate the willingness-to-pay (WTP) for CO2 savings of home
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owners in Germany. Achtnicht finds relatively high WTP estimates of 66-88 euros for
each percentage point savings in CO2 emissions, suggesting that households might
not need significant additional incentives to improve the energy efficiency of their
homes. Achtnicht urges caution, however, in interpreting the WTP estimates, since
stated choices by interviewees lack any monetary commitment, which can lead to
overestimation of WTP. This is known as hypothetical- or response bias.

One way to alleviate this bias is to combine information on households’ actual
energy efficiency decisions with simulated data on alternative retrofit options po-
tentially available to households. One of the first to do this was Cameron (1985),
who has data from 1977-78 on households living in owner-occupied single-family
dwellings in the U.S. Using the configuration of household preferences given by the
model, Cameron estimates that for each percent of subsidization, about 0.2% of
households would be induced to install at least some retrofit. However, she finds that
decisions regarding individual retrofit options are largely inelastic with respect to cost
subsidization.

Other studies have used this method specifically to identify free riders. This is
done, for example, by Collins and Curtis (2018b), who study a grant aid system called
Better Energy Homes (BEH) in Ireland, which is available for up to four EEMs.
Restricting their attention to EEMs that affect the supply of energy required for space
and/or water heating, leaves them with a sample where households face a choice of
one out of six retrofit options, including the option of no retrofit. Using a McFadden’s
choice model, Collins and Curtis estimate the household’s utility function, where the
two main drivers of utility are the cost of the retrofit for the household, and the
energy efficiency improvement of the retrofit. Using this model, they can calculate
the marginal rate of substitution of money for energy efficiency improvements and
multiply it by the observed energy efficiency improvement to measure each household’s
willingness-to-pay for energy efficiency. They compare these estimates to the BEH
grant amounts to estimate the share of free riders. They find that free riding varies by
EEM type from 7% to 33%.

The levels of free riding estimated by Collins and Curtis are relatively low com-
pared to previous studies, for example, by Grösche and Vance (2009), who find free
riding levels to be as high as 96%. These two sets of estimates appear to be extreme
cases, but estimates of free riding tend to vary a lot, usually between 30-70% (Egner et
al. 2021). Egner et al. argue that this variability is probably due to the different meth-
ods of measuring free riding and the structural differences in subsidy policies. Collins
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and Curtis attribute differences to different sample populations. Furthermore, Collins
and Curtis use actual cost data, which incorporates the fact that the costs of house
renovation projects tend to overrun. Collins and Curtis argue that choice experiments
that do not consider these cost overruns, tend to overestimate free riding. Lastly, choice
experiments rely on specifications of the form of a household’s utility function, which
make any findings very sensitive to the underlying assumptions. This is one of the lim-
itations of choice experiments as opposed to causal estimation of the effect of subsidies.

As mentioned, there have only been a few RCTs on this topic and researchers
have struggled to find natural experiments to study the causal effect of these subsidies.
A notable exception is a study by Boomhower and Davis (2014), who study an
energy-efficiency programme in Mexico with a regression discontinuity design (RDD).
Using RDD is possible here, because the programme involved multiple eligibility
thresholds and participants could not manipulate the variables determining their
eligibility. To participate in the programme, a household had to have a refrigerator
or air conditioner that was at least 10 years old. Furthermore, for the air conditioner
programme, a household needed to live in one of four officially designated climate
zones. The subsidy payment came in different amounts, approximately corresponding
to $30, $110 and $170, and eligibility for the different amounts depended on a
household’s average historical electricity consumption, calculated over the previous
year. (Boomhower and Davis 2014.)

Boomhower and Davis have household-level microdata, both about the pro-
gramme participants and the pool of potential participants, which allows them to
determine whether a household was eligible for the subsidy and if they were, for which
subsidy level they were eligible. By comparing households just on either side of the
eligibility thresholds, they are able to capture the local average treatment effects of
both receiving the subsidy and increasing the subsidy by different amounts. They
find that across thresholds, more than two-thirds of participants are inframarginal,
meaning that they would have participated even with much lower subsidy amounts,
and about half of all participants would have replaced their appliances even with no
subsidy whatsoever. These findings raise serious concerns about the cost-effectiveness
of energy subsidies. However, it should be noted that they relate to a particular
programme in Mexico, with a focus more on appliance energy efficiency than energy
renovations. Therefore, the results may not be generalisable to the Finnish context.

Boomhower and Davis propose that their work might encourage more researchers
to study energy efficiency programmes with RDD, because eligibility thresholds
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are relatively common features of these types of programmes. However, the
application of RDD is only valid if the running variable is not manipulable, in
other words, if individuals cannot directly affect their location around the threshold.
Meeting this requirement is by no means guaranteed in all energy subsidy programmes.

It is, however, possible to study thresholds of manipulable running variables us-
ing a method from the public economics literature known as bunching. This approach
analyses excess mass in distributions around points that feature discontinuities in
incentives to elicit behavioural responses (Kleven 2016). The method is attributed
to Saez (2010), who analyses points where the progressive U.S. income tax generates
"kinks", i.e. points where there is a discrete increase in the marginal tax rate. Panel
a in figure 2.1 demonstrates that some individuals who would have located within
the interval (z∗, z∗ + ∆z∗) with a smooth tax system, can no longer attain their
original indifference curve when the kink is introduced, and they instead locate at z∗

(Kleven 2016). This creates excess mass at point z∗, as depicted in panel b of figure 2.1.

Figure 2.1: Effects of a kink in the tax schedule (Figure taken from Kleven 2016)

Evidence of this bunching is useful, but it can further be used to infer the compensated
earnings elasticity from the response by the marginal buncher – meaning the individual
who only marginally prefers locating at the kink as opposed to locating just above it
– and this response is proportional to the amount of excess bunching (Kleven 2016).
This relies on certain identification assumptions outlined by Kleven. For example, the
specific shape and smoothness of the counterfactual distribution needs to be assumed.
These assumptions may not hold if other policies change at the same threshold, or if
the threshold serves as a reference point. However, they can be tested by obtaining
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additional bunching observations to check for reference points and by checking the
robustness of estimates to different counterfactual distributions. There is also some
debate on whether bunching can be used to identify structural labour supply elastici-
ties that can be used to predict the effects of policy changes. However, this requires
specifying a labour supply model that connects the reduced-form bunching response
and the structural elasticity (Kleven 2016). This, Kleven notes, is further complicated
by the fact that labour supply is subject to a range of optimisation frictions, including
hours constraints and inattention, which attenuate bunching and are difficult to model.

Due to these difficulties, Kleven argues that bunching may be more suitable in
settings other than labour supply. Indeed, this trend is already visible in the
literature. For example, Sallee and Slemrod (2012) use a bunching methodology to
study notches (discrete changes in the level of choice sets) in the U.S. Gas Guzzler
Tax, which penalises vehicles with poor fuel economy. The tax is designed in a way
that a small increase in a car’s miles-per-gallon rating can result in a high increment
in the amount the car-owner must pay in tax. Sallee and Slemrod find evidence that
automakers respond to the tax notches by precisely manipulating fuel economy ratings.
While they do not infer any elasticities from this, they use their results to develop a
framework for evaluating the welfare effects of policy notches. Based on their findings,
they argue that notches are an inefficient substitute for policies based on smooth in-
crements and may induce some individual actions that have negative net social benefits.

Considering the rich set of possible analyses that can be conducted with bunch-
ing, it has been relatively under-utilised in the energy efficiency literature. Notable
exceptions include studies analysing bunching at thresholds in building certification
systems, where marginal changes in underlying characteristics can trigger discrete
changes in the achieved classification. For example, Atasoy (2020) studies behavioural
responses to the green building certification system in the U.S. Atasoy argues that as
consumers value higher certification levels for a given set of underlying characteristics,
there exists an incentive to develop building projects that are just above a certifi-
cation cut-off. Atasoy provides evidence of significant bunching at threshold points.
Comerford et al. (2018) conduct similar analysis on a random sample of 16,000 homes
in England. Furthermore, they are able to compare bunching before and after the
introduction of a requirement to provide an energy performance certificate (EPC)
when a building is constructed, sold, or rented. They find evidence of significant
bunching (which is referred to as "clustering" in the paper) in the post-EPC data, but
not in the pre-EPC data. From this they infer that the EPC requirement induced
energy efficiency investments.
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While this type of evidence on consumers responding to incentives created by
discontinuous certification schemes is available in the energy efficiency literature, these
studies generally do not relate to any subsidy systems. One exception is a study by
Collins and Curtis (2018a) who study bunching in the distribution of EPCs among
homes that have received the BEH grant in Ireland. They find evidence of bunching
in the distribution of post-renovation EPCs but not in the equivalent distribution
prior to renovations. However, the incentives for this bunching do not come from the
subsidy, because the subsidy amount is fixed and unaffected by the change in the
building’s EPC rating. Instead, the incentive comes from higher classifications being
associated with higher property prices. To my knowledge, this thesis provides the first
application of bunching, where the incentive comes directly from an energy subsidy.



3. Institutional Background

3.1 Energy Efficiency Regulation in Residential
Buildings

Kivimaa et al. (2017) provide a good summary of the developments in the energy
efficiency regulations of new and existing buildings: While the Finnish building energy
efficiency regulation has been guided by national legislation since 1976, there has
been a particular increase in regulation since the turn of the millennium. Since 1999,
the Land Use and Building Act has included stipulations related to building energy
efficiency, and in 2000 the Energy Efficiency Action Plan was issued. Furthermore,
cumulative 30% increases in energy efficiency requirements were added to the building
code in 2003, 2008, 2010 and 2012. The new Energy Efficiency Act (HE 182/2014)
introduced general targets to improve energy efficiency by 9% by 2016 and 20% by
2020. (Kivimaa et al. 2017.)

The significant increase in regulation since 2000 was driven in part by EU pol-
icy, for example, through the 2007 Act on Building Energy Certification (Kern et
al. 2017). This was based on the EU’s requirement for member states to ensure
(1) certification of a building’s energy performance, (2) that energy performance
certificates (EPCs) are made available when a building is constructed, sold, or rented,
and (3) that these EPCs are comparable across member states (Comerford et al.
2018). The EPCs include a measure of a building’s energy efficiency, known as an E
figure. These E figures range from A (most efficient) to G (least efficient) and are
granted by accredited assessors.

The Energy Performance of Buildings Directive (2010/31/EU), which was re-
vised in 2018 (2018/844/EU), referred to here as EPBD, and the Energy Efficiency
Directive (2012/27/EU), referred to here as EED, are the EU’s main legislative
instruments that guide the adoption of energy efficiency renovations (Ebrahimighare-
hbaghi et al. 2019). The EPBD required all EU countries to provide a long-term

14
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renovation strategy (LTRS) to support the renovation of their national building stock
into a highly energy efficient and decarbonised building stock by 2050 (European
Commission: Long-term renovation strategies). The Finnish LTRS outlines a range of
both regulatory and incentive-based policy instruments to enable Finland to reduce
the CO2 emissions of existing buildings by approximately 90% between 2020-2050
and aide the transformation of the existing building stock to nearly-zero emissions
buildings (NZEBs). NZEBs are defined as buildings that have a very high energy
efficiency and fulfil their energy needs to a very significant extent from renewable
sources (Erhorn and Erhorn-Kluttig 2015).

The Finnish LTRS outlines some voluntary policy measures, such as energy effi-
ciency agreements. These are voluntary agreements between ministries, companies,
associations and other organisations, in which they agree to improve their energy
efficiency and report on their progress. There are also information-based measures
that involve making information and guidance concerning energy efficiency readily
available. This is accompanied by an increasing emphasis on improving the training
of the construction sector in energy efficiency issues.

The LTRS also outlines financial measures that are meant to encourage house-
holds to improve the energy efficiency of their homes. Building owners can claim the
tax credit for household expenses (kotitalousvähennys) on 40% of the labour costs of
energy renovations up to a maximum of 2,250 euros. In 2022, this tax credit increased
for households that replace oil heating with a more climate-friendly form of energy.
The higher tax credit covers 60% of renovation labour costs up to a maximum of 3,500
euros. The change is temporary and will end in 2027 (Finnish Tax Administration
Release 2021). Oil heating replacement has also been targeted since 2020 with a
subsidy from the Centre for Economic Development, Transport and Environment.
Owners of detached houses that are used year-round are eligible for the subsidy. The
amount is 4,000 euros if oil heating is replaced with district heating, a ground-source
heat pump or an air-to-water heat pump, or 2,500 euros if it is replaced with any other
heating system, excluding fossil fuel-based heating (Centre for Economic Development,
Transport and Environment 2021).

In addition to these measures targeting oil heating replacement, there are sub-
sidies for energy efficiency renovations in general. The Housing Finance and
Development Centre of Finland (ARA), offers two different subsidies: The first
subsidy is a repair subsidy, which is targeted at low-income elderly or disabled
individuals. While the subsidy is meant for renovations that improve the owner’s
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possibility of living at home, it also covers any energy efficiency measures undertaken
as part of the renovation (ARA Repair Subsidies 2021). This thesis, however, will
focus on the second subsidy scheme; energy subsidies, which are described in section 3.2.

Finland has previously had energy subsidy programmes in place during 2003-
2011. However, according to a 2011 report by the Ministry of Economic Affairs
and Employment (TEM), the repair and energy subsidy system was complex and
underwent many modifications. The programmes were primarily aimed at supporting
households or housing associations in replacing their heating system. However,
the subsidies were scaled down following pressure on public finances and decreased
government spending on energy efficiency, and from after 2011 they were only available
to those on low income, the elderly and disabled (Kern et al. 2017). I was not able to
find any studies assessing free riding, or equivalent cost-effectiveness issues, on these
subsidies.

3.2 Energy Subsidies

The current energy subsidy programme in Finland was launched in 2020. The subsidies
are available for individual homeowners, housing associations and ARA associations∗.
There are certain eligibility criteria for the subsidies, the most notable being that the
renovated building is lived in throughout the year – this precludes business premises
and vacation homes – and the subsidy applicant must be the building’s owner. The
subsidy must also be the only public support received for the EEMs, meaning that
the recipient may not use both the energy subsidy and the tax credit or oil boiler
replacement subsidy for the same EEMs. To apply for the subsidy, the applicant had
to provide a renovation plan and cost estimates prepared by a professional, preferably
a qualified energy certificate provider. The EEMs could only be started after the
application had been submitted to ARA.†

The subsidy is contingent on the building’s energy efficiency improving suffi-
ciently as a result of the renovation. This improvement is measured by comparing the
building’s post-renovation E figure to its original E figure. This original E figure is
the E figure given to the building when it was first constructed or when its purpose
of use was changed. This means that any energy efficiency improvements made to the
building between its construction or change-of-use and the latest renovation, factor

∗Non-profit housing associations named by ARA
†Exceptions to this were EEM costs incurred during the "transition period" (1.1.-30.6.2020), which

were eligible if the application was submitted by 30.6.2020 (ARA News Letter 2020).
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into the calculation positively and make fulfilling the renovation requirements easier.
The required E figure improvement ranges between 32-44%, depending on the building
type. (ARA Application Instructions 2022.)

There are 21 energy efficiency measures plus design costs, that are covered by
the subsidy programme (listed in Table 3.1). The subsidy rates for measures are listed
as 20%, 50% or 100% in the instructions. However, these apply to half of the EEM
costs, meaning that in practice the rates are 10%, 25% or 50%, and these are the rates
that will be referred to in this thesis. The subsidy amount is based on the amount
of subsidised renovation spending. For example, if a household with one apartment
spends 4000 euros on an EEM with a subsidy rate of 50% and 1000 euros on an
EEM with a subsidy rate of 10%, their subsidised spending is 2100 euros, and this is
the subsidy amount the household is paid. However, the maximum subsidy amount
is 4000 euros per apartment for a standard renovation. The applicant may also be
eligible for a higher subsidy maximum of 6000 euros per apartment if they undertake
a more extensive, NZEB, renovation. This requires the post-renovation E figure to
fall below certain thresholds, which depend on the building type and, in the case of
detached houses, the heated net area.

Subsidized measure True subsidy percentage (%)
Replacement of windows and exterior doors, normal EE level 10
Cooling system 10
Additional thermal insulation or addition of a solar energy system to a water roof 10
Renovation of surfaces and furniture 10
Additional thermal insulation when renovating the facade 10
Additional thermal insulation when renewing the subfloor 10
Plinth or cable/pipe ducts work 10
Water saving measures 10
Heat pump, heat recovery system or solar energy system 25
Exhaust fans 25
Sun shading system 25
Renovation of the ventilation system with heat recovery 25
Innovative solutions 25
Addition of automation and control and monitoring systems 25
Energy management system installation and adjustment 25
Replacement of windows and exterior doors, high EE level 25
Heat-storing fireplace 25
Additional thermal insulation of the inner wall 25
Solar glass installation 25
Switching away from oil heating 50
Air sealing 50
Design Costs 50

Table 3.1: Subsidised EEMs



4. Methods

4.1 Bunching

Following the issues raised in previous literature, the question naturally arises, whether
the Finnish subsidy programme is a cost-effective policy to influence renovation be-
haviour. Ideally, one would want to estimate the causal effect of the programme.
However, access to the subsidies is not randomised, meaning that any comparison
of individuals who have received the subsidy, and those that have not, would be
biased by the fact that individuals can self-select into the programme. Unlike in the
programme studied by Boomhower and Davis, there are no eligibility thresholds that
could be utilised here to study a local average treatment effect.

Instead, the maximum subsidy amounts of 4000 and 6000 euros per apartment
introduce nonlinearities in the subsidy scheme. Once the relevant maximum amount
is reached, the marginal subsidy rate falls to zero, and the subsidy amount becomes
a flat rate. This is illustrated for the case of standard renovations in figure 4.1.
This nonlinearity cannot be studied with RDD because individuals can manipulate
the running variable (subsidised spending). Instead, it is possible to study this
manipulation with a bunching methodology. Some individuals whose subsidised
spending would otherwise have just exceeded the maximum now have an incentive to
locate almost exactly at the threshold. If these individuals respond to this incentive,
this should create excess mass or "bunching" at the threshold in the distribution of
subsidised spending.

Following the exposition in Saez (2010), to estimate bunching, B, we need to
evaluate excess density at the kink point, z∗. For a given empirical distribution h (z),
we can define a subsidised spending band around the kink, (z∗ − δ, z∗ + δ), and the
two surrounding subsidised spending bands (z∗ − 2δ, z∗ − δ) and (z∗ + δ, z∗ + 2δ)
below and above the kink. The simplest estimate of excess bunching is the difference
between the number of individuals in the band around the kink, and the number of
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Figure 4.1: Subsidy amount as a function of subsidised spending for standard renovations
Note, this is just an illustration and does exactly represent the subsidy function.

individuals in the two surrounding bands:

B =
∫ z∗+δ

z∗−δ
h (z) dz −

∫ z∗−δ

z∗−2δ
h (z) dz −

∫ z∗+2δ

z∗+δ
h (z) dz (4.1)

As it is unlikely that individuals can exactly control their subsidised spending, we
expect individuals to cluster around the kinks instead of bunching exactly at the kink.
As noted by Saez, this diffuse bunching means that the choice of the parameter δ is
important. If δ is too small, the amount of excess bunching due to the behavioural
response to the kink will be underestimated. However, increasing δ might also
introduce bias as there may be second-order effects due to the curvature of the
underlying density function. (Saez 2010.)

As there are two kink points, the second kink point at 6000 was normalised to
4000. All observations were grouped into bins for the estimation. A bin width smaller
than 200 is not meaningful in this context as all EEMs cost at the very minimum
100 euros, usually 200 euros or more. Due to the relatively small sample size, the
distribution with a bin width of 100 is not very smooth. This results in a poorer fit
of the counterfactual distribution, which makes the identification of bunching less
reliable. For this reason, the analysis was performed with bin width 200, which creates
a smoother distribution.
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As has been customary in previous literature, the bunching region was evalu-
ated based on a visual inspection of the distribution. This custom has been criticised
by for example Bosch et al. (2020) who argue that researchers disregard informative
data points by choosing the bunching window ad hoc. They propose a data-driven
alternative for choosing the window. However, due to the relatively small sample size
in this study, this method is probably no more reliable than a judgement based on
visual inspection. The visual inspection indicated slightly diffuse bunching. This is
consistent with the fact that EEMs tend to cost at least 100-200 euros, which makes it
difficult for applicants to locate precisely at the kink. To account for diffuse bunching,
the bunching window was set to include one bin above and below the kink point, i.e.
the window is [3700, 4300].

The order of the polynomial for the counterfactual distribution was chosen fol-
lowing the method developed by Chetty et al. (2011). The following exposition is
from Kleven (2016): In this approach, the counterfactual distribution is estimated
using a regression of the following form:

cj =
p∑

i=0
βi · (zj)i +

z+∑
i=z−

γi · 1 [zj = i] + υj (4.2)

Where cj is the number of individuals in bin j, zj is the earnings level in bin j, [z−, z+]
is the excluded range, and p is the order of the polynomial. The counterfactual bin
counts were obtained as the predicted values from the equation omitting the con-
tribution of the dummies in the excluded range [i.e. ĉj = ∑p

i=0 β̂i ·(zj)i]. (Kleven 2016.)

Varying polynomial functions were fitted to the observed subsidised spending
distribution omitting a band around the kink. Due to relatively diffuse bunching,
the omitted band was [3700, 4300]. Polynomial 8 was chosen due to its good fit and
significance of polynomial estimates. The bunching literature has raised the issue that
the studied thresholds can sometimes be natural focal points for reasons other than
the financial incentives, for example because they are salient round numbers (Kleven
2016). This can be addressed by adding round number controls to the counterfactual
distribution. Based on a visual inspection, round number bunching controls at (500,
2000) were chosen.

As noted by Ito and Sallee (2018), the baseline bunching estimator does not
account for the fact that the additional observations at the kink come from elsewhere
in the distribution. This, they argue, means that the measure does not satisfy the
constraint that the area under the counterfactual distribution must equal the area
under the empirical distribution. To account for this problem, the counterfactual
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distribution must be shifted upwards until it satisfies the integration constraint. This
correction was applied to all specifications.

A reduced-form elasticity is estimated by calculating the amount of bunching
proportional to the change in the marginal subsidy rate. The following exposition
is from Kleven (2016): If the kink is small, then a non-parametric estimate of the
elasticity can be obtained using:

e = ∆z∗/z∗

∆t/ (1 − t0)
(4.3)

We can evaluate this from the estimate of the bunching mass by observing that:

B =
∫ z∗+∆z∗

z∗
h0 (z) dz ≈ h0 (z∗) ∆z∗ (4.4)

Then, all that is needed in order to estimate the elasticity is an estimate of the bunching
mass, B, and the height of the counterfactual density at the kink h0 (z∗), both of which
can be estimated. The elasticity estimate is then:

e = B/h0 (z∗) z∗

∆t/ (1 − t0)
(4.5)

In the presence of of heterogeneity in elasticity e, this estimate gives the average
response across different e types. (Kleven 2016.)

In practice, the elasticity is calculated based on the normalised bunching mass,
b, and bin width, w, as follows:

e = bw/z∗

∆t/ (1 − t0)
(4.6)

For the elasticity calculations, the marginal subsidy rates below and above the kink
need to be specified. Since different EEMs have different subsidy rates, the marginal
rate below the kink point can technically be 0.1, 0.25 or 0.5. For the main analysis,
the weighted average of subsidy rates, 0.23, was chosen. This choice is supported by
the fact that the mean subsidy rate in the data (i.e. the subsidy as a percentage
of total renovation costs) is 27% and the median is 26%. While this could support
using a higher benchmark of 0.25, it seems likely that applicants would prioritise the
EEMs with the highest subsidy rates and therefore the "marginal EEMs" which they
are considering around the thresholds, would be those with a lower subsidy rate.

4.2 Probit regression

It has been customary in the bunching literature to study the determinants of bunch-
ing by conducting the bunching analysis on subsamples of interest. For example, Saez
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(2010) estimates bunching among the self-employed to determine whether they bunch
more than other workers. However, since the sample size is relatively small, the dis-
tribution is not smooth enough to reliably estimate bunching on subsamples. An
alternative method used by Sallee and Slemrod (2012) is to use a probability model,
where the dependent variable is 1 if an observation falls in the bunching region and
0 otherwise. To provide a meaningful comparison of bunchers with "non-bunchers",
the sample is restricted to a narrow window around the bunching region. Sallee and
Slemrod use a linear probability model. However, this has the limitation that it does
not restrict the probability to lie between 0 and 1. I therefore estimate a probit model:

P (Y = 1|X) = Φ(X⊺β) (4.7)

where the probability of bunching is regressed on a vector X of applicant and building
characteristics and the cumulative density function is assumed to be standard normal,
Φ.

4.3 Multiple Correspondence Analysis

In addition to the main applicant dataset, I have survey data (discussed in section
5) on how a subset of applicants felt the subsidy had affected their renovation
choices. While these responses are subject to the same cognitive biases discussed
by Studer and Rieder (2019), they still provide an indication of free riding and the
subsidies’ cost-effectiveness. To study how bunching relates to these responses, I
perform multiple correspondence analysis (MCA). Correspondence analysis (CA) is
an exploratory multivariate technique, where the rows or columns of a data matrix
are assumed to be points in a high-dimensional Euclidean space, and dimensions
are redefined so that the principal dimensions capture the most variance possible,
allowing for lower-dimensional descriptions of the data (Greenacre and Blasius 2006).
MCA is an extension of the simple CA to the analysis of relationships between several
categorical variables (Abdi and Valentin 2007).

The following mathematical exposition of CA is from Greenacre and Blasius
(2006): To start with, we have a simple cross-table of two variables with I rows and
J columns, denoted by N with elements nij. As a first step, the correspondence
matrix P is calculated with elements pij = nij/n, where n is the sample size.
Corresponding to each element pij of P is a row sum pi. = ni./n and a column sum
p.j = n.j/n, denoted by ri and cj respectively. These marginal relative frequencies,
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called masses, are used to center and normalise the correspondence matrix∗ Centering
involves calculating differences (pij − ricj) between the observed and expected relative
frequencies, and normalisation involves dividing these differences by the square roots
of ricj, leading to a matrix of standardised residuals:

sij = (pij − ricj)/
√

ricj (4.8)

which in matrix notation is written as:

S = D−1/2
r (P − rc⊺)D−1/2

c (4.9)

where r and c are the vectors of row and column masses and Dr and Dc are the
diagonal matrices with these masses on the respective diagonals. The sum of squared
elements of the matrix of standardised residuals ∑

i

∑
j s2

ij =trace(SS⊺) is called the
total inertia, which quantifies the total variance in the cross-table. The association
structure in the matrix S is revealed using singular-value decomposition:

S = UΣV⊺ (4.10)

where Σ is the diagonal matrix with singular values, σ, in descending order. The
columns of U are called left singular values and the columns of V the right singular
values. The squared singular values σ2 in Σ2 correspond to the eigenvalues λ of S⊺S or
SS⊺. The principal coordinates can be calculated for the row and column categories,
respectively, as:

F = D−1/2
r UΣ (4.11)

G = D−1/2
c VΣ (4.12)

Using the first two columns of the coordinate matrices F and G we can make a
two-dimensional symmetric map, which is the main output from CA. (Greenacre and
Blasius 2006.)

In a CA map, when two row or column points are close together, this means
that these points have similar profiles. The factors important for a given row or
column are identified by computing statistics, called squared cosines (cos2). These
statistics are obtained by decomposing the squared distance of an element along the
factors of the analysis. The cos2 can be seen as the proportion of the variance of an
element that can be attributed to a given dimension. (Abdi and Bera 2016.)

∗Under the null hypothesis of independence, the expected values of the relative frequencies pij are
the products ricj of the masses.
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MCA was performed on a Burt matrix of all the cross-tabulations of the vari-
ables. As noted by, for example, Abdi and Valentin (2007), MCA codes data by
creating several binary columns for each variable with the constraint that one, and
only one, of the columns has the value 1. This coding, they argue, creates artificial
additional dimensions because one categorical variable is coded with several columns,
and as a consequence, the percentage of inertia explained by the first dimension is
underestimated. Greenacre (1993) suggests a readjustment where the percentage of
inertia is evaluated relative to the average inertia of the off-diagonal blocks of the
Burt matrix (Abdi and Valentin 2007). This changes the fit, but the overall structure
of the variables in the space, and hence the substantive interpretation, remains the
same (Greenacre and Blasius 2006). The MCA was executed using the FactomineR
and CA packages in R.



5. Data

The main dataset originates from ARA, and was made available to me by the Finnish
Environment Institute. The dataset consists of information on all 2,942 applications
that had been processed by ARA by 24.11.21. As part of the application process,
applicants had to deliver a renovation plan, including the estimated EEM costs,
prepared by a professional. Based on the EEM costs and the subsidy percentages for
each EEM, I can calculate subsidised spending, which is my main variable of interest.
One limitation of the data is the relatively small sample size, as bunching is usually
conducted using large administrative datasets. However, bunching analysis has also
been conducted with subsamples smaller than the one used in this thesis, for example,
by Atasoy (2020) and Sallee and Slemrod (2012).

There are some potential concerns about the quality of the data on EEM costs.
Although applicants had to provide evidence of renovation offers to support the cost
information, the information is still self-reported, and may be missing information on
EEMs. A particular concern was raised that applicants may have only reported EEMs
up to the threshold, even though the rules asked applicants to provide information on
all EEMs undertaken to meet the E figure requirements. This would imply that any
bunching in the distribution might be a consequence of this reporting behaviour as
opposed to any behavioural response in actual renovation decisions.

Thanks to a survey conducted by the Finnish Environment Institute, the valid-
ity of this concern could be examined. One survey was sent to all household applicants
and another to all housing association applicants. The former received 623 responses
(response rate of 35%) and the latter 202 (25%). A further 28 responses were received
from housing associations via a survey that people could forward to the housing
associations they represented. The survey responses could be matched to the original
dataset via the applicant email address or, in the case of housing associations, the
name or address of the housing association. Not all responses could be matched,
because some respondents represented multiple different housing associations, and
in some cases the housing association name or address did not correspond to the
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ARA data
(N=2942)

Survey data
(N=853)

Matched survey data
(N=738)

Subsidised spending
in euros per apartment

5016.18
(68.0)

NA
5685.09
(121.3)

Housing associations 38.6% 27.0% 17.1%
NZEB renovations 23.4% 25.6% 26.4%

Table 5.1: Descriptive statistics for original sample, survey sample and matched sample.
(standard errors for averages in parentheses)

information in the original data.

Table 5.1 represents some descriptive statistics for the full sample of applicants,
the survey sample, and the matched sample. These statistics demonstrate that the
survey is not perfectly representative of the original data. The main reason for this is
that the response rate among household applicants was higher than among housing
associations. In the data, housing associations have on average, lower subsidised
spending per apartment, and they undertake fewer NZEB renovations than individual
household applicants. These differences are further exacerbated in the matched sample
since there were considerably more housing association respondents than individual
homeowners who could not be matched. However, considering this difference in the
number of housing association respondents, the samples are still relatively similar on
average.

Both surveys included a question, where the respondents were asked to choose
all the EEMs they had undertaken (or were planning to undertake) in their renovation.
To see whether underreporting of EEMs was common, I compared survey responses
to the data provided by ARA. This could be done for 733 of the survey respondents.
This could not be done for all EEMs due to differences in EEM categorization. For
example, heat pumps and solar panels were listed as one EEM in the ARA data,
while they were separated in the survey. There were, however, ten EEMs that could
be easily compared across the two datasets. Table 5.2 lists these EEMs and the
percentage of cases where the information in the ARA data matched the information
in the survey.∗

∗A match in this case means that the EEM was listed in the ARA data and was chosen in the
survey, or the EEM was not listed in the ARA data and was not chosen in the survey.
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EEM
All

renovations
Completed
renovations

Replacement of windows and exterior doors 86,08 % 85,84 %
Air sealing 86,77 % 90,34 %
Switching away from oil heating 89,90 % 91,01 %
Additional thermal insulation when renewing the subfloor 93,04 % 95,28 %
Heat-storing fireplace 95,38 % 96,50 %
Plinth work 93,59 % 95,96 %
Water saving measures 91,27 % 93,26 %
Sun shading system 95,63 % 97,30 %
Additional thermal insulation of the inner wall 93,86 % 94,83 %
Cooling system 96,32 % 98,20 %

Table 5.2: Match rates for EEM information in ARA data and survey data.

Table 5.2 demonstrates that the information in the ARA data did not perfectly
match the survey information for any of the EEMs, although the match rates were
relatively high∗ The same checks were also done for a subsample of 445 applicants
whose renovation was marked as completed in the ARA data. This was done to test
whether the discrepancies were driven by applicants changing their renovation plans
during the renovation process. The match rates are slightly higher for this subsample,
suggesting that this might partly explain the discrepancies. However, even with
this subsample, none of the match rates are 100%. Potential explanations for these
discrepancies could include:

1) Applicants stopped reporting EEMs when they reached the threshold.
2) The unreported EEMs did not sufficiently reduce the building’s energy efficiency,
and consequently they were not eligible for the subsidy.
3) The unreported EEMs had been done before the applicant applied for the subsidy,
and consequently they were not eligible for the subsidy.
4) Inaccurate responses in survey data (for example, applicants misremembered the
EEMs, or listed EEMs that were completed in earlier renovations.)

The first case is the most problematic for this analysis. If it is common for ap-
plicants to stop reporting EEMs when they reach the threshold, any bunching found

∗As noted, the survey sample is less representative of housing associations than individual house-
hold applicants. However, the average number of discrepancies was slightly higher among household
applicants. This suggests that the lack of housing associations should not upwardly bias match rates.
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in the data could be explained by this reporting behaviour as opposed to actual
renovation behaviour. In figure 5.1, the number of discrepancies is plotted against
distance to the threshold (both the 4000 and 6000 thresholds are normalised to zero
here). Although discrepancies appear to be slightly more common among those with
subsidised spending exceeding the thresholds, the trend is not obvious. There are also
many applications with subsidised spending below the thresholds that have unreported
EEMs.

Figure 5.1: Number of EEM discrepancies and distance from the threshold

A Mann-Whitney U test was performed to compare the number of discrepan-
cies of those below and above the threshold (normalised to zero). This non-parametric
test was chosen, because a histogram, a Q-Q plot and a Shapiro-Wilk test revealed
that the distribution of discrepancies is not normal. The Mann-Whitney U test
p-value of 3.05e-07 indicates that there is a statistically significant difference in the
number of discrepancies. However, another Mann-Whitney test performed to compare
the number of discrepancies among "bunchers" (i.e. those located in the bandwidth
[-300,300] around the threshold (normalised to zero), and "non-bunchers" (i.e. those
located in the bandwidth [-1000, -300[ or ]300, 1000]. This test yielded a p-value of
0.8543, indicating no statistically significant difference in the number of discrepancies.
This is promising as bunching is a local estimator comparing individuals around a
relatively small bandwidth.

The results from these tests indicates that although the number of discrepan-
cies increases with subsidised spending, this increase does not occur sharply at the
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threshold. Therefore, any excess mass at the threshold is unlikely to be fully explained
by strategic reporting behaviour. Instead, it is possible that some of the unreported
EEMs were not eligible for the subsidy. Interestingly, the survey responses also revealed
that some respondents had been under the misunderstanding that the subsidy rates
were higher than they actually were. This was due to the slightly confusing subsidy
rules, where the rates are listed as 20%, 50% and 100%, but they apply to only half
of subsidised spending. This may have reduced the behavioural response in some cases.

The dataset also included some limited background information for each appli-
cant, including their building’s year of construction, number of apartments, and initial
E figure. Unfortunately, the data did not separate standard and NZEB renovations,
and NZEB renovations had to be identified by looking at the subsidy amount per
apartment. If this amount exceeded 4000, this indicated that the applicant was
eligible for the NZEB maximum. However, this method introduces the risk that
an applicant may be misclassified as non-eligible for the higher maximum if their
subsidised spending was below 4000. This risk was evaluated by comparing the
results from identification based on subsidy amounts, with responses to a question in
the survey asking whether respondents had undertaken an NZEB renovation. The
comparison revealed that there were some cases where the survey response indicated
an NZEB renovation, but this was not reflected in the subsidy amount. However,
these cases were rare (less than 4% of the sample). Furthermore, the survey included
an open-ended question, where respondents were asked how aiming for the NZEB level
affected the renovation. The answers revealed that some of these respondents were
aiming for the NZEB level over the course of multiple renovations, suggesting they
were not eligible for the higher subsidy maximum with the most recent renovation,
and some respondents had misunderstood the NZEB question. This increases my
confidence that the method of identifying NZEB renovations is relatively reliable.

In addition to asking respondents questions that help verify information, the
survey also provides new information on how respondents felt about the renovation
process and subsidy programme. Notably, it included multiple questions on the role
of the energy subsidy in applicants’ renovation decisions. For example, respondents
were asked if they had decided to do an energy renovation before hearing about
the ARA energy subsidy, to which 58% replied yes, 35% no, and the remaining 7%
didn’t know. The high share of respondents having already decided to undertake the
energy renovation, could be considered a sign of free riding. This is also supported
by the responses to Likert statements presented in figure 5.2, where we see that
67% of respondents somewhat or completely disagreed with the statement "without
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the energy subsidy, I would not have done the energy renovation at all". However,
the responses to other statements concerning the timing and scale of the renovation
suggest there was still a large share of applicants who felt the subsidy had an effect on
these decisions. The survey also asked the respondents what two factors made them
consider doing an energy renovation. The option "hearing about the energy subsidy"
was chosen by 16%.

Figure 5.2: Survey responses to Likert statements



6. Results

6.1 Bunching Results

Table 6.1 presents the results for the normalised bunching mass (total excess mass at
the kink divided by the height of the counterfactual) and the corresponding elasticities
for both subsidy thresholds. The reduced form elasticities were calculated assuming
that the marginal subsidy rate is 23%, i.e. the marginal tax rate below the kink
is t0 = −0.23 and increases to t1 = 0 above the kink. The main specification is
represented visually in figure 6.1. Bootstrapped standard errors are reported in
parentheses in all tables.

Figure 6.1: Bunching figure for main specification (negative values are due to normalisation)

The results indicate that there is statistically significant excess mass at the

31
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Normalised bunching estimator, b Elasticity for z∗=4000 Elasticity for z∗=6000
Sharp bunching,
no round number bunching

0.54
(0.147)

0.144
(0.039)

0.096
(0.026)

Sharp bunching,
round number bunching at (500, 2000)

0.428
(0.155)

0.114
(0.042)

0.076
(0.028)

Bunching window [3500, 4300],
round number bunching at (500, 200)

0.762
(0.33)

0.204
(0.088)

0.136
(0.059)

Bunching window [3700, 4300],
round number bunching at (500, 2000)

0.649
(0.292)

0.174
(0.078)

0.116
(0.052)

Table 6.1: Main results

thresholds. Based on the main specification, the estimated bunching mass is 0.649.
The elasticities inferred from this bunching mass suggest that a 1% increase in the
subsidy results in an approximately 0.17% increase in subsidised renovation spending
around the first kink point, and a 0.12% increase around the second kink point.
Naturally, the elasticity estimates vary widely depending on which marginal subsidy
rate is used, as demonstrated in Table 6.2. This means that depending on the
"marginal EEM" that the applicant is considering around the threshold, the elasticity
may be larger or smaller than the main elasticity estimates. However, as explained in
section 4.1, the choice of 23% as a baseline seems justified.

Elasticity for z∗=4000 Elasticity for z∗=6000

t0=-0.1, t1=0
0.356
(0.16)

0.238
(0.107)

t0=-0.25, t1=0
0.162

(0.073)
0.108

(0.049)

t0=-0.5, t1=0
0.097

(0.044)
0.065

(0.029)

Table 6.2: Elasticity estimates with different marginal subsidy rates for b=0.649

To study whether bunching behaviour is more common among certain individu-
als, earlier studies have analysed bunching on specific subsamples. For example, Saez
(2010) estimates bunching on the subgroup of self-employed individuals. Here, it would
be interesting to examine whether applicants undertaking an NZEB renovation bunch
more than those undertaking a standard renovation. Table 6.3 reports the results for
these subgroups. The results suggest that the normalised bunching mass among those
eligible for the higher NZEB maximum is larger. However, the corresponding elasticity
(0.181) is only slightly larger than that of those eligible for the lower maximum
(0.163). It should, however, be noted that due to the small sample size, these results
may be unreliable. They are only significant at the 10% level, and the confidence
bands for the excess bunch at 6000 includes the estimate at 4000.
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Normalised bunching estimate, b Elasticity, e

Applicants eligible for max 4000 euros per apartment (N=1995)
0.609

(0.314)
0.163

(0.084)

Applicants eligible for max 6000 euros per apartment (N=654)
1.014

(0.553)
0.181

(0.099)

Table 6.3: Results for different subsidy maximum groups

6.2 Robustness Checks

Different robustness checks were performed using the main specification in the fourth
row of table 6.1 as a baseline and varying one parameter at a time. In table 6.4 the
bin width is varied, in table 6.5 the polynomial of the counterfactual distribution is
varied, and in table 6.6 different round number controls are included. The results
appear to be most sensitive to the choice of of the bin width and bunching window.
This is common in bunching estimation, as highlighted by the discussion in Saez
(2010) on choosing the correct width of the studied bands, δ. However, the results
appear to be relatively robust to other parameter changes.

Normalised bunching estimator, b Elasticity at z∗=4000

Sharp bunching, bin width=100
0.488

(0.179)
0.065

(0.024)

Bunching window [3750, 4250], bin width=100
1.893

(0.608)
0.253

(0.081)

Sharp bunching, bin width=200
0.54

(0.147)
0.144

(0.039)

Bunching window [3700, 4300], bin width=200
0.767

(0.305)
0.205

(0.082)

Sharp bunching, bin width=300
0.403

(0.133)
0.162

(0.054)

Bunching window [3550, 4450], bin width=300
0.723

(0.289)
0.29

(0.116)

Sharp bunching, bin width=400
0.356

(0.149)
0.19

(0.08)

Sharp bunching, bin width=500
0.309

(0.128)
0.206

(0.085)

Table 6.4: Estimates with different bin widths (no round number bunching controls)

Robustness checks were also performed to alleviate two potential concerns about the
quality of the cost data. Firstly, the data included both the total renovation costs
and the costs of each EEM, but this information did not always match. There were
421 cases where there was a difference greater than 100 euros between the total costs
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Polynomial Normalised bunching estimator, b Elasticity at z∗=4000

3
0.578

(0.278)
0.154

(0.074)

4
0.601

(0.288)
0.161

(0.077)

5
0.521

(0.279)
0.139

(0.075)

6
0.676

(0.295)
0.181

(0.079)

7
0.798

(0.312)
0.213

(0.083)

8
0.649

(0.292)
0.174

(0.078)

9
0.618

(0.302)
0.165

(0.081)

10
0.502
(0.28)

0.134
(0.075)

Table 6.5: Bunching estimates with different counterfactual distributions.

Normalised bunching estimator, b Elasticity at z∗=4000

(500, 2000)
0.649

(0.292)
0.174

(0.078)

(100, 200)
0.763

(0.303)
0.204

(0.081)

(100, 500)
0.761

(0.307)
0.203

(0.082)

(200, 750)
0.749

(0.299)
0.2

(0.08)

(500, 750)
0.726

(0.302)
0.194

(0.081)

(500, 1000)
0.761

(0.307)
0.203

(0.082)

(1500, 2000)
0.601

(0.285)
0.161

(0.076)

Table 6.6: Estimates with different round number bunching controls (Bunching window [3700, 4300])
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reported in the data and the total costs calculated based on EEM costs. In the vast
majority of cases, the total costs reported in the data were higher than the total costs
calculated based on the EEM costs. A likely explanation for this is that the reported
total costs also included costs of measures that were not eligible for the subsidy.
However, to alleviate concerns that the difference could be due to strategic reporting
behaviour, the analysis was done on a subsample only including applications where
there was no discrepancy greater than 100 between the two. Secondly, there was a
concern that the EEM cost information provided at the application stage was only an
estimate of the costs and therefore an unreliable measure of actual renovation costs.
Since the EEM cost information was updated when the renovation was completed and
the applicant applied for the subsidy payment, this could be analysed by estimating
bunching on the subsample of completed renovations.

The results for the two subsamples are reported in table 6.7, and we can see
that the results differ very little from the main bunching results, and the subsample
results are in fact slightly larger. Naturally, conducting the analysis on subsamples
reduces the sample size, which can make the bunching estimates less reliable. However,
the standard errors are not very different from those of the main results, and are in
fact smaller in the case of applications with no inconsistencies in cost data. These
results increase my confidence that the bunching estimates are reflecting true bunching
behaviour as opposed to any limitations of the data.

Normalised bunching estimator, b Elasticity at z∗=4000

Benchmark: Main bunching results
0.649

(0.292)
0.174

(0.078)

Applications with no inconsistencies in cost data (N=2451)
0.689

(0.224)
0.184
(0.06)

Completed renovations (N=1282)
0.671

(0.322)
0.18

(0.086)

Table 6.7: Estimation with different subsamples

Even with the full sample, there is still a concern that due to the relatively
small sample size, any excess mass in the distribution is simply a result of a relatively
unsmooth distribution. Indeed, figure 6.1 demonstrates that the distribution also
shows some excess mass around the values 600, 2200, 6000 and 9800. The excess mass
at these points was quantified by estimating the bunching model with z∗ taking these
values and the results are presented in table 6.8. With the exception of the excess
mass around the value 600, none of these estimates are statistically significant. The
excess mass around 600 is likely to be caused by the truncated nature of the data. To
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Normalised bunching estimator, b

z∗=600, sharp bunching
0.742

(0.212)

z∗=2200, sharp bunching
0.146

(0.136)

z∗=2200, bunching window (1900, 2700)
0.189

(0.313)

z∗=6000, sharp bunching
0.26

(0.203)

z∗=6000, bunching window (5700, 6300)
0.278

(0.378)

z∗=9800, sharp bunching
1.146

(4.283)

Table 6.8: Estimates of bunching on alternative excess mass points

qualify for the subsidy, the renovation had to sufficiently improve the building’s energy
efficiency. This essentially required the renovation to consist of more than one EEM.
Consequently, we do not witness many renovations with subsidised spending amounts
lower than 600 euros in the data, and the distribution exhibits excess mass at this point.

A common robustness check in bunching analysis is to do "false experiments" to
check that there is no evidence of bunching in samples unaffected by the kink. This
verifies that the bunching is not the consequence of something other than the kink.
For example, Sallee and Slemrod (2012) reproduce their bunching analysis on vehicles
not subject to the tax. Unfortunately, there is no available data on energy renovation
costs that could be used to conduct such a false experiment for this setting.

6.3 Further Analysis on Bunching

6.3.1 Probit regressions

Having found evidence of bunching around the thresholds, the question arises as to
who these "bunchers" are. The dataset unfortunately has only a limited amount of
information about each applicant. Table 6.9 reports the results of a probit model,
where the probability of "bunching" was regressed on the few variables of interest that
were available in the data, following the idea from Sallee and Slemrod (2012). The
sample was restricted to a narrow bandwidth of [-1000, 1000] around the threshold, to
allow for a comparison of bunchers with "non-bunchers", i.e. those located close but
not within the bunching region
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The chosen regressors include background characteristics of the building (year
of construction and the initial E figure), since these affect how easy it is to meet the
subsidy’s E figure requirements, which I expect to influence how easy it is to bunch.
Dummy variables were included to control for whether or not the applicant was eligible
for the NZEB subsidy maximum, and whether the applicant was a housing association.
In specification (2), a dummy variable was added to indicate whether the applicant
had oil boiler replacement as one of their EEMs. This is of interest since there are a
number of financial assistance programmes specifically targeting households with oil
heating, suggesting that these applicants’ renovation decisions could be more sensitive
to the subsidy amount. On the other hand, oil boiler replacement was one of the only
EEMs that reduced the E figure sufficiently to be eligible for the subsidy without any
additional EEMs, meaning that these applicants may have been less likely to consider
additional EEMs.

In specifications (3)-(4) time dummies were added to represent the time when
the renovation had started/was planned to start in six month intervals. This controls
for the fact that the application rules were clarified over time, which potentially made
the thresholds more salient to applicants undertaking their renovation later. 2019-H1
2020 represents renovations started between 2019 and June 2020, H1 2021 represents
renovations started in January-June 2021, and H2 2021-2022 represents renovations
started between July 2021 and 2022∗. The omitted category is the dummy representing
renovations started between July-December 2020. Heteroskedasticity-robust standard
errors are reported in parentheses, except in specification (4), where standard errors
were estimated based on 999 bootstrapped samples. Table 6.10 reports the average
marginal effects and standard errors for the main variables.

None of the coefficients are statistically significant, which is most likely due to
low statistical power caused by the small sample size. Although none of the coeffi-
cients are significant, the signs are largely as expected. Applicants living in newer
buildings or in buildings with lower initial E figures are more likely to bunch. This is
consistent with my hypothesis, that these applicants may find it easier to meet the
subsidy’s E figure requirements, which can make it easier to bunch. However, these
effects are very small. One potential reason for this is that many of the applicants had
previously done EEMs, which were not reflected in the E figure, but made it easier
to meet the requirements. The results suggest that housing associations are more

∗Due to the small number of renovations with planned start dates in 2019 or 2022, they were
grouped together with the other time dummies.
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Dependent variable: bunching

(1) (2) (3) (4)

NZEB renovation 0.139 0.168 0.243 0.264
(0.125) (0.125) (0.161) (0.163)

Construction year 0.003 0.003 0.002 0.002
(0.003) (0.002) (0.003) (0.003)

Initial E figure −0.0002 −0.0001 −0.0003 −0.0003
(0.0005) (0.0001) (0.001) (0.001)

Housing association 0.087 0.147 0.162 0.176
(0.104) (0.109) (0.129) (0.133)

Oil boiler replacement −0.173 −0.204 −0.213
(0.107) (0.130) (0.136)

Y2019-H1 2020 −0.129 −0.131
(0.172) (0.182)

H1 2021 0.168 0.180
(0.164) (0.162)

H22021-Y2022 0.033 0.033
(0.174) (0.174)

Constant −7.006 −6.860 −4.717 −4.68
(5.182) (4.699) (6.140) (6.239)

Pseudo R-squared 0.007 0.01 0.02 0.02
Observations 707 707 496 496

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 6.9: Probit regression results
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Average marginal effect Standard errors

NZEB renovation 0.063 0.047
Construction year 0.001 0.001
Initial E figure −0.000 0.000
Housing association 0.054 0.041
Oil boiler replacement −0.063 0.039

Table 6.10: Average marginal effects

likely to bunch than individual households. This could be due to a higher degree of
planning and closer scrutiny of costs that goes into renovating a housing association
as it involves a more formal process and requires approval, usually from the majority
of homeowners in the association.

The time dummies measure the likelihood of bunching in relation to the omit-
ted dummy (July-December 2020) and indicate that applicants with planned
renovation start dates before this were less likely to bunch, while applicants with
renovations after this were more likely to bunch. This is consistent with the fact that
some early applications represent cases where the renovation has been planned —or
even started —before the subsidy programme started (during the so-called "transition
period"), and these applicants would not have known the subsidy maximum values
when planning the renovation. In contrast, applicants starting their renovations later
are likely to have been better aware of the subsidy rules.

NZEB has the largest positive coefficient which is also the closest to being sta-
tistically significant out of the model’s coefficients. Based on the average marginal
effect, it seems that being eligible for the NZEB subsidy maximum is associated with a
6% higher probability of bunching. This appears consistent with the bunching results,
which indicated that this group had a slightly larger elasticity than those undertaking
a standard renovation. Having oil boiler replacement as an EEM is associated with a
6% lower probability of bunching. This would be consistent with the hypothesis that
these applicants were less likely to consider additional EEMs.

The models explain very little of the variation in bunching, which may reflect
the difficulty of explaining bunching behaviour. For example, Sallee and Slemrod
(2012) also report very low R-squared values for their linear probability models.
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However, it is also to be expected with the limited amount of information available
in the data set. More detailed data and larger samples are probably needed to fully
explore the determinants of bunching.

6.3.2 MCA Results

The existing literature on the cost-effectiveness of energy subsidies has largely focused
on free riding and has utilised evidence from bunching to a very limited extent. There-
fore, to relate my findings to earlier research, it is important to better understand what
bunching is actually measuring, and how it relates to free riding. For this reason, I
perform MCA on bunching and categorical responses to the survey questions on the
effects of the energy subsidies. The variables are listed in table 6.11.

Abbreviation Description

predecided_1
Chose response ’yes’ to Q: Had you decided to do an energy
renovation before hearing about the ARA energy subsidy?

predecided_2
Chose response ’no’ to Q: Had you decided to do an energy
renovation before hearing about the ARA energy subsidy?

predecided_3
Chose response ’don’t know’ to Q: Had you decided to do an energy
renovation before hearing about the ARA energy subsidy?

motivsubsidy_1
Chose ’hearing about the energy subsidy’ as a response to Q: What made you
consider doing an energy renovation. Choose max. 2 of the most important reasons.

motivsubsidy_0
Didn’t choose ’hearing about the energy subsidy’ as a response to Q: What made you
consider doing an energy renovation. Choose max. 2 of the most important reasons.

nosublater_1/
nosubless_1/
nosubnoreno_1/
moremax_1

Chose the response ’completely disagree’ as a response to statement:
Without the energy subsidy, I would have done the energy renovation later./
Without the energy subsidy, I would have done fewer or different EEMs./
Without the energy subsidy, I would not have done the energy renovation at all./
If the maximum subsidy amount had been higher, I would have done more EEMs.

nosublater_2/ nosubless_2/
nosubnoreno_2/moremax_2

Chose the response ’somewhat disagree’ to statements above.

nosublater_3/ nosubless_3/
nosubnoreno_3/moremax_3

Chose the response ’neither agree nor disagree’ to statements above.

nosublater_4/ nosubless_4/
nosubnoreno_4/moremax_4

Chose the response ’somewhat agree’ to statements above.

nosublater_5/ nosubless_5/
nosubnoreno_5/moremax_5

Chose the response ’completely agree’ to statements above.

bunch_1 Bunchers, i.e. applicants located within [-300, 300] of the thresholds.
bunch_2 Non-bunchers, i.e. located within [-1000, -300[ or ]300, 1000] of thresholds.
bunch_3 Everyone else

Table 6.11: MCA categories

The results are reported in the following tables and figures: Table 6.12 reports
the principal components and their inertias with and without the inertia adjustment
discussed in section 4.3. These inertias represent how much of the variance in the
data is explained by the principal coordinates. Table 6.13 presents the cos2 for each
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category in dimensions 1-5, and Table 6.14 reports the test statistics for each category,
where a test statistic with absolute value greater than two indicates that the category’s
distance to the origin is significantly different from zero. Figure 6.2 visualizes the
pattern within the data using the first two principal components. Variable categories
with a similar profile are grouped together, and negatively correlated variable categories
are positioned on opposite sides of the of the origin (STHDA 2017). Figures 9.1-9.7 in
the Appendix show the 95% confidence ellipses for the variable categories.

Unadjusted inertia Adjusted inertia
Eigenvalue Percentage of variance Eigenvalue Percentage of variance

dim 1 0.130064274 24.61 0.064559 55.43
dim 2 0.063261343 11.97 0.064559 13.8
dim 3 0.051228782 9.70 0.009486 8.14
dim 4 0.035826730 6.78 0.002933 2.52
dim 5 0.030211794 5.72 0.001305 1.12
dim 6 0.026783754 5.07 0.000589 0.51
dim 7 0.025886050 4.90 0.000443 0.38
dim 8 0.020525499 3.88 0 0

Table 6.12: Inertias represented by different dimensions

Figure 6.2: MCA biplot of dimensions 1 and 2

From figure 6.2, we can see that dimension one is largely characterized by the
"extreme" responses to statements concerning the effects of the subsidy. The far
left-hand side is characterized by the ’completely disagree’ responses to the statements
"Without the energy subsidy, I would not have done the energy renovation at all"
(nosubnoreno), "Without the energy subsidy, I would have done fewer or different
energy efficiency measures" (nosubless), "Without the energy subsidy, I would have
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done the energy renovation later" (nosublater), and "If the maximum subsidy amount
had been higher, I would have done more energy efficiency measures" (moremax).
The far right-hand side, on the other hand, is characterised by the ’completely agree’
responses to nosubnoreno, nosubless, and nosublater. Choosing "hearing about the
energy subsidy" as a factor that made the respondent consider doing an energy
renovation (motivsubsidy), and not having decided to do an energy renovation before
hearing about the subsidy (predecided) are also located at the far right-hand side.

It seems dimension one is reflecting the extent to which respondents considered
the subsidy to have influenced their renovation decisions. The respondents on the
right-hand side felt the subsidy was very important for their decision to undertake the
renovation and their subsequent decisions on the timing and scale of the renovation.
The respondents on the left-hand side, on the other hand, seem to be almost indifferent
to the subsidy, and could be classified as the subsidy programme’s free riders. The
bunching categories, meanwhile, are centred around the origin, and their low test
statistics indicate that none of the categories have a distance from the origin that is
signficantly different from zero. There is barely any distance between bunchers and
non-bunchers along the first dimension, and their 95% confidence ellipses overlap.
All bunching categories also have very cos2 values in dimension one. All of this
indicates that bunchers are poorly represented by dimension 1, which appears to be
the dimension that separates free riders from those who felt most strongly that their
energy renovation choices were affected by the subsidy.

Out of the survey variables, moremax is the most clearly linked to bunching, as
it asks about the effects of the subsidy maximums. It is also less well represented by
dimension one than the other survey variables. While moremax_1 is located close to
the other ’completely disagree’ responses on the far left-hand side, the other moremax
categories are much closer to the origin. Notably, the ’completely agree’ response to
moremax is considerably closer to the origin than the ’completely agree’ responses
to other variables, indicating some dissimilarity. All moremax categories also have
relatively large 95% confidence ellipses that significantly overlap for the less extreme
responses. This supports the conclusion that the bunching and moremax variables are
measuring something different from the other variables.

Moving on to the second dimension, at the bottom of the axis, we have most
of the "neither agree nor disagree" responses, while at the top we have the more
extreme, ’completely agree’ or ’completely disagree’ responses to statements. This
suggests that the second dimension is probably capturing variation in the "intensity of
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Dim 1 Dim 2 Dim 3 Dim 4 Dim 5

predecided_1 0.684 0.042 0.0003 0.027 0.009
predecided_2 0.606 0.106 0.0001 0.001 0.0001
predecided_3 0.042 0.061 0.001 0.214 0.044

motivsubsidy_0 0.262 0.111 0.043 0.011 0.209
motivsubsidy_1 0.262 0.111 0.043 0.011 0.209

nosublater_1 0.652 0.131 0.045 0.022 0.019
nosublater_2 0.085 0.092 0.362 0.103 0.009
nosublater_3 0.032 0.232 0.255 0.047 0.012
nosublater_4 0.184 0.172 0.001 0.214 0.035
nosublater_5 0.375 0.353 0.006 0.037 0.033
nosubless_1 0.661 0.113 0.060 0.043 0.012
nosubless_2 0.043 0.103 0.464 0.089 0.0001
nosubless_3 0.048 0.159 0.203 0.171 0.037
nosubless_4 0.353 0.110 0.011 0.226 0.002
nosubless_5 0.251 0.344 0.007 0.048 0.121

nosubnoreno_1 0.874 0.023 0.003 0.00003 0.005
nosubnoreno_2 0.273 0.166 0.121 0.035 0.020
nosubnoreno_3 0.141 0.041 0.279 0.134 0.0003
nosubnoreno_4 0.203 0.016 0.068 0.043 0.053
nosubnoreno_5 0.156 0.258 0.023 0.046 0.166

moremax_1 0.276 0.071 0.048 0.016 0.034
moremax_2 0.002 0.038 0.383 0.00003 0.061
moremax_3 0.002 0.020 0.062 0.201 0.266
moremax_4 0.001 0.102 0.003 0.002 0.088
moremax_5 0.147 0.128 0.015 0.025 0.017

bunch_1 0.0001 0.010 0.025 0.007 0.179
bunch_2 0.001 0.014 0.023 0.001 0.002
bunch_3 0.001 0.001 0.055 0.006 0.057

Table 6.13: Cos2 values of categories
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Dim 1 Dim 2 Dim 3 Dim 4 Dim 5

predecided_1 -8.633 -2.128 0.184 1.702 -1.001
predecided_2 7.995 3.342 -0.082 0.370 0.074
predecided_3 1.797 -2.157 -0.207 -4.047 1.828

motivsubsidy_0 -4.785 -3.117 1.941 1.000 -4.273
motivsubsidy_1 4.785 3.117 -1.941 -1.000 4.273

nosublater_1 -8.728 3.911 2.292 -1.586 1.498
nosublater_2 -2.702 -2.809 -5.569 2.971 -0.865
nosublater_3 1.649 -4.440 4.656 1.999 -1.026
nosublater_4 4.030 -3.904 0.212 -4.352 1.761
nosublater_5 6.160 5.976 -0.756 1.934 -1.831
nosubless_1 -8.838 3.657 2.662 -2.250 1.177
nosubless_2 -1.930 -2.973 -6.312 2.768 -0.068
nosubless_3 2.002 -3.660 4.130 3.789 1.757
nosubless_4 5.753 -3.216 1.008 -4.602 0.404
nosubless_5 4.873 5.707 -0.794 2.135 -3.383

nosubnoreno_1 -10.666 1.713 -0.596 0.062 0.795
nosubnoreno_2 4.983 -3.877 -3.319 -1.781 -1.353
nosubnoreno_3 3.479 -1.870 4.889 3.390 0.161
nosubnoreno_4 4.138 1.155 2.394 -1.912 -2.112
nosubnoreno_5 3.676 4.717 -1.421 1.995 3.786

moremax_1 -4.855 2.459 2.028 -1.185 -1.714
moremax_2 -0.392 -1.742 -5.509 -0.047 2.198
moremax_3 0.416 -1.256 2.188 3.932 4.529
moremax_4 0.198 -2.769 0.491 -0.398 -2.570
moremax_5 3.442 3.214 1.109 -1.410 -1.178

bunch_1 -0.083 -0.858 -1.356 0.722 -3.665
bunch_2 -0.292 1.025 -1.319 0.256 0.378
bunch_3 0.309 -0.333 2.036 -0.695 2.065

Table 6.14: Test statistics
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opinion", with one extreme representing strong opinions and the other something akin
to uncertainty or indifference. Again, the bunching categories have coordinates that
are not statistically different from zero. This could be due to the fact that while the
other variables represent stated preferences, where the intensity of opinion is a natural
dimension, the bunching categories are based on revealed preferences.

Figure 6.3: MCA biplot of dimensions 1 and 5.

It seems we may have to look at higher dimensions to identify the dimension
associated with bunching behaviour. Greenacre and Blasius (2006) note, that it is
common for the principal components of MCA to tell an obvious and unsurprising story
about the data while the more interesting patterns are hidden in higher dimensions.
At first glance, dimension five appears most likely to be reflecting bunching behaviour.
It is the only dimension for which bunch_1 has a coordinate statistically different from
zero, and is the dimension for which bunch_1 has the highest cos2 value. Together
with bunch_1 in figure 6.3 we have nosubless _5 at the bottom, and at the other
extreme we have nosubnoreno _5. This makes sense as bunching and nosubless relate
to intensive margin choices about the scale of the subsidy. Conversely, nosubnoreno
relates to the extensive margin decision of whether to undertake the renovation at all.

However, a closer look at the results suggests dimension five may be reflecting
something more nuanced than bunching. From figure 6.3, we can see that while
bunchers and non-bunchers are further apart in dimension 5 (vertical axis) than in
dimension 1 (horizontal axis), non-bunchers are actually located close to the origin,
and table 6.13 confirms that non-bunchers are poorly represented in this dimension.
Furthermore, if this dimension represented bunching, I would have expected the
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respondents agreeing with moremax to have located below the origin, and those
disagreeing above the origin, but this does not appear to be the case.

One potential explanation for this dimension could be that on the one hand there are
applicants for whom the subsidy had a large effect on their decision to undertake an
energy renovation, but they did such a small renovation that they were well below
subsidy maximums, and were therefore unaffected by the intensive margin incentives
the subsidy maximums created. Consequently, they may not have fully understood
statements such as moremax. On the other hand, there are applicants whose renovation
spending was such that they were faced with the intensive margin incentives created
by the maximum. Therefore, dimension 5 may be actually representing awareness of
the intensive margin incentives as opposed to the actual response to them. In any
case, it should be kept in mind that this dimension only captures approximately 6%
of the variance in the data, and with the inertia adjustment this share falls to about 1%.

Based on the MCA, no obvious principal component or variable emerges that
would be clearly associated with bunching. One potential reason for this could be
that the survey data only includes a small sample of bunchers. Furthermore, while
bunchers are a very specific group of applicants located close to the subsidy maximums,
the survey was answered by applicants located anywhere in the distribution. It is
therefore possible that applicants from elsewhere in the distribution might not have
fully understood statements such as moremax. Consequently, they may have agreed
with the statement just because they felt the subsidy overall affected their renovation
choices, or they may have answered the question hypothetically, "as-if" they had been
close to the maximum thresholds.

The MCA results suggest, however, that applicants can in one dimension be di-
vided into those who considered the subsidy integral to their renovation decisions, and
on the other hand, those who are essentially free riders. Bunchers don’t appear to fall
neatly into either group. It should, however, be noted that as with any survey data,
the responses to the survey questions represent stated preferences, which may differ
from true underlying behaviour. In contrast, bunching represents revealed preferences.
Furthermore, MCA is an exploratory multivariate technique, meaning that it can be
useful in highlighting patterns in the data, but these results are based on average
values and should be taken as indicative. The results do, however, highlight that
bunchers may be a distinct group, and the elasticities found for them are probably
not generalisable to other applicants.
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Improving the energy efficiency of existing buildings has been identified not only
as a necessity for keeping global warming below 1.5◦C, but also as one of the most
cost-effective actions to reduce emissions (Filippidou and Jimenez Navarro 2019). Yet
investments in energy efficiency have consistently failed to achieve this potential, which
has motivated governments to turn to energy subsidies as a solution to the energy
efficiency gap. However, the cost-effectiveness of these subsidies is unclear. A key criti-
cism raised against energy subsidies is that they are susceptible to free riding, meaning
that a large number of subsidy recipients would have undertaken the energy renovation
even without the subsidy (Joskow & Marron 1992). If the subsidies have little ef-
fect on renovation behaviour, this raises serious questions about their cost-effectiveness.

It has been challenging to estimate the validity of these concerns empirically, as
subsidy programmes are rarely designed in a way that is conducive to causal inference.
Studies using choice experiments have tended to find evidence of free riding, but the
estimates have varied widely from 7% to 70% or more, depending on the method of
measuring free riding and the subsidy policy in question (Egner et al. 2021). Another
promising way to evaluate energy subsidies is to utilise thresholds in the policies and use
a regression discontinuity design, as demonstrated by Boomhower and Davis (2014).
However, this method is only applicable when the running variable is not manipulable.
Thresholds for manipulable variables can, however, be studied using a bunching
methodology from the public economics literature. This thesis provides an application
of this method to the case of the Finnish energy subsidy programme that began in 2020.

Using the bunching method, I find evidence of excess mass in the distribution
of subsidised spending around the subsidy thresholds, suggesting that the kinks in the
subsidy system are eliciting a behavioural response. The results imply that a 1% in-
crease in the subsidy is associated with an approximately 0.17% increase in subsidised
renovation spending around the first kink, and an approximately 0.12% increase
around the second kink. Although these estimates appear modest, they are larger
than the average elasticities estimated using bunching in the tax literature. Kleven
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(2016) summarises the literature as producing elasticity estimates that are very small
(0.01-0.02) or zero, and it seems Saez’ (2010) elasticity estimate of 0.2 at the first kink
point in the U.S. income tax schedule is towards the larger end of estimates. However,
the magnitudes estimated in this thesis should be interpreted with caution as they
vary depending particularly on the assumed bunching region and marginal subsidy rate.

The evidence of a behavioural response identified by bunching does not, how-
ever, appear to be in conflict with earlier research, which has tended to find that
most subsidy recipients would have undertaken an energy renovation even without the
subsidy. Evidence from survey responses indicate that the Finnish subsidy programme
is also susceptible to this type of free riding. However, the bunching results indicate
that the subsidy may still influence some applicant’s decisions concerning the scale
of the renovations. These intensive margin effects are also an important aspect of
these subsidy programmes. As noted by Egner et al. (2021), if a subsidy has a
large effect on the quality and scale of the renovation, this can prevent technical
lock-in.∗ This intensive margin effect is also important in light of the European
Commission’s assessment that emissions targets will not be met if the current rate of
step-by-step renovations with limited energy savings continues (Hermelink et al. 2019).

However, as noted by Egner et al., designing energy subsidies involves trade-
offs, and whether a subsidy programme is successful, depends on its goals. According
to the Ministry of Environment (2021), the goal of the Finnish energy subsidies is
"to reduce emissions from housing". The bunching results are hopeful in this regard
as they suggest the subsidies may have at least a modest effect on energy renovation
behaviour at the intensive margin. However, as the excess mass estimated by bunching
comes from the area just above the kink, the results also suggest that there might be
potential for further reducing emissions by increasing the subsidy maximum values.
An argument against this is that these additional emissions savings might not be very
cost-effective. However, this criticism may also apply to current emissions savings.
The survey responses indicate that the current programme also subsidises a large
share of renovations that would have occurred even without the subsidy. Therefore,
it would be important to conduct more research on the balance between emissions
savings and costs of these programmes, and use this information to clarify the goals
and design of energy subsidies in the future.

It should be kept in mind that bunching is not a causal inference technique,

∗It should, however, be noted that more empirical evidence is needed to understand how common
or severe technical lock-in is.
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and ideally subsidy programmes would be designed in a way that would allow for the
construction of credible control groups or counterfactuals. However, as this has not
tended to be the case, bunching could offer a practical way to assess more subsidy
programmes that might otherwise be completely unassessed. Energy subsidy thresh-
olds also provide an interesting setting for bunching analysis. Although high costs
for individual EEMs can make locating exactly at the kink challenging, renovation
decisions are arguably still something an individual can more easily control and are
potentially susceptible to fewer optimisation frictions than labour supply. Applying
this method to other energy subsidy programme would also provide better context in
which to evaluate the findings from this thesis.

The results are also subject to limitations in the data available. The sample is
smaller than the rich administrative datasets commonly used in bunching analysis.
The self-reported nature of the data also makes it less reliable. While these limitations
should be kept in mind, the robustness of the results to an extensive set of robustness
checks, and careful examination of the data, increase my confidence in the results.
It should, however, be kept in mind that this thesis does not estimate structural
parameters that would be externally valid. Therefore, the results should not be
generalised to other energy subsidy programmes that may be quite different by design.

Further analysis on bunching contributes to the interpretation of bunching be-
haviour. The results from the MCA suggest that bunching measures a different type
of behavioural response than studies focusing on free riding, and bunchers cannot be
easily placed into the existing division that separates applicants into free riders and
those affected by the subsidy. However, more robust analysis with a larger sample is
needed to confirm these indicative results. Both the bunching analysis on subsamples
and the probit regression indicate that those undertaking an NZEB renovation had a
slightly larger behavioural response to the subsidy maximum than those undertaking a
standard renovation. However, the corresponding elasticity appears to be only slightly
larger, and the difference is not statistically significant. Studying other determinants
of bunching could be a fruitful area for further research. This could both contribute to
better understanding bunching behaviour and support the design of more cost-effective
policies through better targeting.
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9. Appendix

Figure 9.1: Confidence ellipses for bunch categories

Figure 9.2: Confidence ellipses for moremax categories

Figure 9.3: Confidence ellipses for motivsubsidy categories
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Figure 9.4: Confidence ellipses for nosublater categories

Figure 9.5: Confidence ellipses for nosubless categories

Figure 9.6: Confidence ellipses for nosubnoreno categories

Figure 9.7: Confidence ellipses for predecided categories
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